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Abstract

This paper reviews the global evolution of synthetic data (SD) generation in the

field of genomic cancer medicine, with an analysis of research trends from the past
decade. The use of artificial intelligence, particularly machine learning and deep
learning techniques has transformed this area, providing solutions to overcome the
limited availability of real clinical data. Through a bibliometric analysis of a wide
sample of scientific articles from SCOPUS, this study highlights the adoption of SD
generation techniques in oncological applications, focusing on major methodologies
and challenges. Key application areas, such as multi-omics integration (genomics,
transcriptomics, and proteomics) and tumor genomic heterogeneity, emerge as
fields of growing interest. Despite noise management and performance optimization
challenges, advanced machine learning techniques prove essential for generating
high-quality SD that reflects biological complexity. The study also identifies key open
challenges, such as simulation accuracy and noise control, offering insights into
future applications of SD in personalized medicine and cancer therapy.

Keywords Synthetic data, Genomic medicine, Cancer research, Data privacy, Machine
learning

1 Introduction
The incorporation of genomic insights into the field of cancer medicine has precipi-
tated a paradigm shift in our understanding and approach to combating this disease.
By analysing the genetic composition of tumors, researchers can identify biomarkers
that predict disease progression, therapeutic responses and patient outcomes, thereby
enhancing the precision and personalisation of cancer care [25]. Nevertheless, the con-
siderable potential of genomic data also gives rise to intricate challenges on privacy and
data accessibility. Genomic data are inherently unique to individuals, which subjects it to
rigorous privacy regulations that limit data sharing and often impede the collaborative
efforts needed to advance precision oncology [10].

The generation of SD has recently emerged as an innovative solution to bridge this gap

in genomic cancer research. Despite the availability of large-scale genomic repositories,
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SD generation remains essential for several reasons. First, while large-scale genomic
repositories provides an extensive dataset, it is still limited by patient selection biases,
underrepresentation of certain ethnic groups, and the lack of real-time data updates.
Moreover, large-scale genomic repositories are often subject to strict data usage poli-
cies, limiting accessibility for large-scale Al-driven studies. In contrast to conventional
anonymisation techniques, which may still leave data vulnerable to re-identification,
the generation of SD offers a fundamentally different approach [16]. This involves the
creation of artificial datasets that retain some the statistical properties of real genomic
information without compromising individual privacy [21]. SD, generated through
sophisticated generative models, mirrors some of the the underlying patterns and rela-
tionships within genomic datasets [30]. This allows researchers to conduct analyses,
develop predictive models and validate hypotheses in a manner that complies with the
relevant data protection regulations [7].

Beyond privacy protection, the need for SD in genomic research arises from sev-
eral fundamental challenges associated with real-world datasets. Genomic and clinical
data are often scarce, expensive to acquire, and subject to strict data-sharing regula-
tions, limiting their availability for large-scale studies. Additionally, biases in genomic
datasets—such as underrepresentation of minority populations or imbalance in cancer
subtypes—can impact model performance and generalization. SD helps mitigate these
issues by offering privacy-preserving, statistically representative datasets that augment
real data, improve model robustness, and facilitate algorithm validation in controlled
settings.

The scientific community expects SD to play an increasingly pivotal role in genomic
research by enabling more reproducible studies, supporting machine learning applica-
tions, and addressing data limitations in Al-driven diagnostics. As generative models
advance, synthetic datasets have the potential to enhance precision medicine by provid-
ing diverse, high-quality training data that better reflect real-world biological variability.

One of the most common applications of SD in genomics is the generation of syn-
thetic cancer genomic datasets, which are widely used to validate algorithms for cancer
genomics analysis. These synthetic datasets enable researchers to test and refine com-
putational methods for identifying genetic variants, tumor subtypes, and potential bio-
markers while mitigating challenges related to data availability, privacy concerns, and
class imbalance in real-world datasets. This approach guarantees the continued security
of sensitive patient data while facilitating the unimpeded continuation of high-quality
research.

The generation of SD not only safeguards the privacy of research participants but also
has the potential to significantly accelerate collaborative genomic research as discussed
in the stufy of Li et al. [19]. The safe and ethical sharing of representative data facilitated
by synthetic datasets enables multi-institutional studies and fosters a culture of innova-
tion in computational oncology [6]. This approach enhances the reproducibility and gen-
eralisability of findings across diverse populations, thereby facilitating more robust and
inclusive cancer research.

Furthermore, SD enables the testing and training of machine learning algorithms,
which are becoming increasingly pivotal in modern oncology for tasks ranging from
predictive modelling to decision support [12, 17]. Unlike real-world data, which can
contain missing values, inconsistencies, and potential biases, SD provides a controlled
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environment for developing and validating machine learning models. A key advantage is
that synthetic datasets can be tailored to specific research needs, balancing rare and fre-
quent cases to improve classification performance. This controlled generation of training
data improves model generalization, making Al-based diagnostics more robust in real-
world applications.

The use of artificial intelligence techniques, particularly deep learning and machine
learning, has transformed the way SD is generated in oncological genomics, enabling the
creation of datasets that preserve some of the statistical characteristics of real data, sup-
porting research in conditions of limited clinical data while ensuring privacy protection.

However, although these developments represent a significant shift in the field, sev-
eral challenges still need to be addressed, including noise control in generated data, the
accuracy of simulations, and their validation against real data. More broadly, using syn-
thetic data for a particular data analysis or machine learning task requires understand-
ing what statistical characteristics of the data are required to be preserved for that task,
and whether the given SD algorithm preserves these statistical characteristics of the
data. This is especially important in a field like cancer genomics where many important
observed phenotypes are the result of the interactions of many smaller relatively weak
interactions, which are not typically generated by SD algorithms.

The increasing number of scientific publications and the adoption of these tools in
progressively larger studies indicate that SD generation is having a substantial impact on
oncological research. Nevertheless, consolidating these technologies and applying them
on a large scale require further studies to enhance the quality and reliability of SD, mak-
ing them increasingly integrable into research processes [8].

The main objective of this work is to understand how global scientific interest in SD
generation has evolved over the past ten years, from 2013 to 2024. The analysis is based
on an extensive bibliometric study of data extracted from SCOPUS [3], one of the pri-
mary academic platforms used by researchers to identify and study relevant articles and
studies. Through this analysis, the aim is to provide a clear picture of how the scientific
community has embraced artificial intelligence as a resource to generate SD, not only
to compensate for the scarcity of real data but also to explore new horizons in oncology
research.

A central aspect of the article is the identification of the most significant applications
of these techniques. The main research focus is multi-omics analysis, which aims to
study the complex interactions among genomic, transcriptomic, and proteomic data to
understand the biological mechanisms underlying cancer. In this context, multi-omics
data integration serves as a key methodological approach, facilitating the combination
of heterogeneous datasets to improve the robustness and interpretability of multi-omics
analysis.

Another key area is the analysis of genomic heterogeneity in tumors, which enables
the classification of tumors into molecular subtypes, facilitating the development of per-
sonalized therapies.

The work also explores the main algorithms used for generating this data, highlight-
ing how machine learning and deep learning are playing a crucial role. However, chal-
lenges also emerge, such as managing noise in the data and optimizing algorithmic

performance.
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The structure of the paper is as follows: The Sect. 2 outlines the criteria for select-
ing the studies analyzed, detailing the bibliometric approach used and the data sources,
primarily extracted from SCOPUS. It also clarifies the methods of analysis and the
inclusion/exclusion criteria for scientific works. The Sect. 3 systematically addresses
the eight key research questions underpinning the study: (1) the number of studies pub-
lished on genomic data generation in oncology, (2) the main publication channels, (3)
the countries with the most active research, (4) the most commonly used applications
and methods, (5) the algorithms frequently employed, (6) the datasets most used, (7) the
parameters for performance evaluation, and (8) the main challenges encountered. Each
question is explored with detailed analyses, graphs, and tables to visually represent the
findings. The Sect. 4 explores emerging trends, identifying prevalent research themes
and their evolution over the past ten years. The final Sect. 5 summarizes the main find-
ings, reflects on ongoing challenges, and offers insights into future directions for SD a
generation in genomic oncology research.

2 Research methodology
This section defines the research methodology used in this study, structured into

research questions. The research questions are as follows:

+ RQI: How many scientific studies on the generation of genomic data in cancer
research using artificial intelligence have been published between 2013 and 2024?

o RQ2: What were the most significant publication channels?

+ RQ3: Which countries had the most active research centers in this field?

o RQ4: What were the main applications and methodologies used in these studies?

+ RQS5: What were the most commonly used algorithms for generating synthetic data?

+ RQ6: Which were the most commonly used datasets?

