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Abstract: The evolving field of generative artificial intelligence (GenAI), particularly generative
deep learning, is revolutionizing a host of scientific and technological sectors. One of the pivotal
innovations within this domain is the emergence of generative adversarial networks (GANs). These
unique models have shown remarkable capabilities in crafting synthetic data, closely emulating
real-world distributions. Notably, their application to gene expression data systems is a fascinating
and rapidly growing focus area. Restrictions related to ethical and logistical issues often limit the
size, diversity, and data-gathering speed of gene expression data. Herein lies the potential of GANs,
as they are capable of producing synthetic gene expression data, offering a potential solution to
these limitations. This review provides a thorough analysis of the most recent advancements at
this innovative crossroads of GANs and gene expression data, specifically during the period from
2019 to 2023. In the context of the fast-paced progress in deep learning technologies, accurate and
inclusive reviews of current practices are critical to guiding subsequent research efforts, sharing
knowledge, and catalyzing continual growth in the discipline. This review, through highlighting
recent studies and seminal works, serves as a key resource for academics and professionals alike,
aiding their journey through the compelling confluence of GANs and gene expression data systems.

Keywords: generative adversarial networks (GAN); gene expression data; transcriptome; RNA;
mRNA; deep learning; genomic data; artificial intelligence; generative artificial intelligence; genetics
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1. Introduction

We are witnessing an epoch of generative artificial intelligence (GenAI), where the
boundaries of creativity are being profoundly redefined. The emergence of generative deep
learning models, notably the groundbreaking Generative Pretrained Transformers (GPT) [1–4]
and diffusion models [5–9], has ushered in a new frontier where the very boundaries
of creative expression are being reimagined. These cutting-edge advancements boldly
challenge the longstanding belief that creativity is solely reserved for human intellect,
unraveling a plethora of uncharted possibilities that lay before us, waiting to be explored.

In the vast array of deep learning-based GenAI, generative adversarial networks
(GANs) have carved out a unique and noteworthy place [10–18]. GANs, conceptualized a
decade ago [19], stand out as one of the most influential paradigms in deep-learning-based
generative models. The versatility and robustness of GANs have engendered a multitude
of applications across various scientific and technological fields. The defining feature
of GANs, which sets them apart from other machine learning models, is their ability to
generate synthetic data that closely approximates real data distributions, thus enriching
the quality and diversity of available data.

A GAN is essentially a two-player game composed of a generator and a discrimi-
nator [20–22]. The generator’s role is to create synthetic data, while the discriminator’s
task is to distinguish between real and generated data. During the training process, the
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generator strives to produce data that the discriminator cannot differentiate from the real
data, whereas the discriminator continually improves its ability to distinguish real from
generated data. This adversarial training regimen imbues GANs with the capability to
model complex data distributions and produce high-quality synthetic data.

Gene expression data are fundamentally constrained by the limitations imposed by
the ethical and logistical challenges associated with human subject research [23]. In stark
contrast to other domains that have made substantial progress harnessing the power of big
data, gene expression data are limited in size, variety, and the rate at which they can be
collected. However, GANs promise a potential solution to these obstacles by enabling the
synthesis of a virtually limitless supply of artificial gene expression data.

This review aims to systematically explore and synthesize the recent advancements
in the application of GANs for gene expression data. GANs, serving as a powerful data
augmentation tool, allow for the artificial generation of copious amounts of gene expression
data. This ability broadens the scope of exploration and application, igniting potential
advancements in a myriad of applications within the domain of genomics and gene expres-
sion studies.

Our review focuses on the remarkable developments in this domain over the last five
years, spanning from 2019 to 2023. Given the rapidly evolving nature of deep learning
technologies, with advancements often unfolding on a monthly basis, it is of paramount
importance to provide timely and comprehensive reviews. By highlighting the latest papers
and groundbreaking research in the field, this review serves a crucial role in disseminating
knowledge, stimulating further research, and contributing to the overall advancement of
the field.

2. Literature Review
2.1. Paper Selection Methodology

The primary objective of the article selection process for this review was to ensure
the inclusion of significant, high-quality research endeavors pertinent to the specific topic
under investigation. To meet this goal, we utilized a robust algorithmic approach, primarily
leveraging academic search platforms, with a special emphasis on the Web of Science
(WOS). The devised search strategy involved meticulous selection of keywords such as
“GANs”, “transcriptome”, “RNA”, and “gene expression”, tailored to capture relevant
articles for this review.

Interestingly, while Variational Autoencoder (VAE) represents another significant
GenAI model, our selection deliberately avoided papers focusing on VAE. The result of this
rigorous process was an exhaustive list of 99 scholarly works published between 2019 and
2023. Nevertheless, a substantial portion of these publications did not precisely fall within
the specific thematic scope we sought. Many studies focused more broadly on genetics
rather than zeroing in on gene expression data. Further, a significant share of the reviewed
articles strayed from the intended application of GANs.

In framing the scope of our review, we restricted our selection to articles published in
peer-reviewed journals. This choice was driven by two primary considerations. Firstly, the
peer review process lends credibility to scientific publications by subjecting them to the
expert scrutiny of field specialists. Secondly, peer-reviewed journals are globally recognized
as reputable sources for publishing scientifically rigorous and impactful research. Though
we acknowledge the role of preprints and conference papers in academic discourse, our fo-
cus was specifically on peer-reviewed journal articles. This approach not only reinforces the
soundness of our review, but also guarantees the inclusion of papers that have undergone
a thorough review process.

In order to maintain the novelty and contemporariness of our review, we deliber-
ately excluded article types such as review articles and perspectives, emphasizing the
incorporation of original research-based studies. The selected articles span from 2019 to
2023, ensuring that the review reflects the most up-to-date trends and developments in the
application of GANs to gene expression data.
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We collected data until May 2023, adhering to our current timeline and ensuring
that the review is up-to-date with recent advancements. During this phase, we collated
information concerning the citation count and publication history for each article. These
aspects were crucial for gauging the research’s scope, influence, and acceptance within
the scientific community. To provide an organized overview of GANs’ application in gene
expression data, we grouped the chosen articles based on their specific research objectives.
This systematic classification fosters a comprehensive understanding of the genomic data
deep learning landscape, enhancing the understanding of the diverse methodologies
applied in this area. A summary of the articles reviewed is outlined in Table 1.

Table 1. Summary of recent investigations employing generative adversarial networks in gene
expression data.

Research Topics Brief Description Studies

Gene Expression
Data Generation

Techniques utilizing GANs to generate synthetic
gene expression data, useful for boosting the
performance of data-limited analyses

Yu et al. [24], Yelmen et al. [25], Hazra et al. [26],
Zrimec et al. [27], Ahmed et al. [28],
Vinas et al. [29], Marouf et al. [30],
Chaudhari et al. [31], Kwon et al. [32],
Mendez-Lucio et al. [33], Chen et al. [34]

Cancer Diagnosis
Employing GANs for cancer diagnosis,
particularly improving sensitivity and specificity
by addressing data imbalances

Tamilmani et al. [35], Xiao et al. [36], Wang and
Zhang [37], Bi et al. [38], argonski et al. [39],
Park et al. [40], Yang and Li [41], Gutta et al. [42],
Mansoor et al. [43]

Single-Cell RNA-Seq
Analysis

Utilization of GANs to handle single-cell RNA-seq
data, including dropout imputation, batch effect
removal, and feature extraction

Bahrami et al. [44], Jeon et al. [45], Wang et al. [46],
Xu et al. [47], Wang et al. [48], Lin et al. [49],
Xu et al. [50], Zhu et al. [51], Ding and Regev [52],
Wei et al. [53], Reiman et al. [54], Wang et al. [55]

Genome Analysis
Applications of GANs in genome analysis, from
creating artificial human genomes to
variant calling

Wang et al. [56], Yang et al. [57], Kim et al. [58],
Jiang et al. [59], Lee et al. [60], Du et al. [61],
Yan et al. [62], Wang et al. [63]

Hi-C Data
Enhancement

Using GANs to infer high-resolution Hi-C matrices
from low-resolution counterparts, allowing
detection of fine-scale chromatin interactions

Hu et al. [64], Hong et al. [65], Liu et al. [66],
Liu et al. [67]

Other Applications

Various other applications of GANs in
bioinformatics, including predicting modification
sites and handling missing values in
microarray data

Booker et al. [68], Salekin et al. [69], Pati et al. [70],
Yuan et al. [71], Lee et al. [72], Kim et al. [73],
Tsourtis et al. [74], Uthamacumaran [75],
Xue et al. [76], Qiao et al. [77], Han et al. [78],
Park et al. [79], Vinas et al. [80], Sui et al. [81]

2.2. Journals of Publications

The breadth and depth of work pertaining to GANs for gene expression are evident in
the variety of journals that have published research on this topic between 2019 and 2023.
These journals span several disciplines, highlighting the interdisciplinary nature of this
field of study. Notably, the research articles reviewed here were published in a diverse
set of thirty-four distinct journals. Figure 1 serves as a discerning visual representation,
encapsulating the distribution of publications across various esteemed journals.

