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1. Introduction

Al is reshaping our understanding and application of genomics and bioinformatics
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with its revolutionary technology. A's powerful computational power has become
a key driver of tasks such as gene sequence analysis, gene editing and disease pre-
diction, greatly enhancing our insight into genetic mechanisms and opening new
paths to innovative treatments (Figure 1(a)). In this review, we will focus on the
main application of Al in the field of genomics, covering multiple aspects from
gene identification and classification to expression pattern prediction, from ge-
nome structure variation analysis to gene editing, as well as personalized medi-
cine, epigenetics analysis, multiple omics data fusion, genetic disease diagnosis,
evolutionary genomics research and non-coding RNA function prediction (as
shown in Figures 1(b)-(d)). We aimed to present how AI functions in these key

areas and to explore its future potential in driving advances in genomic science.
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Figure 1. (a) Ai realizes the prediction, identification, and diagnosis of single-omics through the integration and analysis of multi-
omics data; (b) Prediction: gene expression pattern, epigenetics, evolutionary genomics, non-coding RNA function; (c) Identifica-
tion and diagnosis: gene sequence, genome structure variation, genetic disease; (d) Treatment: gene editing, personalized genomic

medicine.

2. Application of Al in Genomics and Bioinformatics

2.1. Application of Al in Gene Sequence Identification and
Classification

Deep learning has become a powerful tool in the field of gene sequence identifi-
cation and classification, providing a new impetus for bioinformatics research. It

helps to correct possible misannotation of long non-coding RNA (IncRNA) and
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achieve remarkable results in predicting and identifying enhancer and promoter
interactions (EPI) in gene sequences [1]. Deep learning also supports the analysis
of RNA sequencing (RNA-Seq) technology, making processing and parsing large
amounts of sequencing data more efficient [2]. Notably, some deep learning mod-
els, such as DeepECtransformer, have been successfully applied to predict enzy-
matic functions in microbial genomes and to classify [3]. The deep learning-based
toolkit SPACEL performs well in analyzing spatial transcriptomic datasets, provid-
ing accurate 3 D tissue alignment, spatial domain identification, and batch effect
elimination [4]. An important breakthrough is the ATGO method, which enables
the accurate identification of protein function [5] by predicting the gene ontology
(GO) properties of proteins. Deep learning also demonstrates great potential in
single-cell RNA sequencing data analysis, especially in cell-type identification.
The development of the novel deep learning model FLAN provides better inter-
pretability while maintaining a high level of predictive performance [6]. Finally,
The mOWL library acts as a bridge, translating biological terminology and rules
into a mathematical language understandable by computers, in the form of vec-
tors. By analyzing these vectors, mOWL can predict protein interactions and the
relationship between genes and diseases, accelerating biological research and en-
abling scientists to uncover the secrets of the biological world more quickly [7].
These studies and applications demonstrate the diversity and profound impact of
deep learning in gene sequence identification and classification, providing pow-
erful tools for genomics research, while also bringing new opportunities for the

future fields of bioinformatics and precision medicine.

2.2 Deep Learning Prediction of Gene Expression Patterns

Deep learning has shown remarkable breakthrough results in the prediction of
gene expression patterns. First, and foremost, by using things such as Delta. Deep
learning tools such as EPI have realized the comprehensive re-identification and
review of enhancers in the human genome, and greatly improved the accuracy of
prediction. In addition, the enhancer identification is further improved with the
help of a multi-classifier stacking integration model, which is of extremely im-
portant value for deconstructing the gene expression regulatory network [8]. The
DNA binding patterns of transcription factors revealed by the deep learning tool
DeepTFactor give us a completely new perspective on understanding and predict-
ing gene regulatory networks. Functional annotation of enzyme-coding genes
through deep learning of fused transformer layers, while performing a genome-
wide selective scan using a convolutional neural network, helps to reveal the ex-
pression pattern of genes in space [9]. In unsupervised gene expression analysis,
principled feature attribution was performed by PAUSE and protein function pre-
diction by heterogeneous network converter HNetGO. These methods and tools
not only improve our understanding of gene expression and cell type, but also
provide new solutions to more complex biological problems [10]. In the field of

disease research, such as Parkinson’s disease (PD), the combination of artificial
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intelligence algorithms and biomarkers has successfully revealed different pat-
terns of progression in the PD patient population. This deep understanding of the
heterogeneity not only helps to decipher the complexity of the disease, but also
provides an important reference for optimizing the clinical trial design and the
development of more accurate and effective personalized treatment methods [11].
Finally, the development of a novel deep learning method, scGeneRAI, has suc-
cessfully inferred the gene regulatory network [12] from static single-cell RNA
sequencing data of single cells. These studies and applications fully embody the
wide application and far-reaching impact of deep learning in biomedical research,

and provide a new tool and perspective for future disease research and treatment.

