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Preface

Over the past few decades, the field of bioinformatics has undergone a significant
transformation, emerging as an essential bridge between the life sciences and compu-
tational technology. As high-throughput technologies generate increasing amounts of
biological data, there is a growing demand for new computational methods to analyze,
interpret, and utilize this information. This trend is reflected in the rise of research
publications over the past several decades, with nearly 250,000 publications appearing
in the last five years.

Bioinformatics — Recent Advances addresses this dynamic and rapidly evolving landscape,
offering a concise overview of the latest developments and breakthroughs in various
fields of bioinformatics. From advancements in algorithmic innovations for sequence
analysis and structural biology to the integration of artificial intelligence in genomics and
systems biology, each chapter examines a key area where cutting-edge research is shaping
the future of life sciences. The book’s content showcases the interdisciplinary nature of
modern bioinformatics, bringing together insights from experts in biology, computer
science, data science, and math.

This volume aims to inform and inspire researchers, students, and professionals in this
evolving field. Whether academics seek new methods, practitioners employ bioinformatics
tools, or students need a solid foundation in current trends, this book serves as a valuable
and accessible resource. The updated chapters explore recent advancements in extracting
protein sequence features, the challenges and opportunities of multi-omics applications,
breakthroughs in agent-based modeling, and genome assembly algorithms, along with

an overview of the latest trends in bioinformatics.

I acknowledge the authors and reviewers who brought this collection to life, as well as their
hard work and invaluable contributions to this volume. Their expertise and commitment
to advancing bioinformatics research are evident in the quality and clarity of their work.

I also want to recognize the growing community of bioinformatics researchers and life
science users who are collaborating to expand our understanding of life at the molecular
level.

I hope that Bioinformatics — Recent Advances will spark further inquiry, foster innovation,
and support the next wave of discoveries in the life sciences. I am also grateful to the
IntechOpen book department and our author service manager, Ms. Kristina Kardum Cvitan,
for the opportunity to work on this project and assist with my editorial duties.

Ibrokhim Y. Abdurakhmonov

Center of Genomics and Bioinformatics,
Academy of Sciences of Uzbekistan,
Tashkent, Uzbekistan
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Chapter1

Latest Trends in Bioinformatics
Development

Ibvokhim Y. Abdurakhmonov and Mirzakamol S. Ayubov

Abstract

Breakthroughs in bioinformatics revolutionize our understanding of biological
systems and accelerate advancements in life sciences, including agricultural and
biomedical research. Thanks to advances in technology, artificial intelligence (AI)
and machine learning now enable precise data analysis, leading to accurate predic-
tions and the discovery of complex patterns in whole-genome datasets. Single-cell
sequencing technologies are continually improving, providing scientists with a
more detailed view of cellular diversity and development. Meanwhile, multi-omics
approaches, which combine genomics, transcriptomics, proteomics, and metabolo-
mics, are deepening our understanding of biological processes through ontogenesis.
Recent advancements in bioinformatics tools, particularly those utilizing CRISPR-Cas
systems, have refined guide RNA design, enhanced off-target prediction, and facili-
tated functional validation, thereby accelerating the development of gene therapy.
Structural bioinformatics has advanced due to the development of enhanced protein
structure prediction models, which aid in drug discovery and functional annota-
tion. Research on metagenomics and microbiomes highlights the significant roles of
microbial communities in health, agriculture, and environmental processes. The rise
of precision medicine and innovative agri-biotechnologies depends on the integration
of genomic and farming/clinical data, leading to precision strategies that provide
efficient solutions to targeted questions. Bioinformatics-guided drug design and
next-generation vaccine development, as well as modeled personalized medicine, will
be the developing areas. Further, cloud and quantum computing, automation, and
scalable workflows have made high-throughput analysis more accessible, encouraging
collaboration and reproducibility. These trends signify a dynamic period for bioinfor-
matics, characterized by technological innovation and increased collaboration, which
ultimately accelerates discoveries in the life sciences.

Keywords: bioinformatics development, bioinformatics publications, deep learning
tools, Al tools, bioinformatics-based crop design, personalized medicine

1. Introduction

Bioinformatics is a rapidly expanding field that integrates biology, computer sci-
ence, and information technology to process, analyze, and evaluate scientific data. We
periodically reviewed the developments over the past decades in Intech Open [1, 2].

It significantly impacts the future of life sciences, particularly in design, production,
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monitoring, and management, especially in agriculture and healthcare. Recently,
bioinformatics has made remarkable strides, thanks to the convergence of artificial
intelligence (AI), machine learning (ML), and next-generation sequencing (NGS).
NGS facilitates genome-wide screening, which fosters crucial innovations for eco-
nomic growth. Applications of artificial intelligence and deep learning for automated
feature extraction and predictive modeling have also shown significant improvements
[3, 4]. It is anticipated that bioinformatics will greatly influence the future of health-
care in various ways, including drug discovery, disease detection and prevention, and
the management of specific health concerns [5]. Similarly, crop development capable
of withstanding farming in the age of global climate change has greatly benefited
from current and emerging bioinformatics tools [6].

A PubMed [7] search for “bioinformatics” across all organisms, as of June 2025,
yields 587,623 publications from 1958 to the present, including books, documents,
clinical trials, meta-analyses, and review articles. Surprisingly, 244,033 of these
were published in just the last 5 years (2020-2025), demonstrating the field’s rapid
expansion (Figures 1-3; Table 1). This body of work encompasses key developments,
beginning with the Pre-Bioinformatics Era (the discovery of DNA structure, early
protein sequencing, and foundational computational biology) and concluding with
the Emergence of Bioinformatics (the establishment of sequence databases, such as
GenBank and the Protein Data Bank, the development of pairwise alignment algo-
rithms, and the introduction of BLAST) [1, 2].

The Human Genome Project, microarray technology, NGS [8], and the ENCODE
Project all contributed to propelling the Genomics Revolution forward [9]. Later,
Systems Biology and Big Data transformed research by integrating multiple omics
(genomics, transcriptomics, proteomics, and metabolomics) [10, 11], CRISPR-Cas9
gene editing (utilizing bioinformatics to guide RNA design) [12], single-cell RNA-Seq
for analyzing cellular heterogeneity, and AI/ML [13]. Long-read sequencing, person-
alized medicine, AlphaFold’s innovative protein structure predictions, metagenomics
and microbiome analysis, and impending quantum computing applications [1, 2, 8,
14, 15] in biological research all characterize the Modern Era today.

60000
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Figure 1.
Timeline of bioinformatics publications based on PubMed [7] data.
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Figure 2.
Bioinformatics evolution: Past and present.
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Figure 3.
Publications categorized by direction.

Since 1987, 38,776 articles have been published in agriculture, focusing on the
latest bioinformatics-based technologies and their applications. The main efforts have
been on building genomic resources, sequencing genomes and germplasm, using
sequencing to map important traits, and developing marker-assisted or genome-
assisted breeding methods to create crops that can withstand biotic and abiotic
stresses and have higher nutrition levels in 12 key crops, including barley, rice, maize,
wheat, pearl millet, sorghum, cowpea, soybean, common bean, groundnut, pigeon
pea, and chickpea [16]. In recent years, scientists have been working on comparative
genomics, transcriptomics, and studies of bacterial microbiomes using next-gener-
ation sequencing. Studies have also explored the workflow of transcriptomics and
experimental considerations using bioinformatics approaches [17, 18].

The field of structural bioinformatics has undergone significant improvements
in recent decades, mainly due to advances in X-ray crystallography, nuclear magnetic
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# Categories Publications From to present PubMed address
1 Genomics and 466,182 1963 https://pubmed.ncbi.nlm.nih.gov/?t
Sequence Analysis erm=Genomics+%26+Sequence+An
alysis
2 Transcriptomics 300,838 1982 https://pubmed.ncbi.nlm.nih.gov/?te
and Gene rm=Transcriptomics+%26+Gene+Ex
Expression pression
3 Clinical and 77,856 1989 https://pubmed.ncbi.nlm.nih.gov/?t
Medical erm=Clinical+%26+Medical+Bioinfo
Bioinformatics rmatics
4 Synthetic Biology 70,870 1936 https://pubmed.ncbi.nlm.nih.
gov/?term=Synthetic+Biology
5 Systems Biology 37,723 1970 https://pubmed.ncbi.nlm.nih.gov/?ter
and Networks m=Systems-+Biology+%26 + Networks
6 Metagenomics and 22,555 2000 https://pubmed.ncbi.nlm.nih.gov/?ter
Microbiome m=Metagenomics+%?26+Microbiome
7 Proteomics 16,185 1997 https://pubmed.ncbi.nlm.nih.gov/?te
and Structural rm=Proteomics+%26+Structural+Bio
Bioinformatics informatics
8 Evolutionary 13,246 1993 https://pubmed.ncbi.nlm.nih.gov/?ter
Bioinformatics m=Evolutionary+Bioinformatics
9 Data Integration 6303 2002 https://pubmed.ncbi.nlm.nih.gov/
and Multi-Omics ?term=Data+Integration+%?26+Mu
1ti-Omics
10 Epigenomics 3744 2002 https://pubmed.ncbi.nlm.nih.gov/?te
and Regulatory rm=Epigenomics+%26+Regulatory+
Genomics Genomics
1 Pharmacogenomics 2356 1989 https://pubmed.ncbi.nlm.nih.gov/?te
and Drug rm=Pharmacogenomics+%26+Drug+
Discovery Discovery
12 Algorithm/Tool 21 1999 https://pubmed.ncbi.nlm.nih.gov/?ter
Development m=Algorithm%2FTool + Development
Table 1.

Bioinformatics divections and their establishment.

resonance (NMR) spectroscopy, and computing resources. The first protein struc-
tures were determined in the 1950s and 1960s, and since then, the number of identi-
fied structures has increased dramatically [3]. Today, over 170,000 structures have
been deposited in the Protein Data Bank (PDB), a public collection of biomolecular
structures. Modern advances in healthcare technology have ushered in a new era of
personalized medicine. The growth of bioinformatics in personalized medicine has
enabled the analysis of vast amounts of data, dramatically transforming the potential
for delivering tailored healthcare [4, 5].

2. Bioinformatics in the COVID-19 pandemic

During the COVID-19 pandemic, the importance of bioinformatics in global
health crises became clear. Bioinformatics tools played a crucial role in understanding
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SARS-CoV-2, developing diagnostic tests, and accelerating vaccine development.
Sequencing technologies enabled the quick decoding of the viral genome, while
bioinformatics analyzed thousands of viral sequences worldwide [19, 20]. This helped
track mutations and new variants, guiding public health responses. Phylogenetic
analysis revealed patterns of infection spread among different viral strains [21].

Between 2020 and 2022, whole-genome bioinformatics analyses of the SARS-
CoV-2 virus significantly helped in combating this deadly virus. Whole-genome
sequencing (WGS) has proven to be a valuable tool for understanding newly emerg-
ing infectious diseases, tracking microbial transmission networks, and providing
cost-effective insights when integrated into hospital surveillance programs. The
COVID-19 pandemic accelerated the use of whole-genome sequencing (WGS), with
viral sequencing conducted at unprecedented levels globally. As of this writing, over
21,013,106 SARS-CoV-2 genomes have been shared on the global initiative on sharing
all influenza data (GISAID) database [22]. These genomics sequences, powered by
bioinformatics, enabled the development and refinement of diagnostic tools, such as
PCR primers and rapid antigen tests, ensuring high accuracy and specificity. In this
regard, data sharing platforms like GISAID [22] have fostered global collaboration,
enabling scientists to exchange viral sequences and insights in real time. All of these
have been instrumental in understanding the virus’ evolution, monitoring clinically
relevant variants, and informing public health policies [23].

Additionally, bioinformatics played a crucial role in vaccine design. By applying
structural biology and protein modeling, researchers were able to predict the struc-
tures of key viral proteins, including the spike protein, which has become the primary
target for vaccine development. Computational modeling also helped optimize
vaccine candidates and assess their potential effectiveness before clinical trials began
[24]. AI-powered bioinformatics approaches have contributed to drug repurposing
efforts and the understanding of viral-host interactions, revealing potential thera-
peutic targets. Repurposing existing drugs can accelerate the development of new
treatments, particularly when their safety profiles are already known from previous
disease research. This process can be even quicker when the drugs have already been
approved for different diseases and post-marketing safety data are available [25, 26].
As aresult, bioinformatics accelerated the scientific response, enhanced surveillance,
and facilitated the development of vaccines and treatments, ultimately saving lives
and informing policies during the pandemic. This impact underscored the crucial role
of data-driven science [27] in combating infectious diseases and preparing for future
outbreaks.

3. Artificial intelligence and bioinformatics

Over the past decade, artificial intelligence (AI) and machine learning (ML) have
emerged as groundbreaking technologies poised to revolutionize pharmaceutical
research and development. This transformation is partly driven by revolution-
ary advancements in computing power and the removal of traditional barriers to
large-scale data collection and analysis [15]. Meanwhile, the costs of bringing new
pharmaceuticals to market and to patients have soared. Recognizing these challenges,
AI/ML approaches appeal to the pharmaceutical industry due to their automated
nature, predictive capabilities, and anticipated increase in efficiency. Over the past
15-20 years, drug discovery has increasingly relied on machine learning technologies.
The latest area of drug research where AI/ML is creating positive disruption is in the
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design, conduct, and analysis of clinical trials. The COVID-19 pandemic may acceler-
ate the adoption of AI/ML in clinical trials, reflecting a greater reliance on digital
technology during trial execution [28].

While progress has been made, current methods fall short without similar
structures for comparison. Recent work for CASP14 (the 14th Critical Assessment
of Protein Structure Prediction) [29] has led to a new computational approach that
enables reliable protein structure predictions without relying on known similar struc-
tures. This breakthrough hasled to a revamped AlphaFold, a neural network model
that often matches experimental accuracy and advances the field of bioinformatics.
The latest AlphaFold incorporates physical and biological knowledge, as well as multi-
sequence alignments, to boost its deep learning design [14].

Recent progress in Natural Language Processing (NLP) has been significantly
accelerated by the emergence of Large Language Models (LLMs), marking a major
advancement in language technology capabilities. These models, built on intricate
deep learning architectures known as transformers, comprise billions of parameters
and vast amounts of training data, enabling them to achieve impressive accuracy
across a wide range of tasks. The transformer architecture of LLMs empowers them
to effectively handle context and sequential information, which is essential for
understanding and generating human language. Beyond traditional NLP applications,
LLMs have demonstrated considerable potential in bioinformatics, transforming the
field by addressing challenges associated with vast and complex biological data. LLMs
are advantageous in genomics, proteomics, and personalized medicine for identifying
patterns, predicting protein structures, and analyzing genetic variants. This ability
is crucial, for instance, in drug discovery, where accurate prediction of molecular
interactions is required [30]. Cloud computing has made high-throughput analysis
more accessible, encouraging collaboration and reproducibility [31]. Automation and
scalable workflows enhance data processing, minimize biases, and boost reproducibil-
ity. Cloud-based infrastructure, automation, and scalable workflows are fundamental
to the advancement of precision healthcare, rendering agriculture a more sustainable
and productive sector. These tools facilitate efficient data utilization, stimulate inno-
vation, and allow for targeted, personalized medical interventions within a digital
health framework [32]. Furthermore, they equip farmers with actionable insights,
enhance resource efficiency, and bolster resilience against the impacts of climate
change and challenges related to food security [33].

4. Open-source software and databases

Open-source software and databases are crucial to the development of bioinfor-
matics, offering cost savings, flexibility, and the ability to switch between options.
They foster broader collaboration, enable customized solutions, and provide
increased security, scalability, improved performance, and learning opportunities.
There are many resources available in this area. For instance, the latest version of
PyRosetta [34] provides an interactive Python interface to the Rosetta molecular-
simulation toolkit. This enables users to develop their own molecular-modeling algo-
rithms utilizing Rosetta’s sampling methods and energy functions. Biopython [35],

a collection of freely available biological computation tools written in Python, was
developed by a multinational team of developers. It is a collaborative project aimed at
creating Python modules and applications that meet both current and future bioin-
formatics research needs. The source code is distributed under the Biopython License,
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which is highly permissive and compatible with nearly every license worldwide. Data
repositories such as NCBI, UniProt, PDB, and the cancer genome atlas (TCGA) have
become increasingly accessible, offering significant opportunities for developers,
businesses, and educators. These open-source solutions support open standards,
making integration and long-term use more sustainable and reliable.

5. Future perspectives of bioinformatics

Bioinformatics is moving beyond classical statistics to include complex Al
models in the processing and interpretation of biological data [36]. Alphafold-like
Revolution: DeepMind’s AlphaFold2 won a 50-year grand challenge by predicting
protein structures with amazing precision [37]. This will ultimately be used to predict
protein-protein interactions, protein-DNA/RNA interactions, and mutation effects.

It is conceivable to create Al models for drug discovery that generate data rather
than simply analyze it [38]. This includes developing novel proteins, antibodies, and
small-molecule medications with specialized therapeutic properties, resulting in
significantly shorter development timelines. Bioinformatics can eventually be built
utilizing improved pattern recognition. Deep learning will find tiny, sophisticated
patterns in multi-omics data (genomics, proteomics, and metabolomics) that humans
cannot see, yielding novel disease biomarkers and scientific insights [39].

Multi-omics and data integration may be among the most important directions in
bioinformatics [40]. The future will entail merging all layers of biological information
rather than focusing simply on one type of data (such as DNA). Bioinformatics will
be essential for combining genome, transcriptomics, proteomics, metabolomics, and
epigenomics data to create a full, systems-level view of a cell, tissue, or organ. Single-
cell multi-omics technologies are being developed to sequence individual cells’ DNA,
RNA, and epigenetic landscapes [41]. Bioinformatics approaches are necessary to
evaluate this data, which reveals significant heterogeneity within tissues.

Personalized and predictive medicine have the most direct impact on human
health. The sequencing of a patient’s genome is expected to become a widespread
and economical diagnostic test [42]. Bioinformatics pipelines will be necessary to
instantly evaluate this data in a clinical setting [43]. By combining genomic data with
electronic health records, wearable device data, and environmental factors, Al models
can forecast an individual’s likelihood of developing particular diseases, enabling
early, personalized prevention strategies. Bioinformatics is already utilized to identify
driver mutations in cancer. Future techniques will drive real time, adaptive cancer
therapy by identifying the best drug combination as the tumor grows.

Bioinformatics can also aid in the development of biotech vaccines, such as those
based on DNA, RNA, and edible vaccines. It was demonstrated during the COVID-19
pandemic. Furthermore, microbiome analysis, cloud computing and scalable infra-
structure, CRISPR and genome editing, and evolutionary and conservation biology
all have the potential to be key bioinformatics disciplines.

6. Conclusion

Bioinformatics has become a leading field that combines biology, computer sci-
ence, and information technology to drive breakthroughs in healthcare, agriculture,
and drug development. The rapid rise in scientific research, particularly over the past
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5 years, demonstrates the rapid growth of bioinformatics, driven by advancements
in next-generation sequencing, artificial intelligence, and machine learning. The
COVID-19 pandemic has accelerated the adoption of technologies, especially in areas
such as viral-genome sequencing, pharmaceutical development, and health surveil-
lance. Advances in structural bioinformatics and prediction, large-scale language
models in genomics, and open-source bioinformatics tools have greatly enhanced
the field’s capabilities, setting the stage for personalized medicine and agricultural
biotechnology. As bioinformatics continues to evolve, its integration with artificial
intelligence, Big Data, and quantum computing is likely to bring even more innova-
tions across all areas of the life sciences. The field’s interdisciplinary nature means it
plays a crucial role in addressing global challenges, from climate-resilient agriculture
and personalized healthcare, making it a vital part of modern life sciences.
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Genome Assembly Algorithms
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Abstract

Currently, research has entered the genomic era. The high-throughput sequencing
of short reads and long reads has increased, while the cost has decreased. Most of the
key genomes have been sequenced, and an increasing number of reference genomes
from uncommon species are currently in progress toward completion. What is more,
alot of finished draft genomes have been progressively refined and updated to achieve
complete, telomere-to-telomere assemblies. Algorithms primarily focus on de novo
assembly, evolving from Overlap-Layout-Consensus (OLC) for Sanger reads, to De
Bruijn Graphs (DBG) for short reads, and back to OLC for PacBio or nanopore long
reads. Scaffolding facilitates chromosome-level assembly, and graph-based algorithms
enable pangenome assembly, which is poised to become a new standard for genomic
references. A wide variety of genome assembly software has been extensively adopted,
efficiently conserving computational resources while improving genome quality.

