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Abstract
Artificial intelligence (AI) is reshaping genomics by enabling unprecedented insights into disease mechanisms, therapeutic design, and

precision medicine. This review provides a comprehensive survey of cutting-edge AI methodologies, including machine learning, deep

learning (DL), natural language processing, large language models, generative frameworks, and explainable AI, and their applications

across genomics. We systematically summarize how these technologies advance key domains, such as gene sequencing, variant detection,

gene expression analysis, personalized medicine, and CRISPR-based genome editing. Core computational tools, benchmark datasets, and

open-source frameworks supporting AI-driven genomic research are detailed. Despite remarkable progress, challenges persist in data

quality, interpretability, ethical governance, and computational scalability. Integrating multi-omics data through advanced architectures,

such as graph neural networks and multimodal DL promises deeper biological understanding. Emerging paradigms, e.g. synthetic

genomics and digital twins, highlight AI’s potential to deliver predictive and personalized healthcare.
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Introduction to AI in genomics

The intersection of artificial intelligence (AI) and genomics repre-

sents a convergence of rapid innovation in biological data generation

and computational analysis. The completion of the Human Genome

Project in 2003 marked a historic milestone, producing the first com-

plete sequence of human DNA and establishing a foundation for all

subsequent genomic research [1]. However, the massive scale and

complexity of genomic data soon exceeded the capabilities of tradi-

tional statistical approaches.

The advent of next-generation sequencing technologies dramati-

cally reduced sequencing costs, from millions of dollars per genome

to less than a thousand, leading to a surge in data from large-scale

initiatives such as the 1000 Genomes Project and the UK Biobank

[2]. Alongside this biological revolution, AI underwent its own trans-

formation. The success of AlexNet in 2012 ignited the deep learning

(DL) revolution [3], followed by the rise of powerful open-source

frameworks such as TensorFlow and PyTorch [4], which democratized

access to advanced model development.

The application of AI in genomics has since evolved from early

machine learning (ML) models for variant classification to sophisti-

cated DL and Transformer-based architectures capable of learning

long-range genomic dependencies. Notable breakthroughs include

Google’s DeepVariant, which employs DL to identify genomic variants

with exceptional precision [5], and DeepMind’s AlphaFold2, which

achieved near-experimental accuracy in protein structure prediction

[6]. Recent adaptations of Transformer models, such as Enformer,

extend these capabilities by learning the “language of the genome” and

predicting the regulatory impact of non-coding variants [7].

While the trajectory of AI in genomics is transformative, the shift

from classical bioinformatics to DL entails distinct technological trade-

offs that this review will critically examine. Foundation Models offer

unprecedented capacity to capture long-range genomic dependencies

and context (genomic grammar) via self-attention, yet they introduce

quadratic computational complexity (O(N2)) and require massive

compute resources that challenge accessibility [8, 9]. Similarly, graph

neural networks (GNNs) provide a superior inductive bias for model-

ing non-Euclidean data like 3D protein structures and interactomes,

but they face unique scalability hurdles, such as over-smoothing and

neighbor explosion, when applied to large-scale biological networks

[6, 10]. Finally, while Multi-Modal Learning promises holistic “digital

twins” by fusing diverse omics layers, it necessitates solving complex

alignment problems between heterogeneous data spaces which are
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Figure 1 PRISMA flow diagram summarizing the systematic literature selection process.

challenges that simpler unimodal models avoid [11, 12]. By navigating

these trade-offs, this survey aims to guide researchers in selecting the

appropriate architecture for their specific genomic inquiries.

Genomic data are high-dimensional and inherently non-linear,

often exceeding the modeling capacity of conventional statistical

methods [13]. DL approaches such as variational autoencoders

(VAEs) enable integration of heterogeneous multi-omics modalities

into shared latent representations [14], while autoencoder-based

architectures mitigate batch effects and technical noise [15]. Transfer

learning further addresses data scarcity in rare disease settings by

leveraging representations learned from larger cohorts [16].

Graph neural networks are well suited for modeling spatial tran-

scriptomic architecture, and attention-based sequence models capture

long-range regulatory dependencies beyond the reach of local motif-

based approaches. End-to-end frameworks can directly infer pheno-

types from raw sequencing inputs such as FASTQ files or expression

matrices [17]. To improve interpretability, explainable AI methods

including SHAP and Integrated Gradients are increasingly incorpo-

rated into genomic pipelines. Tools such as DeepSEA and Basenji

exemplify the shift toward predictive modeling of regulatory DNA

function [18, 19].

Literature search methodology

We conducted a systematic literature review in accordance with

PRISMA guidelines. Searches were performed across PubMed, IEEE

Xplore, Scopus, Web of Science, and Google Scholar, focusing on

studies published between January 2015 and early 2026.

Keywords combined AI architectures and genomic applications:

(“Artificial Intelligence” OR “Deep Learning” OR “Transformer”

OR “Generative AI” OR “Foundation Models”) AND (“Genomics”

OR “Variant Calling” OR “Spatial Transcriptomics” OR “Precision

Medicine”). Peer-reviewed articles and high-impact conference

proceedings were prioritized, while foundational studies published

prior to 2015 were included where relevant. As shown in Fig. 1,

studies were excluded if they lacked algorithmic validation, focused

on non-molecular imaging, or were unavailable in English. Of 2450

initial records, 214 met the inclusion criteria for qualitative synthesis.

This comprehensive review work provides numerous important

contributions to the field of AI in genomics, including the following: (i)

Provides a framework for AI in genomics, demonstrating a structured

pipeline that begins with patient data and ends with customized treat-

ment suggestions. (ii) Presents a comprehensive summary of the most

recent AI technologies and the ways in which they may be applied in

genomics, making difficult topics more understandable. (iii) Provides a

summary of commonly used tools, datasets, and benchmarks to assist

researchers in finding resources for their work. (iv) Indicates future

research areas by highlighting the main obstacles and restrictions of

using AI in genomics. (v) Highlights the promise for integrated and

customized healthcare by providing a clear picture of forthcoming

advances such as explainable AI and digital twins.