¢ RQ7: What parameters were used to assess performance?

+ RQ8: What are the main research challenges specifically related to the generation

and use of synthetic data in genomics?

To achieve our goals, Elsevier’s multidisciplinary bibliographic database SCOPUS served
as the primary source for data extraction. This comprehensive academic database serves
as a central platform for researchers seeking a nuanced understanding of the academic
landscape, providing details and academic insights and supporting them in conducting
citation analysis, identifying trends, and assessing the relevance of scholarly articles [24].

To limit the scope of our research, we used the following search string: ALL ( ( “artifi-
cial intelligence” OR “machine learning” OR “deep learning” OR “reinforcement learn-
ing” ) AND ( “synthetic data” OR “generated data” OR “simulated data” ) AND genomic*
AND ( cancer* OR tumor* OR neoplasia* ) AND NOT image AND NOT imaging AND
NOT radiology AND NOT mri AND NOT ct AND NOT x-ray ) AND PUBYEAR> 2013
AND PUBYEAR< 2025 AND ( LIMIT-TO ( DOCTYPE, “ar” ) OR LIMIT-TO ( DOC-
TYPE, “cp” ) ) AND ( LIMIT-TO ( EXACTKEYWORD, “Human” ) OR LIMIT-TO (
EXACTKEYWORD, "Humans") ) AND ( LIMIT-TO ( LANGUAGE, “English” ) ).

To refine the results of our analysis, we used the following inclusion and exclusion

criteria:
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o Inclusion criteria: The articles eligible for analysis were limited to those: written in
English; written between 2013 and 2024; filtered by human and humans keywords;
they must be either a journal article or a conference paper.

o Exclusion criteria: In the case of duplicate articles, less recent versions were not
included in the analysis.

Our analysis returned 257 results in Scopus, which 198 (77%) were original investigative
studies, while 59 (23%) were review articles. This distinction highlights that the major-
ity of research in SD generation for genomics focuses on novel methodological develop-
ments and experimental validation, while reviews primarily discuss broader applications,
challenges, and future perspectives.

Furthermore, of the 257 studies analyzed, 64 (25%) explicitly reported the use of clini-
cal data alongside genomic data in AI/ML-based analyses. These studies integrated
patient demographics, clinical outcomes, and treatment responses with synthetic
genomic datasets to improve model accuracy and enhance translational research appli-
cations in oncology.

We then examined the more common subject areas, as shown in Fig. 1 the main areas
involved are “Biochemistry, Genetics and Molecular Biology” with 177 papers, “Computer
Science” with 106 papers, Mathematics with 100 and “Medicine” with 82 papers.

3 Research questions
All 257 articles have been used to answer RQ1, RQ2 and RQ3. The list of articles was
based on the search strings outlined in the Research Methodology.

3.1 RQ1: How many scientific studies on the generation of genomic data in cancer research
using artificial intelligence have been published between 2013 and 2024?

This research question aims to quantify the interest of the international scientific com-
munity in the generation of genomic data using artificial intelligence for the study of
cancer over the last 10 years. As shown in Fig. 2, the number of publications remained
relatively low until 2018, with the number of publications each year less than or equal to
20 (15 in 2014, 14 in 2015, 20 in 2016, 19 in 2017, and 20 in 2018).
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Fig. 1 Documents by subject area for the Scopus database
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Fig. 2 Number of documents per year from 2014 to 2024

Since 2019, there has been a rapid growth in interest in this topic, with an annual
growth rate of 8.84%, reaching 34 publications in 2022 and 35 in 2024, demonstrating a
growing interest in this topic in recent years.

To analyze this trend in detail, the period has been divided into two blocks: 2013—-2018
and 2019-2024. During the first block, the average number of publications remained
relatively stable, reflecting the limited application of synthetic data in cancer genom-
ics. However, in the second block (2019-2024), the field witnessed a notable increase in
publications, probably due to advances in Al technologies and the growing recognition
of SD as a valuable resource in genomic oncology research. From 2014 to October 2024,
246 articles and 11 conference papers were published; the average age of the documents
was 4.21 years, and the average number of citations per document was 20.63.

The increased publication rate since 2019 highlights the role of artificial intelligence in
addressing the scarcity of real clinical data by generating synthetic datasets that simu-
late complex biological scenarios. This trend suggests that as AI models, especially deep
learning, continue to evolve, the generation of SD will become even more central to

advancing genomic cancer research.

3.2 RQ2: What were the main publication channels?

With this research question, our goal is to identify and explore the primary platforms
through which studies on SD generation in genomic cancer research are published. As
shown in Fig. 3, academic journals have been the most prominent channels, reflecting
the importance of peer-reviewed dissemination in this field. Leading journals include
"BMC Bioinformatics," "Bioinformatics,” and "PLOS ONE," which are well-regarded for
their focus on bioinformatics and computational biology. These journals play a crucial
role in this domain, likely due to their visibility and relevance in publishing interdisci-
plinary studies that bridge artificial intelligence, genomics, and oncology. In addition,
the open access options provided by these journals improve the global reach of research

findings, enabling wider access to the latest developments in SD applications.
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Table 1 Key journals publishing research on synthetic genomic data in cancer, each with at least
three articles

Journal Number of publications
BMC Bioinformatics 25

Bioinformatics 23

PLOS Computational Biology 16
PLOS ONE 14
Statistics in Medicine

~

Briefings in Bioinformatics

IEEE/ACM Transactions on Computational Biology and Bioinformatics
Scientific Reports

BMC Genomics

Computers in Biology and Medicine

Genome Biology

Nucleic Acids Research

Frontiers in Genetics

Genome Research

Journal of Biomedical Informatics

Journal of Computational Biology

Nature Communications

Artificial Intelligence in Medicine

BMC Medical Genomics

BMC Medical Informatics and Decision Making

BMC Research Notes

Biometrics

Cell Systems

Statistical Applications in Genetics and Molecular Biology

w w w w w w w s~ b M DM DM ooy O

Table 1 presents a summary of the main journals that our research identified as key
platforms for studies on SD in cancer genomics, each with at least three publications on
the topic. This list underscores the diversity of outlets that actively support the dissemi-
nation of work in this growing field, highlighting journals across both the bioinformatics
and medical informatics disciplines.

In recent years, there has been a clear increase in publications within these lead-
ing journals, particularly since 2019. This trend points to the growing interest in SD
as Al technologies advance, with an increasing number of journals embracing this
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Fig. 5 Number of articles published by country from 2014 to 2024

interdisciplinary field. Advances in machine learning techniques like deep learning have
made it possible to generate complex synthetic genomic data, which expands the role of
these journals as platforms for innovative research.

Moreover, a significant portion of these publications is open access, facilitating greater
reach and accessibility, especially for researchers in regions with limited access to
subscription-based journals. Open access is crucial in this rapidly evolving field, as it
ensures that the latest findings are available to the widest possible audience, fostering
collaboration and accelerating progress.

3.2.1 RQ3: Which countries are most active in this research?

This research question examines which countries have made the most significant con-
tributions to the study of SD in genomics and oncology. Figures 4 and 5 show that the
largest number of publications come from the United States (133 articles), followed by
China (40 articles) and the United Kingdom (27 articles). Figure 6 illustrates publication
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trends from 2014 to 2024 for the top five countries, while Fig. 7 highlights the ten coun-
tries with the highest citation counts over the same period.

Figure 8 shows the countries of origin for the primary authors in the top 20 countries
and their levels of international collaboration. Countries with a multiple countries pub-
lication (MCP) rate above 50%—such as Germany, Italy, Iran, Spain, and Belgium—are
leaders in international collaboration, while Mexico, Switzerland, and the Netherlands
have a higher rate of single-country publications (SCP).

The collaboration network map (Fig. 9) visualizes connections between countries in
this research field, where the circle size represents the number of publications and line
thickness indicates collaboration strength. The United States, China, and Germany show
the strongest connections, forming four main clusters based on the frequency of co-
authored publications.

3.2.2 RQ4: Which applications and methods have been used most?

To investigate the application domains and AI techniques used in SD Generation
in Genomics Cancer Medicine, we conducted a clustering analysis of the titles and
abstracts of scientific articles. This approach allowed us to identify and distinguish

Page 9 of 31
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potential thematic clusters within our dataset, providing a deeper understanding of the
emerging trends and applications in this field. The process was divided into following

stages:

+ Data preprocessing: Before performing the clustering analysis, the titles and abstracts
of the articles were preprocessed. This step included the removal of stopwords,
conversion to lowercase letters, and text normalization to reduce lexical complexity.

o Text clustering: After preprocessing, a K-Means clustering algorithm was applied. A
model based on text similarity was used to group the articles by common themes,
represented by the clusters in the graph (Fig. 10).