Keywords: de novo assembly, whole genome shotgun, De Bruijn, scaffolding,
telomere-to-telomere

1. Introduction

The significant advancements in genomics, coupled with improvements in
genome assembly technologies, have greatly enhanced our understanding of life
sciences [1]. Furthermore, these developments have driven innovations across various
fields, including medicine [2], agriculture [3], biotechnology [4], and more, offer-
ing solutions to global challenges such as disease treatment [5], food security [6],
and environmental protection [7]. Genome sequences serve as the foundation for
understanding the biology and functionality of an organism, and De novo genome
assembly is a necessary and crucial initial step in bioinformatics analysis [8]. Genome
assembly has made significant advancements over the past four decades, driven
by the progression of sequencing technologies, the refinement of algorithms, and
enhanced computational capabilities. According to the development of sequenc-
ing and assembly strategies, it is possible to define five stages of genome evolution.
The first-generation genome, utilizing Sanger sequencing technology, involved the
construction of Bacterial Artificial Chromosomes (BACs) for initial genome assem-
bly. Subsequently, Whole Genome Shotgun (WGS) sequencing was applied to further
enhance the assembly process. The assembly methodology relied on the Overlap-
Layout-Consensus (OLC) approach. During this early stage, the human genome
served as a representative example of successful first-generation sequencing efforts
(Figure 1). The second-generation genome sequencing and assembly rely solely on
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Figure 1.
The different stages of the genome.

short reads using WGS sequencing and De Bruijn Graph assembly methods beginning
in 2009. The giant panda genome was the first completed genome assembled exclu-
sively from short reads (Figure 1). In 2015, long-read sequencing was still considered
expensive despite its potential. The third-generation genome assembly primarily
relied on short reads, while long reads were utilized for gap closing. In this stage,

the genome assembly still relied on WGS and DBG methods (Figure 1). In 2018, the
cost of long-read sequencing decreased while the quality and throughput improved.

Eukaryota | 5126% VE6K o3

Archaea (304 752 16.50K
Bactena QBEMI 2093 2.20M
Viruses 229 48K o 177.20K

Figure 2.
The statistics of available genomes in NCBI. The data was downloaded from https://www.ncbinlm.nih.gov/
datasets/genome/ on May 6, 2025.
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The fourth-generation genomes were primarily assembled using long reads through
WGS and OLC strategies, with short reads employed exclusively for error correction
(Figure 1). In 2022, the telomere-to-telomere (T2T) generation genome era arrived
with the completion of the human T2T genome. The use of ultra-long reads and
PacBio HiFi reads has enabled the assembly of the highest-quality genomes to date
(Figure 1). Until May 6, 2025, the total number of available genomes in NCBI is 2.98
million, including 51.26 K in Eukaryota, 30.46 K in Archaea, 2.65 M in Bacteria, and
229.46 K in Viruses (Figure 2). In Eukaryota, a total of 51.26 K genomes have been
assembled, including 18.63 K that are referenced to a reference genome and 9.11 K
genomes with annotation information (Figure 2).

2. The genome project

For de novo genome assembly, the first completed genome sequence was that
of bacteriophage phi X174, comprising 5375 nucleotides and achieved in 1977 [9].
In 1995, the first bacterium genome of Haemophilus influenzae Rd., consisting of
1,830,137 base pairs, was fully sequenced and assembled [10]. In 1996, the first
eukaryotic genome, that of the yeast Saccharomyces cerevisiae (12,068 kb), was
fully sequenced and assembled [11]. Then, in 1998, the first genome sequence of a
multicellular eukaryotic organism, the nematode Caenorhabditis elegans (97 Mb),
was released [12]. In 2000, the first plant genome, Avabidopsis thaliana (115.4 Mb),
was sequenced and decoded [13]. The largest genome project is the Human Genome
Project (HGP), which was launched in October 1990 and successfully completed in
April 2003, led by an international group [14]. The cost of genome sequencing and
assembly decreased as Bacterial Artificial Chromosome (BAC) was replaced by Whole
Genome Shotgun (WGS) strategies [15]. In the early stages of the genome project,
several key eukaryotic genomes were successfully sequenced through the collabora-
tive efforts of consortia or multiple organizations, requiring substantial time and
resources. These included organisms such as model species (Drosophila melanogaster
and Takifugu rubripes) and crops (rice, soybean, maize). Before 2010, all genome
assembly efforts relied exclusively on Sanger sequencing technology, which remained
costly. Next-generation sequencing (NGS), including sequencing by ligation (SBL)
and sequencing by synthesis (SBS), offers an alternative option with greater effi-
ciency and significantly reduced costs [16]. The first draft genome assembly using
a short-reads-based next-generation sequencing (NGS) approach was achieved for
cucumber, Cucumis sativus L., by combining Sanger and next-generation Illumina GA
sequencing technologies at the Beijing Genomics Institute (BGI-Shenzhen) [17]. In
2010, the first draft genome of the giant panda (~2.25 Gb) was successfully assembled
and completed at BGI-Shenzhen using only NGS technology [18]. Subsequently, a
large number of plant and animal genomes were rapidly decoded at significantly
reduced costs. The “Thousand Plant and Animal Genomes Project” was launched by
BGI-Shenzhen in January 2010. In November 2010, the Genome 10 K Community
of Scientists (GI0KCOS) launched a project (Genome 10 K) in collaboration with
BGI-Shenzhen, aiming to sequence the genomes of all 10,000 extant vertebrate spe-
cies [19]. The Bird 10,000 Genomes (B10K) Project, for instance, is another project
initiative aimed at generating high-quality draft genome sequences representative
of all extant bird species [20]. More genome projects have been launched, including
1KMPG (1000 Medicinal Plant Genomes), i5k (Sequencing Five Thousand Arthropod
Genomes), 10KP (10,000 Plant Genomes Project), et al. Furthermore, the Earth
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BioGenome Project (EBP) aims to sequence life for the future of life. Finally, the
Earth BioGenome Project (EBP), which aims to sequence all species on Earth for the
future of life, represents a moonshot initiative in genomics [21].

3. The sequencing technology

Many genome projects are progressing rapidly. One of the most important fac-
tors is the rapid iteration and upgrade of sequencing technology, which offers higher
throughput and lower costs. The traditional Sanger sequencing technology, utilizing
the dideoxy chain termination method, played a crucial role in the early stages of
genome assembly, including that of the human genome. However, the Sanger method
is limited in genome assembly because of its relatively low throughput and high cost
per base compared to high-throughput sequencing technologies. Sanger sequencing
remains the gold standard sequencing technology due to its high accuracy, long read
length capability, and flexibility to support various applications, particularly in PCR
product and NGS-related validation.

NGS, also known as second-generation sequencing technology, encompasses
platforms such as Roche 454, Illumina (Solexa), and ABI-SOLID, and has revolu-
tionized the field of omics. In 2005, the first NGS platform was Roche 454 GS-20,
whose achievements rapidly captivated the scientific community. In 2006, the
Illumina Solexa Genome Analyzer was released, followed by the ABI-SOLiD system
in 2007. When the NGS systems became widely adopted, BGI-Shenzhen, which
boasts the world’s largest sequencing capacity, operated a diverse fleet of NGS
systems, including 137 HiSeq 2000 units, 27 SOLiD systems, one lon Torrent PGM,
one MiSeq, and one 454 sequencer [22]. The different NGS systems, including
SOLiD/Ion Torrent PGM (Life Sciences), Genome Analyzer/HiSeq 2000/MiSeq
(Illumina), GS FLX Titanium/GS Junior (Roche), and Polonator G.007 (Complete
genomics), were compared and summarized [22]. The market competition in
the NGS field is extremely intense. To date, platforms such as 454 and SOLiD
have all been withdrawn from the market. Illumina was once the absolute leader
in the sequencing industry, holding more than 70% of the global market share
and dominating the high-throughput sequencing market. The advancement and
improvement of sequencing platforms are occurring at an extraordinarily rapid
pace. [llumina, from acquiring Solexa’s Genome Analyzer (1 Gb) in 2006, launched
Genome Analyzer II (1.8-2.4 Gb) in 2007, and updated to Genome Analyzer IIx (6.5
Gb) in 2008. In 2010, HiSeq 2000 (200 Gb, PE 100) was introduced. In 2012, the
HiSeq 2500 (Rapid model: 120 Gb, standard model: 600 Gb) was launched. In 2015,
HiSeq 3000 (750 Gb) and HiSeq 4000 (1.5 Tb) were introduced. In 2014, HiSeq X
Ten and HiSeq X Five were launched (one HiSeq X: Two flow cells: 1.6-1.8 Tb, One
flow cell (800-900 Gb).

Additionally, in the low- and mid-throughput range with miniaturized sequenc-
ers, the MiSeq series, including MiSeq (2011), MiSeq Dx (2013), and MiSeq FGx
(2015), has been progressively developed over the years. The other sequencers in the
NextSeq series, including the NextSeq 500 (2014), NextSeq 550 (2015), NextSeq 1000
(2020), and NextSeq 2000 (2020), were designed for mid-throughput applications.
MiniSeq (2016) was developed for targeted sequencing, small genome sequencing.
The NovaSeq series offers ultra-high sequencing throughput. In 2017, NovaSeqTM
included NovaSeq 5000 and NovaSeq 6000. The NovaSeq 6000 integrates through-
put, flexibility, and ease of use into a single platform, expanding sequencing
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capabilities from 80 to 6000 Gb. NovaSeq X Plus (2023) and NovaSeq X (2024) have
significantly increased sequencing speed and throughput, thereby reducing sequenc-
ing costs.

In summary, [llumina has been highly successful in the field of next-generation
sequencing (NGS) and has developed a wide range of sequencer series. However,
some other NGS companies, such as Complete Genomics, which was purchased by
BGI and with another name MGI Tech (MGI) launched a series of sequencing instru-
ments. In 2015, MGI launched BGISEQ-500, which is a desktop high-throughput
gene sequencer, achieving a throughput of 100 Gb. In 2017, the MGISEQ-200
(with the highest capacity of 150Gb) and the MGISEQ-2000 (with the highest
capacity of 600Gb) were launched. In 2018, DNBSEQ-T7 was introduced as an
ultra-high-throughput sequencer. A single chip can achieve Tb data output. The
quadruple flow cell platform allows 1 to 4 chips to operate independently, with the
capability of producing up to 6 Tb of data per day. A lot of other different sequenc-
ers, including MGISEQ-2000RS FluoXpert (2022), MGISEQ-200, DNBSEQ-G99,
DNBSEQ-E25, DNBSEQ-E25 Flash, were facing the market over the years. In 2020,
the DNBSEQ-T10 x 4 system, capable of generating 20 Tb of data, was introduced by
MGI. In 2023, the DNBSEQ-T20 x 2 was introduced as a fully automated sequencer,
integrating all components of a genetic sequencer through robotics. It is capable of
processing six slides per run and supports both PE100 (42 Tb) and PE150 (72 Tb)
sequencing modes. Recently, on February 24, 2025, the DNBSEQ-T1+ was introduced
as one of the fastest T-level benchtop sequencers globally. It can generate up to 1.2
terabases (Tb) of sequencing data within 24 hours. These MGI sequencers achieve
even higher throughput, lower costs, and faster turnaround times, thereby demon-
strating exceptionally strong competitiveness in the market.

NGS has revolutionized the field of omics; however, its short read lengths have
posed significant challenges for genome assembly, leading to fragmented and incom-
plete draft genomes [23]. Long-read sequencers, also known as third-generation
sequencing (TGS) technologies, have been developed and demonstrated superior
performance in generating high-quality genome assemblies by addressing the limita-
tions of next-generation sequencing (NGS) [24]. Long-read sequencing technologies
are capable of generating reads exceeding 10 kb in length and can even produce
sequences spanning several Mb [25]. Three platforms, including Pacific Biosciences
(PacBio), Oxford Nanopore Technology (ONT), and CycloneSEQ (a nanopore
sequencing technology platform), have contributed to improvements in the integ-
rity and accuracy of genome sequencing and assembly [24]. PacBio, also known as
Single-Molecule Real-Time sequencing (SMRT), has two main modes: Continuous
Long Reads (CLR) and Circular Consensus Sequencing (CCS), which generates
high-fidelity (HiFi) reads. CLR models the typical length of 5-60 kb but the a lower
accuracy (typically of 85-92%) [26, 27].

In 2009, PacBio launched the first long-read sequencer, the PacBio RS, which had
a throughput of only 90 Mb. Then, in 2013, the throughput of PacBio RS II reached
approximately 1 Gb. In 2015, the throughput of the new platform, Sequel, increased
significantly to about 10 Gb. In 2019, PacBio introduced the Sequel I and Sequel Ile
platforms, which enabled the generation of high-fidelity (HiFi) reads with up to 20
Gb of data per SMRT Cell. In 2023, PacBio Revio was launched, generating 360 GB
of HiFi reads using 4 SMRT Cells. In 2024, PacBio launched the Vega, a desktop
sequencing platform, which can generate up to 60 GB of data using each SMRT
Cell. In 2005, Oxford Nanopore Technologies was founded to develop an electronic
single-molecule sensing system based on nanopore science. The first nanopore
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sequencing device, MinION, was used for early project planning in 2014 and formally
commercialized in 2015 with a capacity of 10-25 Gb. Then, GridION was launched

in 2017. In 2018, PromethION beta was launched, followed by PromethION 24 (with
a capacity of 3.8 Tb) and PromethION 48 (with a capacity of 5-7.6 Tb) in 2019. The
BGI Group officially launches another nanopore sequencing platform CycloneSEQ™.
CycloneSEQ-WT02, which was launched on September 9, 2024, supports read lengths
ranging from 100 bp to Mbp, with a maximum capacity of 50 Gb per cell. In 2025, the
G400-ER was reported on March 1st, 2025, with a maximum capacity of 400 Gb per
cell. Some other long-read sequencing platforms may also be laughed at. It is evident
that the sequencing platform market is evolving rapidly, and the competition within
this field is exceptionally intense.

With all the mentioned sequencing technologies, how should we choose the
appropriate sequencing platform for genome assembly? Before the advent of long-
read sequencing technologies, short-read sequencing platforms, such as Illumina
and DNBSEQ, were used to generate draft genomes. Currently, most genomes are
assembled using long reads because these enable the generation of high-quality
genome assemblies. The long read includes PacBio Sequel/HiFi/Revio and Nanopore
Oxford/Cyclone (Figure 3). With HiFi reads, the assembly is not only cost-effective
and highly accurate but also eliminates the need for computing resources-intensive
error correction based on short reads [28]. The Oxford Nanopore/Cyclone tech-
nology can obtain longer reads compared to PacBio, including ultra-long reads
(>100 kb), enabling more effective resolution of complex regions in genomes [29].
The short reads can be used for error correction. 10x Genomics Linked Reads and
single-tube long fragment read (stLFR) can obtain data from long DNA molecules
using cost-effective second-generation sequencing technology. Both technologies can
be used for scaffolding and phasing, as well as diploid genome assembly [30, 31]. For
chromosome-level genome assembly, a genetic map has traditionally been used for
scaffolding based on recombination rates between physical markers (Figure 3) [32].

Long read sequencing platform: Val Short read sequencing -
Nanopore/Ultra-long: ‘ platform: DNBSEQ
Oxl'ord/(llone

OPTION 03 2

Short read sequencing

)

De novo

platform: Illumina =

*a —

EI Hi-C/Pore-C/
Genetic map

Long read sequencing platform :

PacBio Sequel/Revio: 10X Genomics AR
CLR/HiFi stLFR sequencing
Figure 3.

Different sequencing platforms in de novo genome assembly.
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However, many species fail to achieve sufficient family population sizes, which incur
high costs, require extensive time investment, and result in a low anchoring success
rate. Hi-C/Pore-C are economical methods for generating chromosome-scale genome

assembly [33].

4. Genome assembly and algorithms

De novo genome assembly is the process of reconstructing the complete genome
sequence from the reads generated by DNA sequencing technologies. The accuracy
and completeness of genome assembly are primarily influenced by three critical
factors: genome complexity (e.g., repetitive sequences, heterozygosity, polyploidy),
sequencing technology (including read length, read accuracy, and sequencing cover-
age), and genome assembly algorithms (which are closely linked to computational
resources and processing time). In the mentioned sections, sequencing technologies
have revolutionized the genome era. The assembly software and algorithms were
developed to process different types of data. OLC and DBG are two common assem-
bly algorithms in genome assembly (Table 1).

4.1 Genome survey software

Before genome assembly, it is essential to conduct a preliminary survey of the
genome characteristics to determine appropriate strategies. These strategies should
address key considerations such as the selection of sequencing platforms, estimation
of required data, and balancing cost-effectiveness. For genome size determination,
flow cytometry remains the most conventional and widely adopted method because
of its straightforward sample preparation process and high efficiency [34]. K-mer
analysis based on sequencing has become increasingly popular in genome surveys,
as it can be used to estimate genome size, repeat content, heterozygosity levels, and
even polyploidy [35]. Jellyfish has been widely used for the fast and memory-efficient
counting of k-mers [36]. The frequency of k-mers in a sequence can be efficiently
determined using a hash table, which is commonly employed in the analysis of funda-
mental genomic characteristics, including genomic size estimation and calculation of
heterozygosity rates. KMC is a disk-based program designed for efficient counting of
k-mers [37].

Description OLC DBG
(Overlap-Layout-Consensus) (De Bruijn Graph)

Data type compatibility Long reads (PacBio/Nanopore/Sanger) Short reads (Illumina)

Computational complexity  High (O( N%)) Low (O(N))

Repeat region handling Stronger (relies on read length to span Weaker (short k-mers prone to repeat
repeats) interference)

Assembly continuity High (long contigs) Lower (requires scaffolding)

Error tolerance Depends on read quality (HiFi > CLR) Error correction via k-mer frequency

Resource consumption High memory and computational demand ~ Memory-efficient, scalable

Table 1.

The comparison of two common assembly algorithms.
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Subsequent versions, including KMC 2 [38] and KMC 3 [39], introduced signifi-
cant efficiency improvements. Genomic Character Estimator (GCE), developed by
BGI-Shenzhen, is a tool for analyzing k-mer frequency in de novo genome projects.
It features a user-friendly interface and detailed instructions, making its operation
relatively convenient [40]. The k-mer abundance histograms or unique k-mers can
then be utilized for genome survey analysis. KmerGenie is a tool that quickly gener-
ates histograms of k-mer abundances, thereby assisting in the determination of
genome characteristics [41]. Both ntCard [42] and KmerStream [43] are streaming
algorithms designed for cardinality estimation in high-throughput sequencing data.
GenomeScope, another open-source web tool for genome survey, has been widely
used to estimate the overall characteristics of a genome, such as genome size, het-
erozygosity rate, and repeat content [44]. The updated version, GenomeScope 2.0,
provides a detailed mathematical model for resolving heterozygous and polyploid
genomes based on k-mer frequencies [45]. Based on the heterozygous k-mer pairs,
the Smudgeplot model in GenomeScope 2.0 is capable of visualizing and estimat-
ing the ploidy level as well as the structural composition of a genome. In summary,
k-mer analysis is still a robust bioinformatics approach with extensive applications.
However, interpreting the results can be complex and requires experience [46].

4.2 Genome assembly based on Sanger sequencing

Sanger sequencing reads have historically been employed for genome assem-
bly. These reads typically range from 500 to 1000 base pairs in length and are
characterized by their high accuracy. The assembly algorithm follows the Overlap-
Layout-Consensus approach, which involves finding overlaps, laying out reads, and
constructing a consensus sequence. PHRAP, which is based on the OLC method, can
be utilized for the genome assembly of Sanger reads. It performs pairwise compari-
sons to identify overlapping regions between reads and constructs contigs accordingly
[45]. Another assembly software, the Staden Package, is suitable for small-scale
sequence assembly and analysis and is renowned for its reliability and flexibility
[47]. Both Consed and Sequencher software are genome assembly editors designed to
detect assembly errors, resolve conflicts, and enhance the overall quality of genome
assemblies [48]. The FAKII program [49], the GAP4 program [50], and several other
programs were developed. The CAP3 sequence assembly program, designed for BAC
data, was used for assembly [51]. The Celera Assembler was utilized to generate a
consensus sequence through the WGS approach [52]. These software options possess
distinct advantages and limitations, and the selection is contingent upon factors such
as the size of the genome being assembled, the quality of the data, and the availability
of computational resources.