Figure 2 illustrates the structural roadmap of this study. Addition-

ally, Table 1 provides the list of abbreviations with their full forms that

are used in this study.

Artificial intelligence framework in genomics

The AI framework in genomics spans data acquisition, quality con-

trol, alignment, multi-modal integration, and model-driven inference.

Standardized and privacy-preserved datasets are analyzed using ML

and DL models to detect patterns, stratify patients, and infer clinically

relevant biomarkers.
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Figure 2 Structural roadmap of the review illustrating the logical transition from foundational AI frameworks to translational implementation in
genomics.

Table 1 List of abbreviations used in this review.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Abbreviation Full form
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

AI artificial intelligence
ML machine learning
LLMs large language models
NLP natural language processing
AutoML automated machine learning
DL deep learning
FL federated learning
FDA food and drug administration
GNN graph neural network
GAE graph autoencoder
GANs generative adversarial networks
QML quantum machine learning
RL reinforcement learning
SHAP Shapley additive explanations
TCGA The cancer genome atlas
TMA tissue microarray
VAE variational autoencoder
XAI explainable artificial intelligence
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Once prepared, the multi-modal datasets are evaluated using ML

and DL models to detect biological patterns, forecast disease risk,

stratify patient subtypes, and infer therapeutically relevant biomark-

ers. Established metrics are used to evaluate model performance,

while explainable AI approaches like SHAP, LIME, and Integrated

Gradients give interpretability by highlighting influential genomic.

The final stage incorporates these insights into personalized medicine,

allowing for specific therapy options based on an individual’s genetic

and phenotypic profile. AI uses this integrated workflow to convert

raw molecular data into meaningful, reliable clinical recommenda-

tions, improving diagnostic precision and treatment results.

Artificial intelligence technologies in genomics

In this section, we discuss each technology in terms of its funda-

mental concepts, impact, and sample models. This section discusses

various methods to demonstrate the advantages and disadvantages

of the available AI solutions, as well as how they are influencing

the future development of precision medicine and computational

genomics. Figure 3 displays various AI technologies utilized in genet-

ics, along with the standard models utilized for each. Table 2 provides

a comprehensive overview of these technologies, highlighting their

main features and how they are applied.

Machine learning in genomics

ML enables modeling of high-dimensional, noisy genomic datasets

beyond the limits of classical statistical frameworks [20]. In practice,

supervised models are applied to variant classification, biomarker
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Figure 3 Taxonomy of AI technologies applied in genomics.

Table 2 Comprehensive overview of AI technologies in genomics.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Technology Description Typical applications Techniques/Models Citations
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ML Identifying patterns and
relationships

Variant detection, biomarker
discovery, disease prediction

SVM, RF, LR, XGBoost [20, 22]

DL NNs modeling complex
relationships.

Gene expression analysis,
variant calling, protein structure
prediction

CNNs, RNNs, Transformers, AE,
DeepVariant

[25–27]

NLP Linguistic methods adapted for
biological text and literature
analysis.

Literature mining, gene
annotation, functional
extraction

BioBERT, SciBERT, PubMedBERT [32, 33]

Generative Models Generating synthetic genomic
data.

Data augmentation, regulatory
sequence modeling

GANs, VAEs, Diffusion Models [36, 37, 57]

XAI Making AI predictions
interpretable and transparent.

Clinical diagnostics, gene
interaction interpretation

SHAP, LIME, Integrated
Gradients GNNExplainer

[45–48]

LLMs Large-scale pretrained
language models capturing
biomedical context.

summarization, hypothesis
generation

GPT-4, BioGPT, BioMedLM,
NDABERT

[50, 51, 58, 59]

RL Algorithms optimizing
genomics processes through
reward-based learning.

Drug–target discovery,
sequencing optimization

DQN, Policy Gradient, AlphaFold [55, 56, 60]

Hybrid and Multi-Omics
Approaches

Integration of multi-omics
datasets for biological insight.

Precision medicine, biomarker
discovery

Multi-modal Networks, GNNs,
Joint Representation Learning

[61–63]

FL Collaborative,
privacy-preserving
decentralized learning.

Multi-institutional genomic
studies, privacy-sensitive
analyses

FedAvg, FedProx, FedGen [64, 65]

QML Quantum-enhanced methods
for genomic data processing.

Sequence alignment, biological
modeling, drug discovery

QNNs, QSVM [66–68]

GNNs Explicitly modeling relational
biological networks.

Gene interactions, cell–cell/LR
interaction modeling

GCN, GAT, GAE, EGNNs [69–71]

Transfer Learning and
Domain Adaptation

Leveraging prior knowledge
from related genomic tasks for
improved model performance.

Efficient training on limited
data, functional prediction

Fine-tuning BioBERT, DANNs [72, 73]

AutoML Automating model selection,
tuning, and deployment.

Rapid model building,
biomarker discovery

Auto-Sklearn, Auto-Keras, NAS [74, 75]

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

discovery, and disease risk prediction, while unsupervised approaches

support clustering and dimensionality reduction in large-scale omics

data [21, 22]. Cohorts such as TCGA and the 1000 Genomes Project have

leveraged algorithms including SVMs, Random Forests, and gradient-

boosting methods to identify genotype–phenotype associations [23].

Compared with traditional linear models, these approaches improve

generalization and feature selection in high-dimensional settings [24].

Deep learning in genomics

Deep learning models directly capture non-linear biological structure

from raw sequencing data, reducing reliance on manual feature engi-

neering [25, 26]. Convolutional Neural Network (CNN)-based frame-

works such as DeepVariant achieve near human-level SNP detec-

tion accuracy from sequencing reads [27]. Transformer architectures,

including DNABERT, model long-range DNA dependencies critical for
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enhancer–promoter interaction prediction [28]. VAEs further support

unsupervised modeling of single-cell RNA-seq data for cell clustering

and trajectory inference [26].

Beyond general-purpose architectures, task-specific attention mod-

els have emerged. The DFT_ANPD framework [29] employs a dual-

feature two-sided attention mechanism to jointly model global and

local molecular dependencies, demonstrating improved accuracy in

anticancer natural product detection.

