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ABSTRACT
Bioinformatics is a rapidly growing discipline at the interface of biology, computer science, and mathematics. Recent 
scientific and technological advances in biological and biomedical sciences have led to a rapid increase in data genera-tion. 
The analysis and interpretation of such data requires powerful computational tools and specialists with deep expertise in 
various fields, including molecular biology, genetics, programming, and mathematics. Currently, machine learning and deep 
learning methods are being rapidly integrated into various fields of biology and medicine, significantly transforming bioin-
formatic solutions and marking the advent of a new era in bioinformatics. The development of new algorithms and efficient 
data analysis methods using artificial intelligence forms the foundation for the future growth of this field. In this context, 
the demand for specialists capable of bridging the gap between biological and mathematical disciplines continues to grow, 
necessitating the adaptation of educational programs. This article reviews recent trends in bioinformatics, including the de-
velopment of multi-omics approaches and the use of artificial intelligence, and highlights the importance of multidisciplinary 
education with advanced training in mathematics and statistics to prepare a new generation of scientists capable of driving 
innovation in this dynamic field.
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АННОТАЦИЯ
Биоинформатика — это быстро развивающаяся дисциплина на стыке биологии, информатики и математики. Научно-
технический прогресс в области биологических и биомедицинских наук за последние годы привел к стремительному 
росту объемов данных. Для анализа и интерпретации больших данных нужны мощные вычислительные инструменты 
и специалисты с глубокими знаниями в различных областях, включая молекулярную биологию, генетику, програм-
мирование и математику. В настоящее время происходит стремительная интеграция методов машинного и глубо-
кого машинного обучения в различные области биологии и медицины, что в существенной степени меняет формат 
биоинформатических решений и позволяет говорить о наступлении новой эры в биоинформатике. Разработка новых 
алгоритмов и способов эффективного анализа данных с использованием искусственного интеллекта является основой 
для будущего развития этой области. В этой связи спрос на специалистов, способных преодолеть разрыв между био-
логическими и математическими дисциплинами, продолжает расти, что требует соответствующей адаптации учебных 
программ. В статье рассматриваются последние тенденции в биоинформатике, такие как развитие мультиомиксных 
подходов и использование искусственного интеллекта, а также подчеркивается важность многопрофильного образо-
вания с углубленным обучением в области математики и статистики для подготовки нового поколения ученых, способ-
ных стимулировать инновации в этой динамичной области науки.
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SUBJECT AND TASKS OF 
BIOINFORMATICS, AND ITS ROLE 
IN MEDICINE AND FUNDAMENTAL 
AND APPLIED BIOLOGY

Bioinformatics is an interdisciplinary area that combines 
biological sciences, mathematics, statistics, and computer 
technology to collect, store, analyze, and interpret biologi-
cal and biomedical data. This rapidly evolving field focuses 
on the development and implementation of algorithms and 
computational tools for biological data analysis, particu-
larly in genomics, transcriptomics, proteomics, and struc-
tural and systems biology. The modern era in biology is 
distinguished by the rapid accumulation of vast amounts 
of data generated by advanced techniques such as next-
generation sequencing (NGS), third-generation sequen
cing  (TGS), structural biology, and mass spectrometry. 
The data generated by these techniques are often too large 
and complex to be managed using conventional approaches. 
At the same time, these massive databases may be crucial for 
understanding how life is organized at the molecular level. 
They are essential for understanding the complex biological 
processes that govern the structure and functioning of liv-
ing systems, ranging from gene expression regulation and 
protein interactions to the organization of complex intracel-
lular structures and intercellular interactions. Advances in 
computational techniques are critical for interpreting such 
complex systems and exploring the fundamental laws that 
control life. Research in personalized medicine, drug devel-
opment, systems biology, and agricultural sciences cannot 
advance without the active development and implemen-
tation of bioinformatics approaches for large-scale data 
analysis and interpretation [1–8].