4.3 Genome assembly of short reads

Next-generation sequencing (NGS) is characterized by high throughput and
relatively high cost. Another notable feature of NGS is that it generates short reads,
typically ranging from 100 to 150 base pairs. With the introduction of novel assembly
programs, NGS was rapidly and extensively adopted for many genome assembly proj-
ects. The OLC methods have also been implemented in several short-read assemblers,
including Newbler [53], Fermi [54], CABOG [55], Edena [54], Shorty [56], Forge
[57], SGA [58], and Readjoiner [59]. Due to the short length of reads, overlap strate-
gies are a challenge for genome assembly. The novel assembly algorithm based on De
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Bruijn Graphs was utilized. Since WGS assembly using short reads involves processing
a large volume of data, the k-mer approach has been incorporated into most NGS
assembly software. Different from the OLC method, the DBG methods utilize a k-mer
graph or greedy graph algorithms. Several greedy-based software including SSAKE
[60], SHARCGS [61], VCAKE [62], QSRA [63] were used for short read assembly.
SSAKE is the first tool for assembling short sequence reads into contiguous sequences
through a stringent assembly process.

In k-mer graphs, the “bubble” or alternate path must be addressed and resolved
appropriately. A lot of new or revised assembly k-mer-based software packages,
Velvet [64], Euler-SR [65], ALLPATHS-LG [66], SPAdes [67], ABySS [68], platanus
[69], and SOAPdenovo [70], were utilized for the de novo assembly of NGS data [71].
The platanus software comprises three primary commands: assemble, scaffold, and
gap_close [69]. SOAPdenovo has been widely used to assemble numerous large plant
and animal genomes, as it generates assemblies with relatively long contigs and scaf-
folds. However, this process requires significant computational resources. To achieve
a greater length of assembled contigs or scaffolds, libraries with varying insert sizes
(e.g., 170, 500, 800 bp, 2, 5, 10, 20, and 40 kb) were utilized to obtain whole genome
sequences for genome assembly. Small insert sizes (170, 500, and 800 bp) were
utilized to assemble the contigs, while large insert sizes (2, 5, 10, 20, and 40 kb) were
employed for scaffolding and subsequent gap filling [72].

4.4 Hybrid assembly using short reads and long reads

The short reads have enabled the cost-effective generation of many genomes.
However, the resulting genome assemblies are often of draft quality and fragmented.
With long-read sequencing, the throughput, quality, and read length are increasing
while the cost is decreasing. In the third or fourth-generation genome, short reads were
first used for the initial assembly, and long reads were subsequently employed for gap
closing. Alternatively, a hybrid assembly approach combining both short and long reads
was utilized. Unicycler, which employs a hybrid assembly approach, excels in assembling
bacterial genomes with high accuracy and contiguity [73]. SMARTdenovo demonstrates
excellent performance in handling complex genomes but requires higher computational
resources [74]. With the advent of long-read sequencing, OLC methods have once again
become more widely used. HybridSPAdes can generate accurate assemblies using an algo-
rithm that integrates low-coverage long reads within a hybrid assembly framework [75].

For hybrid assembly, several software tools have been developed to fill gaps using
long reads. LR_Gapcloser is a computational tool designed to fill sequence gaps by
integrating a tiling path-based approach with long-read alignment and precise posi-
tioning algorithms [76]. TGS-GapCloser is a software tool that employs an algorithm
to identify reads spanning gap regions between two contigs within a scaffold and
assigns the best sequence data to close each gap [77]. DENTIST identifies reliable
alignments of long reads, computes a consensus sequence for high base accuracy, and
validates gap closure [78]. GMcloser with likelihood-based classifiers to fill gaps in
assemblies [79]. WENGAN has been demonstrated to be an efficient tool for hybrid
de novo assembly in humans [80].

4.5 De novo assembly with long reads and short-read error correction

Hybrid assembly serves as a transitional stage that follows long-read sequencing,
which is characterized by higher throughput and cost-effectiveness. Then, most of the
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genomes were assembled using long-read sequencing, with short-read error correc-
tion employed just as an assisting tool. Even when long-read data are of high quality
(e.g., PacBio HiFi reads), the step of short-read error correction may be dispensable.
For nanopore and PacBio CLR long reads, their error rates are higher compared to
short reads. To improve assembly accuracy, it is recommended to apply short-read
correction methods.

Due to the long-read sequencing data, the de novo assembly was performed
mainly using the OLC algorithm in conjunction with WGS strategies. For nanopore
and PacBio CLR long reads, several common assembly software include Canu [81],
Falcon/FALCON-Unzip [82], Flye [83], Raven [84], Miniasm [85], MECAT [86],
wtdbg? [87], NECAT [88], and Nextdenovo [89]. Canu’s algorithms include an adap-
tive overlapping strategy based on TF-IDF weighted MinHash and a sparse assembly
graph construction that prevents the collapse of diverged repeats and haplotypes [81].
FALCON-based assemblies can identify widespread heterozygous structural varia-
tions and resolve the haplotype of a diploid genome [82]. Most of these long-read
assemblers follow the Overlap-Layout-Consensus paradigm. The evaluation of differ-
ent assemblers showed that no single assembler performs the best across all evaluation
categories [90].

Error correction is necessary to address the inaccuracies present in the assembled
sequencing using nanopore and PacBio CLR long-read sequencing data. LoORDEC,
which is a k-mer-based approach, uses a combination of long reads and short reads to
perform error correction [86]. RACON generates consensus sequences from overlap-
ping reads [91]. Medaka (https://github.com/nanoporetech/medaka) is a neural
network-based tool developed by Oxford Nanopore Technologies for creating con-
sensus sequences and enhancing the accuracy of sequence assembly. The other tool,
Minimum Error Correction (MEC), analyzes the k-mer frequency and constructs a
graph for error correction [91]. GoldPolish-target, which focuses on specific target
regions for polishing, offers a computationally lightweight approach for base error
correction [92]. Other software, such as Pilon [93] and NextPolish [94], has been
widely used for short-read error correction of assembled sequences. The error correc-
tion of long reads or genome assemblies requires significant computational resources.

For PacBio HiFi reads, error correction is unnecessary. With high-quality long
reads, sequencing coverage of more than 30-fold is sufficient, unlike noisy long reads,
which typically require over 60-fold coverage. HiFi reads are more continuous and
complete, and they are also cost-effective [95]. The assembly algorithms are based
on the OLC approach. Several software tools, including LJA [96], Flye [83], MBG
[97], HiCanu [98], Nextdenovo, and hifiasm [99], have been developed for genome
assembly or resolving haplotypes. Hifiasm is one of the top-performing PacBio HiFi
assemblers, featuring updated frequency models and having released 53 versions to
date. This software is a haplotype-resolved assembler designed for accurate HiFi reads
and can use either nanopore or Hi-C data as input to assist in the assembly process.

4.6 T2T de novo assembly and pangenome

The telomere-to-telomere (T2T) genome era is emerging, where a T2T genome
represents the complete genome assembly that has been successfully achieved for
various organisms, including humans, rice, maize, soybean, and some non-model
species [8]. The T2T assembly of large eukaryotic genomes was completed by inte-
grating ultra-long reads (>100 kb), HiFi reads, Hi-C data, and short reads for error
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correction. In general, T2T assembly algorithms involve several key steps: error
correction of nanopore reads, construction of an assembly graph, simplification of
graphs using ultra-long reads, and phasing and scaffolding aided by Hi-C data [99].
A number of cases were used in the T2T genome, as follows: The primary contigs
were assembled using HiFi reads, scaffolded with Hi-C data, and further refined with
ultra-long nanopore reads for gap closure and resolution of complex regions, includ-
ing telomeres. Short reads were utilized for error correction.

Currently, only two assemblers, HiFiasm [99] and Verkko [100], can integrate
HiFi reads and ultra-long reads to achieve T2T genome assembly. The T2T genome
has advanced rapidly, including the assembly of complex polyploid genomes such
as cultivated peanut [101], common wheat [102]. The T2T genome assemblies can
revolutionize our understanding of repetitive elements and rDNA in gene regulation,
pan-genomics, and functional genomics [103]. What is more, a single genome for
one species is insufficient. The pangenome refers to the comprehensive set of genetic
information encompassed by representative individuals within that species. The
algorithms for pangenome construction involve building a variation graph through
all-to-all alignments. Several software tools, such as PanGenome Graph Builder [104],
Minigraph-Cactus [105], and PanGenome Research Tool Kit (PGR-TK) [106], have
been developed for pangenome construction. Some download software pangenome
analysis pipeline (PSVCP) was also developed for the next step bioinformatics
analysis tools [107].

4.7 Genome assembly evaluation

After de novo assembly, the evaluation involves assessing core metrics to deter-
mine the quality of the assembled genome. Accuracy, contiguity, and completeness
were the three primary criteria for evaluating the assembly. The contiguity evalu-
ation included key metrics such as contig N50 and scaffold N50, the length of the
longest contig and scaffold, as well as the total number of contigs and scaffolds. The
read mapping rate, coverage, and potential contamination can also serve as assess-
ment criteria.

Benchmarking Universal Single-Copy Orthologs (BUSCO) is one of the most
widely used tools for assessing genome completeness based on conserved gene sets
[108]. In actuality, for different species with varying genome sizes, relying solely
on contig or scaffold length is insufficient. Some pipeline tools, such as Genome
Assembly Evaluating Pipeline (GAEP), were developed for assessing the quality,
including detecting misassemblies [109]. GenomeQC is another tool that is easy to
use and integrates various quantitative measures for genome assemblies and annota-
tions [110]. Merqury can estimate base-level accuracy and completeness without a
reference genome using efficient k-mer analysis [111]. Genome Continuity Inspector
(GCI) is a tool designed for evaluating genome continuity at both the single-base and
T2T levels [112]. Some other tools, including QUAST [113] and REAPR [114], are also
used for quality assessment. EvalDNA is a machine learning-based tool designed for
evaluating mammalian genome assemblies [115]. For the assessment of complete-
ness, repeats are complex in plant genomes, making them a crucial factor for evalu-
ating genome quality. The LTR Assembly Index (LAI) estimates the percentage of
intact LTR retroelements, gauging completeness in repetitive genomic regions [116].
In the future, telomeres, rDNA, and centromeres may also be utilized for evaluation
in T2T genomes.
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5. Summary

Genome algorithms and software have been updated across different sequencing
stages. Five distinct phases can be identified based on differing sequencing strategies,
each with associated costs and specific computational requirements. The core genome
assembly algorithms are the Overlap-Layout-Consensus (OLC) and De Bruijn Graph
(DBG) algorithms. However, various solution strategies and software have been
developed based on these algorithms. Some tools are user-friendly, some are resource-

efficient, and others produce higher-quality assemblies. It is difficult to determine
which one is the best based on real data testing, as different species and sequencing
technologies have specific characteristics. In different stages of the genome, the
advantages and limitations of assembly algorithms and software were compared
(Table 2). In the future, machine learning algorithms may be able to solve assembly
problems more effectively [117]. Artificial intelligence (AI)-based DNA assemblers,
particularly for human or species with a reference genome, could significantly
improve accuracy. By training on known sequences, the genomes of other individuals
can be assembled more easily and accurately predicted.

Generation ~ Assembly Core Representative Key Limitations
strategy algorithm software advantages
First- Sanger reads OLC PHRAP, Ultra-high Low
generation assembly CAP3, Celera accuracy throughput,
Assembler (>99.9%), limited to small
simple genomes
workflow
Second- NGS short-read DBG SPAdes, Cost-effective, Fragmented
generation assembly SOAPdenovo, scalable for contigs, fail
Velvet large genomes in repetitive
regions
Third- Hybrid assembly: ~ DBG-based PBJelly, Improved Dependent on
generation NGS short reads hybrid MaSuRCA, continuity, NGS scaffold
assembly, PacBio Unicycler cost-efficient quality, gaps
CLR long reads in complex
gap filling repeats
Fourth- Hybrid assembly: OLC-based Falcon, Canu, Resolves High
generation PacBio CLR/ hybrid Flye repeats, long computational
ONT long contiguous cost, requires
reads assembly, contigs polishing
polished with
NGS short reads
T2T Integration Multi-strategy Hifiasm, Telomere- High cost,
generation of HiFi (high (OLC + graph- HiCanu, to-telomere complex
accuracy), ONT based) Verkko, completeness workflow
ultra-long reads 3D-DNA resolves
(>100 kb), and centromeres
HiC data, phased
assembly +
manual curation
Table 2.

The comparison of assembly algorithm and software at diffevent stages.
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Chapter 3

Multi-Omics in Biological System:
Harnessing the Power of
Multi-Omics-Applications,
Challenges and the Path Forward

Kinjalben Suthar and Nisha Singh

Abstract

The study of complex biological systems is undergoing a transformation through
multi-omics integration, which offers a comprehensive insight into the interplay
between molecular layers such as genomics, transcriptomics, proteomics, and
metabolomics. This chapter provides an introduction to the field of multi-omics,
defining its scope and highlighting the growing need for integrating diverse omics
data to achieve a holistic understanding of biological phenomena. The chapter goes
over the types of omics data and their significance, starting from single-cell multi-
omics data, which offer unprecedented resolution to examine cellular heterogeneity.
Data integration is elaborated further and discussed concerning difficulties in data
source combination with respect to scalability concerns. Some of the approaches and
computational workflows in the integration of multi-omics data are provided with
an overview of the tools and databases used to support the same. Real applications
of multi-omics are described and explained across disciplines that include the search
for biomarkers in disease discovery, personalised medicine, agriculture, and plant
sciences, as well as in systems biology. Finally, technical, computational, and analyti-
cal challenges arising from research work in multi-omics and suggested solutions to
the challenges will be described, after which this chapter will outline potential future
directions in multi-omics that would evolve its full and transformative impact for
opening up new frontiers of biological science discovery.

Keywords: computational tools, data integration, multi-omics integration, single-cell
omics, system biology
1. Introduction

According to ancient scriptures, the entire universe is said to have been created by
Lord Brahma, and he was the first to utter the sacred word “Om” Composed of three

Sanskrit letters-aa, au, and ma-these sounds blended together to form “Aum” or “Om”,
representing completeness and a divine presence that pervades the entire universe.
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In modern science, the term omics comes from the suffix -ome, which represents
totality or completeness. The term “genomics” originated in a 1986 conversation
between Dr. Thomas H. Roderick, who was proposing the journal Genomics. The term
genomics came from the earlier term genome that Hans Winkler introduced in 1920
for the haploid set of chromosomes. While the suffix -ome lacks a confirmed Greek
origin, scholars speculate that -ome may represent wholeness, based on terms such
as chromosome. The holistic nature of omics reflects the comprehensive study of
biological systems [1].

In an analogous manner, “multi-omics” is a combination of “multi”, which means
more than one, and “omics”, a suffix used in the life sciences to signify large-scale
studies aimed at understanding complex biological systems. In order to have a thor-
ough understanding of biological processes, “multi-omics” refers to the integration
of several large-scale datasets. A variety of bioinformatics tools have been developed
which encompasses the synergistic analysis of genomes, transcriptomics, proteomics,
and metabolomics, among other omics domains, to provide a comprehensive under-
standing of complex biological systems [2]. These omics layers each provide distinct
perspectives on molecular and cellular mechanisms that together influence pheno-
typic outcomes.

Multi-omics integration covers domains ranging from biotechnology to envi-
ronmental sciences, agriculture, and personalised medicine. It allows researchers to
identify new biological pathways, discover biomarkers of disease, and predict how
organisms will respond to changes in their environment by linking multiple omics
layers. Shift from studying the individual elements to examining the complex rela-
tionship is very progressive for both basic and applied life sciences. All these areas
have benefited much from multi-omics understanding of the influence of microbi-
ome in health and illness, as well as to increase crop immunity against unfavourable
conditions.

Domains, such as biotechnology, environmental sciences, agriculture, and
personalised medicine, are all covered by multi-omics integration. Researchers are
discovering new biological pathways, finding disease biomarkers, and forecasting
how organisms will be affected by environmental changes by connecting several
omics layers. Just by shifting the focus from examining individual elements to
analysing the complex relationship, this approach is very progressive in both basic
and applied life sciences. Understanding the dynamics of the microbiome in health
and illness, increasing crop yields through stress-resistant cultivars, and clarifying
cancer heterogeneity have all benefited greatly from multi-omics. Multi-omics has
wide opportunity in the future of systems biology and will serve as a foundation for
groundbreaking discoveries [3].

This chapter will give insights multi-omics role in biological systems and its
applications in various domains of biology. The available tools, techniques, and
databases will help to address specific biological questions, challenges related to
multi-omics integrations, and different approaches in multi-omics data integra-
tion. Also, we will discuss about current evolving technologies such as single-cell
multi-omics, spatial multi-omics, and the role of AI-ML. and future prospect of
multi-omics.

1.1Types of omics data

Omics data can be broadly categorised into four major types, each representing a
distinct molecular layer.
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A.Genomics: the study of an organism’s entire genetic material, genomics gives
insights into the genetic variations, mutations, and structural features. Next-
generation sequencing (NGS) has revolutionised genomics, enabling the identi-
fication of mutations and evolutionary patterns [4].

B. Transcriptomics: transcriptome deciphers gene expression patterns under vari-
ous conditions, focusing on RNA molecules. The RNA sequencing technologies
(RNA-seq) reveal how genes are regulated and how they respond to environ-
mental or pathological stimuli.

C. Proteomics: proteins are the functional executors of cellular processes; they
represent a critical layer of information. It is a comprehensive study of proteins
within a cell, tissue, or organism, including their abundance, modifications,
functions, and interactions. Mass spectrometry (MS)-based approaches are used
extensively in proteomics, providing data on protein abundance, modifications,
and interactions [5].

D. Metabolomics: metabolites, small molecules that represent the end product of
cellular processes. Metabolomics employing techniques such as nuclear mag-
netic resonance (NMR) and gas chromatography-mass spectrometry (GC-MS)
uncovers metabolomics and reveals metabolic pathways and their alterations in
response to stress or disease [6].

Emerging disciplines like epigenomics, lipidomics, and glycomics supplement
the integration of these omics layers by contributing more layers to the study of
biological systems. Together, these datasets provide a comprehensive understand-
ing of biological processes and establish the groundwork for an investigation at the
system level. The challenging part is harmonising these diverse datasets to extract
meaningful insights, it calls for advanced computational techniques and interdisci-
plinary knowledge [7].

1.2 Need for multi-omics integration

The biological system is very complex and demands an extensive and integrative
approach that transcends single-omics studies [8]. The dynamic and complex regula-
tion of genes and their functional outputs are not captured by genomics despite the
fact that it offers the blueprint of life. Similarly, each of the omics layers—transcrip-
tome, proteome, and metabolome—captures a distinct aspect of the biological jigsaw
but is incapable of doing so in isolation. This limitation can be well addressed by
multi-omics integration. It combines diverse datasets and enables the reconstruction
of intricate biological pathways and networks [9].

In clinical settings, the requirement for multi-omics integration is evident in preci-
sion medicine. Cancer is a multifactorial disease influenced by genetic mutations,
epigenetic modifications, transcriptomic alterations, and metabolic reprogramming.
These data type integrations can reveal biomarkers for early diagnosis and patient-
specific treatment strategies [10].

