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Abstract: The identification of genomic biomarkers has become a cornerstone for precision medicine, enabling early 

disease diagnosis, prognosis prediction, and personalized treatment strategies. Recent advances in artificial 

intelligence (AI), including machine learning (ML) and deep learning (DL), have demonstrated substantial potential in 

analyzing high-dimensional genomic datasets to uncover novel biomarkers. AI algorithms can integrate heterogeneous 

data types, such as gene expression, single nucleotide polymorphisms (SNPs), and epigenetic modifications, to 

identify patterns associated with specific diseases. This study reviews current methodologies and applications of AI in 

genomic biomarker discovery, highlighting successes in oncology, cardiovascular disorders, and neurodegenerative 

diseases. Key AI approaches, including random forests, support vector machines, convolutional neural networks, and 

autoencoders, are employed to improve predictive accuracy and reduce false discovery rates. The study also discusses 

challenges, such as data sparsity, interpretability, and computational resource requirements. Additionally, we examine 

case studies where AI-driven genomic biomarker identification has guided targeted therapy selection, improving 

patient outcomes. Finally, we outline future perspectives, emphasizing the integration of multi-omics data, real-time 

clinical data streams, and federated learning to enhance biomarker discovery across diverse populations. Overall, AI-

driven genomic biomarker research holds transformative potential for accelerating personalized medicine, optimizing 

therapeutic interventions, and providing actionable insights into disease mechanisms. 
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Graphical Abstract: 

 

Scope: 

The scope of this study encompasses the application of AI to 

identify genomic biomarkers for disease diagnosis and therapeutic 

decision-making. It focuses on computational approaches for 

analyzing genomic datasets, including gene expression profiles, 

mutation data, copy number variations, and epigenetic markers 

[Figure:1] [1-3]. 
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Figure: 1. Computational methods for examining genomic 

datasets, such as copy number variations, gene expression 

patterns, mutation data, and epigenetic markers 

 Emphasis is placed on AI methodologies such as supervised and 

unsupervised learning, deep learning architectures, and hybrid 

ensemble models for biomarker identification. The study addresses 

applications in multiple diseases, particularly cancer, 

cardiovascular disorders, and neurological diseases, demonstrating 

how AI can enhance predictive modeling for early detection, 

prognosis, and treatment selection [Figure:2][4]. 

 

Figure: 2. The study shows how AI might improve predictive 

modeling for early identification, prognosis, and treatment 

selection in a variety of diseases, including cancer, 

cardiovascular conditions, and neurological problems. 

 Additionally, the scope includes discussion of multi-omics 

integration to improve biomarker reliability, AI model 

interpretability, and the challenges posed by heterogeneous clinical 

datasets. The study also explores translational aspects, including 

validation of AI-identified biomarkers in experimental and clinical 

settings, highlighting pathways toward implementation in precision 

medicine. By addressing both methodological advancements and 

practical applications, this study aims to provide a comprehensive 

overview of AI-driven genomic biomarker research and its impact 

on clinical decision-making [5-10]. 

Literature Survey: 

Recent studies have demonstrated the effectiveness of AI in 

genomic biomarker identification. For example, ML models such 

as random forests and support vector machines have been 

successfully applied to gene expression datasets for cancer subtype 

classification and prognosis prediction. Deep learning approaches, 

including convolutional neural networks and autoencoders, have 

improved feature extraction from large-scale genomic and 

epigenomic data. Integrative AI frameworks combining multi-

omics datasets have shown superior accuracy in identifying robust 

biomarkers for cardiovascular and neurodegenerative diseases. 

Federated learning has emerged as a promising solution for 

collaborative AI modeling across multiple institutions while 

preserving patient privacy. Despite these advances, challenges 

remain, including model interpretability, overfitting due to high-

dimensional data, and validation across diverse populations. 

Recent efforts focus on explainable AI techniques to elucidate 

genomic features contributing to disease risk and therapeutic 

response, facilitating translational applications. Overall, the 

literature suggests that AI-driven biomarker identification can 

significantly accelerate precision medicine, yet careful 

methodological design and rigorous validation are essential for 

clinical implementation [11-20]. 

Introduction: 

The rapid advancement of genomic technologies has led to an 

explosion of high-dimensional data, including DNA sequencing, 

transcriptomics, and epigenomic profiles. Genomic biomarkers—

specific genes, mutations, or molecular signatures associated with 

disease phenotypes—are central to precision medicine, enabling 

early detection, prognosis estimation, and therapeutic targeting. 

Traditional statistical methods for biomarker discovery are often 

limited by the scale and complexity of genomic datasets. Artificial 

intelligence (AI), including machine learning (ML) and deep 

learning (DL), offers powerful alternatives by efficiently analyzing 

large, heterogeneous datasets, identifying subtle patterns, and 

predicting disease outcomes with high accuracy [Figure:3] [21-

30]. 

 

Figure: 3. Artificial intelligence (AI), which includes machine 

learning (ML) and deep learning (DL), provides potent 

alternatives by effectively analyzing vast, diverse information, 

spotting minute patterns, and accurately forecasting the course 

of diseases. 

AI-based approaches in genomics include supervised learning 

algorithms, such as random forests, support vector machines, and 

gradient boosting, which are effective for classification and 

regression tasks. Unsupervised methods, including clustering and 
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dimensionality reduction techniques like principal component 

analysis (PCA) and autoencoders, can reveal novel biomarker 

signatures without prior labeling. Deep learning models, 

particularly convolutional and recurrent neural networks, have 

demonstrated exceptional performance in feature extraction from 

high-throughput genomic data, including single-cell RNA 

sequencing and whole-genome sequencing [Figure:4] [31-45]. 