2.3. The Role of Al in the Analysis of Genome Structural Variation

The application of artificial intelligence is showing its importance, especially in
identifying complex genomic rearrangements, detection of copy number varia-
tions (CNVs), and analysis of short tandem duplicated repeats (STRs). The intro-
duction of deep learning models opens a new chapter in our understanding and
prediction of genetic variation. Take the study of Libiseller-Egger et al [13], for
example, they skillfully used deep learning models to predict cardiovascular age,
and revealed the genetic basis closely related to cardiovascular age through ge-
nomic association studies (GWAS). This study has not only provided a break-
through in identifying complex genomic rearrangements, but also provides new
perspectives on our understanding of the genetic risk of cardiovascular disease.
These results fully demonstrate the outstanding role of Al in resolving genome
structural variation and revealing the genetic mechanisms of diseases, providing

powerful tools and methods for future genomics research and precision medicine.

2.4. Application of Al in Gene Editing Technology

In the broad field of genomics research, the application of artificial intelligence is
rapidly emerging, leading a series of innovative research paths. A striking example
is PRIDICT, a deep learning model, specifically used to predict the efficiency of
Prime Editing, a high-precision gene editing tool. Although the optimization pro-
cess of Prime Editing requires a large amount of time and energy, the PRIDICT
model has been able to effectively predict the efficiency of Prime Editing by train-
ing on a large amount of human pathological mutation data, thus providing new
possibilities for the application of gene editing technology [14]. Moreover, the
combination of AI and gene editing technologies has also made important break-
throughs in designing and achieving broad-spectrum disease resistance, which
opens a new path for personalized gene therapy design [15]. Another tool of in-
terest is DeepTFactor, a deep learning-based tool for predicting transcription fac-
tors. DeepTFactor The DNA binding patterns of transcription factors can be
learned and predicted from a large amount of genomic data, help researchers un-
derstand the expression and regulation mechanisms of genes, and even design

specific transcription factors to change the expression of specific genes [9]. These
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research results not only further reveal the great potential of Al in genomics re-
search, but also provide valuable tools and methods for future genomics research
and precision medicine, indicating that AI will play an increasingly important role

in the field of genomics.

2.5. Al-Assisted Personalized Genomic Medicine

Recently, AI and machine learning technology have shown significant application
value in the field of genomic medicine, which has greatly promoted the innovation
and progress in this field. For example, the algorithm NIAPU developed using
machine learning technology accurately classified [16] of disease-related genes;
the powerful analysis ability of machine learning is also applied to [17] in gene
prediction of congenital renal tract malformation. In addition, the application of
AT technology in next-generation sequencing data processing has improved the
accuracy of cancer risk prediction, early diagnosis, and biomarker discovery, [18].
Studies combined with gene expression data predict the necessity of genes through
machine learning, which has important implications for the identification of drug
targets for cancer therapy and the understanding of genetic diseases [19]. In the
field of drug interaction prediction, deep learning methods have also achieved im-
portant breakthroughs in [20]. Machine learning is further applied to predict the
survival probability of triple negative breast cancer patients and revealed clinical
and genetic factors closely related to their survival. Recent computational strate-
gies bring new strategies and tools [21] to reveal associations between genes and
diseases and disease gene exploration through knowledge graph embeddings and
graph neural networks. These research achievements highlight the powerful po-
tential of Al and machine learning in genomic medicine, providing new perspec-

tives and possibilities for the future development of precision medicine.