The development of bioinformatics has been largely 
driven by the advancement of next-generation sequenc-
ing, which is becoming increasingly accessible and in-
tegrated into routine clinical practice. Technological 
advances, combined with lower sequencing costs and 
expanded applications in a variety of fields, have signifi-
cantly increased the use of these methods. In the near 
future, NGS and TGS technologies are expected to play a 
key role in shaping healthcare and become the standard 
for biomedical research.

In clinical diagnosis and personalized medicine, there 
has been substantial global increase in research based 
on whole genome or targeted DNA sequencing (including 
exomes and individual gene panels) and transcriptome 
sequencing. These techniques are becoming increasingly 
accessible to a wide range of researchers and clinical 
laboratories [9, 10]. NGS makes it possible to get unparal-
leled insights into genetic variations in human populations 
and investigate the mechanisms underlying hereditary 
diseases and cancer [11, 12]. Genome-wide association 
studies (GWAS) using NGS or microarray hybridization 

data enable identifying correlations between genetic vari-
ants and traits or diseases [13, 14]. These advancements 
make it possible to identify specific molecular markers 
of various diseases and consider their cumulative impact, 
allowing for personalized treatment based on patients’ 
individual characteristics [15]. Moreover, NGS facilitates 
the development of non-invasive diagnostic techniques, 
such as liquid biopsy, which allows monitoring disease 
progression and response to treatment, and non-invasive 
prenatal testing (NIPT) [16–18]. In addition, NGS plays 
a fundamental role in the development of personalized 
cancer immunotherapy (cancer vaccines) by identifying 
neoantigens expressed in tumors [19–21]. This approach 
not only maximizes therapeutic impact on cancer cells, 
but also minimizes potential side effects of broader 
immunotherapies that can affect healthy cells. More-
over, the development of techniques such as Chromium 
(10x Genomics), C1 (Fluidigm), and Seek One (Seek Gene 
Biotechnology) has enabled simultaneous acquisition of 
sequencing data for thousands of single cells (scDNA-seq 
and scRNA-seq) [22]. Therefore, this approach refines 
genetic testing to the level of single-cell analysis for as-
sessing heterogeneity in cell populations and identifying 
unique events in individual cells.

Other techniques, such as ChIP-seq, ATAC-seq, and 
Methyl-seq and their combinations with other omics 
technologies, allow studying the regulation of gene ex-
pression, chromatin dynamics, and various epigenetic 
mechanisms [23–27]. Specialized NGS methods are being 
integrated into clinical practice as evidence accumulates 
and the clinical significance of specific mechanisms in 
the development of diseases is confirmed [15, 28, 29]. 
The molecular mechanisms of disease development are 
becoming much better understood at the genetic and epi-
genetic levels as genome sequencing and data analysis 
techniques advance, paving the way for a new era of 
precision medicine and human life extension. The new 
assembly T2T-CHM13, a continuous sequence of the hu-
man genome without gaps, including previously unstu
died regions such as centromeres and telomeres [30, 31], 
has accelerated the development of genome analysis 
methods, including studies on functional role of repeti-
tive sequences and the search for various structural vari-
ants. Owing to the intensive development of this field, the 
number of omics data collected worldwide has increased 
dramatically. In particular, large genomic data analysis 
centers generate tens to hundreds of terabytes of new 
data per day. By 2025, the volume of genetic data accu-
mulated globally is expected to exceed that of informa-
tion technology giants such as YouTube and X (Twitter) 
[32–34].

Bioinformatics is critical for understanding the struc-
tural and functional properties of proteins and peptides. 
Advances in mass spectrometry and other proteomic 
technologies enable generating complex arrays of data 
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on protein interactions and modifications and investigat-
ing their structure [35–37]. The interpretation of these 
data aids in the investigation of various protein com-
plexes and the understanding of the intricate networks 
of interactions between proteins, as well as proteins 
and nucleic acids within cells [38–42]. This information 
is critical for developing new drugs, studying disease 
mechanisms, and identifying biomarkers [43–48]. On a 
higher level, systems biology combines multiple layers of 
biological data (genomics, transcriptomics, proteomics, 
and metabolomics) to create complex models of biologi-
cal systems. Bioinformatics tools are critical for model-
ing these complex systems and predicting their behavior 
under various scenarios.