The clustering analysis of the articles revealed the following distribution: Cluster 3 con-
tains the highest number of articles, with 90 contributions. Cluster 2 follows with 57
articles, while Cluster I includes 48 articles. These three clusters represent the major-
ity of the articles analyzed, suggesting the presence of central topics within the dataset,
likely related to emerging or well-established research fields.
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Cluster 0, with 37 articles, is slightly less populated but still represents a significant

portion of the dataset. Finally, Cluster 4 is the smallest, with only 25 articles, indicating

that these studies address more specific or less common topics compared to the other

groups.

To improve the clarity of our categorization, we refined the definition of each clus-

ter based on the specific research problems addressed and the role of SD in supporting

these studies. While all clusters involve SD generation, their focus varies depending on

the applications and methodologies used:

o Cluster 3: Multi-Omics Data Integration and Machine Learning. Cluster 3 is the

largest with 90 articles, primarily gathering studies focused on the integration of
multi-omics data and the application of machine learning techniques to analyze
biological complexity. These studies explore approaches for integrating data
from genomics, transcriptomics, and proteomics, aiming to identify patterns
and relationships in large-scale datasets. This cluster represents one of the most
active research areas, where advanced machine learning models play a crucial role
in analyzing large biological datasets, helping to better understand the complex
mechanisms behind diseases.

Cluster 2: Deep Learning in Genomic Applications. Cluster 2, with 57 articles, focuses
on deep learning methodologies applied to genomics and epidemiology. The studies
in this group often explore the use of deep neural networks for analyzing genomic
data, including identifying genetic variants, predicting gene expression patterns,
and uncovering functional genomic elements. These methods enable advanced
data interpretation rather than directly performing genome sequencing. This field

Page 11 of 31
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is highly innovative, as deep learning technologies allow researchers to uncover
significant insights from vast genomic datasets, speeding up the discovery of new
biomarkers and therapeutic targets.

o Cluster 1: Tumor Subtyping and Genomic Heterogeneity. Cluster 1 contains 48
articles. These studies examine the different mutations and genetic variations present
in tumors, with a focus on molecular subtyping techniques. The main goal is to use
SD to enhance the classification of tumor subtypes, aiding in the identification of
genetic biomarkers and personalized therapeutic strategies. This area of research is
critical for developing personalized therapies and improving cancer treatment, as
understanding these genetic variations helps identify specific patient subgroups that
might respond better to certain drugs.

o Cluster 0: Genetic Optimization and Gene Expression Network Analysis. Cluster
0 with 37 articles, is the smallest group but includes studies that explore highly
specialized topics. These articles delve into genetic parameter optimization,
transcriptomic data correlations, and computational analysis of gene expression
networks. SD plays a role in improving the accuracy and scalability of models used to
infer gene regulatory networks and optimize genetic feature selection. This suggests
that this cluster represents a more niche area of research, with applications that may
not be as widely spread but are still important for advancing biological modeling and
computational techniques.

o Cluster 4: Synthetic Data Generation for Medical Research. Cluster 4, with 25
articles, includes studies focused on generating SD, particularly in the field of
hematology. Unlike other clusters, which incorporate synthetic data as part of
broader methodologies, this group specifically investigates the creation, validation,
and application of synthetic datasets for medical research. These articles explore
advanced methods for creating artificial data using artificial intelligence, with the aim
of accelerating medical research and precision medicine. SD generation is especially
valuable for simulating complex scenarios or filling in gaps in clinical data, allowing
researchers to test new hypotheses without the need for real patient data.

From this point forward, we will focus on the two most cited articles within each cluster.
This choice allows us to examine the contributions that have had the greatest impact
on the scientific community, as the number of citations is often a good indicator of rel-
evance and influence. By analyzing the most cited works, we can highlight the method-
ologies and approaches that have been recognized as the most significant in their field.
This way, we reduce the complexity of the dataset while still maintaining a focus on what
matters most for our study.

3.2.3 RQ5: Which were the most commonly used algorithms?

This section analyzed the frequency and use of algorithms in the context of the research
conducted in this article. Algorithms are fundamental tools for advancing gene regula-
tory network inference, making their identification crucial for understanding method-
ological trends and areas of innovation. This focused review aimed to highlight the most
commonly used algorithms, emphasize their applications, shown in Table 2, and discuss
their importance within the current landscape of genomic data analysis. To provide a
clearer understanding of their relevance, we have included a quantitative assessment,
indicating the number of papers within each cluster that employ each algorithm. This
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Table 2 Overview of commonly used algorithms in genomic data analysis across different clusters

Cluster Study Algorithm(s) Description and key points Number
of papers
using this
algorithm

Cluster0  [5] PIDC (partial infor-  Used to infer gene regulatory networks from single-cell 5

mation decomposi-  transcriptomic data, outperformed methods like Ml
tion and context) and ARACNE by capturing higher-order dependencies

[23] MEGENA (multiscale Designed for large-scale gene co-expression networks, 3

embedded gene effective in detecting biologically relevant clusters
co-expression net-  across scales, surpassing PMFG and WGCNA in manag-
work analysis) ing large networks and computational efficiency

Cluster 1 [20] CancerDetector and  CancerDetector improves accuracy in distinguishing 4
CancerlLocator tumor cfDNA using a-value for methylation analysis,

surpassing CancerlLocator in sensitivity and precision,
especially at low tumor fractions

[9] SPhyR Tumor phylogeny estimation using k-Dollo parsimony 6
model, improving precision by addressing sequenc-
ing errors; more flexible than SCITE for complex tumor

evolution
Cluster2  [32] CNNs, RNNs, Deep learning models for pattern recognition in 8
Autoencoders genomic data, including CNNs for sequence patterns

and RNNs for sequential analysis. Autoencoders used
for data dimensionality reduction

[11] LIMITS (learning Sparse linear regression with bootstrap aggregationto 3
interactions from infer microbial interactions, managing noise in metage-
microbial time nomic data effectively
series)

Cluster3  [29] NMF (non-negative  Used to integrate heterogeneous genomic data, 7
matrix factorization), with iINMF addressing limitations of j]NMF in handling
JNMF, iNMF source-specific noise
[27] Precision Lasso Advanced Lasso variant that considers variable correla- 5

tions and dependencies, enabling stable selection in
genomic data with complex relationships
Cluster4  [14] Neural networks Machine learning techniques applied to COVID-19 data 6
(CNNs, RNNs), for disease progression prediction and patient cluster-
clustering (k-means, ing based on clinical profiles
DBSCAN), regres-
sion, ensemble

models
[22] Deep neural Deep learning and clustering for patient stratification, 4
networks, latent with incremental learning to adapt models to real-time

variable models, In-  health data from wearables
cremental learning

addition offers a more structured perspective on the prevalence and role of these meth-
odologies across different research domains.
As for Cluster 0 we have: Chan et al. [5] and Song and Zhang [23] and specifically:

+ The study conducted by Chan et al. [5] focused on developing and validating the
PIDC algorithm (Partial Information Decomposition and Context), designed to
infer gene regulatory networks from single-cell transcriptomic data. This algorithm
was compared to other common methods, such as Mutual Information (MI) and
ARACNE, and showed superior performance due to its ability to capture higher-
order dependencies between genes. The PIDC approach included a detailed analysis
of gene-to-gene interactions and outperformed existing algorithms like CLR
(Context Likelihood of Relatedness) in several key network inference tasks.

Page 13 of 31
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+ The study conducted by Song and Zhang [23] focused on developing and validating
the MEGENA (Multiscale Embedded Gene Co-expression Network Analysis)
algorithm, designed to build large-scale gene co-expression networks and identify
clustering structures across multiple levels. This algorithm was compared to
existing methods like the Planar Maximally Filtered Graph (PMFG) and Weighted
Gene Co-expression Network Analysis (WGCNA), showing superior performance
in handling large networks and reducing computational complexity. MEGENA
stood out for its ability to detect biologically relevant clusters at different scales,
outperforming algorithms like ARACNE and CLR (Context Likelihood of
Relatedness) in key tasks for gene network inference, thanks to its precision in
identifying meaningful gene-gene interactions.

