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ABSTRACT 

The integration of artificial intelligence (AI) and machine learning (ML) with modern next-

generation sequencing (NGS) has moved the clinical genomics towards data-driven 

personalized medicine and therapies. Whole-exome sequencing (WES) offers a cost-effective 

alternative to whole-genome sequencing (WGS) because WES targets the protein coding 

regions which contains most pathogenic variants. Although, it creates a thousand to millions 

of variants per run generates a serious bottleneck, differentiation between disease-causing 

mutations and benign polymorphisms becomes difficult. 

This review analyses how advanced AI algorithms-including supervised, unsupervised 

machine learnings and convolutional, recurrent neural networks of deep learnings and hybrid 

ensemble models-optimize pathogenicity prediction, and automate detection of variant. AI-

based platforms like SpliceAI, MoonAI, DiagAI, Exomiser, and Deepvariant variant accuracy 

in complex splice disruption, single-nucleotide and copy number variant. “Black box” 

challenge of deep learning algorithms is addressed by Explainable AI (XAI) ensuring 

accountability.  Even though AI minimizes human effort, processing time and improve rare 

and congenital disorders diagnostics, expert humans are required for successful 

transformation of clinicals in complex cases.  

 

KEYWORDS: Artificial intelligence, Whole-exome sequencing, Whole-genome 
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INTRODUCTION 

Whole-Exome Sequencing (WES) emphasizes on the protein-coding regions of the genome, 

which contains the most of pathogenic variants. By focusing on these regions, which 

constitute approximately 1.5% of the genome. WES provides a cost-effective replacement to 

whole-genome sequencing while attaining deep sequencing coverage. In recent times AI-

powered tools have been emerged as groundbreaking approaches in WES. DL-based models 

such as DANN have substantially enhanced the accuracy of pathogenicity prediction by 

detecting non-linear relationships among genomic features. These AI systems optimize 

diagnostic solutions and address research gaps in traditional variant calling workflow by 

integrating patient related information like phenotypic traits, lad results, and family history. 

[2] 

WGS examines the whole genome including intronic and intergenic regions which is not 

covered by WES. WES is beneficial for investigation of non-coding variants and polygenic 

traits but it is less achievable for regular clinical practice due to increased costs and complex 

data interpretive needs. The choice between WES & WGS is based on clinical goals, 

budgetary constraints and accessible resources. [2] 

Precision Medicine: Over the last few decades, the development of Human Genome Project 

(HGP) to modern Next-Generation Sequencing (NGS) technologies have transformed 

genomics, drastically by reducing timelines and sequencing costs while transitioning 

traditional approaches in clinical diagnostics towards personalized healthcare and data-

driven. Precision medicine depends on the high-resolution analysis of individual-specific 

genetic information-especially through whole genome sequencing (WGS) & whole exome 

sequencing (WES) to decode the complex diseases, molecular foundation of congenital 

anomalies and rare disorders. Although, the massive volume of data produced by high-

throughput sequencing which creates a notable interpretation bottleneck for human based 

pipelines. To tackle this, advanced artificial intelligence (AI) & machine learning (ML) 

frameworks are incorporated into clinical workflows to detect pathogenicity, automate variant 

identification, and merge patient phenotypic metadata (like Human phenotype Ontology) 

with genomic profiles. By combing clinical traits with multi-dimensional genomic data, AI-

driven precision medicine improves diagnostic accuracy, rare disease prediction and enhance 

targeted therapeutic strategies for individuals. [1-7]    Figure-1 illustrates the precision 

medicine cycle, explaining the integration of genetic analysis, AI-driven data interpretation, 

variant identification, pathogenicity detection, merging of phenotypic metadata, diagnostic 

accuracy improvement and targeted therapies. 
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Figure-1. 

 

Why variant interpretation is difficult 

The overwhelming volume of millions of variants: When genomes or exomes are 

sequenced, in a single run, thousands to millions of genetic variants are produced. This 

generates a serious bottleneck, making it impossible to analyze due to enormous scale of 

genetic information. 

Benign vs Pathogenic variants: Among the millions of variants detected from individual 

genome, the majority are benign (harmless), while only few are pathogenic (disease-causing). 

Differentiating a harmless variant from pathogenic mutations require sophisticated 

computational tools. 

Limitations of manual interpretation: Traditionally, the clinical genomic workflow mainly 

depended on manual interpretation, and rule-based bioinformatics tools (like GATK, 

SAMtools, & FreeBays). This process is time consuming, labor-intensive and creates human 

bottlnecks). AI-driven solutions from phenotype-matching and deep learning algorithms to 

prioritize the accuracy. 
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Role of Artificial Intelligence (AI) in Genomics 

In computer science, AI refers to the study and development of intelligent systems capable of 

performing tasks that typically require human intelligence. [1] 

Genetic mutations are serious aspects which leads to congenital anomalies requiring surgery 

and can be detected through genomic analysis. Rapid and precise detection of genetic 

mutations responsible for these conditions is important for clinical diagnosis and efficient 

treatment. Over the few years artificial intelligence (AI) has been broadly adopted for 

interpreting genomic data in various clinical settings, including congenital surgical diseases. 