The most prolific journal, with a 14% share of the publications under review, is
Bioinformatics. This underscores the journal’s role as a leading platform for disseminating
original research in computational biology and bioinformatics, particularly in the arena of
GANs applied to gene expression data.

Seven percent of the selected publications were made in Nature Communications, PLoS
Computational Biology, and IEEE Access, respectively. Each of these journals has a distinct
focus: Nature Communications emphasizes high-quality research from all areas of the natural
sciences, PLoS Computational Biology features works of exceptional significance that further
our understanding of living systems through the application of computational methods,
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and IEEE Access is an interdisciplinary, open-access journal that publishes articles in the
broad spectrum of engineering and technology.

Figure 1. Representation of research papers across diverse journals. (A) Proportional illustration of
papers in different journals; (B) Journals exhibiting multiple publications.

Journals such as BMC Bioinformatics, Briefings in Bioinformatics, and Scientific Reports,
each with a 5% share of the reviewed publications, further emphasize the role of bioinfor-
matics and interdisciplinary science in the investigation of GANs for gene expression data.

This analysis of the published journals provides an understanding of the academic
venues that have been most receptive to research on GANs for gene expression. The wide
range of journals reflects the interdisciplinary nature of this research area, which sits at
the intersection of bioinformatics, genomics, machine learning, and artificial intelligence.
The distribution of publications across these journals, as shown in Table 2, testifies to the
importance and widespread recognition of this innovative research field.

Table 2. Journal statistics.

Journal Name Num. of Papers Percentage (%)

Bioinformatics 8 14%
Nature Communications 4 7%
PLoS Computational Biology 4 7%
IEEE Access 4 7%
BMC Bioinformatics 3 5%
Briefings in Bioinformatics 3 5%
Scientific Reports 3 5%
Genome Biology 2 3%
International Journal of Molecular Sciences 2 3%
Soft Computing 2 3%
Others (<2 Papers) 23 40%

2.3. Numerical Analysis of Selected Papers

To capture the momentum and growth trajectory of research in the field of GANs for
gene expression data, a year-by-year breakdown of the selected papers was conducted.
This exercise provided valuable insights into the research dynamics in this domain over
the past five years.

As illustrated in Table 3, the field has experienced a marked growth in publications.
In 2019, only a single paper was identified that fulfilled the selection criteria. This modest
beginning was followed by a significant increase in research output in the subsequent years.
The number of relevant publications jumped to 13 in 2020, reflecting a growing interest
and recognition of the potential of GANs in gene expression studies. A comprehensive
examination of the citation frequency and publication years for each paper is presented in
Figure 2, providing a detailed analysis of these key metrics.

In 2021, the momentum was sustained, with the number of publications increasing
to 15. The year 2022 represented a pivotal point, witnessing a surge in research output
with 24 published papers. This demonstrates an impressive almost 60% increase from the
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previous year and underscores the rapid acceleration in research interest and activities in
this domain.

Figure 2. Overview of the distribution of publication years and frequencies of citations. (A) Distribu-
tion of publication years. (B) Distribution of citations frequencies.

Table 3. Yearly distribution of selected publications.

Year Number of Publications

2019 1
2020 13
2021 15
2022 24
2023 (until May) 5

Even though data for 2023 is limited to publications until May, five papers have already
been identified, signaling an ongoing upward trend. The dynamic growth pattern of this
field, as evidenced by the increasing number of annual publications, emphasizes the rising
importance of GANs for gene expression data in the research community.

In terms of the impact of these papers, the citation analysis revealed a median of
three citations per paper and a mean of 9.7. This discrepancy between the median and
mean suggests a right-skewed distribution of citations, indicating the existence of a few
highly-cited papers. These influential papers have significantly contributed to shaping the
research discourse in this field and have been instrumental in its rapid evolution.

3. Application of Generative Adversarial Networks in Gene Expression
Data Augmentation

In the intersection of bioinformatics and artificial intelligence, GANs have emerged
as innovative tools for the generation of gene expression data [82]. The GAN paradigm,
equipped with the capacity to create synthetic data that mirrors real-world data, offers an
appealing solution to inherent challenges faced in gene expression studies, including high
dimensionality, sparse data, and sample diversity.

Research within this scope primarily aims to expand the breadth of existing gene
expression datasets through the creation of synthetic data, offering an advanced alternative
to conventional data augmentation or sampling methods. In contrast to these traditional
methods that may distort the inherent data distribution, GANs excel in capturing and
emulating the complex, non-linear patterns in gene expression datasets, leading to a more
representative and reliable synthetic dataset. Such enriched datasets can subsequently
enhance the efficacy of downstream analytical processes and predictive models. Besides
expanding data quantity, the synthetic gene expression data generated by GANs can con-
tribute significantly towards understanding and controlling data quality. GANs, with their
ability to create data similar to the real-world distributions, can provide nuanced insights
into the underlying biological phenomena. This knowledge can contribute to diverse areas,
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including disease diagnosis, pharmaceutical development, and toxicogenomics, among oth-
ers. The diagram depicted in Figure 3 showcases the schematic depiction of the GAN-based
framework employed for data augmentation. Table 4 offers a comprehensive compilation
of recent investigations conducted within the field.

Figure 3. Gene expression data augmentation with generative adversarial networks. The generator
and discriminator are represented by G and D, respectively.

Table 4. Contributions of different studies in the application of GANs in genomic data analysis.

Author Contributions

Yu et al. [24] Developed MichiGAN, a network combining VAEs and GANs to generate disentangled single-cell
gene expression data.

Yelmen et al. [25] Utilized GANs and RBMs to generate artificial human genomes enhancing data imputation
quality for low frequency alleles.

Hazra et al. [26] Used GANs to create synthetic nucleic acid sequences of the cat genome, achieving high
correlation with original data.

Zrimec et al. [27] Prototyped ExpressionGAN, generating synthetic regulatory DNA with targeted mRNA levels,
exceeding natural controls in expression.

Ahmed et al. [28] Introduced omicsGAN, integrating multi-omics data, enhancing predictive signals for cancer
outcomes in synthetic data.

Vinas et al. [29] Utilized a conditional GAN for generating realistic transcriptomics data preserving tissue- and
cancer-specific properties.

Marouf et al. [30] Developed cscGAN, generating realistic single-cell RNA-seq data, enhancing marker gene
detection and classifier reliability.

Chaudhari et al. [31] Developed MG-GAN to augment gene expression data, enhancing cancer classification accuracy
significantly.

Kwon et al. [32] Used GAN for augmenting samples, enhancing prediction of cancer stages significantly.

Mendez-Lucio et al. [33] Introduced GAN model generating molecules inducing desired transcriptomic profile, a
promising approach to drug discovery.

Chen et al. [34] Developed Tox-GAN, generating gene activities and expression profiles, aiding in chemical-based
read-across.

3.1. Recent Studies: 2019–2023

In the domain of manipulation and enhancement of gene expression data, several
studies stand out. Yu et al. [24] designed the MichiGAN model by synergistically inte-
grating Variational Autoencoders (VAEs) and GANs. The unique advantage offered by
VAEs is their ability to create a latent space of variables, which captures the underlying
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data distribution. This facilitates the generation of new samples by perturbing these la-
tent variables, rendering VAEs apt for tasks requiring data augmentation. On the other
hand, GANs, with their two-player adversarial framework, exhibit exceptional capabilities
in generating high-quality, realistic data. In the MichiGAN model, the VAE component
disentangles the representations of gene expression data, effectively mitigating the high
dimensionality. The GAN component then works with these disentangled representations,
generating synthetic samples that resemble real data. This seamless integration empowers
the MichiGAN to generate high-quality synthetic gene expression data, thereby aiding in
the prediction of cellular responses to drug treatments.