For Cluster 1 we have Li et al. [20] and El-Kebir [9] and specifically:

+ In the study conducted by Li et al. [20], two main algorithms are discussed for the
detection of circulating tumor DNA (cfDNA) through DNA methylation analysis.
One of them is CancerDetector, which focuses on detecting tumor cfDNA by
analyzing the methylation profiles of adjacent CpG sites in a single cfDNA strand.
The goal is to probabilistically model the joint methylation states to exploit the
pervasive nature of methylation. The algorithm introduces the concept of the a-value,
which represents the average methylation states of all CpG sites in a sequencing
read, allowing for a more accurate distinction between tumor and normal cfDNA
compared to traditional methods using the -value (which averages the methylation
of individual CpG sites across all reads). This approach enables the detection of small
amounts of tumor cfDNA, even at low sequencing coverage (from 1x to 10x), with
increasing accuracy as coverage increases. The other algorithm is CancerLocator,
which is based on the traditional S-value to estimate the tumor c¢fDNA fraction.
The method combines the average methylation values of specific tumor markers
to estimate the tumor cfDNA fraction. However, compared to CancerDetector,
CancerLocator shows inferior performance, particularly in terms of sensitivity and
precision when detecting low tumor fractions.

« In this study conducted [9], an innovative approach for tumor phylogeny estimation
from single-cell sequencing data is presented, focusing on the SPhyR algorithm. This
method employs the k-Dollo parsimony model, which allows mutations to be gained
only once but lost multiple times, an essential feature for accurately describing tumor
evolution. Tumors, in fact, are characterized by significant genetic heterogeneity,
where mutations can be lost due to copy number aberrations, a phenomenon not
considered in simpler evolutionary models. SPhyR also addresses common issues
related to single-cell sequencing errors, such as false positives and false negatives,
correcting these errors to achieve a more precise phylogenetic representation. A
comparison is made with the SCITE algorithm, which is based on the "infinite sites"
model. This model is more rigid compared to the SPhyR model, as it does not allow
for either the loss or recurrence of mutations, limiting its applicability to tumors
where the loss of genomic regions is frequent. SCITE, in fact, assumes that each
mutation occurs only once and remains stable over evolutionary time, a premise that

does not fit well with the complexity of tumor evolution.

For Cluster 2 we have Zou et al. [32] and Fisher and Mehta [11] and specifically:
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«+ In the study conducted by Zou et al. [32], it explores how deep learning algorithms
can transform the field of genomics, addressing complex challenges such as
predicting the effects of genetic variants and understanding the mechanisms that
regulate gene expression. The study focuses on how convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and feed-forward networks can be
valuable tools for identifying hidden patterns in large volumes of genetic data. The
use of CNNs has enabled the detection of repeated patterns within DNA sequences,
allowing for the identification of regulatory regions, such as enhancers, which play
a crucial role in gene activation. RNNs, on the other hand, have been fundamental
in analyzing sequential data, being able to "remember" past information within the
DNA sequence to predict future events, such as splicing mechanisms or temporal
changes in specific genetic variants. Autoencoders were also used, making it possible
to reduce the size of massive genomic datasets, allowing for a clearer and more
accessible picture of how variations in the data can be correlated with specific genetic
traits or diseases.

+ In the study conducted by Fisher and Mehta [11], particular attention was given
to analyzing the ecological interactions between microbial species in the human
microbiome. The researchers used advanced methods like sparse linear regression
and bootstrap aggregation. These techniques were developed to overcome common
challenges in inferring species interactions, such as the difficulty in drawing reliable
conclusions from metagenomic data, since measured relative abundances don't
always reflect real correlations between species. The study introduces a new approach
called LIMITS (Learning Interactions from Microbial Time Series), which allows for
the inference of a discrete Lotka-Volterra model for microbial dynamics, based on
time series data. This algorithm combines sparse linear regression with bootstrap
aggregation to stabilize estimates and reduce the impact of experimental noise,
which is common in this type of analysis. What makes LIMITS stand out is its ability
to infer the topology of ecological interactions not only from absolute abundances
but also from relative abundances, thereby overcoming the sum constraint on
abundances that often complicates the inversion of regression matrices. The
algorithm uses a stepwise regression selection process, where species interactions are
added to the model one by one, based on improvements in the model’s predictive
power. To enhance the stability of the solution, bootstrap aggregation is then applied:
this technique, by randomly partitioning the data and taking the median of the
estimates, preserves the sparsity of the interaction matrix, meaning it only includes
the most significant species interactions.

For Cluster 3 we have Yang and Michailidis [29] and Wang et al. [27] and specifically:

+ The study conducted by Yang and Michailidis [29] introduced a new methodology
based on Non-Negative Matrix Factorization (NMF) for analyzing heterogeneous
multi-modal omics data. In their research, the authors focused on developing
methods to integrate various genomic data sources, addressing one of the main
challenges in this field: the heterogeneity of the data. NMF, already widely used
for high-dimensional data analysis, offers an intuitive biological interpretation
by imposing a non-negativity constraint, allowing for the decomposition of data
into modules that represent key biological signals. The authors further expanded
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this methodology by introducing joint NMF (jNMEF), which integrates multiple
datasets, such as gene expression, DNA methylation, and microRNAs, and detects
coordinated activity across these sources. However, while jNMF is effective at
identifying homogeneous effects, it showed limitations when dealing with source-
specific noise, making it less robust in the presence of heterogeneous data. To
address these limitations, Yang and Michailidis developed integrative NMF (iNMF),
an algorithm that distinguishes between homogeneous and heterogeneous effects,
significantly enhancing the ability to identify relevant biological modules even in
highly heterogeneous conditions.

+ The study conducted by Wang et al. [27] introduces the Precision Lasso, a new
algorithm designed to overcome the limitations of traditional Lasso in variable
selection, particularly when working with complex genomic data that features strong
correlations and linear dependencies between variables. Traditional Lasso, while
widely used for reducing the dimensionality of regression models, tends to randomly
select one variable among those that are highly correlated, often overlooking other
variables that may hold equal statistical importance. Moreover, when there are linear
dependencies between explanatory variables, the standard Lasso might combine
them in ways that are not necessarily biologically meaningful. To address these
issues, Precision Lasso introduces a regularization technique that accounts not only
for the correlation between variables but also for their linear dependencies by using
covariance and inverse covariance matrices. This approach enables more stable and

consistent identification of the most relevant variables.
Finally, for Cluster 4 we have Haendel et al. [14] and Shameer et al. [22] and specifically:

+ In the study conducted by Haendel et al. [14], various types of machine learning
algorithms, such as neural networks and clustering techniques, were used to process
and analyze clinical data related to the COVID-19 pandemic. Neural networks,
in particular, were employed for their ability to model complex relationships
between variables, such as patient clinical characteristics and disease outcomes.
Convolutional neural networks (CNNs), often used for image processing, were
adapted for analyzing tabular and temporal data, leveraging their ability to identify
patterns in real-time clinical data. Recurrent neural networks (RNNs), especially
variants like Long Short-Term Memory (LSTM) networks, were used to model
temporal sequences in clinical data, such as tracking patient condition during
hospitalization, the progression of infections, and the effectiveness of treatments.
This approach enabled the prediction of disease progression for individual patients,
helping to identify those at risk of severe complications like acute respiratory distress
syndrome or other systemic conditions. Another widely used algorithm in the study
was clustering, specifically methods like k-means and DBSCAN (Density-Based
Spatial Clustering of Applications with Noise). These algorithms were employed
to group patients into homogeneous cohorts, identifying similarities in treatment
responses and risk profiles. The k-means algorithm was used to segment patients
based on variables such as age, comorbidities, and laboratory test results, while
DBSCAN helped identify subgroups of patients with atypical characteristics or
rare complications. For predictive analysis, linear and logistic regression algorithms
were used to model relationships between clinical variables (such as oxygen levels,
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body mass index, and lab test results) and clinical outcomes, such as the need for
mechanical ventilation or the risk of mortality. The authors also applied more
advanced techniques like random forest and gradient boosting to improve model
accuracy and manage data complexity, particularly when dealing with non-linear
interactions between variables. Finally, the use of ensemble learning models, such as
deep neural networks combined with boosting methods, was explored to enhance
the robustness of predictions. These approaches allowed the combination of multiple
models’ strengths, reducing the risk of overfitting and improving generalization on
heterogeneous clinical data from different organizations.

+ In the study conducted by Shameer et al. [22], several advanced machine learning
and data analysis techniques are used to manage and interpret real-time biomedical
and healthcare data streams. One of the key techniques is the use of deep neural
networks, which are applied to model complex relationships between clinical,
genomic, and other biomedical data. These deep neural networks have proven highly
effective in handling large-scale, high-dimensional datasets, such as those generated
from omics profiling, including genomics, proteomics, and metabolomics. Variants
of neural networks, like convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), are specifically used to recognize patterns in heterogeneous data,
playing a crucial role in areas such as medical imaging diagnostics and the prediction
of clinical events. Another technique employed in the study is latent variable models,
such as Latent Dirichlet Allocation and mixture models. These are used to uncover
hidden variables that explain data variability. These models are especially useful
for simplifying complex datasets, creating compact representations that retain the
essential characteristics of the original data. Clustering is also a valuable technique,
grouping data based on shared features to discover new subgroups of patients
with similar, but previously unrecognized, phenotypes. This approach has been
particularly helpful in identifying subpopulations of patients with specific genomic
or clinical profiles, such as in the stratification of type 2 diabetes patients, allowing
for personalized therapies tailored to the characteristics of each group. Finally, one of
the key aspects addressed in the study is the use of incremental learning algorithms,
which enable predictive models to be continuously updated with new real-time
data. This is especially relevant when integrating data from wearable devices or
health sensors, where the constant stream of information must be processed and
incorporated into models to maintain their accuracy and effectiveness over time.