Chromosomal anomalies & mutations in genes such as GATA4, NOTCH1, NKX2-5 & TBX1 

interfering with cardiac morphogenesis. During earlier decades the development in Next-

Generation Sequencing (NGS) has improved personalized medicine, reshaping the traditional 

approach of genetic diagnosis moving towards data-driven analytics. AI enables the 

framework for genomic big data analysis in three major dimensions: 

1) Identification of reliable genomic mutations from wide-range genomic data. 

2) Estimating functional consequences of these variants on protein structure or functions or 

regulatory elements. 

3) Disease-causing variants categorization in individuals. [1] 

 

Machine Learning 

Machine learning (ML) is a branch of artificial intelligence (AI) that functions to create AI-

based applications using Supervised & Unsupervised learning methods. Within clinical 

genomics, ML models integrate patient metadata with genomic variant to minimize false 

positives, automate variant identification, and forecast seriousness of disease. [1] 

 * Supervised Machine Learning: Supervised learning uses labeled training data to train the 

ML models by learning the patterns from input features. The trained data is then used to 

determine the labels of the new unlabeled testing data. Supervised-learning algorithms, such 

as Random Forest, Naïve Bays, & Support Vector Machines (SVM) are predominantly 

Classification & Regression based. [1] 

*Unsupervised Machine Learning: Unsupervised learning mainly focuses on analyzing 

unlabeled data to uncover the structures, hidden patterns or biological states. Clustering and 

Dimensionality Reduction are prevailing techniques for Unsupervised learning models, like 

Hidden Markov Models (HMMs) and K-Means Clustering. [1] 
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Deep Learning 

 Deep Learning (DL) consists of multiple-layered artificial neural networks to understand 

complex relationships and patterns in the data. Within deep learning frameworks applied to 

genomics, the most common models include: 

*Convolutional Neural Networks (CNNs): It is a specialized architecture that extract 

patterns from grid-structured, local features and sequential genomic data. Tools like SpliceAI 

leverage deep CNNs to identify intronic splice sites, assess the impact of genetic variants on 

RNA. 

 

*Recurrent Neural Networks (RNNs): These models are designed to process sequential 

data by capturing dependencies, making them valuable for analyzing for transcriptomic and 

genomic features. 

*Deep Tensor & Hybrid Models:  Modern technologies combine deep learning with multi-

layered frameworks to enhance variant validation, optimize detection of pathogenicity and 

obtain superior precision, area under the curve (AUC), and accuracy. 

 

AI-assisted Variant Calling:  

To identify reliable genomic variants accurately and specifically several tools have been 

developed to detect Single-Nucleotide Variations (SNVs), small insertions & deletions 

(indels), Copy Number Variants (CNVs) as these types are the significant sources of genomic 

mutations related to disease. [1] 

*GATK: GATK (Genome Analysis Tool Kit) is the commonly used programming 

environment for evaluating DNA sequencing data and for the identification of SNVs and 

Indels. [1] 

*Deep Variant & DRAGEN: Traditional whole-exome sequencing (WES) pipelines 

depends on rule-based bioinformatics tools like GATK, SAM tools & FreeBayes requiring 

expert curation. This process is time-consuming, and labor-intensive. It is observed that 

Deepvariant surpasses traditional method in identifying SNVs & Indels, especially in limited 

complexity genomic regions, illustrating its potential for enhancing WES precision. AI-

enabled WES revolutionizes this process by automating variant identification. ML algorithms 

such as DeepVariant & DRAGEN enhance sensitivity and specificity, by minimizing false 

positives. AI also improves prioritization and pathogenicity assessment, exceeding traditional 

tools. [2] 
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*SNV detection: The model incorporated sequencing data and phenotypic information 

retrieved from digital medical records to prioritize Single-Nucleotide Variants (SNV). Testing 

on 108 patients from National Taiwan University Hospital confirmed that the model 

successfully detected 92.5% (124/134) of pathogenic variants within the top 10 ranking 

candidates, surpassing traditional variant tools. When integrating Human Phenotype 

Ontology (HPO) term, accuracy upgraded to 93.5% (101/108). These results emphasize AI’s 

capabilities in automating variant interpretation, enhancing diagnostic efficiency, supporting 

in clinical genetic diagnostics. [2] 

*CNV detection: A prominent CNV caller, PennCNV uses HMM algorithm to recognize 

CNVs from intensity data generated by high-resolution SNP arrays. Once the HMM model is 

trained, it examines the sequencing signal collectively with Log R Ratio (LRR) and B Allele 

Frequency (BAF) values for each SNP across the genome. Based on this information it 

determines how many copies of DNA are existing at every genomic location. Copy Number 

Variants (CNV) detected by the HMM model further validated to enhance their dependability. 