The strategy by Ahmed et al. [28] in developing omicsGAN lies in the integration
of multi-omics data, specifically mRNA and microRNA expression data, and their inter-
action network. mRNA and microRNA are the two key components of gene regulation
processes, providing a comprehensive view of the cell’s functional elements. Integrating
these data types, therefore, offers a broader and more accurate perspective of cellular
states. OmicsGAN leverages this integrated data to generate synthetic data with enhanced
predictive signals. The success of omicsGAN can be attributed to this integrative view of
gene expression, which enables a more holistic capture of cellular phenomena, resulting in
synthetic data that exhibits superior performance in predicting cancer outcomes.

Marouf et al. [30] showcased the application of conditional GANs in the creation of
their cscGAN. The strength of conditional GANs resides in their ability to guide the data
generation process by conditioning on auxiliary information. This allows the model to
generate data with specific attributes, contributing to the generation of more targeted and
meaningful data. In the case of cscGAN, the auxiliary information was single-cell RNA-seq
data, which captures gene expression at an individual cell level, providing a more nuanced
understanding of cellular heterogeneity. By conditioning the GAN on these data, cscGAN
was able to generate realistic synthetic gene expression data at a single-cell resolution,
enhancing downstream analyses and classifier reliability.

Both Yelmen et al. [25] and Hazra et al. [26] utilized GANs for the generation of
synthetic genetic data, albeit with different source data. In the case of Yelmen et al. [25],
artificial human genomes were generated, while Hazra et al. [26] synthesized nucleic acid
sequences of the cat genome. The performance of these models is heavily reliant on GANs’
innate ability to capture and reproduce the complex patterns inherent in genetic data.
GANs, with their generator–discriminator structure, learn the data’s intricate distributions,
and are thereby capable of synthesizing high-quality genetic sequences that closely mirror
the authentic data. This proficiency in learning from and replicating the real-world data
distributions is key to their successful application in synthetic genetic data generation.

The central theme in the works of Chaudhari et al. [31] and Kwon et al. [32] is the
use of GANs for gene expression data augmentation to enhance cancer classification. The
choice of GANs for data augmentation stems from their ability to produce novel synthetic
data that not only enlarges the dataset, but also reflects the true data distribution. The
Modified Generator GAN (MG-GAN) by Chaudhari et al. is particularly effective because
it uses a Gaussian distribution in the generator, thereby promoting a better emulation
of the real data distribution. This results in higher-quality synthetic data, leading to an
improvement in the accuracy of cancer classification.

In the context of drug discovery and toxicology, the success of the models by Mendez-
Lucio et al. [33] and Chen et al. [34] can be attributed to the effective application of GANs
to gene activities and expression profiles. GANs are proficient at learning from complex
multi-dimensional data distributions and reproducing them. By applying GANs to gene
activities and expression profiles, these models manage to generate synthetic data that
accurately represents the biological phenomena.

3.2. Trends, Challenges, and Future Directions in Recent Studies

Several compelling trends have emerged from recent studies exploring the application
of GANs in gene expression data. A prevalent theme revolves around the manipulation
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and enhancement of gene expression data to improve its predictive power, as illustrated in
the studies by Yu et al. [24] and Ahmed et al. [28]. These studies highlight the increasing
trend toward harnessing the strengths of GANs, often in combination with other techniques
such as VAEs, to generate synthetic data with enhanced predictive signals for biological
and clinical outcomes.

The generation of synthetic genetic data, which closely mimics authentic genomic
datasets, is another prominent trend. Work by Yelmen et al. [25] and Hazra et al. [26]
exemplifies this direction, leveraging GANs and other deep learning architectures to
generate realistic, artificial human and cat genomes, respectively. These synthetic datasets
have proven instrumental in enhancing data imputation quality and fostering an improved
understanding of complex genomic structures and functions.

Despite these advancements, a number of challenges persist. One primary concern is
the need to develop more rigorous measures for evaluating the performance and reliability
of GANs in gene expression analysis. Currently, there is a lack of standard evaluation
metrics and validation datasets that can provide objective assessments of these models.
In addition, while GANs are incredibly powerful, their complexity can make them dif-
ficult to interpret and apply in practice. Exploring ways to make these models more
interpretable and user-friendly will be crucial to their broader adoption in the biological
and clinical community.

Looking ahead, there are numerous intriguing prospects for future research. The
application of GANs in drug discovery, as illustrated by Mendez-Lucio et al. [33], pro-
vides a novel avenue for developing more effective therapeutics. The same applies to
the work of Chen et al. [34], where GANs were utilized to generate gene activities and
expression profiles, demonstrating their potential utility in toxicogenomics. Therefore,
one promising future direction may lie in further expanding the scope of GANs in trans-
lational genomics, potentially revolutionizing drug discovery, therapeutic strategies, and
personalized medicine. Moreover, combining GANs with other machine learning and deep
learning techniques could foster even more powerful and versatile tools for genomic data
analysis. As these trends evolve, it will be exciting to see how GANs continue to reshape
the landscape of genomics and bioinformatics.

4. Generative Adversarial Networks for a Novel Approach to Cancer Diagnosis

In the domain of oncological research and diagnosis [83], GANs are demonstrating
their potential as a game-changing tool. Harnessing the capability of GANs to learn
intricate data distributions and generate synthetic data, researchers are finding novel ways
to analyze cancer-related gene expression data, thereby paving the path towards improved
detection and classification of various cancer types.

Cancer diagnosis frequently involves the analysis of complex and high-dimensional
data, such as gene expression profiles or medical imaging data. GANs, with their profi-
ciency in discerning patterns in complex datasets, are being increasingly used to supplement
the available data by generating synthetic data. This synthetic data can be used to train
other machine learning models, enhancing their performance in cancer diagnosis.

In this context, research endeavors focus on developing GAN-based frameworks
capable of interpreting gene expression data or medical images to diagnose different types
of cancer. GANs’ ability to model non-linear mappings allows them to capture the complex
relationships within high-dimensional data. This aptitude for modeling data intricacies
makes GANs particularly effective in distinguishing various cancer types based on gene
expression patterns or imaging data.

In addition, GANs can unearth subtle cancer characteristics by generating synthetic
data that mirrors real-world distributions, offering an improved understanding of the
complex nature of cancer. These insights can contribute to the refinement of diagnosis and
treatment strategies. Despite these advantages, the implementation of GANs in cancer
diagnosis is not without its challenges, including concerns regarding the interpretability
of GAN models, the biological validity of the synthetic data, and the risk of overfitting.
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Therefore, constant advancements in methodologies, rigorous assessment of synthetic data,
and strategies to improve model transparency are required in this promising but challenging
field. The visual representation presented in Figure 4 serves as an exemplification of the
conceptual framework utilized in the data imbalance problem for cancer diagnosis, which
utilizes GANs. A succinct representation of contemporary research endeavors is portrayed
in Table 5.

Figure 4. Generative adversarial networks in cancer diagnosis to address data imbalance. The
generator is represented by G.

Table 5. Contributions of various studies leveraging generative adversarial networks for cancer
diagnosis.

Author Contributions

Tamilmani et al. [35] Developed an optimized GAN for accurate cancer miRNA biomarker classification.

Xiao et al. [36] Presented an improved deep learning based WGAN model for imbalanced gene expression data in
cancer diagnosis.

Wang and Zhang [37] Created a novel predictor for lymph node metastasis events in tumors using lncRNA expression profiles.

Bi et al. [38] Proposed FIAD-GAN, a GAN framework for brain disease classification and feature selection.

Targonski et al. [39] Introduced TSPG, a GAN-based method to identify transcriptome perturbations in RNA-sequencing data.

Park et al. [40] Presented a method using graph-embedded GAN for accurate cancer prognosis prediction.

Yang and Li [41] Introduced BiGAN for predicting lncRNA-disease associations using similarity measures.

Gutta et al. [42] Utilized a WGAN with gradient penalty to enhance breast cancer prognostication.

Mansoor et al. [43] Proposed GOGAN, a novel architecture for predicting protein functions using amino acid sequences.