2.6. Analysing Epigenetic Data with Deep Learning

The progress of deep learning in predicting gene expression patterns marks a big
leap forward in this field. The researchers conducted a detailed analysis of the or-
ganization and evolution of enhancers, highlighting the influence of multiple fac-
tors on these relationships. Technological advances in machine learning and syn-
thetic biology have provided us with new insights into the enhancer complexity
[22]. In the development of lung adenocarcinoma (LUAD), the role of miRNA
and methylation sites has been focused, and the investigators have developed
models to predict remote metastasis in LUAD patients. Also, in parallel, the cell
types in the immune microenvironment were meticulously explored, revealing
[23], a key gene closely related to the progression of LUAD. Further, by applying
an integrated gradient approach to resolve the inference mechanism of the deep
learning tool DeepTFactor, the researchers demonstrated the ability of Al to un-
derstand the DNA binding patterns of transcription factors, even in [9] in the ab-
sence of direct training information. These achievements highlight the great po-

tential of deep learning to reveal the laws of gene expression and drive genomics
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research and precision medicine.

2.7. Application of Al in the Integration of Multi-Omics Data

Al is leading a new trend in the integration and analysis of multi-omics data, cov-
ering genomics, transcriptomic and proteomics data, thus promoting the progress
of precision medicine. The multimodal integration (MMI) method enables Al
technology to predict gene mutation status, thus further improving the accuracy
of disease prediction [24]. In addition, multi-omics data affinity AI algorithms
relying on graph convolution networks have been successfully applied to improve
the prediction accuracy of non-small cell lung cancer (NSCLC) by integrating
mRNA expression, DNA methylation and DNA sequencing data. This includes
not only the training and validation of the model, but also involves using func-
tional annotation and pathway analysis to deeply study [25], the biomarker of
NSCLC. In the study of chronic obstructive pulmonary disease (COPD), the new
deep learning method uses the graph convolutional neural network (ConvGNN)
on the protein-protein interaction network, combining single-omics or multi-om-
ics data, and provides a new way to reveal the molecular mechanism of COPD and
find key genes and proteins related to COPD [26]. Al technology also plays an
important role in the deconvolution of cell types from spatially resolved tran-
scriptomics (SRT) data, including a new technique called SpaDecon, using semi-
supervised learning that combines gene expression, spatial location, and histolog-
ical information, [27]. Moreover, the application of AI in RCC pathology and ge-
nomics pioneered new pathway [28] for RCC research by identifying unique gene
patterns of RCC subtypes and ranks and improving survival prediction models.
Opverall, the application of Al in multi-omics data integration is bringing unprec-

edented innovation to biomedical research and clinical medical practice.

2.8. Application of Machine Learning in the Diagnosis of Genetic
Diseases

AI plays an indispensable role in predicting and identifying gene signature bi-
omarkers in tumors or genetic diseases. A common strategy is to incorporate
WGCNA and multiple machine learning models to mine and validate potential
biomarkers. This process involves screening out differentially expressed genes
(DEGs) associated with specific diseases, performing weighted gene correlation
network analysis (WGCNA) and enrichment analysis, followed by a machine
learning Wayne algorithm to obtain feature genes. This method has been widely
used in the research of breast cancer [29], diabetic [30] [31], polycystic ovary syn-
drome [32], Parkinson’s disease [33] [34], Alzheimer’s disease [35], systemic lu-
pus erythematosus [36], diabetic nephropathy [37], lung adenocarcinoma [38],
glioma [39] and other diseases. In addition, it is able to identify the characteristic
genes [40] in different parts of the same disease, or to reveal the potential hub gene
[41] between the two diseases, providing new perspectives for the research and

treatment of genetic diseases. Meanwhile, the independence tests based on non-
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linear regression, innovative feature engineering methods, and the ontology the-
ory of sets have also been widely used in biomedical research. These methods all
showed significant effects in optimizing the search process, improving the effi-
ciency of model trainings, and improving gene-disease association prediction
[42]. In general, the application of machine learning in the diagnosis of genetic
diseases is mainly reflected in the identification of genetic disease markers, the
screening of rare disease variants, and the development of genetic risk assessment
model, which opens up new possibilities for the diagnosis and treatment of genetic

diseases.