As data accumulated, extensive multipurpose bio-
logical databases were created. These include NCBI ser-
vices offering various databases and data analysis tools 
(https://www.ncbi.nlm.nih.gov/), UCSC genome browser, 
which allows visualizing genomes and contains various anal-
ysis tools (https://genome.ucsc.edu/) [49], Ensembl [50], 
EMBL-EBI (https://www.ebi.ac.uk/) [51], UniProt [52], 
Protein Data Bank [53], KEGG [54], and Enzyme Database 
(BRENDA) [55]. These and many other bioinformatics re-
sources are used to annotate genomes, investigate gene 
function and regulation, track protein functions, meta-
bolic pathways, and genetic interactions, and uncover 
new patterns by comparing biological information from 
various sources.

Recently, there has been a significant increase in the 
use of machine learning (ML) to identify patterns in com-
plex NGS data for addressing various pharmacogenomics 
and oncogenetics issues [56]. Artificial intelligence (AI) 
technologies, a powerful tool for improving the accu-
racy and speed of data interpretation, are at the cutting 
edge of science. The integration of machine learning and 
AI methods facilitates the extraction of useful informa-
tion, revolutionizing the analysis of omics data. It enables 
identifying new genetic variants relevant to disease pro-
gression, predicting disease risk, and discovering new 
biomarkers, which facilitates the development of per-
sonalized medicine and targeted therapeutic approaches. 
For example, AI-based algorithms are increasingly used 
in large-scale searches for new drug targets and di-
agnostic tools. As a result, numerous pharmaceutical 
companies are expanding their use of AI approaches in 
biomedical data processing and analysis.

ROLE OF FUNDAMENTAL MATHEMATICAL 
KNOWLEDGE IN THE TRAINING OF HIGHLY 
QUALIFIED BIOINFORMATICS SCIENTISTS

As bioinformatics becomes more important, so does 
the demand for qualified experts who can bridge the gap 
between biology and data science. The pharmaceutical 

and biotechnology industries are in need of professionals 
who can interpret genomic, transcriptomic, and proteomic 
data and investigate biomolecule structures for drug de-
velopment and precision medicine. Bioinformaticians are 
also required by research institutes and laboratories to 
implement scientific projects and manage increasingly 
complex data sets. The majority of biological research to-
day relies on bioinformatics tools to identify biomarkers, 
analyze next-generation sequencing findings, and model 
disease mechanisms.

The interdisciplinary nature of bioinformatics pres-
ents unique educational challenges, highlighting the 
need for specialized training programs. In addition to 
the fundamentals of molecular biology, bioinformatician 
training requires a strong mathematics background. This 
is due to the fact that biological data are analyzed us-
ing a variety of statistical and computational methods. 
The competence and correctness with which specific math-
ematical methods and software tools are used determines 
both the reliability of the analysis and the usefulness 
of information extracted from complex biological data. 
A thorough understanding of mathematics, especially 
statistics, probability, linear algebra, combinatorics, and 
graph theory, is necessary for modeling biological sys-
tems, managing large data sets, and developing predictive 
models.

Moreover, the complexity of biological data requires 
expertise in machine learning, data visualization, and 
programming. Programming for research purposes is 
typically done in languages such as Python, R, and SQL, 
whereas larger projects (including commercial bioinfor-
matics software) may require C/C++, Java, or even spe-
cialized programming languages. Bioinformatics training 
also typically requires familiarity with cloud computing 
platforms for data storage and processing. All of these 
factors must be considered in bioinformatics education 
for combining theoretical and practical training in data 
analysis, learning advanced algorithms for interpreting 
omics data, and developing software. This is due to the 
fact that developing and optimizing new algorithms for 
biological data processing and analysis is one of the most 
important tasks of bioinformatics.