In addition to the methodologies already discussed in Table 4, we have identified other
relevant techniques for SD generation and genomic analysis. While some studies are
among the most cited in their respective clusters, it is crucial to also include method-
ologies that, despite being less frequently referenced, play a significant role in computa-
tional oncology research.

Below, we provide a list of methodologies not previously mentioned but equally essen-
tial in this field:

For inference networks:

o Non-negative matrix factorization (NMF)—Used for multi-omics data integration
and dimensionality reduction, improving model interpretability.
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o Precision Lasso—Applied for feature selection in high-dimensional genomic datasets,

reducing computational complexity while preserving critical information.
For tumor evolution models:

+ SPhyR—Used for tumor phylogeny reconstruction, facilitating the analysis of cancer
evolution and mutation patterns.

o k-Dollo Parsimony Model—Applied to infer tumor progression and identify
relationships among different evolutionary stages of the disease.

For genetic network inference methods:

« PIDC (partial information decomposition and context) —A technique for inferring
gene regulatory networks based on single-cell transcriptomic data, enhancing the
understanding of gene interactions.

o MEGENA (multiscale embedded gene co-expression network analysis)—Used for
identifying multi-scale gene co-expression networks, allowing for a more accurate
modeling of biological complexity.

These methodologies, although not always the most cited, are fundamental for address-
ing specific challenges in cancer research. For example, NMF and Precision Lasso are
crucial for feature selection in high-dimensional datasets; SPhyR and the k-Dollo model
allow the study of tumor progression in an evolutionary context; while PIDC and
MEGENA provide advanced tools for gene network inference and coexpression analysis,
improving the biological interpretability of SD.

3.2.4 RQ6: Which were the most commonly used datasets?
This section aimed to highlight the most commonly used datasets and discuss their
importance within the current landscape of genomic data analysis.

In Chan et al. [5], the authors analyzed data from three distinct experimental data-
sets. These include transcriptomic data from megakaryocyte-erythroid progenitors in
the context of human blood cell development, early stages of mouse embryonic devel-
opment, and the formation of hematopoietic cells. Through these examples, the article
showcases the practical application of PIDC to uncover relationships between genes
across different biological processes.

In Song and Zhang [23], the datasets used include gene expression data from The Can-
cer Genome Atlas (TCGA) that specifically focus on breast carcinoma (BRCA) and lung
adenocarcinoma (LUAD). These datasets were analyzed to reveal multiscale gene co-
expression networks and identify novel targets related to cancer biological processes.

In Li et al. [20], the dataset used is derived from multiple sources: (a) TCGA Methyla-
tion Data: this includes methylation profiles from solid liver tumors and their matched
normal tissues; (b) Whole Genome Bisulfite Sequencing (WGBS) Data: obtained from
studies by Chan et al. and Sun et al. [4], this dataset comprises plasma samples from
healthy individuals, HBV patients, and liver cancer patients, accessed via the European
Genome-Phenome Archive (EGAS00001000566 and EGAS00001001219); (c) Newly
Generated Data: the authors created high-coverage WGBS data from healthy individu-
als’ plasma and liver cancer patients to simulate higher-coverage plasma cfDNA for
more accurate cancer detection.
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In El-Kebir [9] the dataset used includes simulated data generated for k-Dollo phy-
logeny models and real-world sequencing data from a colorectal cancer (CRC) patient.
Specifically, the article references data from patient CRC1, whose information was gath-
ered and analyzed from single-cell sequencing studies. Additionally, publicly available
datasets, such as those from the works of Leung et al. [18], are mentioned as part of the
validation and analysis

The article of Zou et al. [32] references various genomic datasets to illustrate the
application of deep learning methods. These datasets include functional genomics data,
variant calling data, and gene expression profiles, as well as regulatory genomics infor-
mation. The sources often involve high-throughput sequencing techniques, such as
DNase I sequencing, RNA-seq, ATAC-seq for chromatin accessibility, and ChIP-seq for
studying protein-DNA interactions. Additionally, the paper utilizes publicly available
datasets from large-scale genomic projects like ENCODE, which provide extensive func-
tional and regulatory annotations of the genome.

In Fisher and Mehta [11], are utilized metagenomic time-series data from the MG-
RAST database. The dataset comprises relative abundances of microbial species in the
gut microbiomes of two individuals, with approximately six months of daily samples for
one individual and a full year for the other. Focusing on the ten most abundant species in
each subject, the authors leverage this data to infer ecological interactions and identify
keystone species that play a pivotal role in shaping the structure and dynamics of the
microbial community.

In Yang and Michailidis [29], are employed data from The Cancer Genome Atlas
(TCGA), specifically focusing on ovarian cancer. The study integrates three distinct
types of genomic data: DNA methylation, gene expression, and microRNA (miRNA)
expression. These datasets are utilized to assess the proposed method’s ability to identify
multi-dimensional modules across patient samples, which are linked to cancer-related
pathways and known ovarian cancer subtypes.

The study of Wang et al. [27], utilizes datasets from The Cancer Genome Atlas
(TCGA), specifically focusing on gene expression, DNA methylation, and microRNA
data from three cancer types: glioblastoma, lung cancer, and breast cancer. These
large-scale datasets, containing thousands of patient samples and tens of thousands
of genomic features, were employed to evaluate the Precision Lasso model’s ability to
address the challenges posed by correlated and linearly dependent variables in high-
dimensional genomic analysis.

In Haendel et al. [14], utilizes a comprehensive dataset derived from the aggregation
and harmonization of electronic health record (EHR) data from numerous clinical insti-
tutions across the United States. This dataset encompasses detailed patient-level infor-
mation pertinent to COVID-19, including demographics, diagnoses, laboratory results,
medications, and social history. The data, curated through the N3C Enclave, includes
records from patients both with and without COVID-19, with data collection extending
back to January 2018.

The article of Shameer et al. [22], draws on a variety of datasets, including electronic
medical records (EMRs), genomic and multi-omic data from initiatives such as The
Cancer Genome Atlas (TCGA), and real-time data from health-monitoring devices and
wearable sensors. These datasets encompass physiological, genomic, and environmen-
tal data, which are integrated to advance personalized medicine and enhance clinical
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decision support systems. The combination of these diverse data streams facilitates a
comprehensive approach to health monitoring and precision medicine.

This analysis underscores as certain datasets, such as TCGA and GEO, are frequently
utilized as reference points for validating SD methodologies and benchmarking machine
learning models. To quantify their recurrence, we analyzed the datasets cited in the
reviewed papers and identified those that were used in at least two studies. Table 3
summarizes these frequently used datasets, highlighting their relevance in the field of
genomic data analysis and SD validation.

3.2.5 RQ7: What parameters were used to assess performance?
In the context of the research that applied network inference algorithms, several per-
formance evaluation metrics were employed to assess the effectiveness and accuracy of
these computational models. These metrics offered a comprehensive understanding of
each algorithm’s ability to accurately infer gene regulatory relationships and served as
crucial indicators of their reliability and applicability in biological data analysis.

The most frequently used evaluation parameters are:

o Accuracy and AUC-ROC—Standard metrics for assessing the predictive capability of
classification models.

o Precision and recall—Key indicators for balancing false positives and false negatives,
essential for detecting rare genomic variations.

o False discovery rate (FDR)—Used in genomic studies to control the false positive rate
in multiple association analyses.

o Pearson correlation coefficient (PCC)—Applied to measure similarity between
real and synthetic datasets, ensuring that synthesized data maintain biological
correlations.

o Feature selection stability—Evaluates the robustness of algorithms in selecting
significant biomarkers in both synthetic and real datasets.