Natural language processing in genomics

Natural language processing (NLP) enables scalable extraction of

structured information from unstructured biomedical literature

and clinical records, which are impractical to curate manually

[30, 31]. Transformer-based models such as BioBERT, pretrained

on PubMed corpora, improve gene–disease relation extraction and

clinical question answering [30, 32]. SciBERT extends this approach

to broader scientific text domains [33]. Supporting resources such

as PubTator Central and scispaCy provide curated annotations and

named entity recognition pipelines for integrating literature-derived

knowledge into genomic workflows [34, 35].

Generative models in genomics

Generative models learn underlying data distributions to synthesize

biologically plausible genomic sequences, addressing the scarcity and

cost of labeled experimental data [36, 37]. Architectures such as GANs,

VAEs, and diffusion models have been applied to DNA sequence

generation, dataset augmentation, and protein structure modeling

[38–41]. In single-cell RNA-seq analysis, VAEs support denoising and

latent structure discovery in high-dimensional expression data [40].

As these generative frameworks mature, rigorous evaluation becomes

paramount. A recent systematic review on computational drug design

[42] highlights that the success of generative architectures is heavily

dependent on the choice of molecular representations (e.g. SMILES

versus Graphs) and performance assessment metrics.

Explainable artificial intelligence in genomics

Explainable artificial intelligence (XAI) aims to make AI system

decision-making transparent and interpretable. Clinicians must trust

and understand sophisticated AI model outputs. XAI approaches

reveal whether genes influence model predictions, boosting biological

relevance, and clinical accountability [43, 44]. SHAP, LIME, and

Integrated Gradients are popular XAI approaches. SHAP has been

used to analyze cancer subtype, disease progression, and variation

pathogenicity genomic models [45]. LIME uses a local linear surrogate

model to explain predictions. It helps manual clinical pipeline curation

by interpreting pathogenic variant classification [46]. While SHAP

and LIME are effective for tabular or sequence data, graph-based

architectures require specialized interpretability tools. GNNExplainer

addresses this by providing a model-agnostic approach that identifies

compact subgraphs and crucial node features influencing predictions.

By maximizing mutual information between the GNN’s prediction

and the distribution of possible subgraphs, it highlights biologically

relevant interaction modules (e.g. specific protein–protein interaction

pathways) that drive model decisions [47]. Gradient-based integrated

gradients assess feature attribution in DL models. It explains

regulatory variation effects and chromatin accessibility predictions

[48].

Large language models in genomics

Large language models (LLMs) were developed to represent natural

language using vast text corpora. More recently, these models have

been modified to comprehend biological sequences and biomedical

literature. In genomics, LLMs are utilized for various tasks, including

the extraction of gene–disease relations, the development of hypothe-

ses from unstructured data, and the summarization of prior research

[32, 33]. Millions of full-text articles and abstracts from PubMed that

have been used to pretrained notable models like as BioBERT, Pub-

MedBERT, and BioGPT [32, 49, 50]. Building upon foundational BERT

models, NDABERT (Nucleotide-DNA BERT) introduces a specialized

architecture designed to capture functional genomic elements with

higher fidelity. Unlike standard DNABERT which relies on k-mer tok-

enization, NDABERT optimizes species-aware embeddings and cur-

riculum contrastive learning to better identify regulatory motifs and

differentiate species in metagenomic contexts. This architecture signif-

icantly enhances performance in tasks requiring fine-grained under-

standing of non-coding DNA syntax [51]. Large-scale ML systems like

BioGPT are able to generate fluent summaries of research papers,

extract structured insights from unstructured material, and provide

answers to domain-specific queries [50]. Recent results revealed that

OpenAI’s GPT-4 performed exceptionally well on medical reasoning

and USMLE-style questions, indicating that it has the potential to

provide clinical genomic decision assistance [52]. In addition, LLMs

are being modified so that they can have direct effects on biological

sequences. Moreover, LLMs are being investigated for their potential

use in the automated annotation of genetic variations and in the EHR-

based patient stratification [53].

Reinforcement learning in genomics

Reinforcement learning (RL) formulates genomic tasks as sequen-

tial optimization problems in which agents learn policies through

interaction with biological environments. Algorithms such as Deep

Q-Networks (DQN) and Policy Gradient methods are applied to high-

dimensional design and drug discovery challenges [54]. RL is par-

ticularly suited to settings with limited labeled data, where reward-

driven learning guides model refinement [55]. Analogous iterative

feedback mechanisms are incorporated in protein structure predic-

tion; e.g. AlphaFold employs confidence scoring to iteratively improve

structural accuracy [56].

Hybrid and multi-omics approaches in genomics

Hybrid and multi-omics frameworks integrate genomics, transcrip-

tomics, proteomics, and metabolomics to model cross-layer molecular

interactions [63]. Such integration supports patient stratification and

identification of multi-modal biomarkers in complex diseases [76].

Advanced ML architectures perform joint representation learning,

where multi-modal autoencoders project heterogeneous omics data

into a shared latent space [61]. These representations enhance signal

extraction while mitigating noise and batch effects, enabling more

predictive, and mechanistic modeling of disease biology.

Federated learning in genomics

Federated learning (FL) allows model training across several

decentralized datasets without exchanging raw data. This is partic-

ularly helpful in genomics, where sharing patient information and
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protecting their privacy are major obstacles to pooling big datasets

[64]. FL has been used for genome-wide association studies (GWAS)

that protect privacy and multi-institutional clinical research [65].

Hospitals and labs can train models cooperatively using FedAvg,

FedProx, and FedGen algorithms without disclosing individual data.

Despite its benefits, FL in genomics suffers data heterogeneity,

communication overhead, and model drift. Robust aggregation and

tailored federated models are being developed to overcome these

limitations. FL is typically used with differential privacy to improve

confidentiality. NVIDIA Clara and Flower are being tested for FL in

healthcare and life sciences [77, 78].