Plants are a very diverse and complex class; there are a lot of variations that can be
observed not only from one plant to another plant but also in the same species. The impli-
cation of only one omics approach also gives insights into the plant biological system; to
understand the holistic view of plant function, multi-omics integration can help [11].
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When the gene is inserted into the genome of the biological system to improve
the yield or to develop resistance, however, significant changes can be observed in
the gene expression; many factors play a part, such as epigenetic modification due
to stress, insufficient nutrient availability or cofactor needed for product formation,
suboptimal culture conditions, protein aggregation etc. multi-omics integration can
provide a holistic view to understand this processes. Multi-omics has great potential
in understanding global challenges, including food security and climate change. By
integrating genomics and environmental data, researchers can develop crop resilient
to stressors and understand the economics dynamics. It does not only bridge the gap
between data and actionable insights but also fosters inter disciplinary collaborations
driving innovation across fields.

2. Single-cell multi-omics

The single-cell multi-omics integrates various molecular layers derived from
individual cells, such as transcriptomics, proteomics, epigenomics, and genomics.
This provides a much deeper understanding of biological processes such as devel-
opment, ageing, and the progression of disease [12]. By offering a complete view
of cellular heterogeneity, it helps provide an overall understanding of the various
biological processes involved. These technologies have demonstrated significant
potential in identifying the complex molecular interactions and cellular networks
that characterise states of phenotype. However, there are still a few challenges. From
a technical perspective, the small quantities of biological material that are obtained
from individual cells demand sensitive and accurate techniques for detection and
amplification that sometimes cause inefficiencies [13]. Integrating data from many
omic levels is also computationally challenging and requires complex methods to filter
out biological signals from noise. The high cost of data storage, analysis, and sequenc-
ing also poses a problem [14].

Cell isolation is the first step, using methods like laser capture microdissection,
microfluidics, and fluorescence-activated cell sorting (FACS) in order to save phe-
nomenological and spatial information. After this, molecules get uniquely barcoded,
thus allowing the amalgamation of data and later separation upon sequencing.
Methods of data production are mainly specialised to particular molecular layers; for
example, mass cytometry, ATAC-seq, and single-cell RNA sequencing are associated
with scRNA-seq. To find patterns, correlations, and regulatory processes, integrat-
ing and analysing multi-omics data requires complex computational pipelines and
machine learning methods [15]. In plant science, it has the potential to give insights
into cellular heterogeneity and plant development. The process of organogenesis,
tissue patterning, and cell differentiation elucidates how specific types of cells drive
processes like root adaptation and photosynthetic optimisation. The pathways in
plants are so interconnected that cross-interactions occur; it is a bottleneck in the
phytopharmaceutical industry. Alterations are observed in plant cell lines by identify-
ing specific cells responsible for generating secondary metabolites of our interest. It
also gives new insights into cellular interactions between pathogens and plant cells
[16]. With continuous technical developments targeted at improving resolution, sen-
sitivity, and the simultaneous profiling of many omic layers, single-cell multi-omics
has a bright future. Cellular data will be further contextualised within their natural
surroundings through integration with spatial omics. Applications in developmental
biology, such as tracking lineage trajectories, and in precision medicine, like the
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development of treatments tailored to tumour or immune profiles, could revolution-
ise both research and clinical practice, in plant biology toward innovations in sustain-
able agriculture and crop enhancement.

3. Data integration in multi-omics

The core concept of system biology is data integration in multi-omics, which com-
bines a range of datasets to provide insights into intricate biological processes [17].
To explain the mechanism behind the differences in phenotypic and disease patho-
genesis, multi-omics integration aims to comprehend linkages across the omics layers
of transcriptomics, proteomics, metabolomics, and genomics. However, processing
diverse and high-dimensional data, variations in nomenclature, and the absence of
common methods are some of the major obstacles that arise with the integration of
multi-omics data [17].

3.1 Challenges in data integration

The integration of multi-omics data is a promising approach to understanding
complex biological systems; however, there are several challenges that need to be
addressed. The main problem lies in data heterogeneity across the omics layers, which
include genomics, transcriptomics, proteomics, and metabolomics, as each layer var-
ies in type, scale, and format because of differences in sample collection, analytical
platforms, and pre-processing protocols [18, 19]. Moreover, issues such as overfitting
and computational inefficiency are frequently caused by the high dimensionality of
multi-omics datasets, which have a large number of variables in comparison to the
number of samples, particularly in statistical and machine learning models [20].

In addition, incompleteness of the dataset is a major challenge, as comprehensive
multi-omics profiles are seldom feasible due to financial constraints, sampling issues,
or technological constraints. Partially overlapping datasets thereby result in more dif-
ficult integration attempts. Also, lack of uniform data pre-processing and integration
protocols impedes reproducibility and comparison among studies [21]. Combining
partially overlapping datasets from different sources complicates the integration
process, but new methods like covariance-based approaches for merging relationship
matrices promise a bright future for improving genomic prediction and inferences of
trait relationships [22]. However, data heterogeneity remains the greatest obstacle to
effective big-data analytics and calls for interdisciplinary cooperation as well as data
sharing across institutional boundaries [23].

The biological complexity of interactions across omics layers complicates the
interpretation of integrated data. Interactions are driven by both genetic and environ-
mental factors, which introduce feedback loops that are hard to disentangle. Tools and
methods for integrating multi-omics data have been developed for various applica-
tions. However, there are challenges in data cleaning, normalisation, dimensionality
reduction, and biological contextualisation [7]. The integration of diverse omics
datasets aims to bring unprecedented insights into cellular systems. However, there
are limitations put forth by the integration, interpretation, and insight generation [7].

Identifier mapping and annotation issues are worst with regard to lipidomics and
metabolomics. Statistical analysis is a concern for integration since every layer of
omics and analytical methods has varying noise and variability [24]. Metabolomics
focuses on metabolite analysis and is especially useful for enlightening cellular
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phenomena, but only if integrated with other data to acquire a comprehensive
understanding [25]. Some tools exist for metabolomic data analysis and integration,
including MetaCore, MetaboAnalyst, InCroMAP, and 30mics, which have different
strengths and weaknesses [25].

Some layers, like transcriptomics and metabolomics, are extremely susceptible to
environmental and temporal influences. As a result, they need to be sampled care-
fully in order to collect significant insights [26]. Last but not least, despite the rise in
popularity of data-driven methods like machine learning, their usefulness in reaching
biological findings that can be put into practice is significantly limited by the inability
to comprehend the results that are frequently obtained from these methods [17].

To fully realise the potential of multi-omics integration, these obstacles must
be overcome by a mix of data-driven and knowledge-based methodologies, strong
computational frameworks, and interdisciplinary partnerships.

3.2 Scalability and scopes of multi-omics integration

Integrating multi-omics data has now become essential in advancing our under-
standing of complex biological systems and enhancing clinical outcomes [27]. It will
help the researchers in integrating the complementary information from diverse
omics layers to gain a holistic view of diseases and cancers in medical science, crop
yield, disease resistance, tolerance against abiotic and biotic stresses, and how
environmental changes such as global warming are affecting overall biodiversity. The
applications of multi-omics are discussed in depth later in this book chapter.

Scalability of multi-omics integration:

A.Integration strategies: Strategies in combination have been developed early,
mixed, intermediate, late, and hierarchical to integrate omics datasets with
different advantages on the scalability of the data [28]. Researchers are able to
handle large-dimensional data in an effective way across different biological
domains.

B. Technological advancements: High-throughput technologies have now advanced
to incorporate sophisticated sequencing platforms and mass spectrometry, al-
lowing large-scale omics datasets to be generated. Challenges include, however,
bottlenecks such as sequencing depth, variability in sample preparation, and
limitations in measurements [29].

C. Algorithms and tools for computations: More tools and algorithms have been
designed to deal with the scalability challenges of multi-omics integration. The
applications of such tools are, for example, in the prediction of biomarkers, data
visualisation, and disease subtyping, making it easier for researchers to handle
complexity when integrating various datasets [2].

3.3 Limitations and future directions in multi-omics data integration

Despite technological progress, challenges persist. These include the need to
align gene and protein expression rates, handle heterogeneous data types, and meet
the computational demands of large datasets. Additionally, the lack of standardised
workflows and protocols further complicates scalability [29]. The field is moving
toward the development of more sophisticated integration methods that can fully
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leverage multi-omics data. These include hybrid computational frameworks that
combine knowledge-based and data-driven approaches, as well as distributed com-
puting and federated learning systems to handle large datasets. Enhanced interdis-
ciplinary collaboration will also help overcome scalability barriers and expand the
applications of multi-omics in precision medicine [27].

3.4 Data integration approaches in multi-omics

In multi-omics data integration, approaches are divided into strategic approaches
and mathematical approaches. These integration approaches are somewhat similar,
but for detailed understanding, they are classified in strategic approaches and math-
ematical approaches.

3.5 Strategic approaches
3.5.1 Knowledge-based approach

Knowledge-based approaches depend on carefully curated external information,
such as pathway databases, protein-protein interaction networks, and regulatory
maps, to interpret and integrate multi-omics datasets. These approaches contextualise
data within established biological frameworks, which enables meaningful insights into
complex systems. Resources such as the Kyoto Encyclopaedia of Genes and Genomes
(KEGG), which links genes and proteins to metabolic and signalling pathways, and
Reactome, which organises human biological processes into temporally structured
reactions. Tools such as STRINGS offer confidence score-based protein-protein
interaction networks based on experimental data, co-expression analysis, and compu-
tational predictions. Set-based enrichment analysis maps omics entities to functional
annotations, identifying pathways or processes enriched in significant genes or
metabolites. Techniques such as Over Representation Analysis (ORA) and Functional
Set Enrichment Analysis (FSEA) extend these capabilities through the inclusion of
statistical tests and quantitative data. Secondly, olic modelling (CBMM) relies on
genome-scale metabolic models (GEMs), which are fine-tuned through experimental
omics data. Challenges exist, such as identifier iplete database annotations. However,
a biologically founded strategy for integrating multi-omics is provided through
knowledge-based approaches. Many applications are there, not just limited to disease
research, metabolic engineering, and personalised medicine, so there is no possible
way to miss the importance in interpreting complex biological data [17].

3.5.2 Data-driven approach

Data-driven approaches discover patterns, relationships, and dependencies in
multi-omics datasets without being dependent on much prior biological knowledge.
Such approaches are useful in exploring high-dimensional heterogeneous data to
reveal novel insights or to handle poorly annotated datasets. Techniques like cluster-
ing (k-means, hierarchical clustering) group entities according to shared molecular
patterns, thereby uncovering co-expression modules and functional similarities.
Dimensionality reduction techniques, including principal component analysis
(PCA) and t-SNE, reduce the complexity of large datasets while retaining important
relationships, which helps in visualisation and the identification of contributors to
biological variation.
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Network-based approaches construct interaction networks where nodes repre-
sent biological entities, and edges reflect statistical or functional relationships. The
developed algorithm takes further steps to refine these networks and identify key
regulatory interactions, integrating specific layers of omics, such as transcriptomics
and proteomics, to detail molecular pathways. Machine learning models extend
data-driven methods further for prediction of phenotype, biomarker discovery, and
pathway identification [17].

However, the technique faces challenges posed by heterogeneity across omics
layers, mainly in scale and variability, but also in interpreting output from machine
learning models, whose functioning often borders on the mystery of “black boxes.”
Apart from these problems, constant increases in computational facilities and big-
data infrastructure improve the feasibility and scalability of these approaches. Data-
driven discoveries are critical toward revealing new system insights and precision
medicine to lead targeted interventions for systems biology research [30].

3.5.3 Hybrid approach

A sophisticated way for integrating data from several omics, the hybrid approach
combines data-driven and knowledge-based methods to reveal complex biological
connections across multiple omics layers. This hybrid paradigm combines data-driven
methods to find innate patterns in datasets, such as correlation and statistical link-
ages, with knowledge-based methods that use curated biological data from databases
like KEGG, Reactome, and STRING. Hybrid approaches create unified, multi-layer
networks containing biological entities as nodes and their interactions as edges by
bridging information from various technologies or research, even if their profiles
are partially overlapping or discontinuous. As a result, regulatory, enzymatic, and
co-expression interactions can be fully represented and enhanced by both data-driven
linkages and previously known pathway information [17].

3.6 Methodological approaches
3.6.1 Element-based integration

Element-based integration is one of the foundational approaches in multi-omics
data integration that focuses on identifying direct relationships between individual
elements, such as genes, proteins, and metabolites, across different omics layers.
Normally it relies on correlation analysis, clustering, and multivariate statistical
techniques to find interactions and shared patterns. As a specific example, correla-
tion analysis typically relies on methods such as Pearson or Spearman coefficients
for determining the strength and directions of associations among datasets, like
transcript-protein interactions. Often, correlations may be weak simply because
biological processes are so complex, such as post-transcriptional modifications. The
analysis of clustering by using tools like k-means or random forest will group ele-
ments based on similar expression patterns, which would allow the identification of
stage-specific molecular clusters or regulatory mechanisms, such as stress responses
in plants. Multivariate analysis, which includes methods like PCA or OPLS-DA,
helps reduce the dimensionality of the data and is useful for visualising patterns
across omics layers. These approaches are crucial for exploring dynamic relation-
ships and networks between omics elements, such as connecting proteomics and
metabolomics to understand metabolic adjustments under environmental stress [29].
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The element-based integrative approach is intuitive and straightforward; its primary
limitation is that it is unable to capture the complexity of molecular interactions
across systems, and therefore, it is most effective when used as a complement to more
advanced integration strategies [29].

3.6.2 Pathway-based integration

The pathway-based integration involves the use of known biological pathways to
integrate and interpret multi-omics data through a biologically intrinsic framework used
to study the complex interactions that occur at a molecular level [31]. Such a reconstruc-
tion occurs by mapping the omics data on pathway databases, such as KEGG, MapMan,
or Cytoscape. Researchers can visualise interactions among genes, proteins, and metabo-
lites to analyse. Pathway mapping is a popular method where omics data are aligned with
predefined pathways to identify enrichment patterns and agitation in specific biological
processes. For example, integrating transcriptome and metabolome data can be used
to reveal pathway disruptions in stress-tolerant plants or disease states. Co-expression
analysis, using tools such as Weighted Gene Co-expression Network Analysis (WGCNA),
builds networks that reveal key modules and hubs, deepening the understanding of
molecular mechanisms and regulatory hierarchies. Pathway-based integration is particu-
larly effective in identifying functional relationships and interpreting multi-omics data
in the context of known biology. However, for novel or poorly characterised systems,
it entirely depends on pathway annotations that may be incomplete and inaccurate.
Pathway-based integration provides a robust platform for generating biologically relevant
insights, mainly in areas of systems biology, plant science, and medical research [32].

3.6.3 Mathematical-based integration

It is a highly sophisticated approach in multi-omics, which makes use of math-
ematical models to stimulate, analyse, and predict biological processes by integrating
datasets from multiple omics layers. It is a hypothesis-driven approach and aims to
unveil dynamic relationships and causal interactions among genes, proteins, and
metabolites. The most notable method is differential equation modelling, in which
equations describe changes in the system components with respect to time and allow
the prediction of molecular behaviour under certain conditions. For instance, ordinary
differential equations have been used to predict protein dynamics and metabolic fluxes
and provide insights into biological responses. Genome-Scale Modelling (GSM),
another advanced method, where a comprehensive metabolic network is constructed to
simulate an entire cellular system. Tools such as the PlantSEED model metabolic flux to
predict the impact of genetic or environmental uncertainty on pathways. This approach
enables researchers to investigate complex biological mechanisms, such as lignin bio-
synthesis or metabolic adaptation in plants, with very high precision. However, integra-
tion via mathematical bases is computationally resource-intensive and requires a deep
understanding of biological systems, as well as time to develop and validate the model.
Despite these challenges, it offers unparalleled insights into the functional integration
of omics layers and works as a valuable tool for predictive and systems biology [11].

3.7 Artificial intelligence and machine learning

Artificial intelligence and machine learning integration into multi-omics data
analysis has transformed the field by enabling the combination and interpretation
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of complex molecular datasets, including genomics, transcriptomics, proteomics,
metabolomics, and epigenomics. It does provide a comprehensive view of biological
systems but is inherently challenging due to the complexity, high dimensionality of
the data, and data heterogeneity. AI-ML approaches are addressing and are potent to
address these challenges by facilitating data integration, dimensionality reduction, fea-
ture selection, and predictive modelling. Techniques such as similarity network fusion
(SNF) and multi-omics factor analysis (MOFA) enable the flowless integration of
contrasting omics layers, while dimensionality reduction methods such as PCA, t-SNE,
and autoencoders reduce complexity while preserving meaningful biological patterns.
ML-based clustering algorithms, such as k-means and hierarchical clustering, help in
the identification of disease subtypes and patient stratification, while predictive mod-
els like random forests, support vector machines (SVMs), and deep neural networks
(DNNs) give insights into clinical outcomes and therapeutic targets. Additionally,
advanced imputation strategies, such as generative adversarial networks (GANs) and
denoising autoencoders, address missing data, an important issue in multi-omics.

Several challenges still remain, despite this advancement. The heterogeneity of
omics datasets, ranging from binary genomics to continuous omics data, complicates
multi-omics integration. High dimensionality introduces risks of overfitting, while
missing values and batch effects further hinder data harmonisation. Many ML
models, particularly deep learning approaches, are considered “black boxes,” making
it complex to interpret results in a biologically meaningful way. Moreover, the com-
putational resources and expertise required for these methods can limit accessibility,
mainly for smaller research groups.

The future of AI/ML in multi-omics is promising, with several emerging trends.
Explainable AI models are being developed to enhance the interpretability of ML
outputs, using techniques such as SHAP (Shapley Additive Explanations) and LIME
(Local Interpretable Model-Agnostic Explanations). Single-cell and spatial multi-
omics integration will enable deeper insights into cellular heterogeneity and tissue
microenvironments. Advancing fields such as cancer research and developmental biol-
ogy. Real-time analysis of dynamic systems may improve in areas such as dynamical
modelling using generative models like GANs and variational autoencoders (VAEs) in
creating synthetic data as a form of imputation. Generative models stimulate multi-
omics data in attempts to cover up missing values to generate new artificial datasets.
Democratising access to cloud-based systems and accessible platforms is foreseen
to help access AI-ML applications in scale through a scientific crowd. Furthermore,
AI-ML is going to be the enabler of breakthroughs in precision medicine and drug
discovery by integrating patient-specific multi-omics data with clinical outcomes that
would help in identifying personalised therapies and novel drug targets.

AI-ML has dramatically altered multi-omics integration, enabling it to bypass the
in-built complexities. It possessed and finally unlocked the hidden possibilities for
holistic biological analysis. Even so, problems related to data heterogeneity, model
interpretability, and missing values persist. Future advancement will eliminate these
multidisciplinary multi-omics, fuelled by AI-ML, which will lead to system biology,
crop improvement, and precision medicine with the capability of changing the cur-
rent paradigm in understanding complex biological processes.

3.8 Workflow pipeline

A multi-omics pipeline can be customised to analyse a single-omics layer across
different conditions or integrate several omics layers for a holistic view of one
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condition. In studying one layer of omics across several conditions, the pipeline
starts with standardised sample harvesting across different experimental settings,
for example, stress versus control or conditions treated versus nontreated. After the
generation of data, the next steps are quality control and normalisation in order to
reduce experimental biases. Differential expression analysis does statistical analyses
that single out changes specifically conditioned for their genes, proteins, or metabo-
lites. These are in turn mapped to biological pathways or networks using databases
like KEGG or Reactome [26]. Visualisation tools such as heatmaps, together with
clustering methods, can further help depict the features distinguishing conditions so
one can better understand condition-specific molecular responses [33].