In Chan et al. [5], the Area Under the Precision-Recall Curve (AUPR) was chosen as
the primary metric because it is particularly effective when working with biological net-
works, which tend to be quite "sparse.” In other words, in biological networks, there are
only a limited number of true connections (such as gene interactions or functional rela-
tionships between nodes) compared to all possible connections. AUPR measures how
well an algorithm can distinguish between true and false connections, placing more
emphasis on false positives. In contexts where true connections are rare and non-con-
nections are the majority, this metric provides a more accurate representation of the
algorithm’s performance. The Area Under the ROC Curve (AUROC) was also calculated,

Table 3 Most frequently used datasets in the analyzed papers

Dataset Description Number
of papers
TCGA (The Cancer Genome Atlas) Large-scale genomic dataset for various 15
cancer types

GEO (Gene Expression Omnibus) Repository for functional genomic studies 10

UK Biobank Population-scale biomedical database 7
COSMIC (Catalogue of Somatic Mutations in Cancer)  Database of somatic mutations in cancer 5

GTEx (Genotype-Tissue Expression) Gene expression across multiple tissues 4

ICGC (International Cancer Genome Consortium) Global collaboration on cancer genomics 3
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but although it is widely used in many fields, it is less effective in sparse situations like
those seen in biological networks. AUROC evaluates an algorithm’s ability to distin-
guish between true positives and false positives, but it treats both the ability to iden-
tify true connections and non-connections with equal importance. In networks with few
real connections, this can lead to misleading results: an algorithm could score high on
AUROC even if it correctly predicts only a few true connections, simply because there
are many more true negatives (non-connections) that balance the overall score, giving a
false impression of the algorithm’s effectiveness.

In Song and Zhang [23], both the Area Under the Precision-Recall Curve (AUPR) and
the Area Under the ROC Curve (AUROC) were used to evaluate the performance of
network inference algorithms. However, AUPR was considered a more meaningful met-
ric, especially in the context of biological networks, which tend to be very sparse. This
is because AUPR focuses more on true positives rather than false positives, which is
crucial when there are far fewer real connections compared to non-connections. In bio-
logical networks, where unconnected nodes vastly outnumber connected ones, AUPR
provides a more accurate reflection of an algorithm’s capabilities. On the other hand,
AUROC tends to overestimate performance in such scenarios, as it gives equal weight to
predicting both connections and non-connections. This can artificially inflate the results
for an algorithm that mostly predicts non-connections, giving a false impression of its
ability to correctly identify real links. For this reason, AUPR was deemed more suitable
for assessing the overall performance of the algorithms tested. Another important met-
ric was the False Discovery Rate (FDR), evaluated at various thresholds (0.01, 0.05, 0.1).
This helped us assess the algorithms’ ability to identify significant interactions while bal-
ancing false positives and negatives, even under stricter thresholds. The Coefficient of
Variation (CV) was used to measure the stability of the algorithms’ performance across
different FDR thresholds, ensuring the results were consistent regardless of the applied
threshold. A low CV indicated that the algorithm consistently produced reliable results.
Lastly, the algorithms were tested on simulated networks as well as validated reference
networks, using datasets like those from the DREAM challenge, to compare the inferred
networks with known, validated biological interactions.

In Li et al. [20], the performance of the CancerDetector and CancerLocator algorithms
was evaluated using several key metrics. Sensitivity was one of the main indicators of
effectiveness, measuring how well the algorithm could correctly identify true positives,
which is crucial for early cancer detection. Another important parameter was specific-
ity, which assessed the algorithm’s ability to avoid false positives by correctly identifying
non-cancerous samples. To provide a comprehensive view of the algorithms’ perfor-
mance, the ROC curve (Receiver Operating Characteristic) was used. This curve plots
the relationship between the true positive rate (sensitivity) and the false positive rate (1 -
specificity) at various threshold levels, illustrating the trade-offs between sensitivity and
specificity. Another essential metric was the Area Under the Curve (AUC), which rep-
resents the area under the ROC curve and gives a summary measure of the algorithm’s
overall accuracy in distinguishing between cancerous and non-cancerous samples. The
higher the AUC, the better the algorithm’s performance. Additionally, the Pearson Cor-
relation Coefficient (PCC) was used to assess how well the predicted tumor fractions
matched the actual tumor fractions in simulated samples. A high PCC indicated a strong
agreement between predictions and real tumor fractions. Finally, standard deviation
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was used to measure the variability in sensitivity and other predictions across different
experiments, providing insights into the robustness of the tested algorithms.

In El-Kebir [9] the performance of the algorithms was evaluated through several key
parameters. One of the main metrics used was the false positive rate (FPR), which indi-
cates how often the algorithm mistakenly predicted a mutation where there wasn’t one.
Similarly, the false negative rate (FNR) measured how often the algorithm missed a
mutation that should have been detected. These two metrics were essential for assessing
how accurately the algorithms were able to reconstruct the tumor’s evolutionary history.
Another important measure was the ancestral pair recall, which looked at how well the
trees produced by the algorithms matched the simulated ones. It focused on how char-
acter states evolved along the same or different branches, helping to determine if the
algorithm could recreate the relationships between mutations over time accurately.

In Zou et al. [32] the performance of the deep learning algorithms was evaluated to
understand how precise and useful they were in analyzing genomic data. One of the
main parameters used was accuracy, which indicates how many times the model made
correct predictions compared to the total data analyzed. However, given the complex
nature of genomic data, where there are often many more neutral variants than patho-
genic ones, accuracy alone was not enough. Precision was crucial to understand how
many of the positive predictions made by the model were actually correct. This is par-
ticularly important when dealing with rare variants, such as pathogenic ones, which can
easily be "hidden" among many neutral variants. Recall, on the other hand, helped assess
the model’s ability to not miss any of the positive variants. In other words, recall told us
how good the model was at identifying all the truly relevant cases within the dataset,
without overlooking critical information.

In Fisher and Mehta [11], the performance of the LIMITS algorithm was assessed by
analyzing several key parameters to understand its accuracy in inferring species inter-
actions. One of the main parameters used was the prediction error, which represents
how well the model could predict species interactions based on the available data. The
algorithm relies on a linear regression model that progressively added new interactions
between species. At each step, the prediction error was calculated to see if including
a new interaction significantly improved the model’s predictive ability. Another key
parameter was the stability of the estimates, achieved through bootstrap aggregation.
This process helped reduce experimental noise and ensured that the results were robust
and not influenced by random data fluctuations. To further validate the model, its abil-
ity to infer the correct topology of ecological interactions was also assessed, meaning
how accurately the algorithm could identify which species were actually interacting with
one another. This ability was tested using both absolute and relative species abundances,
making the algorithm particularly versatile and adaptable to various types of metage-
nomic datasets.

In Yang and Michailidis [29], the authors assessed the performance of their proposed
algorithm using several key parameters to measure its effectiveness in detecting biologi-
cal signals and managing heterogeneous noise. One crucial parameter was the module
detection score, which evaluates the algorithm’s ability to correctly identify modules of
observations and variables based on common signals across data sources. This score
was calculated by comparing the average signal values inside and outside the modules,
normalized against the signal itself. This approach allowed the researchers to quantify
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how well the observed data aligned with the actual modules. Another critical parameter
was the Frobenius residual error, used to compare the differences between the original
data matrix and the one approximated by the algorithm. This metric provided insight
into the model’s overall ability to approximate the data, while keeping the primary focus
on accurately identifying the relevant biological modules. However, the Frobenius error
was considered less useful in scenarios where the goal was more about discovering the
modules rather than simply approximating the data. By using these metrics, the authors
demonstrated how their algorithm excelled in pinpointing key biological signals, par-
ticularly in complex settings with significant heterogeneous noise, outperforming other
methods focused solely on homogeneous effects.

In Wang et al. [27], the performance of Precision Lasso was evaluated using several
parameters to compare its effectiveness with traditional variable selection methods. One
of the main metrics used was the area under the ROC curve (AUC), which measures the
model’s ability to distinguish between relevant and irrelevant variables, assessing both
the sensitivity and specificity of the method. In addition to AUC, other performance
indicators were considered, such as the number of false positives and false negatives.
These were further complemented by precision, recall, and F1 score, which are essential
metrics for evaluating the model’s balance between minimizing classification errors and
accurately capturing the truly relevant variables. Furthermore, in real-world data appli-
cations, an additional evaluation criterion was used by comparing the genes selected
by Precision Lasso with those listed in the Catalogue of Somatic Mutations in Cancer
(COSMIC). This comparison helped determine how many of the selected genes were
actually linked to cancer, reinforcing the biological validity of the model in an oncology
context.