Quantum machine learning in genomics

Quantum machine learning (QML) explores hybrid quantum–classical

approaches for high-dimensional genomic analysis [66, 67]. Quan-

tum SVMs and quantum neural networks (QNNs) have been inves-

tigated for sequence alignment, evolutionary modeling, and drug–

target interaction tasks [79, 80]. Quantum kernel methods and circuit-

based models have been applied to cancer expression classification

and protein structure prediction [81]. Applications in single-cell clus-

tering and genomic feature selection remain experimental due to

hardware limitations [82].

Graph neural networks in genomics

GNNs are perfect for simulating biological networks since they are

specialized for graph-structured data. In genomics, nodes can repre-

sent genes, proteins, or cells, while edges model their interactions.

GNNS have been effectively applied for gene function prediction, cell–

cell communication modeling, and disease gene prioritization [69, 70].

Moreover, GNNs in spatial transcriptomics help to model cell neigh-

borhoods and the regulatory settings in which they are located. For

instance, the STAGATE framework makes use of GATs to learn spatial

domains and interactions from Visium or Slide-seq documents [83].

For tasks involving 3D molecular structures, standard GNNs often fail

to capture geometric symmetries. Geometric equivariant graph neural

networks (EGNNs) solve this by ensuring that the model’s outputs

remain invariant or equivariant to rotation and translation of the

input coordinates. This capability is critical for structural genomics,

enabling highly accurate protein quality assessment and molecu-

lar dynamics simulations without computationally expensive data

augmentation [71]. In recent research, self-supervised training have

been investigated as potential methods for enhancing scalability and

generalizability [69, 70]. GNNs are becoming increasingly important

for relational reasoning in the field of biology as the complexity

and network structure of genomic information continue to further

develop.

Transfer learning and domain adaptation in genomics

TL enables the reuse of models that have been trained in one domain

in another, thereby significantly reducing the computational and data

burden. BioBERT and DNABERT outperform generic models on gene

annotation and variant classification due to domain-specific pretrain-

ing [28, 32]. TL enhances accuracy and generalizability by fine-tuning

models using task-specific datasets. DANNs match source and target

dataset distributions to improve cross-species gene prediction and

cohort harmonization [84]. Moreover, Pretrained models are used to

predict tumor subtypes in cancer genomics.

AutoML in genomics

AutoML automates model selection, feature engineering, and hyper-

parameter tuning in genomic workflows. Platforms such as Auto-

Sklearn, Auto-Keras, and neural architecture search (NAS) enable

rapid model development for gene expression classification, variant

effect prediction, and biomarker discovery [85, 86]. Some systems

incorporate explainability modules to support model interpretation

[87]. However, exhaustive search strategies remain computationally

demanding and prone to overfitting in small datasets. Integration of

AutoML with federated learning (FL), transfer learning (TL), and XAI

frameworks may enhance scalable precision genomics [88].

Comparative analysis: traditional bioinformatics versus
AI-driven genomics

Traditional bioinformatics methods remain advantageous in low-

sample regimes (n � p) and settings requiring statistical inter-

pretability. Approaches such as PCA, HMMs, and DESeq2 provide

robust performance for bulk RNA-seq and related analyses where

over-parameterized DL models may overfit [89, 90]. In contrast,

AI methodologies capture high-dimensional, non-linear biological

interactions and automate feature learning from raw sequencing data,

enabling tasks such as protein folding and multi-omics integration

[91]. Table 3 summarizes these trade-offs across scalability, modeling

capacity, and interpretability.

Applications of artificial intelligence in genomics

AI methods including ML, DL, NLP, and LLMs are applied across key

genomic domains, such as gene sequencing, variant calling, genome

editing, and clinical diagnostics. Table 4 summarizes representative

applications, associated models, limitations, and clinical relevance,

while Fig. 4 illustrates the major application categories.

Gene sequencing

AI-based models enhance base-calling accuracy and error correction

in high-throughput sequencing workflows. CNNs, RNNs, and Trans-

former architectures are applied to model sequence context, with

attention-based frameworks capturing long-range genomic depen-

dencies relevant for functional prediction [28]. Such scalability sup-

ports clinical sequencing applications, including rare disease diagno-

sis and newborn screening [100].

Variant calling

The main goal of variant calling is to find genetic differences from

a reference genome. These differences can be single-nucleotide

polymorphisms (SNPs), insertions, deletions, and structural variants.

Understanding the etiology of diseases, drug responses, and inherited

disorders can be significantly influenced by these variants [101].

DL has revolutionized this field, enhancing accuracy far beyond

traditional methods. In particular, CNNs and RNNs are effective for

sequencing and image-encoded genetic alignments. DeepVariant, a

tool made by Google, uses CNNs to treat variant calling as a picture

classification task. It does a better job with Illumina and PacBio data

[5]. Similarly, Clairvoyante uses multi-task CNNs to predict variant

type, zygosity, and quality scores [102]. While accurate detection

is crucial, interpreting the functional impact of variants remains

a bottleneck. AlphaMissense addresses this by adapting structural
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Table 3 Comparison between traditional bioinformatics methods and AI-driven genomic approaches.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Feature/criteria Traditional bioinformatics AI-driven genomics
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Representative methods PCA, HMM, DESeq2 LLMs, GNNs, Transformers.
Data handling Structured, and static; optimized for tabular,

lower-dimensional data such as bulk RNA-seq [91]
counts. Limited capability for unstructured inputs (e.g.
raw reads, histopathology images).

Unstructured, and multi-modal; integrates
heterogeneous data including raw DNA sequences, 3D
protein structures, imaging data, and clinical text into
unified representations [92, 93].

Feature engineering Manual and expert-driven; relies on predefined features
such as k-mers or position weight matrices (PWMs).
Highly interpretable but constrained by existing
biological knowledge [94].

Automated representation learning; deep architectures
(CNNs, transformers) discover non-linear and previously
unknown features such as distal regulatory motifs [95].

Modeling non-linearity Primarily linear or simplified probabilistic assumptions
(e.g. PCA, Markovian dependencies), limiting detection
of complex interactions [91].

High-capacity non-linear modeling; captures epistasis,
protein folding, and 3D chromatin interactions with
greater fidelity [56, 96].