4.1. Recent Studies: 2019–2023

In the case of Tamilmani et al. [35], the success of the proposed DCG-MCNN model is
attributed to its method of handling superclass problems. In cancer diagnoses, the nature of
data often results in a high number of superclasses, i.e., groups of samples that are difficult
to distinguish based on the available features. DCG-MCNN employs a GAN optimized
using the Mayfly Optimization Algorithm, a nature-inspired optimization technique that
utilizes the “group effect” phenomenon observed in mayflies to solve complex problems.
By using this optimization technique, the authors were able to train the GAN to more
effectively generate synthetic data, which in turn improved the classification of superclasses.
The application of a deep convolutional generative adversarial network (DCG) and a
modified convolutional neural network (MCNN) further enhanced this process. DCG is a
type of GAN that uses convolutional layers in its generator and discriminator networks,
allowing for better feature extraction from high-dimensional data, such as gene expression
profiles. MCNN, on the other hand, involves modifications in the architecture of traditional
convolutional neural networks to better manage the complexity of data and improve
classification accuracy. The interplay between these components in the DCG-MCNN model
resulted in the model’s superior performance.
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In contrast, Xiao et al. [36] addressed the challenge of imbalanced gene expression
data, a common problem in cancer diagnosis, using a Wasserstein GAN model (WGAN).
The WGAN is known for its theoretical improvements over the original GAN model,
particularly in terms of stability during training. This stability is achieved by replacing the
traditional GAN loss function with the Wasserstein distance, a more meaningful measure
of the difference between the true data distribution and the distribution learned by the
GAN. The authors used this unique characteristic of the WGAN to generate new samples
for the minority class, thereby addressing the data imbalance. By enriching the minority
class in this way, the authors were able to achieve more balanced data distributions, which
in turn led to improved prediction accuracy.

The study of Wang and Zhang [37] also made use of the WGAN, but coupled it with a
particle swarm optimization neural network (psoNN) for predicting metastasis in tumors.
The psoNN is an algorithm that uses the concept of swarm intelligence, where a group of
simple agents collectively perform complex tasks, to optimize the parameters of a neural
network. By integrating this optimization method with the WGAN, the authors were
able to train a model that effectively captured the complex relationships within lncRNA
expression profiles. This innovative approach to data modeling allowed the WGAN-psoNN
to predict metastasis events with high accuracy.

In the study conducted by Bi et al. [38], the FIAD-GAN framework proposed was
able to efficiently aggregate feature information and perform convolution/deconvolution
operations. This dual approach provided the model with the ability to extract relevant
information from the gene expression data, thus improving the interpretability of the deep
learning framework. The enhanced interpretability, in turn, provided a more in-depth
understanding of the disease-related brain regions and genes, thus contributing to the
model’s superior performance in disease classification tasks.

The success of the TSPG method presented by Targonski et al. [39] can be attributed
to the way it leverages GANs for transcriptome perturbation analysis. The TSPG method
uses GANs to identify the necessary transcriptome perturbations to transition between
classes, providing a deeper understanding of the differential expression patterns in normal
and tumor human tissue samples. This nuanced understanding is essential in precision
medicine applications, where identifying substantial transcriptional aberrations can provide
valuable insights into the development and progression of diseases.

The graph-embedded GAN proposed by Park et al. [40] successfully captured the
distributions of various data types, including gene expression, copy number variation,
single nucleotide polymorphism, and DNA methylation data. The integration of a graph-
embedded GAN in this study allowed for the extraction of relational structures in the
data, a feature that is particularly useful when dealing with genetic data where genes
often interact in complex ways. By learning these distributions, the graph-embedded GAN
provided an improved representation of the data, leading to higher prediction accuracy.

The BiGAN model presented by Yang and Li [41] achieves its performance by uti-
lizing disease semantic similarity, lncRNA sequence similarity, and Gaussian interaction
profile kernel similarities to construct feature representations. This three-pronged approach
captures multiple aspects of lncRNA-disease associations, providing a comprehensive
understanding of these relationships. This multi-faceted understanding enables BiGAN
to accurately predict associations, outperforming other methods in cross-validation and
case studies.

Gutta et al. [42] utilized a Wasserstein GAN with a gradient penalty (T-GAN-D)
to improve breast cancer prognostication. The gradient penalty enforced the Lipschitz
constraint on the discriminator, ensuring its 1-Lipschitz continuity. This continuity is crucial
in stabilizing the GAN training process, thereby enhancing the quality of the generated
synthetic data. This high-quality synthetic data, when applied to a large cohort of breast
cancer patients, resulted in superior differentiation between high-risk and low-risk patients
compared to traditional biomarkers.
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The GOGAN model proposed by Mansoor et al. [43] works by extracting features
from large unlabeled protein datasets. The extraction of these features provides valuable
insights into the properties of the proteins, which can then be used to predict protein
functions. The GOGAN model’s ability to learn these features and incorporate them into
the prediction process results in its superior performance in terms of various evaluation
metrics. The model’s ability to analyze gene variations, gene expression, and gene regu-
lation networks further emphasizes the effectiveness of this feature extraction method in
predicting protein functions.

4.2. Trends, Challenges, and Future Directions in Recent Studies

The preceding analyses offer a panorama of recent studies leveraging GANs in cancer
diagnosis and related genomics research, reflecting both considerable advancements and
persistent challenges in the field. A visible trend is the innovative use of GANs to enhance
the quality and quantity of genomic data, as evidenced in Tamilmani et al.’s [35] DCG-
MCNN and Xiao et al.’s [36] WGAN model, both of which address data imbalance issues.
On another frontier, studies like Targonski et al.’s [39] explore the utility of GANs in
identifying transcriptome perturbations, broadening the horizon of GAN application in
genomic data analysis.

Yet, despite these advancements, the field faces several challenges. For one, the
complexity and high dimensionality of genomic data pose difficulties for the successful
training of GANs. Overfitting and mode collapse, common issues in GAN models, can be
exacerbated in genomics contexts due to the intricate structure of the data. The issue of
data imbalance is another significant challenge, as reflected in the works of Xiao et al. [36]
and Wang and Zhang [37], warranting further methodological advancements in GAN
architectures to address this concern.

Future research should aim to resolve these challenges and continue to harness the
potential of GANs in genomics. Combining GANs with other machine learning techniques,
as demonstrated by Tamilmani et al.’s [35] DCG-MCNN and Bi et al.’s [38] FIAD-GAN,
is a promising direction. This line of inquiry could lead to the development of more
efficient hybrid models that enhance the robustness and reliability of genomics research.
Additionally, efforts to improve the interpretability and transparency of GAN models, like
those seen in Bi et al.’s [38] work, are necessary to facilitate the broader adoption of these
methods. As GANs continue to evolve, their potential to advance our understanding of
complex biological systems becomes ever more promising.

5. Exploiting Generative Adversarial Networks in Single-Cell RNA-Seq Data Analysis

GANs have made significant strides in the sphere of single-cell RNA sequencing
(scRNA-Seq) analysis [84–86], showcasing their ability to navigate the complexities of high-
dimensional biological data. scRNA-Seq, an innovative genomics technology, provides
granular insights into cell-specific gene expression. However, scRNA-Seq data’s high
dimensionality, sparsity, and inherent noise pose substantial obstacles in data interpretation
and analysis. In this regard, GANs have been identified as a potent analytical tool.

The core application of GANs in scRNA-Seq analysis involves the generation of
synthetic data, which can ameliorate issues related to data scarcity and noise that are
typically associated with scRNA-Seq studies. The generated synthetic data, while reflecting
the distribution of the actual scRNA-Seq data, can increase the reliability of downstream
analysis and fortify the effectiveness of subsequent predictive models.

Research initiatives in this domain focus on the development and application of GAN
architectures that are capable of modeling the distribution of scRNA-Seq data effectively.
The primary aim is to capture the variability and biological complexity inherent in the data,
thus creating synthetic cells that mirror the real ones. This amplification of available data
for analysis can foster a deeper understanding of cell heterogeneity and cellular functions.

An additional avenue worth exploring is the application of Generative Adversarial
Imputation Networks (GAIN) in the imputation of scRNA-Seq data. GAIN is an innovative
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technique, marrying the strengths of GANs and imputation methodologies, which can
be extremely useful in dealing with data sparsity, a common problem with scRNA-Seq
data [87]. It operates by modeling the data distribution, much like traditional GANs, and
employs a generator and a discriminator network to predict and evaluate the missing
values, respectively. The generator, trained to produce realistic imputations for missing
data points, minimizes the difference between the original and imputed data, thereby
preserving the distribution of the original scRNA-Seq data. The discriminator, on the
other hand, is trained to distinguish between observed and imputed data, resulting in a
robust imputation model that can effectively navigate the inherent challenges posed by the
high-dimensionality of scRNA-Seq data. Consequently, GAIN can significantly enhance
the quality of data imputation, and in doing so, augment the reliability of subsequent
data analysis, which is critical in advancing our understanding of complex biological
phenomena.