2.9. Contribution of Al in Evolutionary Genomics Research

Neural network technology has proved its advantages in revealing the evolution-
ary relationships of species, the evolutionary process of functional genes, and the
analysis of gene family history. The revolutionary tool ASDEC, by directly using
raw sequence data for accurate classification, not only greatly improves the effi-
ciency of genome-wide selective clearance detection, but also shows excellent ro-
bustness in response to the complexity of biology. ASDEC Demonexcellent per-
formance in identifying selective clearance, pinlocating selection targets, and
deeply evaluating the impact of positive selection. Its successful discovery of can-
didate genes on human chromosome 1 further confirms its potential application
in functional gene evolution analysis. Taken together, ASDEC not only demon-
strates the great ability of neural networks to deal with complex problems in biol-
ogy, but also opens up a new perspective for future research in evolutionary ge-

nomics [43].

2.10. Application of Deep Learning in Non-Coding RNA Function
Prediction

In particular, in target prediction of small RNA (miRNA) and functional annota-
tion of long non-coding RNA (IncRNA), deep learning shows significant ad-
vantages. A new deep learning scheme called sequence pre-trained Graph Neural
Network (SPGNN) is used to predict associations between IncRNA and miRNA,
graphically represented [44] from RNA sequences and existing interactions. In
miRNA target prediction, deep learning models combined with microfluidic tech-
nologies enable accurate and efficient detection of miRNA biomarkers, thus
providing a powerful tool for early diagnosis and prognostic analysis of cancer.
This method not only improves the prediction accuracy, but also greatly improves
the prediction speed of [45]. In terms of IncRNA functional annotation, the deep
learning model was successfully applied to identify IncRNA that might be misan-
notated. Through deep learning coding and training models for RN A sequences
to distinguish coding and non-coding transcripts, researchers revealed some
IncRNA [1] that may be misannotated as non-coding but actually have coding
potential. This computational approach, which relies on nucleotide sequence, helps
to reveal hidden proteomes and provides high-quality datasets for building coding
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potential predictors. These results not only demonstrate the strength of deep learn-
ing in the prediction of noncoding RNA function, but also provide innovative

tools and methods for future genomics research.

3. Challenges and Limitations

In the fusion of artificial intelligence technology in genomics and bioinformatics
practice, we encountered a series of challenges: how to ensure the high quality and
accessibility of data, how to meet the huge data analysis for computing resources,
how to improve the Al model interpretability, how to effectively integrate multiple
omics data, how to enhance the model of generalization ability of new data, how
to deal with genetic diversity, how to obey ethical and legal boundaries in research,
and how to promote the collaboration between different disciplines. Overcoming
these challenges requires not only continuous technological innovation, improve-
ments in data sharing policies, but also the development of new algorithms, and
enhanced inter-disciplinary collaboration. Solving AI ethical issues is of para-
mount importance, which requires a multifaceted strategy including the develop-
ment and refinement of artificial intelligence ethical guidelines and regulations,
establishing accountability mechanisms, strengthening ethical oversight of re-
search and development activities, enhancing the transparency and explainability
of algorithms, building effective ethical review and supervision systems, and en-

suring the responsible and sustainable development of Al technology.

4. Prospects and Future Direction

For the application of artificial intelligence in the field of genomics and bioinfor-
matics challenges, the future development aimed at several core goals: improve
data management and standardization, optimize computing resources, strengthen
Al model interpretation, integration of multi-source biological data, enhance the
model of generalization ability to adapt to genetic diversity, strictly abide by the
ethics and compliance, and actively promote interdisciplinary collaboration.
Through these strategic efforts, we anticipate major breakthroughs in precision
medicine, personalized therapy, and gene function understanding, leading ge-

nomics into a new era of more efficient, reliable, and inclusive technologies.

5. Conclusion

After in-depth discussion, we can see the huge potential and vast prospects of ar-
tificial intelligence in the application field of genomics and bioinformatics. Through
refined data management strategies, efficient computational resource allocation,
enhanced model interpretability, integration of multi-dimensional omics data,
and improvement of model generalization ability, we can expect to make revolu-
tionary progress in precision medical diagnosis and customized chemotherapy in
the future. At the same time, adhering to the ethical bottom line of ethics and legal
requirements, as well as cultivating the spirit of interdisciplinary collaboration, is

the key to ensure the healthy and sustainable development of this field. Overall,
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Al plays a crucial role in advancing innovation in genomics and bioinformatics,

and in addressing related challenges.
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