Scalability Computationally efficient for small to moderate cohorts
(n < 1000) but performance plateaus with large-scale
datasets [94].

Data-hungry yet scalable; performance improves with
increasing data volume (scaling laws). Training is
resource-intensive, while inference is fast and
GPU-parallelizable [97, 98].

Interpretability White-box models with statistically grounded outputs,
including P-values, confidence intervals, and effect sizes
[90].

Black-box models; interpretation relies on post-hoc XAI
methods (e.g. SHAP, GNNExplainer), which may
introduce instability [45].

Context awareness Local or short-range focus; models often treat genomic
elements independently or capture limited motif
context [95].

Global and long-range context modeling; genomic
language models capture regulatory grammar and
dependencies spanning >100 kb [8, 99].
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Table 4 Comprehensive overview of AI applications in genomics.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Application Description AI methods Examples Limitations Clinical impact Ref.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Gene Sequencing Enhancing DNA
sequencing, and
accuracy.

CNN, RNN,
Transformers

DeepVariant,
Bonito

Performance
drop with noisy
data.

Enables early
diagnosis of genetic
diseases.

[27, 105]

Variant Calling Detecting
disease-associated
genetic variants.

CNN, RNN,
Ensemble
models

Clairvoyante,
DeepVariant,
AlphaMis-
sense

Hard to detect
rare variants.

Critical for rare
disease diagnostics.

[27, 103, 106]

Gene Expression
Analysis

Analyzing gene activity
across tissues.

PCA,
Autoencoders,
GNN

scVI, Scanpy,
CellBERT

High
dimensionality;
interpretability
challenges.

Enhances biomarker
discovery.

[40, 107, 108]

Personalized Medicine Tailoring treatments
based on individual
genomes.

Predictive
modeling, XAI

Biomarker
prediction

Privacy issues. Precision therapies
with fewer side
effects.

[109, 110]

Synthetic Genomics Designing synthetic
genes and sequences.

GANs, RL AlphaFold,
RosettaFold

Ethical
concerns.

Supports drug, and
vaccine
development.

[56, 111]

Genome Annotation Assigning function to
genomic sequences.

NLP,
Transformers,
Embeddings

Regulatory
element
prediction

Hard to
annotate
non-coding
regions.

Identifies
disease-relevant
regions and targets.

[99, 112]

Structural Genomics Predicting 3D protein
structures.

DL AlphaFold,
OpenFold,
ESM3

High resource
usage;
dependent on
quality data.

Advances rational
drug design.

[56, 113, 114]

Epigenomics Modeling gene
regulation via
epigenetics.

GNN,
Attention-based
models

DeepChrome,
GRNBoost

Complex and
context-
specific.

Enables early
detection of
epigenetic disorders.

[115, 116]

CRISPR and Genome
Editing

Enhancing genome
editing accuracy.

Predictive
models, RL

DeepCRISPR,
CRISPOR

Off-target effect
prediction still
limited.

Enables safe and
precise gene
therapies.

[117, 118]

Clinical Genomics and
Diagnostics

Using genomic data
for disease risk and
diagnosis.

Classifiers,
Ensemble
models

Disease
subtype
prediction

Model biases. Improves
diagnostics and
patient stratification.

[119, 120]

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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Figure 4 Overview of major AI application domains in genomics.

biology models to predict the pathogenicity of missense variants.

By leveraging structural context and evolutionary constraints, it

categorizes variants as likely benign or pathogenic with state-of-the-

art accuracy, thereby illuminating molecular effects and aiding in

the identification of novel disease-causing genes in clinical settings

[103]. By mixing results from different model, and datasets, ensemble

methods make predictions even more stable [104]. Overall, AI-

powered variant calling is pushing the limits of genetics, from

collecting data to finding insights that are useful for patients.

Gene expression analysis

Gene expression analysis quantifies RNA transcripts to characterize

regulatory states and disease-associated patterns [121, 122]. In

oncology, expression profiling supports tumor subtyping, prognosis

estimation, and therapeutic target discovery [123]. Large-scale

resources such as GTEx and TCGA link expression variation to

genetic differences through eQTL mapping [124]. Single-cell RNA-

seq enables high-resolution analysis of cellular heterogeneity in

complex tissues [125]. Deep generative models (e.g. scVI) and GNN-

based approaches improve denoising and dimensionality reduction

in single-cell datasets [40]. Pretrained language models such as

CellBERT further enhance annotation and contextual interpretation

of expression profiles [126]. These advances strengthen biomarker

discovery and support data-driven therapeutic stratification.

Personalized medicine

Personalized medicine leverages individual genomic information to

guide diagnosis and therapy [127]. In oncology, tumor sequencing

enables mutation-targeted treatment of alterations such as EGFR and

BRAF [128]. Whole-exome and whole-genome sequencing further

identify pathogenic germline variants in hereditary disorders, sup-

porting early diagnosis and tailored interventions [129]. AI-based risk

prediction and multi-omics integration improve patient stratification

and clinical decision-making [130]. Explainable AI approaches are

increasingly incorporated to enhance transparency and clinical trust

in genomic prediction models [131].
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Synthetic genomics

Synthetic genomics enables the design and construction of engineered

DNA, RNA, and whole genomes for controlled investigation of gene

function and regulatory mechanisms. Synthetic sequences are widely

used to model mutations and optimize expression systems in func-

tional genomics [132]. Structure-aware design is accelerated by pro-

tein prediction frameworks such as RosettaFold and AlphaFold, which

infer tertiary structure from engineered sequences [56, 111]. Gener-

ative models further extend this paradigm by creating novel DNA

patterns with desired structural or functional properties. Ethical and

biosecurity considerations remain important in the deployment of

synthetic genomic technologies [133].

Genome annotation

Genome annotation assigns functional interpretation to genes and

regulatory elements within DNA sequences [134]. A major challenge

lies in characterizing non-coding regions, which comprise most of the

human genome and frequently harbor disease-relevant regulatory

elements [95]. Transformer and NLP-based models have improved

annotation accuracy by capturing complex sequence dependencies

and long-range regulatory relationships [99]. Such advances support

identification of pathogenic variants and regulatory hotspots with

translational relevance [135].