Beyond mere data augmentation, GANs in scRNA-Seq analysis also promise poten-
tial breakthroughs in other areas. For instance, their ability to generate synthetic data,
accurately reflective of real-world distributions, could reveal subtle cellular states and
transitions, typically obscured in conventional analysis. This capability can potentially
pave the way for new biological insights and advancements in areas such as developmental
biology and disease research. Figure 5 provides a graphical representation that showcases
the framework utilized in gene expression data imputation, leveraging GANs. Table 6
presents a concise snapshot of recent studies conducted in the field.

Table 6. Contributions of recent studies in single-cell RNA-Seq data analysis using generative
adversarial networks.

Author Contributions

Bahrami et al. [44] Introduced scGAN to mitigate batch effects in scRNA-seq data, improving gene association
identification and cell type clustering.

Jeon et al. [45] Developed a two-step model that transforms L1000 profiles to RNA-seq-like profiles, enhancing the
accuracy of gene profile translation.

Wang et al. [46] Proposed iMAP, a framework that removes batch effects in single-cell RNA-sequencing datasets,
uncovering novel cell–cell interactions in tumor environments.

Xu et al. [47] Introduced scIGANs to tackle dropout imputation in scRNA-seq data, enhancing downstream
analysis without oversmoothing.

Wang et al. [48] Developed IMGG to integrate multiple scRNA-seq datasets, enhancing downstream tasks like
differential gene expression analysis.

Lin et al. [49] Introduced DR-A for dimensionality reduction in scRNA-seq data, improving the accuracy of
low-dimensional data representation.

Xu et al. [50] Proposed scSemiGAN for single-cell RNA-seq data analysis, unifying cell-type annotation with
dimensionality reduction and deep latent representation learning.

Zhu et al. [51] Utilized scIGANs in imputation procedures to improve the analysis of single-cell RNA-seq data,
enhancing clustering and differential expression analyses.

Ding and Regev [52] Introduced scPhere to embed scRNA-seq profiles into low-dimensional spaces, enabling effective
visualization and elucidation of complex cellular relationships.

Wei et al. [53] Developed scPreGAN to predict the response of single-cell expression to perturbation, outperforming
previous methods.

Reiman et al. [54] Created Pseudocell Tracer to infer cellular trajectories from scRNAseq data, revealing key
transcription factor ordering and poised cytokine signaling states.

Wang et al. [55] Proposed ResPAN for batch correction in scRNA-seq data integration, outperforming other methods
in both batch correction and biological information conservation.
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Figure 5. Generative adversarial networks for missing gene expression data imputation. The genera-
tor is represented by G.

5.1. Recent Studies: 2019–2023

Understanding the principles and mechanisms that underpin the success of GANs
in scRNA-seq data analysis requires a comprehensive look at the challenges posed by the
analysis of scRNA-seq data and how the architecture and functionality of GANs address
these challenges. Here, we explore some of these principles by focusing on the key studies
discussed above.

The scGAN, introduced by [44], proved effective in mitigating batch effects in scRNA-
seq data due to its ability to accurately model the distribution of single-cell transcriptomes.
Batch effects are systematic non-biological differences between batches (or groups) of
samples in high-throughput experiments and can be extremely problematic in scRNA-seq
analysis. ScGAN leverages the generator component of the GAN to produce synthetic
data that follow the same underlying distribution as the real data, effectively removing
batch-specific variations and retaining only the common features across batches. The
discriminator, trained to distinguish between real and synthetic data, provides a feedback
mechanism that continually refines the generator’s outputs. This continual interaction
between the generator and discriminator in the GAN structure allows for a nuanced
understanding and accurate modeling of the complex data distributions in scRNA-seq
datasets, thereby mitigating batch effects.

The success of iMAP [46] in uncovering novel cell–cell interactions lies in its innovative
use of deep autoencoders and GANs. Deep autoencoders, as unsupervised learning
algorithms, are trained to reconstruct the input data after reducing it to a lower-dimensional
representation. They can therefore identify and capture the key features of the scRNA-seq
data. Meanwhile, GANs complement this by generating synthetic data that mirror the
data distributions of real cells. The combined effect is a comprehensive representation of
cell-specific gene expressions, which allows for the discovery of novel interactions that
would otherwise be obscured in traditional analyses.

Addressing dropout events in scRNA-seq data is another significant challenge, effec-
tively handled by scIGANs as proposed by Xu et al. [47]. Dropouts, which refer to the
missing values in scRNA-seq data due to low amounts of mRNA in a cell, can severely
impact downstream analysis. GANs are uniquely suited to address this issue as they can
model complex data distributions and generate synthetic data to fill in for the dropouts.
The generator in scIGANs produces synthetic cells for dropout imputation, effectively
mitigating the common issues of oversmoothing and stochasticity elimination in traditional
imputation methods. The discriminator’s role in distinguishing between observed and
imputed data ensures that the imputed data points do not deviate significantly from the
original data distribution, thus preserving the integrity of the scRNA-seq data.

In the context of integrating multiple scRNA-seq datasets, IMGG [48] and ResPAN [55]
have shown remarkable efficacy. These models use GANs to eliminate non-biological
differences between batches while preserving biological information. Specifically, ResPAN
employs the Wasserstein GAN, which uses a different loss function than traditional GANs,
ensuring a more stable training process and resulting in more accurate generated data. This
is crucial in maintaining the authenticity of the biological information while correcting for
batch effects.
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5.2. Trends, Challenges, and Future Directions in Recent Studies

An examination of recent studies reveals that GANs are being increasingly adopted
for scRNA-seq data analysis. This trend represents an effort to overcome the specific
challenges associated with scRNA-seq data, such as batch effects, dropout events, and high
dimensionality, which have been hindrances in conventional analysis methods.

One major trend has been the application of GANs to mitigate batch effects, as demon-
strated by Bahrami et al. [44] and Wang et al. [46,48,55]. These studies represent concerted
efforts to improve the quality and consistency of scRNA-seq data across different experi-
ments or conditions, enhancing the robustness and reliability of downstream analyses.

The challenge of dropout imputation has also seen significant attention, with innova-
tive solutions such as scIGANs [47,51] being introduced. This development demonstrates a
clear recognition of the limitations of traditional imputation methods, such as oversmooth-
ing, which can undermine the granularity and biological accuracy of scRNA-seq data.

However, despite the substantial progress, several challenges persist. The complexity
and variety of scRNA-seq data often require specific, tailored solutions. The proposed
GAN models are often complex and require significant computational resources, which
may limit their applicability in some cases. There is also a continuing need for methods that
can handle larger, more diverse datasets, integrating information from multiple sources
and types of data.

It is clear that the continued development and refinement of GAN-based models will
play a significant role in the future of scRNA-seq data analysis. For instance, the works
by Jeon et al. [45] and Lin et al. [49] indicate potential advancements in transforming
gene expression profiles and enhancing dimensionality reduction, respectively. These
trends suggest promising avenues for future research, with potential implications for our
understanding of complex biological systems.

A future direction for research may also include the integration of GANs with other
machine learning methods to create more sophisticated models. The model developed by
Reiman et al. [54], for instance, shows how GANs can be used to generate pseudocells and
infer cellular trajectories, providing a tantalizing glimpse of how these models could be
further expanded and refined to uncover new biological insights.

While GANs have already made substantial contributions to the analysis of scRNA-seq
data, they are far from reaching their full potential. The ongoing development of these
models will continue to push the boundaries of our understanding of gene expression and
cellular function, providing new insights into the complex interplay of genes and cells in
various biological contexts.

6. Implementing Generative Adversarial Networks in Genome Analysis

The integration of GANs into genome analysis offers a novel strategy for understand-
ing and interpreting genomic data. GANs’ inherent competency in generating synthetic
data, coupled with their capacity to model complex data distributions, makes them a
formidable tool for analyzing genomic sequences. Generally, this application entails the
utilization of GANs to generate synthetic genomic sequences, thus supplementing existing
data sets and facilitating downstream analysis.