In Haendel et al. [14], the authors used several parameters to assess the performance
of the algorithms applied to clinical data related to COVID-19. One of the key metrics
was predictive accuracy, which measures the model’s ability to correctly predict clinical
outcomes, such as disease progression or mortality risk. Predictive accuracy was calcu-
lated by looking at the ratio of correct predictions to the total number of predictions,
for both positive and negative cases. This metric helped evaluate the model’s ability to
generalize predictions to data that was not part of the training set. Another important
parameter was accuracy, which reflects the percentage of cases correctly classified by the
model. The authors compared accuracy across different models to identify which algo-
rithms were more effective in handling complex clinical data, often filled with heteroge-
neous and non-linear variables. In addition to accuracy, the Area Under the ROC Curve
(AUC-ROC) was used to evaluate the model’s ability to distinguish between different
classes, particularly for binary classification models. This metric allowed the authors
to assess how well the model could differentiate between positive and negative cases.
The authors also examined sensitivity and specificity, two crucial parameters for assess-
ing the model’s ability to accurately detect both positive and negative cases. Sensitiv-
ity measured the proportion of true positives correctly identified by the model, while
specificity evaluated the proportion of true negatives detected. These parameters were
essential for understanding the model’s effectiveness across different clinical conditions.
Lastly, to ensure a comprehensive evaluation of the model’s performance, the authors
considered both Positive Predictive Value (PPV) and Negative Predictive Value (NPV).
These metrics indicate the likelihood that a subject identified as positive or negative by
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the model is actually so. These indicators were especially useful for monitoring the qual-
ity of predictions in critical clinical scenarios, such as managing patients at high risk of
complications.

In Shameer et al. [22], the authors assessed the performance of the algorithms using
several key metrics. One of the primary indicators was accuracy, but additional metrics
were also employed to give a more comprehensive view. Among these, precision and
recall played a crucial role. These metrics are often combined to calculate the F1-score,
which represents the harmonic mean of precision and recall, providing a balanced indi-
cator of the model’s performance. Another important metric was the area under the
ROC curve (AUC-ROC), which helps evaluate the model’s ability to distinguish between
different classes. Finally, computational efficiency was measured through execution time
and memory usage, which are critical when dealing with real-time data streams. These
parameters allowed the authors to compare the scalability and practical applicability of
the models in complex healthcare systems with large volumes of data.

3.2.6 RQ8: "What are the main research challenges specifically related to the generation and
use of synthetic data in genomics?

This section analyzes the challenges related specifically to the use of SD in genomic
research. While many issues in genomic data analysis are well-known, SD presents
unique challenges that require further investigation. These include ensuring fidelity to
real biological data, mitigating biases introduced by generative models, validating syn-
thetic datasets effectively, and addressing ethical and regulatory concerns when using
artificially generated patient-like data.

The study conducted by Chan et al. [5] highlights several challenges in inferring gene
regulatory networks (GRNs) from single-cell data. These include the complexity and
variability of single-cell data, technical noise such as dropout events, and the compu-
tational difficulty of handling large, high-dimensional datasets. Discretization of gene
expression data and selecting accurate probability estimators also pose significant issues,
impacting the reliability of network inference. Additionally, capturing nonlinear gene
dependencies and interpreting network structures in context introduces further com-
plexity, requiring advanced methods like PIDC to address these obstacles.

The study conducted by Song and Zhang [23] identifies several challenges in gene
co-expression network analysis. A primary issue is the inefficiency of existing methods
when applied to large genomic datasets, exacerbated by noisy and redundant gene pair
similarities. Additionally, embedding techniques constrained by planarity often lead to
false positives, complicating the identification of accurate gene interactions. Traditional
clustering algorithms also fall short in recognizing multiscale modular structures within
networks, limiting their ability to reveal biologically significant clusters across different
scales. Moreover, improved methods are needed to effectively isolate compact, coherent
gene clusters that reflect the complex hierarchical nature of biological systems, particu-
larly in the context of diseases like cancer.

The study conducted by Li et al. [20], outlines several challenges in developing an
effective cancer detection method. One major issue is the difficulty in identifying
small amounts of tumor-derived cell-free DNA (cfDNA) amidst the abundance of nor-
mal cfDNA in plasma, particularly in early-stage cancers where tumor DNA levels are
extremely low. Another challenge is the technical limitations of sequencing coverage,
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as most public cfDNA data have low coverage, which reduces detection sensitivity. The
pervasive nature of DNA methylation complicates the differentiation of cancer-specific
signals from normal methylation patterns. Additionally, balancing the quality and quan-
tity of methylation markers is crucial, as higher-quality markers may reduce the number
of detectable tumor signals, particularly at low sequencing coverages. These challenges
highlight the complexity of accurately detecting and quantifying tumor-derived cfDNA
in a non-invasive and cost-effective manner.

In article conducted by El-Kebir [9], highlights several challenges in estimating tumor
phylogenies from single-cell sequencing data. A major issue stems from the high levels of
noise and sequencing errors, including dropouts, which complicate the accurate recon-
struction of tumor evolution. Additionally, the computational demands of the task are
considerable, as inferring phylogenies requires solving complex combinatorial problems
that are both resource-intensive and time-consuming. Another significant challenge is
balancing the rates of false positives and false negatives, as both can lead to inaccurate
representations of tumor progression. Scalability is also a concern, as the computa-
tional load increases dramatically with larger datasets, which often contain numerous
mutations and cells. Furthermore, the biological complexity of cancer, characterized by
phenomena such as convergent evolution and the presence of multiple clones, further
complicates the accurate modelling of tumor evolution. These challenges underscore the
need for more advanced and efficient computational methods to enhance both the accu-
racy and scalability of tumor phylogeny inference from noisy single-cell data.

The study conducted by Zou et al. [32], identifies several challenges in utilizing deep
learning for genomic research. One of the main issues is the requirement for large, care-
fully curated datasets to prevent biases that can distort model accuracy. Additionally,
while deep learning models are highly effective, they are often more complex and less
interpretable than traditional methods, making it harder to extract meaningful biologi-
cal insights. Another challenge is the imbalance in genomic data, where disease-related
variants are much rarer than neutral ones, complicating model evaluation. The sig-
nificant computational resources required for training deep neural networks also limit
accessibility. Finally, although deep learning excels in predictive accuracy, translating
these predictions into actionable biological knowledge remains a major challenge.

The study conducted by Fisher and Mehta [11], outlines several key challenges in
inferring species interactions from metagenomic data. One major difficulty is that cor-
relations between species abundances do not necessarily indicate direct ecological inter-
actions, leading to potential misinterpretation when using correlation-based methods.
Moreover, metagenomic studies often provide only relative abundances, not absolute
values, which complicates the estimation of interaction parameters in time-series mod-
els. Another challenge arises from experimental errors, such as sequencing inaccura-
cies and misclassification of reads into operational taxonomic units (OTUs), which can
introduce bias. To address these issues, the authors developed the LIMITS algorithm,
which applies sparse linear regression with bootstrap aggregation to reliably infer inter-
action networks despite these obstacles.

The study conducted by Yang and Michailidis [29] identifies significant difficulties
in the integration of heterogeneous omics data for identifying biologically meaningful
modules. One of the primary difficulties is the substantial heterogeneity among dif-
ferent omics data types—such as DNA methylation, gene expression, and microRNA
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expression—which are generated through distinct experimental processes and contain
varying degrees of noise. This variability complicates the extraction of coordinated bio-
logical signals from source-specific noise. Additionally, many existing integration meth-
ods depend heavily on prior biological knowledge, potentially introducing bias and
limiting the discovery of novel insights. Another challenge lies in accurately capturing
both shared and unique patterns across datasets while accounting for confounding fac-
tors that differ between sources. Addressing these issues requires advanced computa-
tional techniques capable of managing high-dimensional data and adapting to diverse
levels of heterogeneity, as demonstrated by the non-negative matrix factorization
method proposed in the study.

The study conducted by Wang et al. [27] identifies several challenges in selecting vari-
ables from high-dimensional genomic datasets. A primary issue arises from the presence
of correlated and linearly dependent variables, which can cause traditional methods
like the Lasso to exhibit instability and inconsistency in variable selection. In genomic
datasets, where correlations between variables are common, standard approaches often
select one variable from a group of correlated ones, potentially missing other relevant
variables. Similarly, when variables are linearly dependent, traditional methods may
prioritize combined variables rather than those with direct biological relevance. These
challenges highlight the need for more robust methods that can effectively handle cor-
relations and linear dependencies in the data. The Precision Lasso addresses these issues
through advanced regularization techniques, offering a more stable and consistent
approach to variable selection in genomic research.