Structural genomics

Structural genomics determines the 3D structures of proteins encoded

by an organism’s genome to understand gene activity at the molecular

level. This field shows how genetic variants impact protein fold-

ing, stability, and interactions, connecting sequence data to biolog-

ical processes [136]. AlphaFold and OpenFold DL methods predict

protein structures with near-experimental accuracy from amino acid

sequences [6, 113]. Beyond structure prediction, the field is evolving

toward generative design. ESM3, a multimodal generative language

model, represents a paradigm shift by reasoning simultaneously over

sequence, structure, and function. Unlike earlier folding-only models,

ESM3 extracts deep semantic features from amino acid sequences to

simulate evolution, enabling the programmable generation of com-

plex proteins and predicting tertiary structures for sequences with

low evolutionary homology [114]. These techniques enable in silico

mutational impact and protein–protein interaction network screen-

ing. Also, provide scalable structural coverage across the proteome

despite their high computing costs and dependencies. Identifying

allosteric regions and directing ligand docking simulations with struc-

tural knowledge aids rational drug design [137]. Structural and genetic

data predict how patient-specific variations affect protein function

and treatment response, enabling customized therapy.

Epigenomics

Epigenomic datasets provide critical insight into regulatory element

activity and non-coding genome function [138]. Computational mod-

els have been developed to extract predictive signals from chromatin

features: DeepChrome infers gene expression from histone modifica-

tion patterns, and GRNBoost reconstructs gene regulatory networks

from chromatin-derived signals [115, 116]. Recent advances incor-

porate GNNs and attention-based frameworks to model long-range

chromatin interactions and high-order regulatory structure within

epigenomic landscapes [139]. Such approaches have clarified the role

of aberrant epigenetic regulation in tumor progression and therapy

resistance [140, 141].

CRISPR and genome editing

CRISPR-based genome editing has transformed modern genomics,

enabling precise, programmable DNA variations at specific genomic

loci through the use of guide RNAs [142]. CRISPR is extensively utilized

in genomics research for functional genomics screens that systemati-

cally identify gene–phenotype relationships [143]. Predictive models

like DeepCRISPR facilitate the selection of guide RNAs that exhibit

optimal on-target activity, thereby enhancing experimental reliability

[117]. CRISPOR integrates genomic context and sequence features

to improve guide RNA design, thereby increasing the accuracy and

reproducibility of genome editing [144]. RL and DL methodologies are

currently being advanced to enhance target selection and forecast

editing outcomes in silico. CRISPR is leading in gene therapy, with

clinical trials focused on monogenic disorders such as sickle cell

disease, β-thalassemia, and Leber’s congenital amaurosis [145].

Clinical genomics and diagnostics

Clinical genomics utilizes an individual’s genomic data to diagnose

disease, assess risk predisposition, and guide personalized patient

care. WGS, WES are two types of sequencing technologies that help

doctors find the harmful variations that cause rare genetic diseases,

inherited cancers, and heart problems [146, 147]. Combining genetic

data with clinical tests helps find diseases earlier, especially when

phenotypic markers are not clear. SVM, RF, and ensemble classifiers

are some of the ML models that are often used to divide patients into

groups based on genetic traits and predict what kind of disease they

will have [148, 149]. Clinical decision support tools, such as Pathoscore

and AI-integrated systems within ClinVar, facilitate variant analysis,

and prioritization for clinical reporting [150].

Clinical case studies and translational outcomes
While the diagnostic potential of AI is evident in research, its true

value is realized through successful translation into clinical work-

flows. We highlight four landmark implementations that demonstrate

this transition from algorithmic theory to patient care:

Rapid diagnostics in critical care (Project Baby Bear): The

“Project Baby Bear” initiative at Rady Children’s Hospital utilized

AI-accelerated rapid whole-genome sequencing (rWGS) to reduce

diagnostic turnaround times for critically ill infants to under 14 h.

By deploying deep learning pipelines for variant prioritization, the

project facilitated immediate targeted treatments and significantly

lowered healthcare costs [151].

Multi-Cancer Early Detection (GRAIL’s Galleri Test): Moving

beyond symptomatic diagnosis, the GRAIL Galleri test employs ML

classifiers to analyze methylation patterns in cell-free DNA (cfDNA)

from liquid biopsies. Clinical validation demonstrates the model’s

ability to detect signals for over 50 cancer types with a false-positive

rate of <1%, showcasing AI’s potential in shifting oncology toward

non-invasive, early-stage screening [152].

Resolving diagnostic odysseys (100 000 Genomes Project): For

rare diseases, the UK’s 100 000 Genomes Project leveraged AI-

driven variant prioritization tools to resolve long-standing “diagnostic

odysseys”. This approach successfully identified causal variants in a
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significant cohort of previously undiagnosed patients, validating the

scalability of automated analysis for population genomics [153].

AI-driven therapeutics (Insilico Medicine): In drug discovery,

INS018_055 by Insilico Medicine marks a significant breakthrough

as the first fully AI-generated drug candidate to reach Phase II

clinical trials. Designed as a small-molecule inhibitor for Idiopathic

Pulmonary Fibrosis (IPF), this milestone illustrates how generative

AI is used for both target identification and molecular design can

drastically compress discovery timelines and bridge the gap between

genomic insight and therapeutic intervention [154].

Tools, datasets, and benchmarks of artificial
intelligence in genomics

This section and Table 5 present a structured overview of the essential

tools, datasets, and benchmarks that support AI-driven research in

genomics and facilitate its clinical application.

Tools

AI-driven genomics leverages established deep learning frameworks

such as TensorFlow and PyTorch for sequence modeling, variant

calling, graph neural networks, and multi-omics integration [4, 155].