The use of GANs in genome analysis primarily aims to address the challenges posed
by genomic data, which often involve high dimensionality, limited data availability, and
intricate sequence patterns. GANs are used to create synthetic data that closely resembles
the distribution of real genomic sequences. This synthetic data bolsters the robustness of
genomic studies, providing a valuable resource for additional analysis and enhancing the
performance of subsequent predictive models.

Research in this area is commonly centered around the design and implementation of
GAN architectures capable of effectively modeling the distribution of genomic data. The
principal goal is to capture the subtleties and complexities that are inherent in genomic
sequences, thereby generating synthetic sequences that are representative of the actual
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genomic landscape. The use of GANs thus provides a methodology for data augmentation,
enriching the breadth and depth of genomic studies.

In addition to data augmentation, GANs offer potential advantages in other aspects
of genome analysis. For example, GANs’ ability to generate synthetic sequences that
accurately reflect real-world genomic distributions may reveal nuanced genomic features
and patterns. This potential can lead to deeper insights into the structure and function of
genomes, thereby contributing to advancements in fields such as comparative genomics,
population genetics, and functional genomics. The diagram provided in Figure 6 offers
a visual representation of the GAN-based framework adopted in this academic inquiry.
Table 7 furnishes an informative overview of contemporary research endeavors.

Figure 6. Framework of generative adversarial networks in genome analysis. The generator is
represented by G.

Table 7. Summary of generative adversarial network contributions in genomics studies.

Author Contributions

Wang et al. [56] Developed pg-gan to accurately estimate parameters in population genetic models.

Yang et al. [57] Developed LDV-Caller for genome variant calling from low-depth ONT sequencing data.

Kim et al. [58] Utilized GANs to simulate molecular progression of tauopathy.

Jiang et al. [59] Introduced a GAN model to predict disease genes from RNA-seq data.

Lee et al. [60] Developed BP-GAN for branchpoint prediction in RNA sequences.

Du et al. [61] Created LDA-GAN to predict lncRNA–disease associations.

Yan et al. [62] Proposed GANCDA, a model for predicting circRNA–disease associations.

Wang et al. [63] Proposed SGANRDA, a model for predicting circRNA–disease associations, integrating circRNA sequence
and disease semantics.

6.1. Recent Studies: 2019–2023

The pg-gan, proposed by Wang et al. [56], estimates parameters in population genetic
models effectively because it leverages the ability of GANs to accurately model complex
data distributions. In the context of population genetics, the real-world data often represent
a high-dimensional and intricate distribution, which presents a challenge for traditional
machine learning models. However, the generator component in pg-gan learns to replicate
this complex distribution and generates synthetic data that closely resemble the actual
genomic data. The discriminator, on the other hand, guides the generator’s training by
distinguishing between real and synthetic data, driving the generator to produce increas-
ingly accurate synthetic data. This iterative process results in a more precise estimation of
population genetic parameters.

The LDV-Caller [57] exhibits high accuracy in genome variant calling from low-depth
ONT sequencing data, mainly due to the capacity of GANs to compensate for limited data
availability. In low-depth sequencing, the scarcity of data can result in inaccurate variant
calling. However, by training on real genomic variants, the generator in the LDV-Caller
learns to produce synthetic variants that accurately reflect the distribution of real genomic
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variants. Consequently, the synthetic data effectively supplement the sparse real data,
leading to improved variant-calling accuracy.

In Kim et al. [58], GANs are used to simulate the molecular progression of tauopathy.
The key to their success lies in the ability of GANs to uncover intricate patterns in the data.
In the case of tauopathy, the early molecular changes can be subtle and easily overlooked
by traditional analyses. However, GANs, by virtue of their capacity to model complex
distributions and generate synthetic data, can replicate these early changes accurately.
Furthermore, the continual interaction between the generator and discriminator enables
the model to refine its understanding of the molecular progression, thereby unveiling early
disease features effectively.

The efficacy of the GAN model proposed by Jiang et al. [59] in identifying disease
genes from RNA-seq data can be attributed to its ability to handle small sample sizes. The
generator in this model generates synthetic RNA-seq data that mimic the distribution of
real disease genes. This artificially enlarges the dataset, mitigating the problems caused
by small sample sizes. The discriminator, in turn, ensures that the synthetic data closely
resemble the actual data, leading to improved accuracy in identifying disease genes.

The BP-GAN [60] stands out in predicting branchpoints in RNA sequences due to
its ability to capture the latent structure of RNA sequences and the sequence-positional
long-term dependency. The generator in BP-GAN learns to generate synthetic RNA se-
quences that reflect the intrinsic latent structure and long-term dependencies, while the
discriminator ensures the quality of these synthetic sequences by distinguishing them from
real sequences. This iterative process results in an increasingly accurate understanding of
the RNA sequences, thereby leading to effective branchpoint prediction.

The predictive models for disease associations proposed by Du et al. [61], Yan et al. [62],
and Wang et al. [63], namely LDA-GAN, GANCDA, and SGANRDA, respectively, harness
the strengths of GANs in data augmentation and complex distribution modeling. Limited
data availability and complex data structures are common challenges in disease association
prediction. However, GANs generate synthetic data that closely resemble the distribution
of real associations, effectively overcoming the data limitation issue. Simultaneously, GANs’
ability to model complex distributions ensures that the synthetic data accurately reflect the
nuanced relationships between different genomic features and diseases, resulting in highly
accurate prediction models.

6.2. Trends, Challenges, and Future Directions in Recent Studies

The recent developments in the application of GANs to genomics demonstrate a
promising trend in tackling key challenges in the field. As the studies presented in Table 7
demonstrate, the utilization of GANs has significantly enhanced the accuracy and effi-
ciency of tasks ranging from parameter estimation in population genetics to disease gene
identification and association predictions.

The utilization of GANs in population genetics by Wang et al. [56] represents a
key advancement in the field. However, it brings to light the inherent complexity and
variability in genetic data. Future studies should focus on improving the versatility of
GANs to accommodate different types of genetic data and populations. Additionally, there
is a need for more robust methods for model evaluation and comparison to ensure the
optimal application of GANs in this domain.

While the use of GANs for variant calling from low-depth sequencing data, as demon-
strated by Yang et al. [57], marks an important advancement, the challenge of managing the
vast amount of data generated through next-generation sequencing technologies persists.
As such, future efforts should prioritize the development of more efficient data process-
ing and storage techniques to complement the improved analytical capabilities provided
by GANs.

In disease gene identification, GANs have proven instrumental in circumventing
the challenge of small sample sizes in brain-related disease studies [59]. Nevertheless,
more research is needed to tailor GAN models to other diseases with similar challenges.



Mathematics 2023, 11, 3055 17 of 26

Moreover, the issue of model interpretability remains critical. The black-box nature of
GANs, while providing impressive predictive power, can limit our understanding of the
mechanisms behind the predictions. Therefore, future research should focus on developing
techniques to improve the interpretability and transparency of GAN models.

Finally, the application of GANs in disease association predictions, specifically in
predicting lncRNA–disease and circRNA–disease associations [61–63], highlights the vast
potential of GANs in predictive genomics. Yet, the limited availability of comprehensive
and accurate disease association databases can restrict the effectiveness of GANs in this area.
Therefore, more emphasis should be placed on the generation of high-quality databases to
ensure reliable predictions.

7. Utilizing Generative Adversarial Networks for Hi-C Data Enhancement

GANs have found a noteworthy application in the domain of high-throughput chromo-
some conformation capture (Hi-C) data enhancement [88–90], showcasing their potential
in tackling complex biological data. Hi-C is an innovative technology that offers insights
into the three-dimensional (3D) organization of the genome within the nucleus. However,
Hi-C data’s high dimensionality, sparsity, and inherent noise present significant hurdles in
its analysis. GANs are emerging as a powerful tool to mitigate these challenges.

The integration of GANs in Hi-C data enhancement primarily revolves around gen-
erating synthetic Hi-C data that resembles the distribution of real Hi-C matrices. These
synthetic data can supplement existing Hi-C datasets, aiding in overcoming data scarcity
issues, and improving the robustness of downstream analysis.

Research pursuits in this field primarily involve the development of GAN architectures
that can effectively capture the complex data patterns inherent in Hi-C matrices. The
overarching goal is to generate synthetic Hi-C data that retains the structural complexities
of the actual genomic architecture. The augmented datasets can improve the efficacy
of subsequent analyses and potentially enhance our understanding of genome folding
patterns and their biological implications.