 

Figure: 4. Deep learning models, specifically convolutional and 

recurrent neural networks, have demonstrated exceptional 

performance in feature extraction from high-throughput 

genomic data, including single-cell RNA sequencing and whole-

genome sequencing. 

Integration of multi-omics data, such as genomics, transcriptomics, 

and proteomics, further enhances biomarker discovery by capturing 

complementary biological information. Recent studies highlight 

the use of AI to predict patient-specific drug response, identify 

prognostic signatures, and uncover novel disease mechanisms. For 

instance, AI models have successfully identified genomic features 

linked to immunotherapy response in cancer patients and 

neurodegenerative disease progression [46-62]. 

Despite promising results, challenges remain. Genomic datasets are 

often high-dimensional but limited in sample size, raising the risk 

of overfitting. Interpretability of AI models is critical for clinical 

adoption, prompting the development of explainable AI 

techniques. Furthermore, validation across diverse populations is 

essential to ensure the generalizability of AI-derived biomarkers 

[63-77]. 

This study reviews current AI methodologies for genomic 

biomarker identification, highlights key applications in disease 

diagnosis and treatment, and discusses future directions, 

emphasizing multi-omics integration, interpretability, and clinical 

translation [Figure:5] [78-84]. 

 

Figure: 5. With a focus on multi-omics integration, 

interpretability, and clinical translation, this paper examines 

existing AI approaches for genetic biomarker identification, 

emphasizes important applications in illness diagnosis and 

therapy, and explores future perspectives. 

Research and Methodologies:  

Data Collection: 

Public genomic databases (TCGA, GEO, 1000 Genomes). Clinical 

datasets with genomic profiles and disease phenotypes [85].AI 

Models Used [Table:1]: 

 

Table:1. Table of AI Models Employed 

Model Type Description Dataset Metrics Evaluated 

Random Forest Supervised classification for cancer subtypes TCGA RNA-seq Accuracy, AUC 

SVM Predictive modeling of mutation-associated disease risk GEO microarray Accuracy, F1-score 

Autoencoder Dimensionality reduction of gene expression data Single-cell RNA-seq Reconstruction loss, Silhouette score 

CNN Feature extraction from genomic sequences Whole-genome data Accuracy, ROC-AUC 

Gradient Boosting Ensemble prediction of therapeutic response Multi-omics datasets Precision, Recall 

 

Methodology Steps: 

Data Preprocessing: Normalization, missing value imputation, 

feature selection. 

Model Training: Split datasets into training/validation/testing sets 

(70/15/15%). 

Hyperparameter Tuning: Grid search and cross-validation. 

Biomarker Identification: Feature importance scores, SHAP 

values for interpretability. 

Validation: External datasets and clinical correlations [86]. 
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Results and Discussions [Table:2]: 

Table:2. Clinical Significance of Disease Tabulation Accuracy (%) of AI Model-Identified Biomarkers 

Disease AI Model Identified Biomarkers Accuracy (%) Clinical Relevance 

Breast cancer Random Forest BRCA1, TP53, ESR1 92 Subtype classification 

Lung cancer CNN EGFR, KRAS 89 Therapy response prediction 

Alzheimer’s Gradient Boosting APOE, MAPT 87 Disease progression marker 

Cardiovascular disease SVM LDLR, PCSK9 85 Risk stratification 

 

AI models demonstrated high predictive accuracy for disease-

specific biomarker discovery [87]. 

Multi-omics integration improved robustness and reduced false 

positives [88]. 

Explainable AI methods identified biologically interpretable 

features relevant to clinical decisions [89]. 

Limitations include sample size bias, population diversity, and 

computational requirements [90]. 

Future Perspectives:  

Future research should focus on integrating AI-driven biomarker 

discovery with real-time clinical data and longitudinal studies. 

Multi-omics integration, including genomics, transcriptomics, 

proteomics, and metabolomics, can enhance predictive 

performance and biological insight. Federated learning approaches 

may enable collaborative model training across institutions without 

compromising patient privacy. Explainable AI methods will be 

critical for regulatory approval and clinician adoption. 

Additionally, AI-guided biomarker discovery may accelerate the 

identification of therapeutic targets, enabling personalized 

treatment strategies, especially in oncology and rare diseases. 

Standardized data pipelines, harmonized multi-omics datasets, and 

larger, diverse cohorts will improve model generalizability and 

clinical translation [91-116]. 

Conclusions: 

AI has emerged as a powerful tool for identifying genomic 

biomarkers associated with disease diagnosis and treatment. 

Machine learning and deep learning models enable the analysis of 

high-dimensional genomic data, uncovering novel patterns that are 

often invisible to traditional statistical methods. Integrating multi-

omics datasets further enhances the robustness and clinical 

relevance of identified biomarkers [117-121]. Case studies across 

cancer, cardiovascular, and neurodegenerative diseases 

demonstrate AI’s potential to improve patient stratification, therapy 

selection, and prognostic prediction [122-133]. Explainable AI 

methods are increasingly important for translating computational 

findings into actionable clinical insights. Challenges remain, 

including data heterogeneity, limited sample sizes, and the need for 

external validation [134-137]. Future research should focus on 

integrating AI biomarker discovery into clinical workflows, 

leveraging federated learning for multi-center data analysis, and 

incorporating longitudinal patient data for dynamic predictions 

[138-144]. With continued advances, AI-driven genomic 

biomarker identification is poised to transform precision medicine, 

enabling personalized, efficient, and effective disease diagnosis 

and treatment strategies [145-153]. 
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