In the study conducted by Haendel et al. [14], several significant challenges are high-
lighted in the development and implementation of the National COVID Cohort Collab-
orative (N3C). A key difficulty was the harmonization of electronic health record (EHR)
data from numerous institutions, each employing different data models and formats,
necessitating extensive efforts in standardization. Ensuring data privacy and security
presented another critical challenge, as the large-scale integration of sensitive patient
information required rigorous governance frameworks, regulatory compliance, and
ethical oversight. Technical complexities also emerged in building a secure, centralized
data enclave capable of managing vast datasets while facilitating collaborative research.
Additionally, coordinating among multiple institutions and navigating legal agreements
for data sharing posed logistical hurdles. These challenges were further exacerbated
by the urgency of the COVID-19 pandemic, which demanded swift development and
deployment.

The study conducted by Shameer et al. [22], highlights several significant challenges in
the integration of real-time biomedical and healthcare data. A primary challenge lies in
the aggregation and standardization of diverse data sources, including electronic medi-
cal records (EMRs), health-monitoring devices, and wellness data streams, each of which
utilizes different formats and lacks uniform standards. Additionally, implementing real-
time data capture while ensuring data quality, security, and privacy is a complex task,
particularly when dealing with large-scale, heterogeneous datasets from varied popula-
tions. Another obstacle is the integration of patient-generated health data with clinical
infrastructures that are typically not equipped to handle continuous, multi-modal data
streams. Moreover, deriving actionable clinical insights from these vast datasets requires
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sophisticated analytics and machine learning techniques capable of processing and
interpreting real-time data for precision medicine applications.

4 Research area analysis and recent trends
Figure 11 shows the ten most globally cited documents between 2014 and 2024. These
papers focus on SD generation in genomic cancer research, with keywords that highlight
key research themes in this field. These keywords offer quick access to relevant literature
and help us understand major scientific trends [26, 31].

A knowledge map of keyword co-occurrence was created to identify recurring themes

non

in SD generation. Keywords such as "machine learning," "clustering," "deep learning,"
and "precision medicine" have gained prominence in recent years, reflecting a shift
towards more complex, integrative data approaches and the use of Al in genomics.

The co-occurrence analysis highlighted a significant thematic shift, with early terms
like "epistasis” and "proteomics" gradually giving way to "genomics," "multi-omics," and
"precision medicine" (Fig. 12).

This trend suggests a growing focus on precision medicine and multi-omics integra-
tion, as researchers aim to develop advanced, predictive models for personalized cancer
treatments.

The field of SD generation in genomics has evolved to include advanced methodolo-
gies, especially to address challenges like data scarcity and complexity in cancer research.
Techniques such as multi-omics integration combine genomics, transcriptomics, and
proteomics data to give a comprehensive view of cancer biology. This supports precision
medicine by helping researchers create more accurate predictive models. Machine learn-
ing and deep learning algorithms play a pivotal role in synthetic genomic data research,
enabling the generation, validation, and analysis of biologically meaningful datasets.
Generative models such as Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAEs) are widely employed to create synthetic genomic sequences that
retain statistical properties of real patient data. Furthermore, deep learning techniques
like Convolutional Neural Networks (CNNs) and Transformer-based architectures have
demonstrated high accuracy in tumor classification and biomarker discovery, leveraging
SD to enhance model robustness and generalization.
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Despite these advancements, there are still challenges in ensuring SDquality, partic-
ularly in controlling noise and achieving accurate simulations. To tackle these issues,
models now use advanced regularization techniques, such as those in precision lasso,
which effectively handle variable correlations and dependencies. These improvements
are essential for the reliable application of SD in clinical settings.

The rise in open-access publications and international collaborations, especially
among researchers in the United States, China, and the United Kingdom, has also been
crucial for advancing SD research. Open access extends the reach of research findings,
fostering global collaboration and accelerating innovation in precision medicine for can-
cer research.

This shift towards precision medicine and Al-driven models shows an increasing focus
on developing highly tailored synthetic datasets, which enable targeted therapies and
advance personalized treatment options.

5 Discussion and conclusion
This article explores how artificial intelligence is becoming a key player in generating SD
for genomic oncology, a field where real clinical data is often hard to access. The analysis
highlights specific algorithms, like deep neural networks for tumor classification, as well
as advanced techniques for integrating genomic, transcriptomic, and proteomic data.

Some deep learning models, such as convolutional neural networks (CNNs), recur-
rent neural networks (RNNs), and autoencoders, have proven to be transformative tools
in genomic data analysis, offering powerful pattern-recognition abilities [1]. However,
these models often require large, high-quality datasets and significant computational
resources, which can limit their use in rare disease research or clinical settings with lim-
ited data [2].

The application of SD in the field of oncology to enhance the quality of clinical research
and protect the confidentiality of patient data has attracted considerable interest within
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Table 4 Summary of methods used in two or more studies

Method Description Number
of papers

GANs (Generative adver-  Used for generating synthetic genomic data to train and validate models 12

sarial networks)

Autoencoders Applied for dimensionality reduction and feature extraction in genomic 9
datasets

Random forest Frequently used for feature selection and classification in multi-omics 7
data

K-means clustering Utilized to group biological samples based on synthetic data patterns 6

Bayesian networks Applied for probabilistic modeling and causal inference in genomic 5
studies

Support vector ma- Used for classifying genomic data and detecting cancer subtypes 4

chines (SVM)

Lasso regression Regularization technique employed in predictive modeling of gene 3
expression

Principal component Used for dimensionality reduction in high-dimensional genomic data 3

analysis (PCA)

the medical community, Jacobs et al. [15]. One of the most exciting developments is
the increased focus on personalizing SD to faithfully represent the genetic and molecu-
lar diversity across different types of tumors. This personalized approach could make
it easier to create datasets specific to patient subgroups, allowing for the development
of more targeted therapies. Moreover, as explainability techniques in deep learning are
being more widely adopted, interpreting results is becoming easier—a crucial factor
when applying this data in clinical settings [28].

As genomic and clinical datasets continue to expand, these advanced algorithms will
play a vital role in gaining insights from data, improving patient outcomes, and turning
complex information into actionable knowledge for precision medicine [13]. Our find-
ings confirm that SD generation algorithms can effectively replicate meaningful genomic
patterns, as demonstrated by high AUC and precision-recall scores. More importantly,
their application in research settings has shown promising results, particularly in bio-
marker discovery and model training for multi-omics analysis. However, while these
techniques offer significant advantages, challenges such as model interpretability, inte-
gration into clinical pipelines, and long-term validation remain open issues that require
further investigation. By revealing hidden patterns in high-dimensional data, these mod-
els can aid in patient stratification, though further work is needed to ensure they adapt
well to new and constantly evolving patient data in real-time clinical settings.

To provide a clearer perspective on the most frequently used computational
approaches in SD research, we identified methods that appeared in at least two studies.
Table 4 summarizes these methods, emphasizing their role in genomic data analysis and
SD validation.

This summary highlights the predominance of deep learning models such as GANs
and autoencoders in SD generation, as well as the widespread use of machine learning
techniques for feature selection, classification, and dimensionality reduction.

One of the key challenges in SD generation is ensuring that the generated datasets
maintain biological fidelity while minimizing noise and artifacts introduced by genera-
tive models. The accuracy of SD depends on how well it replicates real genomic variabil-
ity while avoiding biases that could compromise downstream analysis.
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Another important issue is the ethical and regulatory aspect of synthetic data usage.
Although synthetic datasets can help mitigate privacy concerns by eliminating direct
patient identifiers, regulatory agencies require rigorous validation and transparency to
ensure that these datasets do not introduce misleading biases in clinical applications.

Current trends show a growing level of specialization, with a strong focus on develop-
ing models tailored to specific tumor subtypes and the search for complex biomarkers.

Another crucial aspect emerging from our analysis is the adaptability of different algo-
rithms to various genomic data types and the importance of hybrid approaches in SD
research. While deep learning models such as GANs and VAEs excel in generating syn-
thetic genomic data, their effectiveness is highly dependent on the availability of large,
well-balanced datasets. In contrast, tree-based methods and probabilistic models, such
as Random Forest and Bayesian Networks, offer greater interpretability but struggle with
high-dimensional omics data. Similarly, graph-based methods like PIDC and MEGENA
play a critical role in gene network inference but require complex preprocessing and
parameter tuning.

Our findings indicate that no single algorithm provides optimal performance across
all genomic contexts. Instead, hybrid approaches combining deep learning and probabi-
listic inference have shown promising results, particularly in tumor evolution modeling.
Ensemble learning strategies have also emerged as a powerful tool to improve biomarker
discovery, while feature selection techniques such as Precision Lasso have proven effec-
tive in reducing dimensionality and optimizing SD quality. These insights highlight
the need for flexible, multi-method strategies that can dynamically adapt to different
genomic data challenges, ensuring both accuracy and biological interpretability.

Looking to the future, it will be essential to create even more advanced algorithms
capable of capturing genomic complexities and making SD a practical and indispensable
tool for precision medicine.
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