Single-cell and spatial transcriptomics analyses are supported

by scvi-tools for probabilistic modeling and batch correction [156],

Scanpy and Seurat for large-scale preprocessing and integration

[107, 157], and Giotto for spatial domain and cell–cell interaction

analysis [158]. For bulk RNA-seq, DESeq2 remains a standard

for differential expression analysis [90]. Model interpretability is

commonly addressed using SHAP and LIME [45, 46].

Datasets

AI applications in genomics are enabled and validated by diverse pub-

licly available datasets spanning cancer genomics, population tran-

scriptomics, single-cell atlases, structural biology, and spatial omics.

The Cancer Genome Atlas (TCGA) remains one of the largest multi-

omic resources, comprising over 11 000 tumor samples across 33

cancer types with matched clinical annotations, and is widely used

for subtype classification, survival modeling, and integrative analyses

[159, 160]. The Gene Expression Omnibus (GEO) serves as a large-scale

repository for functional genomics data and supports meta-analysis,

benchmarking, and TL studies [161, 162].

The GTEx project provides a comprehensive tissue-wide expres-

sion atlas across 54 human tissues, enabling eQTL mapping, and

transcriptome-wide association studies [163–165]. Complementing

bulk tissue resources, the human cell atlas (HCA) profiles millions

of cells to support cell-type annotation, developmental trajectory

inference, and cross-species comparisons [166–168]. For structural

genomics, AlphaFold DB supplies high-confidence structural predic-

tions for over 214 million proteins, facilitating variant interpretation

and drug–target modeling [6, 169].

Spatial transcriptomics resources further extend these capabili-

ties. DeepSpaceDB, HEST-1k, Xenium, and Visium collectively provide

standardized spatially resolved transcriptomic and histopathology

datasets that support benchmarking of spatial GNNs, multimodal pre-

training, and tumor microenvironment analysis [170–179].

Finally, to overcome the limitations of linear reference genomes,

the Human Pangenome Reference Consortium (HPRC) provides a

diverse collection of diploid assemblies. This dataset is critical for

benchmarking graph-based genomic analyses, enabling the detection

of complex structural variations often missed by standard references

[180].

Benchmarks

Benchmark datasets and community-driven challenges are essential

for standardized evaluation of AI models in genomics. The DREAM

Challenges provide community-wide evaluation frameworks for tasks

such as network inference, mutation impact prediction, and drug

response modeling [181–183]. The ENCODE project establishes reg-

ulatory genomics standards through curated annotations of promot-

ers, enhancers, and chromatin states, serving as a benchmark for

transcription factor binding and motif discovery [184–186]. GenBench

further extends benchmarking to genomic foundation models through

modular tasks in sequence modeling and gene expression prediction

[99, 187]. CAMDA complements these efforts by organizing large-scale

data analysis competitions using clinically relevant biological datasets

[188].

Beyond these community challenges, specialized benchmarks are

required to evaluate modern AI architectures. Genome in a Bottle

(GIAB) serves as the gold standard for germline variant calling, pro-

viding highly curated reference genotypes [189]. For protein biology,

ProteinGym and TAPE (Tasks Assessing Protein Embeddings) establish

rigorous standards for evaluating LLMs on fitness prediction and

structure modeling tasks [190, 191]. In single-cell genomics, the scIB

(Single-cell Integration Benchmark) suite metrics are essential for

assessing batch-correction efficacy [192]. Furthermore, to standardize

genomic foundation models, GUANinE and UEE (Universal Expression

Embeddings) provide de-noised tasks for sequence-to-function mod-

eling and gene expression analysis, ensuring models are tested on

generalizable biological signals [193, 194].

Challenges and limitations of artificial
intelligence in genomics

Limited availability of high-quality, annotated genomic datasets

remains a central constraint. Batch effects, noise, and platform-

specific biases reduce model robustness and reproducibility [62, 198].

Obtaining labeled data often requires labor-intensive experimental

validation, particularly for disease phenotypes and regulatory

elements [199].

DL models are frequently criticized for limited interpretability [45].

Integrating heterogeneous multi-omics data (proteomics, DNA, RNA,

epigenetics) remains challenging due to differences in scale, resolu-

tion, and noise characteristics [62]. Although XAI tools such as SHAP

and LIME provide post-hoc explanations, they are not always biolog-

ically intuitive in genomic contexts [200]. Model uncertainty is often

insufficiently quantified in high-stakes settings such as clinical diag-

nostics [201]. Reproducibility issues, inconsistent reporting standards,

and limited tool accessibility further hinder translational adoption

[202].

Computational efficiency and scalability analysis

Beyond data and interpretability, the widespread adoption of DL is

constrained by significant computational bottlenecks. While foun-

dational models offer superior predictive power, they introduce a
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Table 5 Summary of tools, datasets, and benchmarks for AI in genomics.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Category Name/Resource Description Key features Typical application area Citation
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Tools TensorFlow Large-scale framework Multi-device execution; rich
ecosystem

Variant calling, sequence
modeling, protein-fold
prediction

[4]

PyTorch Imperative DL library Dynamic graphs;
TorchServe; TorchScript

Gene-expression modeling,
graph neural nets on omics

[155]

scvi-tools Probabilistic models PyTorch-Lightning and
AnnData; variational
inference

Batch correction, multi-omic
integration

[156]

Scanpy Single-cell analysis toolkit Highly scalable; AnnData
format

Clustering, trajectory inference,
QC pipelines

[107]

Seurat Single-cell analysis toolkit Integration anchors;
multimodal support

Cross-condition integration,
cell-type annotation

[195]

Giotto Spatial transcriptomics
toolbox

Interactive viewer, niche
analysis, ligand–receptor
tools

Cell–cell interaction in spatial
omics

[158]

DESeq2 RNA-seq differential
expression

generalized linear models Disease–control DE, pathway
analysis

[90]

SHAP/LIME Model-agnostic
explainability

local surrogate models Interpreting CNNs on sequence [45, 46]

Datasets TCGA Multi-omic cancer atlas >11 k tumors; matched
clinical data

Cancer subtype discovery,
survival models

[159]

GEO Public expression repository 5 M+ samples; MIAME
compliant

Meta-analysis, TL [161]