In contrast, bringing together data from multiple layers of omics under the
same condition entails data generation from various omics platforms that involve
genomics, transcriptomics, proteomics, and metabolomics with the use of identi-
cal biological samples. To ensure uniformity, quality control and normalisation
are applied separately to each omics dataset. Feature extraction methods include
principal component analysis and machine learning, which identify important com-
ponents in datasets. For data integration, advanced computational methods such as
MOFA or DIABLO are used. These methods align the omics layers either vertically or
horizontally to bring out molecular linkages [33]. A full understanding of the situa-
tion is obtained through pathway enrichment and network studies, which correlate
the integrated data to biological processes. The last steps include validation using
experimental or database references and result visualisation by using integrative
tools like Circos or Sankey diagrams. Combining these processes offers an extremely

Identify the Data Collection and Preparation
& biological question M h _
Y E E E Stx Acruiacon Data Quality Contral
‘ * Genomics & PRaw Data GG Filtering
X 2 Meubolames | pagc |
i Transeripeamics T¥e. O T Remoue
(&g, treatment conditions, et i) mursige | |Un‘w\;‘l;1;:w|d|
species, tissues). e, SR E———— ot

Genomics: Variant calling (GATK, FreaBayes)
{M‘%} e ¢ Annotation (ANNOVAR, Ensambl VER).
~o~

Transcriptomics Alignment (STAR, HISAT2)

Feature Mapping, Multiomics Tools Statistical Analysis . Quantification (Salmon, Kallisto)
Genes « MOFA: Multiview analysis. ) ﬂ*. Peptide identi (Mazcor,
i o i da ek mppropcata stagscal. | Metabolomics: Peak detection (XCMS, MZmine),
identifiors M o [Ctustar: Clstaring for imtegratve | W tests. i mekabolite identification.
Matabolites {e.4, Ensembl 104) anatysis, ; Data
= . MIN 2 * Aoty b | Epigenomics:  Peak calling IMACS2),
Epigenetic marks data. (64, G0, KEGT. | preprocessing F " m.emlul?hmlmmhmul!
% Biological Interpretation
* Network Analysis: Cytoscape for
regulatory networks.
7 . Dimensionality Reduction: PCA, L-SNE, * ;3} g
UMAP for high-dimensional data =2
- Pathway Visualization: KEGG Mapper,
o, ; Gross-validation Functianal Validation
6.4, CRISPR, QPCR).
Reporting and Documentation
o
e ) e
1113 5 (@ Githu) b
DRYAD
Detailed reports with metheds, results, and interpretations. Data and script sharing using repositories

Figure 1.
Generic pipeline of multi-omics.
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potent framework to identify system-wide interactions in a given context or molecu-
lar alterations across situations. The generic pipeline of multi-omics study has been

illustrated in Figure 1.

4. Computational tools and databases

Recent developments in multi-omics technology have revolutionised biological
research by providing previously unheard-of insights into disease causes and cellular
processes. To evaluate and combine these intricate datasets, a plethora of data-
bases and computational tools have been created. An overview of more than 4400
web-accessible tools for multi-omic data processing may be found in OMICtools, a
manually curated meta database [33]. The knowledge about cellular dynamics and
heterogeneity has been further improved by the development of single-cell multi-
omics [12]. Nevertheless, the integration of multiple omics data is still a difficult task,
which has led to the creation of numerous computational techniques that make use of
network theory and machine learning [14]. Methodologies are crucial for developing
precision medicine and system biology, providing researchers and clinicians with new
ways to analyse and apply the abundance of multi-omics data [12, 34]. Table 1 lists
the many types of tools and resources that help with the execution of a multi-omics
workflow, along with examples for each category. Apart from these datasets, there are
many more, and according to need, they are carefully chosen.

Sr.no  Tool/software

Purpose

Link

Popular/emerging multi-omics tools

1 mixOmics A tool with a framework that provides wide range of http://mixomics.org/
multivariate statistical methods for exploratory data
analysis (EDA). This involves feature identification,
extraction and selection.

2 MOFA A probabilistic multi-omics factor analysis-based https://github.com/
framework that involves EDA and data integration. bioFAM/MOFA
(Unsupervised)

3 SNF 3 A multi-view network and fusion analysis https://cran.r-project.org/
framework for feature extraction, pairwise similarity, = web/packages/SNFtool/
clustering, classification, etc. index.html

4 miodin A multi-level statistical framework involving vertical https://algoromics.gitlab.
and horizontal integration of multi-omics data. io/miodin/

5 Paintomics A web-based systems biology tool for multi-omic www.paintomics.org
integration and visualisation across multi-species.

6 30mics A web-based application for integration and analysis https://3omics.cmdm.tw/
of multi-omics data.

Data sharing

7 OmicsDI An aggregated database facilitating the discovery of http://www.omicsdi.org
heterogenous published omics datasets across studies.

8 Zenodo A general-purpose open-access data, softwares, etc., https://zenodo.org/
repository that allows user to obtain a citable DOIL

9 OSF An open platform to enable collaboration by https://osf.io/

registering research projects, materials, data and
documentation.
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Sr.no  Tool/software Purpose Link
Code Sharing
10 GitHub A version-controlled code sharing and collaborative https://github.com/
platform.
1 BitBucket https://bitbucket.org/
12 GitLab https://about.gitlab.com/
Workflow Sharing
13 Common An open standard for describing analysis workflows https://www.commonwl.
Workflow which makes them portable and scalable across a org/
Language variety of software and hardware environments.
(CWL)
14 Nextflow An enterprise level workflow language for writing https://www.nextflow.
scalable and reproducible scientific pipelines. io/ Di
15 Snakemake A workflow language for writing scalable and https://snakemake.
reproducible scientific pipelines. readthedocs.io/en/stable/
Environment Sharing
16 Conda A package manager and computation environment https://docs.conda.io/en/
management system. latest/
17 Bioconda A channel for the conda package manager specialising  https://bioconda.github.
in bioinformatics software. io/
18 Docker A container platform that provided OS-level https://www.docker.com/
virtualisation for providing reproducible computation
environment.
19 BioContainers A community-driven project that provides docker- https://biocontainers.pro/
based containerised bioinformatics software.
20 renv A R-package that helps create reproducible https://rstudio.github.io/
environments for R-based projects. renv/
Data Visualisation
21 Shiny A framework in R for doing GUI-based interactive https://shiny.rstudio.com/
applications.
22 Plotly A cross-language interactive plot library. https://plotly.com/
23 bokeh A Python library for Interactive data visualisation in https://bokeh.org/
browser.
24 D3,js A JavaScript library for producing dynamic, https://d3js.org/
interactive data visualisations in web browsers.
25 Cytoscape A platform for network data integration, analysis, and  https://cytoscape.org/
visualisation.
Table 1.

This is a list of emerging and popular multi-omics tools and platforms for data visualisation, workflow,
environment sharing, code sharing, and data sharing. The table is adapted from Jamil et al. [11].

5. Application: the transformative potential of multi-omics

Multi-omics is the integration of several high-throughput technologies for the
analysis of intricate biological systems at various molecular levels. It can be used in a
wide range of life science fields. Several of its primary uses are illustrated in several

domains:
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5.1 Agriculture and crop improvement

Since multi-omics integration has made it possible to understand the molecular
mechanisms underlying significant traits, scientists can find genes, proteins and
metabolites linked to disease resistance, abiotic and biotic stress tolerance, and yield
enhancement by integrating different omics layers. These discoveries contribute to the
creation of crops that can withstand climate change and biofortified crops that have
more nutritional value. By clarifying the processes of heterosis and locating indica-
tors for superior hybrids, multi-omics also helps with hybrid breeding. Additionally,
it speeds up genetic prediction and marker-assisted selection, reducing the time and
expanse. Sustainable agriculture can be supported by the integration of multi-omics
with soil and microbiome study, which improves nutrient uptake and stress manage-
ment. Secondary metabolism applications enhance crop quality by maximising natural
pest control, flavour, and aroma. Additionally, multi-omics informs conservation
strategies by characterising genetic resources and domestication processes. By integrat-
ing multi-omics with advanced computational tools and precision phenotyping, plant
breeding can achieve breakthroughs in productivity, sustainability, and food security.

5.2 Health and medical science

Multi-omics integration is revolutionising personalised medicine because it provides
comprehensive understanding of molecular mechanisms behind health and disease. It
discovers diagnostic, prognostic, and predictive biomarkers and therapeutic targets by
integrating genomics, transcriptomics, proteomics, metabolomics, and epigenomics.
Multi-omics can be used for the prediction of drug response [12]. Optimised treat-
ment regimens tailored to the individual patient would be possible in cancer precision
medicine, characterising tumour heterogeneity, and guiding targeted therapies or
immunotherapies [34]. It also aids in management of metabolic disorders by uncover-
ing disrupted pathways for personalised dietary and pharmacological interventions.
Epigenomics adds insights into DNA methylation and chromatin dynamics, thus
supporting the development of patient-specific epigenetic therapies. There are many
diseases whose mechanisms are unknown even to scientific communities and inte-
grating multi-omics will give insights into disease epidemiology. In neuroscience, it
unwinds the genetic, molecular, and metabolic basis of neurodegenerative diseases such
as Alzheimer’ and Parkinson’s and thus aids in the identification of biomarkers and
drug targets. For regenerative medicine, breakthroughs gained by multi-omics promise
betterments in basic research on stem cells, tissue regeneration, and organ trans-
plantation by insights into cellular differentiation and tissue repair with consequent
improvement in the therapeutic index. Multi-omics integration accelerates the process
of vaccine development; in the disease outburst, it plays a crucial role to find the most
potent medicine in case of antimicrobial resistance. In addition, single-cell multi-
omics increases precision by revealing cellular heterogeneity and individual treatment
responses. With the integration of Al and machine learning, multi-omics further
refines predictive models, paving the way for personalised interventions that improve
outcomes and reduce adverse effects across diverse medical conditions (Figure 2).

5.3 Systems biology

Multi-omics integration is the cornerstone of systems biology, which enables the
comprehensive understanding of complex biological systems by integrating data from
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Figure 2.
Application of muti-omics in plant science, medical and clinical science, animal science, system biology, and
environment science.

genomics, transcriptomics, proteomics, metabolomics, and epigenomics. It facilitates
the reconstruction of gene regulatory networks, protein-protein interactions, and
metabolic pathways and provides insights into cellular processes and disease mecha-
nisms. Multi-omics has driven drug development discoveries, especially in target
identification, predicting toxicity, and modelling drug metabolism, while pushing
forward synthetic biology with the design of optimised biological circuits. In ecol-
ogy and microbiome research, it shows interactions between microbial communities
and their environments. In addition, multi-omics increases the annotation of poorly
understood genes and pathways, models stress responses, and supports evolution-
ary studies by decoding changes in regulatory networks. By integrating diverse data
layers, multi-omics empowers systems biology to address complex challenges in
medicine, agriculture, and biotechnology.

5.4 Environmental and ecological studies

Multi-omics technologies have transformed environmental and ecological
sciences by providing a comprehensive understanding of organisms and eco-
systems at the molecular level. By identifying their functions in biogeochemical
cycles and the breakdown of pollutants in soil, water, and air, these methods aid
in the characterisation of microbial populations. Additionally, multi-omics helps
conserve biodiversity and restore ecosystems by revealing the molecular mecha-
nisms behind organismal responses to climate stressors such as drought, salt, and
temperature fluctuations. It advances research on nutrient cycle, soil health, and
host-microbiome interactions, supporting environmentally resilient practices
and sustainable agriculture. Multi-omics clarifies the functions of microbial and
plankton communities in carbon sequestration and nutrient cycling in marine and
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aquatic environments. By locating and refining pathways for pollution breakdown,
it also promotes bioremediation. Multi-omics offers vital insights for ecological
conservation and sustainable environmental management by combining many
biological layers.

5.5 Metabolic engineering and biotechnology

In metabolic engineering, multi-omics integration to identify key genes, enzymes,
and pathways that control the production of desired metabolites. This enables
optimisation of microbial and cellular factories for efficient production of biofuels,
pharmaceuticals, food additives, and industrial chemicals. Understanding the interac-
tions between different molecular layers allows researchers to design strategies to
enhance metabolic fluxes, eliminate bottlenecks, and improve yield and sustainabil-
ity. Synthetic biology involves multi-omics in the rational design of synthetic circuits
and biological systems through insights into natural interactions and regulatory
mechanisms of organisms. Genomic and transcriptomic data inform the choice and
modification of genetic parts, while proteomic and metabolomic analyses are helpful
in validating functional performance and assessing the impact of synthetic constructs
on host metabolism. In addition, multi-omics helps in the design of minimal genomes
and chassis organisms tailored toward specific applications while achieving stability
and performance in engineered systems.

Multi-omics-based approaches are also crucial in troubleshooting and optimisa-
tion of engineered pathways. The interaction of data from different layers of omics
can reveal unintended metabolic byproducts, off-target effects, and regulatory
feedback loops. Thus, data iteration is possible for refinement of designs. This
systems-level understanding accelerates the development of robust and scalable
synthetic biology applications, including biosensors, bioremediation tools, and novel
therapeutics. Multi-omics thus serves as a cornerstone for advancing the fields of
metabolic engineering and synthetic biology, bridging the gap between design and
functionality in engineered biological systems.

6. Challenges and limitations

Multi-omics research is associated with many challenges, most of which are
related to the challenges of individual omics analyses [7]. These challenges are
compounded when integrating multiple omics datasets, introducing additional
complexities such as data fusion, clustering, visualisation, and functional
interpretation [9, 11].

6.1 Pre-integration challenges

Before integrating several omics datasets, harmonisation issues need to be
addressed. Most datasets require specific pre-processing steps, such as normalisation,
scaling, and transformation, that are unique to their characteristics. These differences
can make integration challenging and time-consuming. For instance, large-scale stud-
ies with thousands of samples have constraints in terms of the data volume, which
increases computational demands and storage requirements.
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6.2 Technical challenges
6.2.1 Mapping and annotation difficulties

The primary challenge involves mapping identifiers across datasets, for example,
mapping genes to their corresponding transcripts or proteins. In most cases, such
mappings are not one-to-one. This mapping becomes very difficult for some of the
omics, especially for metabolomics [9]. It usually demands the usage of external data-
bases such as RefSeq or KEGG. These, however, may have low coverage for specific
omics. For instance, metabolites are not found in RefSeq, and in some cases, their IDs
could be outdated since sources update late, as seen in KEGG that is dependent on
older RefSeq data. Also, the depth of molecular identification differs significantly:
although genomic annotations are comprehensive, the phosphoproteome is not yet
complete, and identification of metabolites is still the major bottleneck. These are
being addressed through new tools and approaches, including metabolite set enrich-
ment analysis, pathway visualisation, and text mining [26]. Improvements in metabo-
lite annotation in pathway databases, like WikiPathways, have led to a substantial
increase in the number of annotated metabolite nodes and interoperability through
FAIR principles and web services [35].

6.2.2 Data heterogeneity

The variability in data types across omics (e.g., transcriptomic counts vs. metabo-
lomic concentrations) and the complexity of their relationships highlight the inherent
challenges of integrating multi-omics data [36]. These difficulties are especially evi-
dent in biomedical studies focusing on humans, where heterogeneity is amplified by
diverse data sources [36]. By addressing these technical and computational barriers,
multi-omics integration can become a more robust tool for understanding complex
biological systems and advancing precision medicine.

6.3 Computational and analytical challenges

Multi-omics research presents significant computational and analytical problems
in addition to technical ones. The intricacy of combining sizeable, high-dimensional
datasets from many omics layers and extracting significant biological insights from
them is the main cause of these difficulties [2, 11].

6.4 Dimensionality reduction and representation

Multi-omics datasets are typically high-dimensional, meaning they contain many
variables (features) that may not all be relevant to the biological question at hand.
Dimensionality reduction is a key step used to reduce the number of features while
preserving the essential relationships between them. To visually depict these relation-
ships and to find patterns, outliers, and sources of variation (batch effects), methods
such as principal component analysis (PCA), t-Distributed Stochastic Neighbour
Embedding (t-SNE), and Uniform Manifold Approximation and Projection (UMAP)
are frequently employed [2, 11]. The variations in the nature of data across many
omics layers, including transcriptomics, proteomics, metabolomics, and genomes,
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make it difficult to apply dimensionality reduction to multi-omics data. Determining
the optimal representation technique is challenging since feature relationships might
be either linear or non-linear. Furthermore, no approach has been shown to be effec-
tive for all kinds of biological data. Therefore, the best option for dimensionality.

6.5 Multicollinearity and non-linear relationships

Another significant computational challenge is multicollinearity. Which occurs
when several features in the datasets have a strong correlation with one another.
This problem is especially prevalent in multi-omics studies because distinct omics
layers may capture related biological signals. For example, there could be a correla-
tion between standard statistical methods that sometimes assume that features are
independent of one another; they might find it much harder since complex biological
interactions can be hard to capture by traditional methods such as PCA or linear
regression. Relationships between DNA, RNA, proteins, and metabolites are fre-
quently better represented in the setting of gene regulatory networks (GRNs) by non-
linear techniques like mutual information (MI)-based networks, which have been
demonstrated to function better in these situations than linear models. GRN infer-
ence has been further transformed by single-cell multi-omics data, which enables
more thorough and accurate network reconstructions. But there are still difficulties in
creating techniques that can completely utilise these intricate datasets potential [37].
Advanced statistical and machine learning techniques are currently being developed
and optimised.

6.6 Integration of different data layers

One of the most difficult parts of multi-omics analysis data from several omics
layers is the integration of different multi-omics data layers. Data integration can be
many-to-many (e.g., genes interacting with metabolites) or one-to-one (e.g., gene-to-
gene). It is challenging to combine data in a way that effectively depicts the underly-
ing biological processes because of its complexity. Further challenges arise when
integrating non-omics and multi-omics data, such as phenotypic and clinical [36].
The ability of current statistical techniques to capture intricate relationships across
several data layers is frequently constrained, and techniques for handling the integra-
tion of such datasets are developing. By employing factor analysis and network fusion
approaches to extract significant characteristics across many omics types, tools such
as multi-omics factor analysis (MOFA) and mix omics seek to overcome these issues
[38]. But even with these developments, multi-omics research still faces the constant
difficulty of creating robust integration.

In conclusion, continuous improvement in data integration techniques, statisti-
cal tools, and computer resources continues to enhance the capacity to analyse and
interpret complex biological data, despite the significant technical and computational
obstacles in multi-omics research. As these techniques advance, multi-omics may
offer more profound understanding of the molecular processes that underlie both
health and illness.

6.7 Statistical and technical limitations

Multi-omics analysis requires sophisticated statistical methods to account for
high-dimensional data and complex interactions between variables. Multicollinearity,
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in which many omics layers may correlate with one another, is one of the main
obstacles that makes the analysis more difficult. These relationships may be too
complicated for standard statistical approaches to handle, which requires the use of
more sophisticated strategies like feature extraction and dimensionality reduction.
Furthermore, specialised algorithms, like mutual information (MI)-based networks
or other machine learning models, which are still being developed to better analyse
complex multi-omics data, are frequently required to capture non-linear interactions
between data layers [11].

7. Future trends

Multi-omics is set to undergo revolutionary developments in the future, especially
in single-cell and spatial multi-omics, which will allow for a more comprehensive
comprehension of organismal function and cell biology. Significant advancements
in multi-omics technologies’ sensitivity, specificity, and throughput are expected, as
well as cost savings and the incorporation of additional modalities into a single test.
Comprehensive somatic mutation profiling and phylogenetic lineage reconstruction
are limited by the difficulty of fully and accurately characterising genetic variations
at the genome level. Similar improvements are needed for epigenomic measurements,
including histone post-translational modifications (PTMs), in order to integrate with
other omics layers and enable the co-detection of numerous marks. Expanding to
total RNA, which includes non-coding RNAs and isoform detection, might improve
transcriptomic profiling, which is now restricted to poly (A) RNA. Multimodal inte-
gration presents difficulties for proteomic and metabolomic investigations, as anti-
body-based proteomics limits the ability to profile proteins simultaneously. Although
mass spectrometry provides objective substitutes, it is incompatible with other omics
tests. Multimodal integration of unexplored modalities, such as the epitranscrip-
tome—which includes transcript base changes influencing gene expression—may
be part of future advancements. Significant progress in spatial multi-omics is antici-
pated, enabling the simultaneous analysis of extrinsic and cell-intrinsic properties
without tissue separation. Our knowledge of organismal development, cell migration,
and stem cell biology will be revolutionised by the combination of phylogenetic
lineage information with spatial and single-cell multi-omics data. Additionally, the
discipline will make strides in capturing ancestral cellular states, facilitating live cell
serial measurements, and enhancing computational tools for integrative studies and
data extraction. Overcoming present obstacles, such as improving low-input methods
like amplification-free long-read sequencing and enhancing the capabilities of single-
cell and spatial assays, is necessary to accomplish such holistic profiling. These assays’
commercial availability will increase their accessibility to researchers and promote
their broad use. These developments will enhance disease stratification, broaden our
knowledge of development, ageing, and illness causation, and provide guidance for
precision medicine and novel therapeutic strategies.