In addition to data augmentation, GANs can be instrumental in other facets of Hi-C
data enhancement. For instance, synthetic data reflecting real-world 3D genomic distribu-
tions could uncover nuanced genomic architectural features, which may be overlooked in
conventional Hi-C analyses. This potential could lead to a deeper understanding of 3D
genome organization and its role in gene regulation and cellular functions. The diagram
featured in Figure 7 visually elucidates the GAN-driven framework employed in Hi-C data
enhancement. Table 8 exhibits a curated collection of recent studies undertaken within
the field.

Figure 7. Generative adversarial networks for high-resolution Hi-C matrices. The generator is
represented by G.
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Table 8. Contributions of recent studies in generative adversarial networks for Hi-C data enhancement.

Author Contributions

Hu et al. [64] EnHiC: Enhancing the resolution of Hi-C matrices using a GAN framework, enabling the detection of
topologically associated domains and fine-scale chromatin interactions.

Hong et al. [65] DeepHiC: Predicting high-resolution Hi-C contact maps from low-coverage sequencing data using a GAN,
outperforming other methods in chromatin loops identification and TADs detection.

Liu et al. [66] hicGAN: Inferring high-resolution Hi-C data from low-resolution counterparts using GANs, producing
matrices consistent with original high-resolution data and enhancing resolution in new cell types.

Liu et al. [67] scDEC-Hi-C: Analyzing single-cell Hi-C data with a GAN-based framework, uncovering chromatin
architecture variability across cell types with superior clustering and imputation performance.

7.1. Recent Studies: 2019–2023

The success of EnHiC [64] in predicting high-resolution Hi-C matrices from low-
resolution data can be attributed to two major factors: the combination of GANs with
non-negative matrix factorization (NMF) and the iterative feedback mechanism inherent
to GANs. The former allows the model to extract key structural features from multi-scale
low-resolution matrices, which are then used by the GAN’s generator to produce high-
resolution Hi-C matrices. The discriminator component of the GAN then evaluates the
synthetic matrices against real high-resolution data, thus iteratively guiding the generator
to produce more accurate predictions. This combination of feature extraction via NMF and
synthetic data generation via GANs results in enhanced resolution of Hi-C matrices.

DeepHiC, developed by Hong et al. [65], achieves superior performance in predicting
high-resolution Hi-C contact maps from low-coverage sequencing data primarily due to
the GAN’s ability to learn from limited and sparse data. The scarcity of data inherent
in low-coverage sequencing can result in inaccurate predictions. However, the GAN’s
generator learns to produce synthetic contact maps that reflect the distribution of actual
high-resolution data, effectively overcoming the data limitation. Simultaneously, the
discriminator guides the generator’s learning, ensuring the quality of the synthetic contact
maps, which leads to the accurate detection of chromatin loops and topologically associated
domains (TADs).

The hicGAN [66] is able to infer high-resolution Hi-C data from low-resolution coun-
terparts primarily due to the model’s ability to capture the intricate patterns inherent in
Hi-C data. In the case of hicGAN, the generator learns to produce synthetic high-resolution
Hi-C matrices that mimic the distribution of actual high-resolution data. The discriminator,
in turn, guides the generator’s training, distinguishing between real and synthetic data,
driving the generator to produce increasingly accurate high-resolution matrices. This
iterative feedback process results in the generation of high-resolution Hi-C data that is
consistent with original high-resolution matrices.

The success of the GAN-based framework, scDEC-Hi-C, proposed by Liu et al. [67],
in analyzing single-cell Hi-C data can be primarily attributed to the model’s capacity to
handle sparse and highly variable data. The challenges posed by single-cell Hi-C data,
including sparsity and cell-to-cell variability, are effectively mitigated by the synthetic
data generated by the GAN. The generator learns to produce synthetic data that mimic
the distribution of actual single-cell Hi-C data, effectively augmenting the sparse dataset.
Simultaneously, the discriminator ensures the quality of the synthetic data, leading to
enhanced understanding of chromatin architecture variability across cell types and superior
clustering and imputation performance.
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7.2. Trends, Challenges, and Future Directions in Recent Studies

The application of GANs for enhancing the resolution of Hi-C data represents a
growing trend in genomics, as showcased in the works by Hu et al. [64], Hong et al. [65], and
Liu et al. [66]. Despite the impressive advancements, several challenges and opportunities
for future research stand out.

The successful development and application of EnHiC [64] and DeepHiC [65] have
highlighted the effectiveness of GANs in enhancing the resolution of Hi-C matrices from
low-resolution and low-coverage sequencing data. However, these methods rely on the
availability of high-quality, high-resolution Hi-C data for training, which may not always
be accessible. Future research should therefore aim to develop techniques that allow for
efficient training of GANs with limited or noisy high-resolution data.

Moreover, although the hicGAN model [66] has shown promise in inferring high-
resolution Hi-C data from low-resolution counterparts, the issue of verifying the authentic-
ity of generated Hi-C matrices remains. Consequently, an important direction for future
studies would be to establish rigorous evaluation metrics and validation methods to ensure
the biological validity and relevance of GAN-generated Hi-C data.

Another noteworthy trend is the application of GANs to single-cell Hi-C data, exem-
plified by the scDEC-Hi-C model [67]. As single-cell technologies continue to advance,
the application of GANs in this domain offers immense opportunities for uncovering
cell-to-cell variability in chromatin architecture. However, dealing with the high level of
noise and data sparsity inherent to single-cell Hi-C data presents a major challenge. Future
research should focus on improving the robustness of GANs to these issues and developing
methods for efficient handling of large-scale single-cell Hi-C datasets.

8. Other Studies Using Generative Adversarial Network for Gene Expression Data

The application of GANs in the domain of gene expression data extends beyond the
topics explored in the preceding sections. Numerous studies have harnessed the potential
of GANs to tackle other intricate problems in this domain, broadening the scope and utility
of GANs in bioinformatics.

These varied studies can be categorized by the specific challenge in gene expression
data that they aim to address using GANs. For instance, some investigations focus on
the improvement of existing bioinformatics algorithms using synthetic gene expression
data generated by GANs. In these cases, GANs are used as a tool to refine the inputs
of other models, effectively enhancing their performance by enriching the training data
or by adding complexity to the model training process. Other studies apply GANs as a
mechanism for data imputation, seeking to fill in the gaps or resolve the inconsistencies
within gene expression datasets. These applications underscore the ability of GANs to
model intricate data distributions and generate realistic, high-dimensional synthetic data.
Several investigations also exploit GANs to facilitate the interpretation of gene expression
data. By generating synthetic data that closely mirrors real-world distributions, these
studies use GANs to tease out the latent structures within the data, subsequently revealing
novel biological insights.

Additionally, there are studies where GANs are employed as a feature selection tool.
In these cases, GANs are used to reduce the high dimensionality of gene expression data,
helping to identify the most informative genes or gene clusters for specific biological
phenomena or conditions. Table 9 showcases a collection of recent studies.
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Table 9. Summary of other recent studies using generative adversarial networks in gene expression data.

Author Contributions

Booker et al. [68] Used GANs to learn and replicate the distribution of population genetic alignments across evolutionary
histories.

Salekin et al. [69] Introduced MR-GAN for predicting epitranscriptome modifications sites from transcript sequences.

Pati et al. [70] Presented Sim-GAN for estimating missing values in microarray data based on the similarity index.

Yuan et al. [71] Proposed MSFF-CDCGAN, a GAN-based method for predicting RNA secondary structure.

Lee et al. [72] Utilized GAN to explore the role of the OASIS family in defense mechanisms against cocaine-induced
hypoxia and ischemia (HI).

Kim et al. [73] Developed ICEGAN for network estimation applied to gene expression data.

Tsourtis et al. [74] Presented a semi-interpretable generative model using Renyi divergence for gene expression data.

Uthamacumaran [75] Applied GANs with Waddington landscape reconstruction and fractal dimension analysis to infer
dynamics in glioblastoma-derived stem cells.

Xue et al. [76] Used deep generative models to learn cellular states underlying transcriptomic responses
to perturbations.

Qiao et al. [77] Introduced iPro-GAN for identifying gene promoters and their strength.

Han et al. [78] Proposed Gene-CWGAN, a data enhancement method for gene expression profiles.

Park et al. [79] Applied GANs to predict the molecular progression of Alzheimer’s disease using RNA-seq data.