GTEx Tissue-wide expression
atlas

54 tissues; eQTLs Tissue-specific regulation, TWAS [163]

HCA Single-cell reference atlas Millions of cells Cell-type reference,
cross-species mapping

[166]

AlphaFold DB Predicted 3-D protein
structures

214 M structures;
per-residue confidence

Variant effect prediction, drug
target modeling

[169]

DeepSpaceDB Curated spatial-omics
archive

Visium and Xenium cohorts Benchmarking spatial GNNs,
domain adaptation

[170]

HEST-1k 1229 spatial transcriptomes whole-slide images;
annotations

multimodal pretraining [172]

Xenium In-situ single-cell spatial
data

protein + RNA Subcellular localization studies [174]

Visium Slide-based spatial RNA-seq 55 μm spots; whole-section
capture

tumor micro-environment [177]

HPRC Human Pangenome
Reference

47+ diploid assemblies;
graph-based

Graph genomics, Structural
Variation detection

[180]

Benchmarks DREAM
Challenges

Community prediction
contests

Blind test sets Network inference, mutation
impact

[181]

ENCODE
Benchmarks

Regulatory genomics
standards

Motif discovery Functional element prediction [184]

GenBench Genomic foundation-model
benchmarks

Modular tasks Zero-shot and few-shot
generalization

[196]

CAMDA Annual data-analysis
contests

Very-large datasets; open
methods

Meta-omics, clinical outcome
prediction

[188, 197]

GIAB Reference standards for
variants

High-confidence calls;
diverse ancestries

Benchmarking germline variant
calling accuracy

[189]

ProteinGym Protein design benchmark 2.7 M+ mutated sequences;
zero-shot

Evaluating Protein LLMs and
fitness prediction

[190]

TAPE Protein embedding tasks 5 downstream tasks
(structure, fluorescence)

Evaluating self-supervised
protein models

[191]

scIB Integration metrics suite 14 metrics for
bio-conservation and batch
removal

Benchmarking multi-omics
integration methods

[192]

GUANinE Genomic AI benchmark Sequence-to-function tasks;
de-noised

Benchmarking DNA Foundation
Models

[193]

UEE Universal Expression
Embeddings

Multi-species, multi-tissue
tasks

Benchmarking gene expression
models

[194]

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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distinct trade-off between model complexity and resource efficiency.

Transformer-based architectures (e.g. ESM3, DNABERT), which rely

on self-attention mechanisms, suffer from quadratic computational

complexity (O(N2)) with respect to sequence length [203]. Training

these models requires massive HPC clusters equipped with enterprise-

grade GPUs (e.g. NVIDIA A100/H100), creating a steep barrier for

clinical environments and resource-constrained laboratories [204].

In contrast, DeepVariant [5] exhibits linear scalability and is highly

optimized for standard hardware, making it more feasible for rou-

tine diagnostic workflows. GNNs face unique scalability challenges;

the “neighbor explosion” problem during message passing on large

biological networks often exceeds the VRAM capacity of consumer-

grade hardware [205].

To address these limitations, the field is pivoting toward efficiency-

optimization techniques. Methods such as Low-Rank Adaptation

(LoRA) [206], Knowledge Distillation, and 4-bit Quantization [207] are

demonstrating the ability to reduce the memory footprint of genomic

foundation models by ∼50% with negligible loss in accuracy. Adopting

these “Green AI” strategies is essential for democratizing access to

state-of-the-art genomic tools beyond elite research centers.

Future directions and innovations of artificial
intelligence in genomics

AI in genomics is advancing toward more integrative and inter-

pretable modeling frameworks. Continued progress in XAI aims to

enhance transparency, enabling clearer attribution of genomic vari-

ants, and expression patterns to model predictions [208].

The field is shifting from task-specific architectures to genomic

foundation models (GFMs) [209]. Leveraging self-supervised pretrain-

ing on large-scale unlabeled sequences, models such as HyenaDNA

[8] and Nucleotide Transformer [9] learn generalizable representa-

tions of genomic syntax [210]. In single-cell biology, scGPT extends

this paradigm to characterize cellular heterogeneity and predict gene

perturbations [93].

Parallel progress in multi-modal integration addresses cross-

domain data fusion. Pathomic Fusion combines histopathology and

genomic features for improved prognostic modeling [211], while

generative models such as ESM3 jointly model sequence, structure,

and function to enable programmable protein design [114].

Digital twin frameworks represent a systems-level extension of

these approaches, integrating multi-omics profiles with electronic

health records and longitudinal phenotypic data into continuously

updated patient-specific models [212, 213]. Such representations

support simulation of disease trajectories and individualized therapy

optimization within genomic contexts [214].

Conclusion

AI integration into genomics has advanced variant interpretation, pro-

tein structure prediction, and data-driven therapeutic design through

deep learning, foundation models, and multi-omics frameworks. Con-

temporary AI-enabled genomics is defined by scalable architectures,

curated datasets, and standardized benchmarks that support clinical

translation.

However, challenges in interpretability, bias control, reproducibil-

ity, and data governance continue to constrain deployment in health-

care settings. Progress will require standardized validation protocols,

transparent benchmarking, and robust regulatory oversight to ensure

reliability and equity across populations.

Future advances will increasingly rely on multimodal integration,

graph-based learning, and generative design to model complex bio-

logical systems. Emerging paradigms, including synthetic genomics

and digital twin frameworks, extend AI from predictive analytics

toward mechanistic simulation and individualized intervention. Sus-

tained collaboration across computational, biological, and clinical dis-

ciplines will be essential to translate these capabilities into scalable

and responsible genomic medicine.

Key Points

• This paper demonstrated a paradigm for AI in genomics, illustrat-

ing a structured pipeline that starts with patient data and concludes

with personalized therapy recommendations.

• This paper offers an extensive overview of AI methods, datasets,

and technologies utilized in essential genomic activities.

• We presented algorithms derived from technologies that expedite

genomics research in healthcare, while simultaneously emphasiz-

ing their strengths and limits.

• Challenges like interpretability, generalizability, and dataset bias

are reviewed, followed with suggestions for further advancement.
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