The dark genome is a huge, unexplored area in biological research, including non-
coding regions, regulatory elements, and poorly annotated genetic sequences. The
hidden genomic landscape of such areas has immense potential for the discovery of
complex biological functions in plants and other organisms. Multi-omics integration,
combining genomics, transcriptomics, epigenomics, proteomics, and metabolomics,
provides a powerful approach in deciphering the whole of the dark genome in cellular
processes and phenotypic traits. For instance, the integration of transcriptomics and
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epigenomics can provide insights into how non-coding RNAs and regulatory elements
control gene expression and stress responses, while proteomics and metabolomics
link these regulatory features like DNA methylation and histone modifications. Poorly
annotated regions, most especially in plant species that are large, redundant, and
loaded with transposons, limit the association of these elements to biological func-
tions. Functional validation is a costly and time-consuming exercise for dark genome
elements such as IncRNA and enhancers, and the ability of the presently available
sequencing technology and multi-omics platforms is quite limited to decipher repeti-
tive regions or low-abundance molecules. Standardised pipelines on computational
levels were also not there for a better lead. However, the revolution of single-cell and
spatial multi-omics, long-read sequencing, and Al-driven data integration is open-
ing the doors to the dark genome. Enhancement in annotation tools, collaborative
efforts, and innovative experimental methods for functional validation will be critical
in translating multi-omics findings into actionable insights. By addressing these
challenges, the dark genome will emerge as a critical focus in biological research and
hopefully open transformative opportunities for crop improvement. Evolutionary
studies or environmental resilience.

However, the revolution of single-cell and spatial multi-omics, long-read
sequencing, and Al-driven data integration is opening the doors to the dark genome.
Enhancements in annotation tools, collaborative efforts, and innovative experimental
methods for functional validation will be critical in translating multi-omics findings
into actionable insights. By addressing these challenges, the dark genome will emerge
as a critical focus in biological research and hopefully open transformative opportuni-
ties for crop improvement, evolutionary studies, or environmental resilience.
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Chapter 4

Protein Sequence Feature
Extraction Techniques: Research
Advances, Progress, and
Applications

Xiaogeng Wan

Abstract

Proteins are intimately involved in transmitting and expressing genetic informa-
tion and actively engage in various life activities. Since protein sequences encode their
structures, and these structures determine the function of the proteins, therefore
sequence feature extraction by converting an amino acid sequence to numerical vec-
tors is a very important process in exploring proteins in greater depth. This chapter
presents a systematic review of the protein sequence feature extraction literature. The
existing features are classified into different categories with respect to their defini-
tions and properties. These include fundamental features that describe the composi-
tion and arrangement, physicochemical properties, and features that are based on
local sequence units and similarity scores. Advanced features in recent progress are
categorized into graphical features, numerical coding features, and probabilistic and
information-based features, as well as machine learning features and features
obtained via other techniques. Deep learning and language model features are partic-
ularly introduced as recent advances. Typical feature-generation platforms are also
summarized, and hybrid features are discussed. Finally, popular feature classifiers and
areas of applications for the features are outlined as an application guidance.

Keywords: protein sequence, feature extraction, amino acid, physicochemical
properties, evolutionary information, protein classification

1. Introduction

Proteins actively involved in life activities have a critical role in transmitting and
expressing genetic information [1]. The biological function of proteins is determined
by their structure, which is encoded by their sequence. Thus, deep insights into the
amino acid features will facilitate the analyses of protein structures and functions and
hence benefit related biological research.

Primary protein sequence analyses are based on the similarity between protein
sequences. These methods are usually alignment-based, resulting in high computa-
tional complexity and unsatisfactory accuracy when dealing with low-identity
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sequences [2, 3]. Alignment-free feature extraction approaches are preferred to com-
pensate for these deficiencies. These alignment-free feature extraction methods con-
vert the amino acid sequence into vectors or matrices to represent the various
characteristics of proteins, including the composition, order of arrangement, and
physicochemical properties of the amino acids. The feature representations can be
used as inputs to classification algorithms for classification applications. The quality of
the feature representation determines the accuracy of protein classification.

In recent decades, protein sequence feature extraction research has flourished.
Diverse techniques have emerged to optimize feature extraction problems. Although
diverse approaches have been innovated, converting the arithmetic characteristics of
protein sequences into numeral feature vectors is still a challenging problem [3, 4].

In this chapter, we systematically review the existing feature methods, where the
different approaches are grouped into different categories concerning their definitions
and techniques. The fundamental features refer to the evolutionary features, includ-
ing the composition and arrangement features, physicochemical property features,
features based on local sequence units, and alignment-based similarity scoring fea-
tures. The advanced features refer to features based on various techniques, including
the graphical, numerical coding, information-based, machine learning, and hybrid
features. Popular feature-generation platforms, feature classifiers, and classification
application areas are also introduced for the convenience of analysis.

2. Fundamental features based on evolutionary information

The fundamental features are the basic features that capture the amino acid com-
positions and arrangement features, physicochemical property features, and
alignment-based similarity scoring features. This section recalls a series of fundamen-
tal features that are often used in protein analysis.

2.1 Composition and arrangement features

The composition and order of arrangement of amino acids are the essential char-
acteristics of proteins. The most basic composition and arrangement features are, for
instance, the amino acid composition (AAC) feature [5], the pseudo amino acid
composition (PseAAC) feature [6], the natural vector (NV) [7], and the quasi-
sequence-order (QSOrder or QSO) features [8].

The amino acid composition (AAC) refers to the amino acid frequencies in a given
protein sequence:

VAAC = (vla V2,03, ***, 1)20) (1)

where v; notates the proportion of amino acid type i [5] in the given sequence and i
stands for one of the 20 common amino acids [5]. This feature is used in most protein
classification/prediction studies [8-17] and is also often used for composing hybrid
features.

When considering the categories of functional groups, the frequency of functional
groups feature [18] divides the amino acids into ten functional groups: amido (QN),
carboxyl (DE), guanidino (R), hydroxyl (ST), imidazole (H), nonpolar (AGILVP),
phenyl (FWY), primary amine (K), sulfur (M) and thiol (C) with respect to the side
chain chemical groups [18, 19].
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The pseudo amino acid composition (PseAAC) [6] is a 20 + A-dimensional vector
[17, 18, 20-22]:

Vpseaac = (X1, 5 X205 X2041> ***> X2041) (2)
in which
f
ﬁ s (1<x<20)
YhitoX§
%=1 0 3)
= > (2041<x<2042)
Z fi + o Z 9]
i=1 =1

where f; notates the normalized proportion for the 20 different amino acids [23]; ;
is the j-th tier autocorrelation for the hydrophobicity, hydrophilicity, and side chain
mass property sequences; w is the weight coefficient usually assigned as w = 0.05,
representing the sequence-order effect [23]; and A € N (no larger than the sequence
length) adjusts the sequence-order effects [23]. The PseAAC reduces to the amino acid
frequencies when A = 0.

In the grouped amino acid composition (GAAC) [14, 16, 24], the 20 different
amino acids are split into five classes (aliphatic: AGILMV, aromatic: FWY, positively
charged: HKR, negatively charged: DE, and uncharged: CNPQST), and the GAAC for
amino acid type i is formulated as the percentage of the amino acid type i in its class
[14]:v; = %, in which N; is the count of amino acid type i and N is the amount of
amino acids in the protein sequence belonging to its class [14]. The amphiphilic
pseudo amino acid composition (APAAC) [10, 11] incorporates the correlation func-
tions and partial arrangement effects into the PseAAC by using the hydrophobicity
and hydrophilicity properties [8, 16, 21, 25]. The enhanced amino acid composition
(EAAC) [8], the PseAAC of distance pairs [14] and the pseudo amino acid based on
K-nearest neighbors (K-PseAA) [26, 27] are all related derivative features.

The natural vector (NV) is a 60-dimensional feature vector proposed by Yu et al.
[7] that accounts for both the amino acid composition and sequence order in a protein
sequence [7]:

<nA,nR, s BV Ups URs ...,/«lv,Dsl,DI;, ,D¥> (4)

It is composed of three parts: the composition number for the 20 kinds of amino
acids, the mean distance between each type i amino acid and the initial amino acid
(regarded as the origin), and the second-order normalized central moments of the
distance between every type i amino acid and the origin [7].

The accumulated natural vector (ANV) [16] method adds additional information
on the covariance between the amino acids [16], where the former two parts are the
composition number and mean positions of the 20 different amino acids, whereas the
third and fourth parts are the variance and covariance, respectively, for each of the
amino acids [7].

An analogous feature defined by Carr et al. [28] also considers the compositional,
centroidal and distributional parameters of a given protein sequence [28]. The posi-
tional parameters evaluate the amino acid proportions apart from those expected,
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while the centroidal parameters describe the amino acid tendency situated in a pecu-
liar region of the sequence. The distributional parameters [28] analyze the clustering
of amino acids along the sequence.

The frequency profile M [29] is a 20 x L frequency matrix M = (m;),,,, where
m;; denotes the probability of amino acid type i appearing at position j, i = 1,2, ...,20,
andj = 1,2,...,L (L is the sequence length). The element sum in each column is 1 [29].

The quasi-sequence-order (QSOrder or QSO) [30] quantifies the arrangement
effects using the Grantham chemical [31] and Schneider-Wrede physicochemical
distance matrices [32]:

N
Xy =55——5—>4=123,..,20 5
Z N +w Z T4
X, = 220 o =21,2,3, ...,50 (6)
Z N, +w Z T4
L—d
dzst ]+d ,d=1,2,3,..,30 @

=1

.

where N, notates the normalized amino acid frequency, dist;;, 4 notates the dis-
tance between the jth and the j + dth amino acids, and w denotes the weight factor and
is usually equal to 1 [33]. The other arrangement features include the sequence-order-
coupling number [8], the positional residue match score [34], and the distance distri-
bution of repeats (DDR) [35].

2.2 Physicochemical property features

Physicochemical properties are crucial amino acid characteristics that have a greater
influence on protein similarity analyses than simple amino acid alphabetical orders do
[36]. Kidera et al. performed a comprehensive statistical analysis of hundreds of physical
properties and identified 10 representative properties for the different property clusters
[37]. Rackovsky used these properties to develop the average physical property feature
[38], which succeeded in identifying the different structural groups in CATH. The
graphical features in later Section 3.1 also utilize the physical properties to make graph
representations and extract graphical features for protein classification [2].

AAindex is a famous database that stores over 566 physical property indices (in its
current version, ver. 9.2) for amino acids and amino acid pairs [2]. Many studies have
used the AAindex database to develop new physical property features [8, 9, 11, 12, 15,
27, 39]. Tung and Ho [39] mapped each amino acid to a 531-dimensional feature by
utilizing the physical property values in the AAindex database [8]. Saha et al. innovated
a 160-dimensional feature by employing eight high-quality amino acid indices [13, 40].

The averaged property factor (APF) extracts a 10-dimensional feature for a given
sequence S by using ten structure-related amino acid properties [38]:

Vs = (<f(l)>s, <f(2)>s, s <f(1°)>s), where <f(m)>s =N % £ js the mth property
n=1

mean, Ng notates the sequence length, and fElm) is the mth property value for the n-th
amino acid, 1<m<10.
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The Z-scale encoding [8] employs five physicochemical descriptors to represent
the amino acid features [8]. The amino acid scale-based features [9, 27] implement
amino acid propensity scales to quantify the properties of amino acids into a quanti-
tative value, which can be extracted by the ProFET algorithm [27]. The protein
sequences are then represented as time series, which use varying size sliding windows
to capture extra features.

The solvent-accessible surface area (ASA) [15], produced by the neutral network
program RVP-Net [41], represents the solvent-accessible area proportions for each amino
acid while accounting for the amino acid composition in the neighborhood, whose values
are normalized between zero and one [15]. Composite physicochemical properties (CPPs)
[42], generated by Pfeature [35], utilize 16 physicochemical properties of amino acids
(acidicity, aliphaticity, aromaticity, basicity, charge, cyclic, hydrophilicity, hydrophobic-
ity, hydroxylic, neutral (pH), nonpolarity, polarity, small and large, sulfur content, and
tiny) to project a protein sequence into a 16-dimensional Pfeature [42].

The large number of physicochemical properties may result in high dimensions
and high computational complexity, and critical properties can be used to classify the
amino acids into reduced groups, where an average or coding strategy can be used to
generate efficient features with reduced dimensions. Reduced amino acid alphabets
(RAAAs) [22] categorize the amino acids into five groups in terms of their physico-
chemical properties [22]. The twenty-one-bit feature (TOBF) reduces the normal
amino acid alphabet [9] into three clusters for each of the seven physicochemical
properties. Each residue in the sequence is deciphered as a 21-bit binary vector (if the
amino acid fits the cluster, then the bit is set to 1 and 0 otherwise) [9]; then, each
sequence of length N is denoted as a 21 x N-dimensional feature [43]. Similarly, the
encoding based on a grouped weight (EBGW) [44] separates the 20 amino acids into
seven classes (C1 (hydrophobic): AFGILMPVW; C2 (polar): CNQSTY; C3 (positively
charged): KHR; C4 (negatively charged): DE; combined H1 (C1 + C2); combined H2
(C1 + C3); and combined H3 (C1 + C4) [44]); and uses sliding windows and averages
to define the features [44]. The qualitative properties of amino acids (Qualc) [45]
categorize the amino acids with respect to their qualitative properties; amino acids of
the same class are depicted by the same one-hot coding [45]. Similar quantitative
properties of amino acids (Quanc) [45] deploy quantitative properties such as the
isoelectric point, molecular mass, van der Waals volume, etc., to characterize the
features. The conjoint triad (CTriad) [46] engenders a 343-dimensional feature for
each protein sequence by grouping the amino acids with respect to the dipole and side
chain volume properties [46].

2.3 Features based on local sequence units

The above features quantify the involvement of each amino acid. However, the
dynamic influences between amino acid pairs or sequence segments are also impor-
tant sequential characteristics that can be captured by features defined on local
sequential units. In this subsection, features defined for the local units are divided into
dipeptide and amino acid pair features and K-mer (K-gram) features.

2.3.1 Features based on dipeptide and amino acid pairs

A dipeptide consists of two linked amino acids, which admit 400 amino acid
combinations. The amino acid pair composition (AAPC) [15] and dipeptide composi-
tion (DPC) [47] are the simplest dipeptide features that describe the percentage of
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dipeptides divided by the number of dipeptide combinations:

Vaac = (v1,02,3, -+, V400), Where v; = §; is the composition percentage for dipeptide
type i, rj is the composition number of dipeptide type i in the sequence, and N denotes
the amount of dipeptide combinations [10-12]. The grouped dipeptide composition
(GDPC) [13] is the grouped version of the DPC; it divides the amino acids into five
clusters in terms of their physicochemical properties (aromatic(gl): WYF; positive
charge (g2): HKR; aliphatic (g3): AIMGLV); uncharged(g4): CTPSQN; and negatively
charged(g5): DEG), generating a 25-dimensional feature profile for each protein

sequence [13]:f(i,j) = % , where Mj; stands for the amount of dipeptides with amino
acids in groups i and j [13]. The dipeptide deviation from the expected mean (DDE)
[48] is made up of three parts, namely, the dipeptide composition (DPC), theoretical
mean (TM) and the theoretical variance (TV) for a given protein sequence [49].
Similar features include the pair frequencies [50] and the Grantham matrix [51]. The
latter is a 20 x 20-dimensional amino acid pair matrix characterizing the differences
between the composition, molecular volume and polarity properties [51].

For amino acid pairs with k-spaced intervals, common features include the g-gap
dipeptide composition (g-Gap DC) [52], the composition of the k-spaced amino acid
pairs (CKSAAP) [53], and the composition of k-spaced amino acid group pairs
(CKSAAGP) [10]. The adaptive skip dipeptide composition (ASDC) [14] is an
adapted version of the DPC; it describes all pertinent data between adjacent and
intervening residues [14]. Reduced alphabet dipeptide composition (RADP) [14] is
based on the k-spaced amino acid pair proportions, accompanied by the amino acid
composition and distance pairs in the PseAAC [14]. The normalized Moreau-Broto
(NMBroto) [14] also describes the k-spaced amino acid pair frequencies with the
inclusion of the amino acid compositions [14]. Other amino acid pair features include,
for example, the DPC-position-specific scoring matrix (PSSM) [54], k-separated-
bigrams-PSSM [55], and the trigram-PSSM [56].

2.3.2 Features based on K-mers (K-grams)

Another sequence building block is the K-mer (a string of K adjacent amino acids
in protein sequences), also known as the K-tuple or K-gram (often used in natural
language models). A larger K will cause the K-mer (or K-gram) combinations to
increase in power, which results in a low frequency for each K-mer combination, and
three adjacent amino acids (tripeptides), that is, K = 3, are essential units in charac-
terizing the proteins. The tripeptide composition (TPC) [8], grouped tripeptide com-
position (GTPC) [10], CTF [13], and tri-gram-PSSM [56] are popular tripeptide
features. The CTF categorizes amino acids into seven groups (AVG, FLIP, TSYM,
HQNW, RK, DE, and C) according to their physicochemical properties and treats
three adjacent amino acids (traid) categorized in the same group as identical, resulting
in a 343-dimensional feature accounting for all sets of triads and their frequencies in
the given sequence [13].

The K-mer method [57] defines a vector consisting of the frequencies for the K
adjacent amino acids. The K-string dictionary [58] also considers the probability of K-
mers. Since the K-string dictionary size (20%) grows exponentially, a new K-string
probability vector is defined to reduce the high dimensions, where the size of the K-
string dictionary equals the quantity of K-string combinations in the given protein
sets, and a probability vector with its dimension equal to the K-string dictionary size is
defined to depict the probability of appearance for each K-string [58]. The LOGO
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feature encodes a sequence segment (K-mer or K-string) with respect to the amino
acid frequency at each position [44]. “Mirror” K-mers [59] account for the K-mer
groups in various combinations, for example, the amino acid combination arginine-
lysine RK is grouped with the KR [59] for K = 2. Related features also include the
overlapping K-mers [59] and K-tuple features.

The pseudo-K-tuple reduced amino acid composition (PseKRAAC) [8] deploys
multiclustering methods to define the weighted frequency of the residues at each
position [14]. The enhanced amino acid composition (EAAC) [49] is a window-based
version of AAC that accounts for the composition of every amino acid in a size n
window in a length L sequence (n <L) [60]; here, the window of length n can be
viewed as a K-mer with K = n. Analogously, the segment pseudo amino acid compo-
sition (S-PseAAC) [22] is defined to depict the local regional situation by introducing
segmentation in the PseAAC.

The K-mer natural vector [61] is a more delicate method; it concatenates the
counting, mean distance and the distance variance of the K-mers, which results in a
3 x 20%-dimensional vector. A compound K-mer natural vector is further proposed to
fuse the K-mer natural vector with K = 2 and 3 [61].

Similar features are defined for n-grams (K-mers with K = n). An n-gram feature
[44] is defined to record the relative frequencies of all probable n-connected amino
acids in the sequence [44], which is sparse when the sequence is short. An improve-
ment is provided by the k-skip-n-gram model (SkipF) [62], embedding distances
into the n-gram model, which provides the n residue composition with distances
<k in the sequence, that is, it accounts for the n residues with distances ranging
between 1 and k in the given protein sequence. In this model, k evaluates the deviation
between two arbitrary residues, which is usually limited to no more than 5 in applica-
tions due to high complexity. The adaptive k-skip-n-gram feature addresses this
problem by setting k as each protein sequence length, which better reflects the vary-
ing distances in the datasets [63]. The adaptive skip-n-gram feature [43] accounts for
the composition of all n residues within distance N in a length N sequence, and a
proper choice for n is n = 2, which yields 400 dimensions for the adaptive k-skip-2-
gram feature [63].