Vinas et al. [80] Introduced PMI and GAIN-GTEx, deep learning methods for gene expression imputation.

Sui et al. [81] Proposed a deep learning-based radiogenomic framework to link lung tumor images and genomic data.

8.1. Recent Studies: 2019–2023

The effective application of GANs in the domain of gene expression data can be at-
tributed to several key principles and mechanisms inherent in their design. Firstly, GANs
are adept at modeling complex, high-dimensional data distributions, a feature that is espe-
cially useful for handling the intricate nature of gene expression data. Furthermore, GANs
employ a unique training procedure where two neural networks, i.e., the generator and the
discriminator, compete in a game-theoretic framework. This adversarial setup, combined
with the ability to learn latent representations from the data, allows GANs to generate
synthetic data that is both realistic and closely mirrors the original distribution. These at-
tributes largely contribute to the successful deployment of GANs in various bioinformatics
applications, as showcased in the studies discussed below.

Booker et al. [68] successfully utilized a Deep-Convolutional Wasserstein GAN to
model the distribution of population genetic alignments. The Wasserstein GAN variant
was chosen due to its improved stability in training and capability to handle mode collapse,
a common problem in GAN training. Moreover, the deep convolutional architecture was
instrumental in capturing local dependencies and spatial correlations in the alignment data.
These factors contributed to the model’s ability to generate synthetic examples resembling
the original data, including key characteristics such as site-frequency spectrum, population
differentiation, and linkage disequilibrium patterns.

Lee et al. [72] applied GANs to analyze the function of the OASIS family in combating
cocaine-induced hypoxia and ischemia. The strength of GANs lies in their capacity to
learn a target distribution in an unsupervised manner. In this study, the GAN’s ability to
model the underlying distribution of the gene expression data enabled the discovery of
novel patterns and associations linked to the biological phenomena under investigation.
This, in turn, shed light on the role of the OASIS family in hypoxia and ischemia induced
by cocaine.

Pati et al. [70] addressed missing values in microarray data using Sim-GAN. The
essence of the method’s success lies in the unique approach of combining GANs with
similarity indices. This combination capitalizes on the GAN’s ability to learn and generate
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realistic data, and the similarity index’s function of identifying similar patterns within the
data. Consequently, the generated values closely resemble the true values, thus enhancing
the utility and interpretability of the imputed gene expression datasets.

Salekin et al. [69] developed MR-GAN to predict epitranscriptome modification sites
from transcript sequences. The success of this model is grounded in the inherent ability of
GANs to capture intricate patterns within high-dimensional data. Specifically, the model
leverages the GAN’s capacity for deep representation learning to identify key sequence
features that determine modification sites.

The study by Yuan et al. [71] demonstrates another unique application of GANs, in
which RNA data are translated into grayscale images to predict RNA secondary structures
using MSFF-CDCGAN. The translation into a different data representation medium allowed
the GAN to exploit spatial correlations within the data, thereby improving the model’s
ability to learn and generate realistic secondary RNA structures.

8.2. Trends, Challenges, and Future Directions in Recent Studies

The utilization of GANs has touched upon various facets of bioinformatics, from
improving data quality [70,80] to novel applications in disease progression study [75,79] and
bioinformatic data augmentation and prediction [69,71,73,78]. The continued development
and exploration of GANs herald an exciting future for gene expression data analysis.

However, alongside this optimism come significant challenges. One such challenge
is the requirement for large amounts of high-quality data for GANs to perform optimally.
For instance, the models developed by Pati et al. [70] and Vinas et al. [80] rely heavily on
the completeness and accuracy of the microarray and RNA-seq data, respectively. If these
data sets are not meticulously curated and preprocessed, the models’ performance could
be compromised, leading to less reliable outcomes.

Furthermore, while GANs are potent tools for data augmentation and predic-
tion [69,71,73,78], interpreting the generated features and understanding the complex
internal processes of the models remain considerable challenges. The models are often
treated as black boxes due to their intricate structure, which makes it difficult to explain the
underlying reasoning and decision-making processes. This opacity can inhibit the broader
acceptance of GANs, particularly in clinical settings where interpretability is highly valued.

The vast potential and aforementioned challenges usher in several directions for future
research. Firstly, the development of methods that require less data or that can effectively
handle noisy or incomplete data is highly desirable. This would reduce the dependency
on large, high-quality datasets and potentially extend the application of GANs to areas
where such data are not readily available. Secondly, advances in the interpretability and
transparency of GANs could enhance their acceptance and usability. This could involve
the development of novel techniques to interpret the internal workings of the models, or
potentially integrating GANs with more interpretable machine learning approaches.

As the studies of Lee et al. [72], Park et al. [79], and Uthamacumaran [75] suggest,
there is a growing interest in applying GANs to understand complex biological processes
and disease progression. Future work could involve the exploration of GANs in other
diseases, or the integration of GANs with other data types, such as imaging or clinical
data, to provide a more comprehensive understanding of disease processes. As the field
continues to evolve, GANs are set to become an increasingly important tool in the analysis
of gene expression data.

9. Discussion

Drawing upon the extensive research that has been conducted on GANs and their
applications in gene expression data, it is clear that these tools have the potential to
revolutionize the field of genomics. The remarkable adaptability of GANs, made possible
through advancements in deep learning, has enabled their use in numerous areas of
genomics, from improving the quality of gene expression data to facilitating more nuanced
understanding of complex genomic structures.
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The emergence of deep learning, a subset of machine learning, has been particularly
transformative in this regard. In the domain of deep learning, a network learns from the
data by adjusting its internal parameters [91–94]. In this way, the model is able to perform
complex tasks such as complex games with reinforcement learning [95–97] and, as we have
explored in this review, gene expression data analysis. An essential component of deep
learning models is the activation function, which introduces non-linearity into the model
and determines whether a particular neuron should be activated.

While the results to date have been promising, challenges persist. A significant barrier
lies in the black box nature of GANs, as their complex inner workings often lack trans-
parency. This can lead to skepticism, particularly in clinical settings where understanding
the decision-making process is crucial. Another hurdle is the dependence of GANs on large,
high-quality datasets for optimal performance. The availability of such data is not always
guaranteed, which could potentially impact the efficacy of these models. Moreover, the
existing methods for training GANs with limited or noisy data are still in the early stages,
necessitating further research and development.

Moving forward, an emphasis on the development of more robust and versatile GAN
models will be paramount. Efforts should be made to improve their ability to handle
different types of genetic data, and specific focus should be directed towards enhancing
their performance with limited or low-quality data. Furthermore, in-depth exploration
into the interpretability of these models will be essential to garner wider acceptance of
their usage. The rapid progress in this field is encouraging, and the potential applications
of GANs in genomics are expansive. With continued exploration and optimization, it
is anticipated that GANs will play an increasingly pivotal role in the advancement of
genomics, bringing us closer to realizing the full potential of gene expression data analysis.

10. Conclusions

The remarkable ascent of GANs within the scope of gene expression data has unde-
niably transformed the landscape of computational genomics. It has been demonstrably
elucidated throughout this review that GANs play an instrumental role in solving complex
problems across an array of genomics applications, from synthetic gene expression data
generation and cancer diagnosis to single-cell RNA-seq analysis and genome analysis.

We are at an inflection point in the genomics era, where we have both the compu-
tational tools and the demand to generate synthetic gene expression data. GANs, with
their unique abilities, have shown immense potential in meeting this demand, unlocking
new avenues for exploratory research in genomics and gene expression studies. They have
demonstrated a considerable capability to enrich data sets, mitigate data imbalance issues,
and bolster the robustness of downstream analytical tasks, all while upholding ethical and
logistical considerations in human subject research.

This review’s paramount importance lies in its contribution to the swiftly evolving
domain of GANs in genomics. Given the brisk pace at which deep learning technologies are
advancing, this review plays a crucial role in digesting, summarizing, and synthesizing the
latest developments, thereby equipping researchers with current and pertinent knowledge.
This, in turn, fuels further exploration and innovation in the field, driving the wheel of
progress forward.

The rapid advancements in GANs necessitate continued investigation and critical
appraisal of their impact on gene expression data. By providing a comprehensive, accessible,
and up-to-date overview of the field, this review serves as a stepping stone for future
research. We fervently hope this exploration will serve as a beacon, guiding further
research and fostering the evolution of generative artificial intelligence within the domain
of genomics.
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