Rapid technological advancements in bioinforma
tics necessitate continuous education and training. This 
means that experts must be perpetual learners to keep 
up with new tools, methods, and techniques, such as 
deep learning approaches for analyzing omics data or ad-
vances in quantum computing. Bioinformatics education 
programs must evolve in tandem with these trends to 
ensure that graduates have up-to-date skills. The incor-
poration of AI and machine learning into bioinformatics 
is gaining traction. AI technologies have proven particu-
larly useful in analyzing large and complex data sets in 
genomic analysis, single-cell transcriptome sequencing, 
spatial transcriptomics, and multi-omics technologies 

https://www.ncbi.nlm.nih.gov/),
https://genome.ucsc.edu/)
https://www.ebi.ac.uk/)
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[57–61]. Deep machine learning is currently indispens-
able in drug development, proteomics analysis, and pro-
tein structure studies [62, 63]. DeepMind’s AlphaFold2 
(and a new version, AlphaFold3, available to research 
institutes since November 2024) has revolutionized pro-
tein structure prediction owing to its amazing accuracy 
in determining 3D structures from amino acid sequences. 
AlphaFold2 and AlphaFold3 predict protein structure us-
ing deep learning methods, specifically neural networks 
trained on large data sets of known protein structures 
[64–68]. Demis Hassabis and John Jumper were award-
ed the Nobel Prize in Chemistry in 2024 for developing 
the AlphaFold2 algorithms, highlighting the innovative 
nature and significance of this technique. David Baker, 
who made significant contributions to the computer de-
sign of protein molecules, shared the award with them 
[69, 70].

Neural networks have also shown promise in de-
signing genome editing experiments using CRISPR/Cas9 
[71–73]. As these techniques gain popularity in medicine, 
agriculture, and ecology, bioinformaticians will play an 
increasingly important role in ensuring their safe and ef-
fective use.

The increasing volume and complexity of data sets 
inevitably raises the demand for machine learning and 
deep learning experts. This trend is evident in personal-
ized medicine, where machine learning models can as-
sist in treatment selection based on a patient’s unique 
genomic profile [74–79]. Multi-omics approaches that 
combine genomics, transcriptomics, proteomics, and me-
tabolomics data will surely necessitate the development 
of new computational tools and bioinformatics methods 
for interpreting these complex data sets and discover-
ing meaningful biological relationships. Bioinformatics 
tools are becoming more powerful and mathematically 
complicated, therefore training new experts requires a 
thorough understanding of mathematical concepts and 
statistical methods. Bioinformatics training programs 
in universities must place a greater emphasis on math-
ematics and statistics to provide students with the foun-
dational skills required to traverse the field’s increasing 
complexity.

Importantly, the two most prominent machine learn-
ing approaches of the last 30 years, deep neural net-
works and support vector machines (SVM), were origi-
nally proposed and developed in the 1960s by Soviet 
experts in applied mathematics and mathematical sta-
tistics. Here, we will mention only the fundamental works 
on the first learning neural networks [80], the first deep 
neural networks [81], and pattern recognition [82]. Clas-
sical, strictly justified mathematical problem-solving 
methods remain relevant for a long time. For example, 
the training of modern large neural networks and large 
language models is based on the optimal control theory 
proposed in the 1950s by Pontryagin et al. [83], and the 

backpropagation method proposed by Galushkin [84]. 
Geoffrey Hinton earned the 2024 Nobel Prize in Physics 
for his work in training deep neural networks by applying 
and enhancing these methods.

CONCLUSION
In conclusion, bioinformatics is a rewarding profes-

sional path with a variety of opportunities in academic 
and applied research, biotechnology industry, healthcare, 
and entrepreneurship. The future of bioinformatics is in-
credibly promising, and as data accumulates and new 
problems emerge, bioinformaticians will continue to play 
a significant role in scientific progress. It is critical that 
the education system adapts to the changing need for 
highly qualified specialists in this field. The new era of 
bioinformatics, with the increasing use of machine and 
deep learning in various fields of biology and medicine, 
must be followed by a new era of education. We encour-
age non-mathematical students who want to specialize 
in bioinformatics to systematically improve their skills 
and proficiency in classical mathematical tools, particu-
larly linear algebra, discrete mathematics, probability 
theory, and statistics. Universities should emphasize the 
mathematical component of bioinformatics by engaging 
relevant experts in teaching.
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