2.4 Alignment and similarity scoring features

Features can also be deduced from the position-specific scoring matrix (PSSM)
profile [64]. The original PSSM for a length m sequence is an m x 20 matrix [29]:

P11 P12 " P10
P21 P2 = Pao
PSSMoriginal = ) ) o (8)
Pi1 Pi2 Pio
Pra1 P2 PL20 Lx20

where p;; records the score of the residue at the ith position being mutated to the
type j residue during evolution (1<i<L, 1<j<20). By summing up each row for the
same kind of amino acid, the PSSM profile is transformed into a 20 x 20 matrix,
which is further converted to a 400-dimensional feature vector, whose elements are

then normalized by sequence length and = to scale in [0,1] [65].
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Profile-based cross-covariance (CC-PSSM) [66] accounts for the property differ-
ence between every pair of residues with a lag in sequence [66] and converts the
PSSM matrices of various sizes into 760-dimensional vectors. Parallel correlation
pseudo amino acid composition (PC-PseAAC) [67] encodes the local and global
sequence arrangements into feature vectors [17]. Related features include the general
PC-PseAAC (PC-PseAAC-General) [67], series correlation pseudo amino acid com-
position (SC-PseAAC) [25], and general SC-PseAAC (SC-PseAAC-General) [25], as
well as the normalized PSSM [68], pseudo position-specific scoring matrix (Pse-
PSSM) [49], local Pse-PSSM features [68], spatial neighbor-based position-specific
scoring matrix (SNB-PSSM) [69], and bigram position-specific scoring matrix
(bigram PSSM) [20].

The position-specific frequency matrix (PSFM) computed by MSA (produced by
PSI-BLAST search) [70] notates the frequencies of the 20 different amino acids
situated at peculiar positions in the evolutionary process, with advantages in analyzing
low-similarity proteins [70]. The sequence-order frequency matrix (SOFM) [71] con-
sists of the scores calculated from the K-mer probabilities at each sequence position
using MSA. SOFM variants are derived using different sequence-order extraction
methods or weighted schemes [71]. The SOFM can also be combined with the top-n-
gram method to convert the SOFM into a fixed-length vector [71]. The block substi-
tution matrix (BLOSUM) and BLOSUMG62 [42] are broadly utilized substitution scor-
ing matrices for protein alignment [42]. Other derivative features include the
BLOSUM matrix-derived descriptor [72], the two-dimensional features [51], position-
specific symbol composition (PSSC) and the position-specific frequency matrix
(PSFM).

The hidden Markov model (HMM) feature [73] consists of three local diversities,
seven transition probabilities, and 20 emission frequencies [74]. The HHblits profile
[64] is a statistical model derived from the hidden Markov model and it can predict
the sequence mutation probability [64].

The alignment profiles can also be evaluated by using correlation measures. For
example, the k-nearest neighbor (KNN) feature describes the sequence segment
characteristics regarding the homology with the k samples [44]. The autocorrelation
function (ACF) projects the protein sequence into numeral sequences by using amino
acid indices and expresses the features as the self-correlation function eigenvector for
the lagged numerical sequences [20]. The autocorrelation fold (ACC fold) [75] uses
auto and cross-covariance transformations to transform the PSSMs into vectors. The
covariance [50] calculates the covariance and frequency between every pair of resi-
dues. Similar features include Geary autocorrelation features, Moran autocorrelation
features, and normalized Moreau-Broto autocorrelation features [8].

2.5 Related composite features

Composition, transition, and distribution (CTD) is a composite feature that
divides the amino acids into three clusters with respect to their charge, hydrophobic-
ity, normalized van der Waals volume, polarity, polarizability, secondary structure,
and solvent accessibility properties [76]. The composition (C) evaluates the propor-
tion of each of the three clusters, the transition (T) estimates the proportion of a
certain amino acid property progressed by another property, and the distribution (D)
component presents five values for the three clusters and records the proportions of
the sequence in which 25, 50, 75 and 100% of the amino acids in a specific property are
located [77]. The composition-transition-distribution-composition (CTDC) [10] can
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be used to evaluate the percentage of transitions for the three kinds of residue pairs
that are sorted in terms of their physicochemical properties [11]. The composition-
transition-distribution-transition (CTDT) [10] and enhanced grouped amino acid
composition (EGAAC) [49] are both related features.

3. Advanced features based on multidisciplinary techniques

Recent progress in feature extraction methods has adopted various kinds of tech-
niques to improve feature presentation. In this section, popular features are summa-
rized in terms of their techniques, for example, the graphical features, numerical
coding features, probabilistic and information-based features, and machine learning
features. The division is based upon feature definitions, which is not rigid because
many features may employ several different techniques.

3.1 Graphical features

Graphical features refer to features generated from graphical representations. The
protein map is a graphical representation feature introduced by Yu et al. [78]. It first
constructs a graphical representation of a protein sequence by using vectors connected
end-to-end, where each amino acid admits one vector with an x-coordinate equal to 1,
and the y-coordinate is standardized in [—1, 1]. The y-coordinate is ranked according
to the hydrophobicity scale value. A protein sequence then corresponds to a graphical
curve connecting the points (1,y,), (2,y,), ..., (n,y,). The protein map is formulated
as a 2-dimensional vector (M;, M,) containing the first two moments defined by

n ]
M; = 2@, where j = 1,2, ---,n denotes the amino acid quantity in the protein

i=
sequence and (x;, ;) is the i-th amino acid coordinate in the graphical curve. A new
protein map feature was later introduced by using 10 graphical representations for ten
important physical properties of amino acids; the new protein map is a 30-dimen-
sional feature defined by the weighted first three moments of the ten graphical
curves [79].

FEGS constructs 158 3D graphical curves for protein sequences using 158 physical
property indices [2]. It is a 578-dimensional vector containing three parts, namely, the
percentages of the 20 different amino acids, the frequency of the 400 combinations of
amino acid pairs, and the 158 leading eigenvalues for the 158 L x L-dimensional
matrix (L is the protein sequence length) constructed from the 158 3D graphical
curves for the 158 physical property indices in the AAindex database. The 158 x 158-
dimensional L/L matrix is a nonnegative symmetric matrix, with the off-diagonal
elements M;; computed as the quotients of the Euclidean distances between points P;
and P; in the spatial curve divided by the path length connecting P; and Pj, and all
diagonal elements vanish [2].

Another graphical feature employs nine physicochemical properties [80] (flexibil-
ity, hydrophilicity, hydrophobicity, irreplaceability, mass, pl, pK1, pK2, and rigidity)
to cluster the 20 amino acids into four clusters (nonpolar residues: AVLIPFWM; polar
residues: GSTCYNQ; basic residues: KRH; acidic residues: DE). Amino acids belonging
to each group are mapped to a 3D point, where the points in the same property group
lie on the same conical surfaces. An 18-dimensional feature is formulated to charac-
terize the protein sequence, which contains 6 sets of 3D coordinate averages; the first
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four sets are the 3D coordinate averages for the four different amino acid classes; and
the last two sets are the averages and the accumulated averages for the 3D coordinates
of all amino acids in the sequence [80].

3.2 Numerical coding features

Popular coding features include binary one-hot representations, the numerical
conversion of amino acids via nonnegative integers, and the numerical coding of
amino acids with respect to their property groups.

Numerical representation of amino acids (NUM) [49] involves reversing the
amino acid sequences into numerical sequences using integers from 1 to 20, and the
dummy amino acid O is converted to 21 [49]. The one-hot encoding [74] and binary
profile feature (BPF) [45] are similar features, where every amino acid is denoted by a
20-dimensional binary vector with only one element equal to 1 and the others equal to
0. For a sequence of L residues, one-hot encoding has admits L x 20 dimensions [74].
When analyzing sequence segments, the binary encoding of amino acids (BINA) [49]
transforms each amino acid in a given segment into a 21-dimensional binary vector
[44], which results in a 525-dimensional feature for a segment of length 25.

The positional weighted matrix (PWM) [15] characterizes the sequence fragments
by using sliding windows of size 21 and one-hot coding [15]. The multiscale local
descriptor (MLD) feature decomposes the protein sequence into multiple sequence
segments of different lengths and employs a binary coding scheme to depict local
overlapping regions [81]. Protein sequence encoding (PSE) [82] encodes the 20 dif-
ferent amino acids by using six exchange groups (E1: HRK, E2: DENQ, E3: C, E4:
STPAG, E5: MILV, and E6: FYW) [82]. The overlapping property features (OPF) [43]
classify the 20 standard amino acids into ten groups (aliphatic: IVL, aromatic: FYWH,
charged: KHRDE, hydrophobic: AGCTIVLKHFYWM, negative: DE, polar:
NQSDECTKRHYW, positive: KHR, proline: P, small: PNDTCAGSV, and tiny: ASGC)
and encode every amino acid by a 10-dimensional vector of 0 and 1, indicating
whether this amino acid is in the group [7]. The qualitative properties of amino acids
(Qualc) [45], the encoding based on the grouped weight (EBGW) [44], and the
twenty-one-bit features (TOBF) [43] mentioned earlier are all coding-based features.

3.3 Probabilistic and information-based features

Information theory provides useful concepts for describing amino acid distribu-
tions in protein sequences, which contain uncertain information due to evolution.
Many methods take the advantage of various entropy concepts to characterize protein
sequences into probabilistic and statistical features.

The information-based statistics [59] is an information-entropy-based feature that
aims to depict the amino acid distribution in the sequence; it includes three parts,
namely, the total entropy per letter, the binary autocorrelation and the features for the
selected letters. The information gain score evaluates the information transformation
between the states by means of the information gain score [43]. The information
entropy feature is formulated as the Shannon entropy of the amino acid and dipeptide
compositions [18]. Similarly, the Shannon entropy and the relative Shannon entropy
features quantify the amino acid distributions from the Shannon entropy and the
relative Shannon entropy aspects [43]. The sequence entropy [83] feature is defined
by the normalized Shannon entropy of the residue type frequencies that favor a given
position in the sequence. Other information-based features include the entropy
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density (Den) [39], the Shannon entropy of residues (SER) and the Shannon entropy
of properties (SEP) [46]. Kolmogorov complexity is also an information concept used
to describe the complexity of word strings. When the protein sequences are treated as
word strings, the Kolmogorov complexity (KOL) can also be applied to quantify the
amino acid distributions in a given sequence [83].

3.4 Machine learning features and feature representation learning techniques

In recent years, artificial intelligence algorithms flourish, bringing fresh ideas to
every discipline. In bioinformatics research, a new approach, feature representation
learning, emerges, reforming feature extraction studies from new perspectives.

Feature representation learning approaches use machining learning techniques to
find feature representations from computational aspects. Wei et al. reported a new
feature learning strategy with various successful prediction applications [9]. This
method constructs an initial feature pool from eight traditional feature encoding
schemes, such as AAC and CTD. Then, a feature learning model is developed on the
basis of the extremely randomized tree (ERT) using a benchmarking dataset and
tenfold cross-validation (CV), where 51 prediction models are generated as the base-
line model. For every peptide, each baseline model predicts its probability for antihy-
pertensive peptides (AHTPs), which is used as a feature. The probabilities from all the
prediction models form a new feature vector, FVERT [9]. Another model, mACPpred
2.0, employs 16 pretrained NLP-based embeddings and 15 conventional features for
feature representations [10].

Convolutional neural networks (CNNs) and recursive neural networks (RNNs) are
primary models for protein feature extraction. CNNs process data in matrix form and
generate features via feature mapping [84]. The sequence embedding module intro-
duced in [85] converts the original sequence into a digital sequence and then encodes
it as picture-like data, which can be further processed by the TextCNN model with
eight different-shaped kernels [85]. Unlike CNNs, RNNs emphasize sequence infor-
mation but suffer from time lag problems in training. The long short-term memory
recurrent neural networks (LSTM-RNNs) target this problem in RNNs [84].

Word embedding algorithms such as word2vec [11] are efficient methods for
feature representation [11]. The word embedding-based features treat protein
sequences as sentences and engender a K-mer corpus by sliding windows. Each word
is then embedded into an N-dimensional vector by combining word2vec with a skip-
gram model. Thus, each sequence is depicted by the mean corpora in the sequence
[86]. This word2vec representation for proteins can be generated by the Gensim
library [11]. The flexible HMSRN [34] model employs a two-layer CNN module and
language model embeddings to extract amino acid features [34]. In the UniRep [87]
method, the one-hot coding of amino acids is input to the LSTM, and a mean pooling
operation is employed to generate a 1900-dimensional feature for the sequence [88].
The SeqVec and PortTrans models are also protein language models for amino acid
feature extraction [34]. The SeqVec model is pretrained on the UniRef50 dataset,
which produces a 1024-dimensional vector for each amino acid [34].

The BiLSTM embedding, SSA embedding and UniRep embedding are three popu-
lar deep learning embedded representation methods [89]. For BiLSTM embedding,
which consists of two reversed unidirectional LSTMs, a linear transformation is
performed on the combination of the forwards and backward hidden states, which
produces an L x 3605 dimensional matrix for the protein sequence with length L. The
pretrained SSA embedding [89] uses three bidirectional LSTM layers, which produce
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a 121-dimensional embedding vector [90]. The pretrained protein unified representa-
tion (UniRep) embedding method [91] implements the hybrid structures of multipli-
cative RNNs (mRNNs) and the LSTM architecture [92] to process the 10-dimensional
one-hot coding of amino acids, which produces a 1900-dimensional embedding vec-
tor. In [89], pretrained BiLSTM embedding, pretrained SSA embedding, and
pretrained UniRep embedding were integrated to extract protein sequence features
[89]. DeepPPISP utilizes sliding windows and deep learning models to learn a 49-
dimensional feature (20 dimensions for PSSM, 9 dimensions for secondary structure,
and 20 dimensions for raw protein sequences) of protein sequences [93].

The transformer encoder [94] utilizes a self-attention mechanism to account for
the positional relationships of amino acids within the sequence [94]. The pretrained
protein language model ProtT5-XL-UniRef50 (ProtT5) [42] projects protein
sequences into feature vectors using a transformer-based 24-layer language model in a
self-supervised manner. PSPred-ALE transforms each amino acid into a unique dense
vector by employing self-attention mechanisms and adaptive learning techniques, and
protein segments are converted into a unique matrix, where the absolute and relative
positional information of amino acids are encoded by positional embedding [95].
Other feature methods include AESNN3 [96], multisense-scaled embedding [97], and
learnable position embedding [98].

3.5 Features based on other techniques

Other techniques, such as the discrete wavelet transform and k-nearest neighbor
methods, can be used for sequence feature extraction. In [18], a discrete wavelet
transform was applied to convert numerical physicochemical property sequences, and
the statistical features at each scale were calculated as protein sequence features [18].
The term frequency-inverse document frequency (TF-IDF) [49] separately computes
the term frequency (TF) and the inverse document frequency (IDF), which are
multiplied as a product feature [49]. Other feature extraction techniques include the
functional domain (FunD) composition [99], the KNN protein [8] and KNN peptide
[100] features using the k-nearest neighbor method, and the residue fluctuation
dynamics feature based on the Gaussian network model (GNM) [69].

4. Feature-generation platforms and hybrid features

In this subsection, popular protein feature-generation platforms such as the Pse-in-
One, PseAAC-General, iFeature, pFeature, modlAMP, and POSSUM are introduced.

Pse-in-One [17] (http://bioinformatics.hitsz.edu.cn/Pse-in-One/home/) is a web
platform for biological sequence analysis that can generate desired pseudo protein
sequence features such as the abovementioned PseAAC and PC-PseAAC. The
PseAAC-General [101] program is able to generate eight PseAAC vector modes,
including the autocovariance and basic K-mer features, cross covariance and autocross
covariance features, the PC-PseAAC and SC-PseAAC, as well as PC-PseAAC-General
and SC-PseAAC-General features [101]. iFeature [8] (http://iFeature.erc.monash.edu/) is
a Python toolkit that has 18 major sequence coding strategies encompassing 53 different
features, which cover the majority of the features mentioned in Section 2. Pfeature [35]
(https://github.com/dataprofessor/Pfeature) software contains five main modules,
namely, the composition, binary configuration file, evolutionary information, structure,
and pattern modules. Pfeature [35] can produce simple amino acid, dipeptide and
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tripeptide features, along with combined features based on the physicochemical proper-
ties, repetition and distribution of amino acids, Shannon entropy features and pseudo
amino acid features, and other features, such as autocorrelation, trimesters, quasi-
sequence-order (QSO), and binary configuration profiles. ModlAMP [16] (https://pypi.
org/project/modlamp/) is a Python software mainly used for peptide sequence genera-
tion, peptide feature calculation, and sequence analysis. The peptide feature calculation
module is able to calculate various features of peptides, such as the molecular formula,
charge, isoelectric point, and instability index. The sequence analysis module performs
various statistical and analytical analyses of peptide sequences, which can facilitate
researchers gain a better understanding of proteins. The POSSUM [102] (http://possum.
erc.monash.edu/) toolkit generates numerical sequence features according to PSSM
transformations. The row transformations produce seven features, such as the
AAC-PSSM, D-FPSSM and smoothed-PSSM. The column transformations generate five
features: DPC-PSSM, EEDP, k-separated-bigrams-PSSM, TPC, and trigram-PSSM. The
mixed row and column transformations produce six features, including the EDP,
DP-PSSM, Pse-PSSM, and RPSSM. The POSSUM can also generate combinations of the
above features [103]. Other protein feature extraction platforms include PROFEAT
[104], PseAAC-Builder [102], Propy [105], Protr/ProtrWeb [106], Repi [107] and
PseKRAAC [108].

In practice, individual features usually cannot cover all aspects of protein
sequences. A better method is to concatenate different features to form composite or
hybrid features. Hybrid features tend to outperform individual features by integrating
comprehensive information from various aspects [9]. Hybrid features can be gener-
ated by feature fusion or concatenation. Manavalan et al. used a linear combination of
five traditional features to generate hybrid features [9]. Weng et al. used cross-vali-
dation to assess the predictive power for each individual feature and combined all the
different features for prediction improvement [15]. Wei et al. used a multiple-feature
fusing strategy to combine the ASDC, PC-PseAAC, physicochemical properties (PPs),
and SC-PseAAC features [109]. Other fusion techniques may rank the different fea-
tures by their accuracy scores and use these scores to either select the most efficient
features or fuse all the features by using score weights.

Hybrid features may attain high computational complexity because of their high
dimensionality. Feature optimization or selection approaches can be implemented to
reduce feature dimensions. In particular, the iFeature toolkit provides a series of
feature clustering, dimensional reduction, and selection algorithms [8] that can be
used for reducing the dimensionality of hybrid features.

5. Applications

In this section, we introduce some popular protein classifiers and typical areas of
protein feature applications.

5.1 Methods for protein classification using feature vectors

Since proteins with strong sequence homology may have similar structures or
functions, protein sequence feature vectors can be used to perform protein classifica-
tion or predictions. A simple classification method involves treating the high-
dimensional features as points in high-dimensional real spaces and calculating the
Euclidean distances or norms between the feature points, where a short distance
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indicates close relations and strong sequence homology, and a large distance implies
far relations and low sequence similarity. Distance methods are often used in protein
evolutionary classification [7], where the taxa of bacteria or viruses can be correctly
classified via distance.

Geometric methods such as the convex hull [110] and mean-square-error (MSE)
hyperplane [111] are often used for feature point classification. These geometric
classifiers use geometric boundaries such as convex hulls or hyperplanes to separate
high-dimensional feature points into disjoint regions. Similar classifications can be
performed by clustering methods such as the k-nearest neighbor (KNN) method,
fuzzy-C-means (FCM), and the clustering methods (hierarchical clustering,
mean shift, DBSCAN, affinity propagation, etc.) that are provided in the iFeature
toolkit [8].

In recent analyses, machine learning methods have become prevalent. Machine
learning methods use neural networks or large language models to train and test
feature datasets. Training data with class labels are employed to train the neural
network coefficients, which are applied to testing datasets to predict the classes.
Typical machine learning approaches encompass random forest (RF), support vector
machine (SVM), and ensemble deep learning methods. In practice, ensemble classi-
fiers often outperform individual classifiers with higher classification accuracy.
Recently, large language models (LLM) have emerged. As mentioned in Subsection
3.4, protein sequences can be deemed as sentences with amino acid characters as
words [11], from which large language models (LLM) learn evolutionary information
from the semantic contexture of protein sequences.

5.2 Applications

Implementing the various protein sequence features can realize many applications.
Here, we generalize the protein feature applications from three aspects: protein evo-
lutionary classification, protein structural prediction and fold recognition, and protein
functional prediction.

Protein evolutionary classification is one of the essential applications of the protein
sequence features. For example, the classification of subtypes of viruses, such as Zika,
Ebola, influenza A virus, coronavirus, and human rhinovirus, has been performed.
The taxonomic classification of animal species or bacterial lineages from the protein
sequences that are translated from genomes, for example, mammalian mitochondrial
proteins [112], beta-globins of animal species [2] and SAR11 clade marine bacteria
[112], and the classification of subtypes for enzymes and proteins with particular
functions, for example, the classification of different subtypes of protein kinase C
[112], and the classification of transferrin sequences and antifreeze proteins [2].

Since protein sequence decides the protein structure, protein sequence features can
be used for protein secondary or spatial structure prediction [83, 96] or fold recogni-
tion [71]. For example, the HMM and UniRep features can be used for peptide
structure prediction [34, 112], and the PSSM and Kolmogorov complexity (KOL)
features, as well as the combination of the SOFM and top-n-grams, can be
implemented for protein fold recognition [71, 83].

Protein sequence features can also be implemented in protein functional predic-
tions. These include the prediction of certain sites in the protein sequence. These
methods include the prediction of protein-protein interaction (PPI) sites [93]; the
prediction of phosphorylation [43], malonation [49], malonylation [44] and carbon-
ylation sites [54]; and the prediction of intrinsically disordered regions in yeast [113].
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These features can also be employed to distinguish epitopes from nonepitopes in a cell
[49]. Other applications include protein-protein interaction (PPI) prediction [93] and
the prediction of ligand-binding proteins, DNA-binding proteins [84], membrane
proteins [49], DNA-binding proteins [68], anticancer peptides [114], quorum-sensing
peptides [115], cell-penetrating peptides [63] and extracellular matrix (ECM)
proteins [18].

6. Conclusion

The feature extraction methods reviewed in this chapter depict the protein
sequence features from diverse aspects. Feature learning models, including deep
learning and large language models, are new emerging methods implementing artifi-
cial intelligence. Various features can be generated from feature-generation platforms
and combined to form hybrid features for better classification accuracy in real prac-
tice. General feature classification methods and areas of protein classification applica-
tions are also presented to better understand and apply the features.
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Chapter 5

When Bioinformatics Meets
Agent-Based Modeling: An
Evolving Paradigm for Complex
Biological Systems

Giulia Russo and Francesco Pappalardo

Abstract

Bioinformatics and agent-based modeling (ABM) represent a transformative
integration for exploring and simulating complex biological systems. By combining
computational models with diverse biological datasets, these approaches address
intricate dynamic behaviors spanning molecular to population levels. This chapter
delineates the foundational principles of bioinformatics and ABM, explores their
integration strategies, and discusses the computational tools that facilitate this
synergy. Case studies illustrate applications in immunotherapy optimization, immu-
notoxicant dynamics, and vaccine design, showcasing their relevance in advancing
precision medicine and drug discovery. Key challenges, including data standardiza-
tion, computational scalability, and model validation, are discussed alongside future
directions. The chapter underscores the pivotal role of interdisciplinary collaborations
and emerging technologies, such as artificial intelligence (AI) and quantum comput-
ing, in overcoming existing barriers and driving innovation in this field. Additionally,
a special focus will be devoted to the evolving regulatory landscape that is starting to
incorporate these innovative tools.

Keywords: bioinformatics, agent-based modeling, complex systems, computational
biology, systems biology

1. Introduction

Bioinformatics has revolutionized the analysis of biological data, offering
sophisticated tools to decode vast datasets from genomics, proteomics, and
metabolomics [1, 2]. Concurrently, Agent-based modeling (ABM) has emerged
as a powerful methodology to simulate individual entities and their interactions,
elucidating emergent behaviors in complex systems [3, 4]. Integrating these fields
enables innovative solutions for studying intricate biological phenomena [5].

Recent advancements in bioinformatics, including high-throughput sequencing
and systems biology approaches, have enabled unprecedented exploration of molecu-
lar mechanisms underlying diseases [6, 7]. For instance, comprehensive protocols
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for investigating potential vaccine targets in pathogens like SARS-CoV-2 have been
developed [8], combining transcriptomics and immunoinformatics to streamline
influenza vaccine design [9].

Moreover, incorporating ABM in these analyses has allowed researchers to dynam-
ically simulate immune responses, as demonstrated in studies predicting allergic
reactions to chemical sensitizers [10]. These integrated approaches not only enhance
predictive power but also reduce experimental costs and ethical concerns [11].

The synergy of bioinformatics and ABM is further highlighted in the context of
immune system simulations [12]. By leveraging computational tools, researchers can
predict the efficacy of therapeutic interventions, as shown in the development of multi-
epitope vaccines for complex diseases like influenza [13]. This paradigm shift under-
scores the transformative potential of combining molecular insights with agent-based
methodologies to address challenges in precision medicine and systems biology [14].

2. Core concepts and framework
2.1Bioinformatics: An overview

Bioinformatics applies computational methods to manage, analyze, and inter-
pret biological data [15]. The field has expanded significantly with the advent of
next-generation sequencing (NGS) technologies, enabling high-resolution analysis
of genomic and transcriptomic datasets [6]. These data provide insights into gene
expression, regulatory networks, and epigenetic modifications [16, 17], paving the
way for advancements in systems biology and personalized medicine.

Bioinformatics tools such as Cytoscape [18], STRING [19], and Reactome [20]
provide valuable resources for annotating and visualizing molecular interac-
tions. Additionally, machine learning algorithms integrated into platforms like
DeepCell [21] have enhanced predictive accuracy, facilitating seamless integra-
tion into ABM studies.

A notable application of bioinformatics is in the design and evaluation of vaccines
[22]. For example, transcriptomic analyses have identified key immune response
pathways, aiding the development of multi-epitope vaccines targeting pathogens
like SARS-CoV-2 [9, 13]. These approaches have been complemented by immunoin-
formatics tools that predict antigenicity and population coverage, ensuring broader
vaccine efficacy [23].

Additionally, bioinformatics plays a critical role in drug discovery [24].
Researchers can identify novel therapeutic targets and repurpose existing drugs by
integrating gene expression data with pathway analysis [25]. Studies on differential
gene expression during disease progression have uncovered biomarkers that inform
diagnostic and prognostic strategies [26].

Another area of focus is immunotoxicology [27], where bioinformatics meth-
ods are used to assess the impact of environmental chemicals on immune systems
[28]. Tools like the Universal Immune System Simulator (UISS) [29, 30] have been
employed to model immunotoxicity induced by skin sensitizers [10, 31], demonstrat-
ing the capability of bioinformatics to bridge data-driven insights and mechanistic
understanding [32].

These advancements underscore the versatility of bioinformatics in addressing
complex biological questions [33], from understanding molecular mechanisms to
optimizing therapeutic strategies [34-38].
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2.2 Agent-based modeling in biomedicine

ABM is a computational approach used to simulate the actions and interactions of indi-
vidual agents within a system to assess their effects on the system as a whole [3, 4, 39-41].
Agents can represent cells, molecules, or even entire organisms in biological contexts. By
modeling interactions at the individual level, ABM can capture emergent phenomena that
are difficult to predict using traditional modeling techniques [5].

ABM is particularly valuable in studying systems with heterogeneous components
and stochastic behaviors [42, 43], such as immune responses [44, 45], disease spread
[46], and cellular dynamics [47, 48]. For instance, ABM has been utilized to model
tumor growth and its microenvironment [49], capturing the complex interplay
between cancer cells, stromal cells, and the immune system [50]. This has provided
insights into tumor evolution [51] and potential therapeutic strategies [52].

Another application of ABM is in epidemiology, where it has been used to simulate
the spread of infectious diseases and evaluate intervention strategies [53, 54]. By
incorporating spatial and temporal dynamics, ABM can predict the impact of vac-
cination campaigns or quarantine measures, offering a flexible tool for public health
planning [55-57].

The STriTuVaD project is an excellent example of ABM’s utility. It has been
applied to simulate the immune response to tuberculosis vaccines [45, 58, 59]. These
models incorporate individual variability, enabling predictions of vaccine efficacy
across diverse populations. Additionally, ABM has proven instrumental in ecological
studies, modeling the interactions within microbial communities to understand their
responses to environmental changes [60, 61].

As computational power grows, ABM becomes increasingly sophisticated, incor-
porating more detailed biological data and complex interaction rules [62, 63]. This
advancement allows for more accurate and predictive simulations, bridging the gap
between theoretical models and real-world applications [64].

2.3 Integrating bioinformatics with ABM

Integrating bioinformatics and ABM enables researchers to bridge molecular-level
insights and system-level behaviors [65]. By combining large-scale omics data with
dynamic modeling [66], this approach provides a comprehensive framework for
understanding biological complexity and predicting outcomes of therapeutic inter-
ventions [67-69].

One key advancement in this integration is using multiscale models that incor-
porate genomic, proteomic, and metabolic data into ABM frameworks [40, 70]. For
example, a recent study demonstrated the potential of combining transcriptomic data
with ABM to predict the efficacy of drug treatments in heterogeneous populations
[42]. Such models account for individual variability, enabling the design of personal-
ized medicine strategies.

Educational initiatives have also emerged to promote integrating bioinformatics
and ABM approaches. These efforts aim to train researchers in combining data-driven
insights with mechanistic modeling, ensuring the next generation of scientists can
leverage these tools effectively [71].

Another significant development is the application of integrated bioinformatics-
ABM frameworks to study immune system dynamics [72]. By simulating immune
responses using agent-based approaches informed by bioinformatics data, research-
ers can predict the efficacy of vaccines and identify potential side effects [22].
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Figure 1.
Integration of bioinformatics and agent-based modeling (ABM), demonstrating the workflow from data
acquisition to simulation outcomes for applications in precision medicine and vaccine design.

This methodology has been pivotal in accelerating the development of COVID-19
vaccines, demonstrating the real-world impact of this integration [73].

The combination of bioinformatics and ABM is also facilitating advancements
in synthetic biology. For instance, models integrating gene regulatory networks and
cellular dynamics have been used to design synthetic circuits with desired behaviors
[74]. These innovations highlight the potential of integrated modeling approaches to
drive fundamental research and applied sciences breakthroughs.

The integration of bioinformatics and ABM is visually summarized in the sche-
matic diagram and flowchart provided below (Figure 1). These figures illustrate the
data flow from acquisition through processing, leading to simulation and predictions,
highlighting the dynamic interplay between data-driven bioinformatics and the
mechanistic insights offered by agent-based modeling.

3. Case studies

The practical application of bioinformatics and ABM offers transformative
insights into complex biological phenomena. This section highlights three case studies
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demonstrating this integration’s utility: simulating the immune response to influenza,
exploring allergic reactions to chemical sensitizers, and developing SARS-CoV-2 vac-
cine targets. These examples emphasize the versatility of these approaches in address-
ing diverse challenges in systems biology and medicine.

3.1 Modeling influenza: Merging bioinformatics and ABM for precision insights

This case study explores how the Universal Immune System Simulator (UISS) was
utilized to simulate immune responses to influenza, as detailed in Pappalardo et al.
[68]. UISS, an advanced ABM platform, incorporated multiscale data to model the
intricate dynamics of host-pathogen interactions during influenza infection.

Combining bioinformatics with ABM protocols, the simulations provided insights
into the effectiveness of different vaccine strategies by modeling antigen presenta-
tion, T-cell activation, and antibody production. For instance, the study demon-
strated how adjuvants influenced the strength and duration of the immune response.
Additionally, the model predicted population-level impacts of vaccination under
various scenarios, helping to optimize immunization strategies [9, 30]. These findings
highlight the synergistic role of bioinformatics and ABM in guiding influenza vaccine
development and public health decision-making.

3.2 Simulating allergy pathways: Fusion of data-driven and agent-based models

A novel study [10] utilized ABM and bioinformatics to investigate skin and respi-
ratory allergic reactions to chemical sensitizers. By integrating transcriptomic and
proteomic data, the researchers modeled the activation of immune cells in response to
chemical exposure, focusing on dendritic cell maturation and T-cell proliferation.

Using bioinformatics and ABM protocols, the simulations explored how differ-
ent chemical structures triggered varying levels of immune sensitization, leading to
allergic reactions [75]. The study also assessed the efficacy of potential therapeutic
interventions, such as cytokine inhibitors, in mitigating these responses. By pre-
dicting the allergenic potential of new chemicals, this approach provides a valuable
tool for regulatory agencies and industries aiming to develop safer consumer prod-
ucts. This case study underscores the critical role of integrated bioinformatics and
ABM in advancing personalized approaches to managing and preventing allergic
diseases [31, 76].

3.3 Targeting SARS-CoV-2 with combined bioinformatics and ABM approaches

The final case study examines how integrated approaches have streamlined
vaccine development processes specifically targeting SARS-CoV-2. Researchers have
accelerated the timeline for vaccine candidates by utilizing bioinformatics to identify
immunodominant epitopes and ABM to predict population-level efficacy [8].

The combined protocols of bioinformatics and ABM proved invaluable in
simulating herd immunity thresholds and optimizing adjuvant formulations. These
methodologies demonstrated the potential to reduce dependency on animal testing,
align with ethical considerations, and lower development costs. Moreover, integrating
large-scale genomic and immunological data allowed for the design of vaccines that
target specific viral vulnerabilities, advancing the precision of SARS-CoV-2 vaccine
development [77, 78].
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4. The regulatory aspect

The regulatory landscape surrounding the integration of bioinformatics and
agent-based modeling (ABM) into biological research and clinical applications is
evolving, driven by the increasing recognition of these tools as essential compo-
nents of modern biomedical innovation. Regulatory agencies, such as the European
Medicines Agency (EMA) and the U.S. Food and Drug Administration (FDA), are
progressively embracing computational models for applications ranging from drug
development to personalized medicine [79-81]. This shift has been supported by
frameworks like the FDA’s “Model-Informed Drug Development (MIDD)” initiative
[82] and the EM AT efforts to incorporate in silico methods into the approval processes
for new therapies [83]. However, these advancements bring unique challenges,
particularly for ABMs, which differ from traditional modeling approaches due to their
stochastic nature and the high granularity of individual-agent interactions [84].

To achieve regulatory acceptance, ABMs must undergo rigorous validation and
standardization [85]. This involves demonstrating their reproducibility and align-
ment with experimental or clinical data and ensuring transparency in their assump-
tions, parameterization, and decision-making processes [86]. Recent state-of-the-art
advancements have proposed Good Simulation Practices (GSP) as a pathway to guide
the validation of computational models [87], including ABMs, in a manner that meets
regulatory expectations [88]. These practices prioritize traceability and robustness
and employ benchmark datasets to authenticate predictive outputs [89]. For bioin-
formatics data, integration into ABM frameworks raises additional concerns, particu-
larly around data provenance, quality, and compliance with privacy regulations such
as the General Data Protection Regulation (GDPR) [90]. Ensuring the ethical use of
patient-derived data and the ability to audit and replicate simulations are increasingly
critical for regulatory approval [91].

Emerging technologies are also reshaping the regulatory landscape. For instance,
artificial intelligence (AI) and machine learning are leveraged to enhance model
validation processes, optimize parameter fitting, and assess predictive accuracy
[92]. Recent advances in explainable AI (XAI) offer tools to address the “black-box”
nature of complex ABMs, making their predictions and underlying mechanisms more
interpretable and aligned with regulatory requirements [93]. Furthermore, efforts to
create harmonized regulatory guidelines for in silico trials, such as those spearheaded
by the Virtual Physiological Human (VPH) Institute [94] and renowned research
group, provide a foundation for systematically integrating bioinformatics and ABMs
into decision-making frameworks for new therapies and interventions [58, 95, 96].

A critical frontier lies in establishing regulatory acceptance of multiscale ABMs
incorporating bioinformatics data at molecular, cellular, and population levels. These
models aim to bridge the gap between genomic insights and system-wide dynamics
and are increasingly recognized for their potential to accelerate drug development
and refine clinical trial designs. For instance, in silico trials that use integrated
bioinformatics-ABM approaches to simulate patient populations can reduce the
dependency on animal testing and lower development costs while maintaining ethical
and scientific rigor [97].

The future of regulatory engagement with bioinformatics and ABM will depend
heavily on fostering interdisciplinary collaboration among computational scientists,
biologists, clinicians, and regulators. Transparent reporting standards, clear docu-
mentation of model assumptions and limitations, and continuous dialog with regula-
tory bodies will be essential to ensure these tools meet both scientific and regulatory
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expectations. By aligning advancements in computational modeling with regulatory
requirements, the bioinformatics-ABM paradigm is poised to become a cornerstone
of precision medicine, synthetic biology, and other fields where complex biological

systems demand innovative and ethical solutions.

5. Challenges and future directions

Integrating bioinformatics and agent-based modeling (ABM) offers transforma-
tive potential for studying complex biological systems, yet it confronts significant
challenges that must be surmounted to harness its impact [98] fully. These challenges
include data standardization, computational scalability, and model validation [99, 100].

One major obstacle is the lack of data standardization and interoperability [101].
Integrating heterogeneous datasets from diverse sources—spanning genomic,
proteomic, and metabolic information—frequently encounters issues of inconsistent
annotations and variable experimental conditions [102]. This variability complicates
their incorporation into ABM frameworks and limits the reproducibility of results
[103]. Efforts to harmonize omics data with ABM frameworks are imperative, neces-
sitating universal standards in bioinformatics tools to streamline data preprocessing
and enhance model accuracy [104].

Moreover, the computational demands of ABM, especially when modeling
large-scale systems or incorporating multiscale data, are substantial. These simula-
tions often require significant memory and processing power, potentially hindering
scalability [105] and the broader adoption of these methods. Recent advancements
in cloud-based platforms and parallel computing [106], such as leveraging high-
performance computing clusters [107], have begun to address these challenges by
enabling the simulation of large-scale agent interactions, as demonstrated in studies
of immune response dynamics [108].

Robust validation methods are required to ensure the reliability of integrated
bioinformatics-ABM models [109]. Transparent reporting of model assumptions,
parameter values, and performance metrics ensures reproducibility and encourages
broader adoption.

Further addressing these computational and analytical demands, advances in
bioinformatics have been instrumental. Enhanced by advanced machine learning
techniques and high-performance computing [110], these improvements enable the
development of more robust and interpretable models. Collaborative platforms that
foster interdisciplinary efforts are also crucial for future advancements [111]. As we
look forward, interdisciplinary collaborations will be pivotal in overcoming exist-
ing challenges. Additionally, emerging technologies such as quantum computing
and Al-driven optimization offer promising solutions to computational bottlenecks
[1, 92, 112]. Expanding the scope of applications to include areas like synthetic
biology [113] and ecosystem modeling [114] could also unlock new frontiers for
integrating bioinformatics and ABM.

6. Conclusions

Integrating bioinformatics and ABM has revealed a robust framework for unravel-
ing the complexities of biological systems, providing multiscale insights by merging
data-driven methodologies with dynamic simulations. The chapter has highlighted
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various applications, including immunotherapy optimization, host-microbiome
interactions, and vaccine development, illustrating the practical impact of this
integrated approach in medicine and biology. Despite its vast potential, the field faces
significant challenges. Data standardization remains a major hurdle, complicating the
integration of heterogeneous datasets and impacting reproducibility. The computa-
tional intensity of ABM also poses scalability challenges, although recent advances

in cloud computing and high-performance computing have begun to mitigate these
issues. Furthermore, ensuring the validity of models through robust validation proto-
cols is crucial for their broader acceptance and application. This necessity aligns with
the evolving regulatory perspective that increasingly acknowledges the importance
of computational models in biomedical applications, as highlighted by initiatives like
the FDA’s Model-Informed Drug Development (MIDD). The future of bioinformatics
and ABM integration looks promising, driven by advancements in machine learning,
quantum computing, and Al optimization. These technologies are poised further to
enhance models’ computational capabilities and interpretability. Continued efforts
in fostering interdisciplinary collaborations will be vital in overcoming existing
challenges and unlocking new potential. By leveraging these advancements, bioinfor-
matics and ABM can significantly contribute to transformative research in medicine,
ecology, and beyond, paving the way for innovative solutions to complex biological
challenges while adhering to regulatory standards.
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