A Bayesian minimizes inaccurate predictions and increases accuracy of CNV detection. 

algorithm uses the possibility of every predicted copy number state combined with pedigree 

(family inheritance) information to verify whether the identified CNVs are authentic. [1] 

*PennCNV: The PennCNV model was further extended to enhance the Whole-Exome 

Sequencing (WES) data through a tool known as PennCNV-Seq. [1] 

*DeepCNV: Another deep-learning based tool DeepCNV explores the validating CNVs 

rather than identifying them directly. By integrating both the CNN & DNN information, 

DeepCNN improves the accuracy and efficiency pf CNV validation and generates more 

consistent set of CNV predictions. [1]    Figure-2:  Explains various AI-assisted variant 

calling tools, including PennCNV, PennCNV-Seq, DeepCNV, GATK, and 

DeepVariant/DRAGEN, which supports the detection and validation of genomic variants 

using machine learning and deep-learning approaches. 
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Figure-2. 

 

Splice Variant Prediction 

SpliceAI is an ultra-deep convolutional neural network (CNN) generated to asses the impact 

of genetic variants on RNA splicing. It undergoes training by GENCODE gene annotations & 

GTEX RNA-seq data. It can identify both common & deep intronic splice variants. For each 

genomic variant it estimates:  

1) Splice donor site disruption. 

2) Creation of a novel splice donor site. 

3) Splice acceptor site disruption. 

4) Creation of a novel acceptor site. 

This enables researchers recognize variants which may disturb normal splicing. [1] 

 

AI in Whole-Exome Sequencing: 

Artificial Intelligence has substantially enhance the detection and analysis of pathogenic 

mutations from whole-exome sequencing (WES) data. AI has the capacity to improve 

precision medicine by facilitating faster and more precise genetic diagnosis. [1] 
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PERSONALIZED INTERVENTIONS & TREATMENT OPTIMIATION 

a) Comprehensive assessment of variant impacts: Barcelona-Cabeza et al. demonstrated 

how incorporating WES with RNA-seq data enhanced the accuracy of germ line variant 

discovery, detecting expression linked variants which would otherwise go undetected in 

exome-based approaches. [2] 

b) AI-enabled analysis of phenotype-genotype relationships:  ML strategies like gradient 

boosting and random forest, integrating genomic variant with patient metadata to forecast 

disease seriousness and detect anticipated complications. For example: Huang et al. generated 

an ML based model that merge WES data with phenotypic information to prioritize variants 

by pathogenicity, obtaining a 93.5% achievement rate in detecting causative variants for 

individuals with genetic disorders. [2] 

The rapid advancement of the use of ES in research promptly led to its implementation as a 

clinical diagnostic test in medicine. Although even with only exome being focused there is a 

large volume of data produced by ES which can be difficult to detect the true disease-causing 

mutations. [2] 

 

AI based pipeline for analyzing exome variant: 

* Exome sequencing data from clinical samples are collected from patients. 

* Raw sequencing data are analyzed to detect genetic variant. 

 * Common variants are screened using population databases. 

* Patient phenotypic information is incorporated with genetic data. 

* AI-related tools select disease causing variants. 

The selected variants are analyzed according to the ACMG recommendations to aid clinical 

diagnosis. [3] 

 

Whole-Exome Sequence (WES) vs Whole-Genome Sequence (WGS): 

The comparison between whole-exome sequencing and whole-genome sequencing, including 

their genomic coverage, cost and applications are illustrated in figure-3.  
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Figure-3. 

 

Exomizer: It is an open-source bioinformatics tool that merges variant information with HPO 

terms to classify most likely pathogenic variants. [3] 

Moon AI: It is an AI-related interpretation tool that evaluates VCF files along with patient 

clinical information. It ranks pathogenic variants and helps to minimize the time required for 

variant interpretation. Moon AI correctly detected pathogenic variants 28 out of 29 cases 

(97% accuracy). [3] 

Exome reanalysis: It can identify disease-causing variants which were undetected during the 

initial manual analysis. Moon AI reanalyzed 80 previous negative exome sequencing cases 

and effectively identified new pathogenic variants in 7 cases, changing their diagnosis from 

negative to positive. [3] 

 

DiagAI: It is a two layered linear-regression algorithm that merges: 

1) The score of molecular UP2. 

2) The score of phenotype-matching by using HPO terms and PhenoGenius. 

3) Expert rules 

 

DiagAI outperforms established tool like exomiser and AI-MARVEL when the symptoms are 

provided. DiagAI provides high effectiveness for nephrology exomes. DiagAI succeeded 
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because it performs from rigorous data curation, handling conflict ClinVar labels data 

agumentation, and using two-layer architecture that merges ML with phenotype matching and 

expert rules. [6] 

Although AI tools like DiagAI considerably decrease the manual workload in clinical 

genomics and ranking in iit means expert humans are essential for novel and complex cases. 

[6] 

Thousands of variants from exome or genome sequencing generates a major diagnostic 

bottleneck in clinical genomics for manual interpretation. To tackle this problem a ML system 

called DiagAI is designed to rank variants and output. AI & ML are entering into automate 

variant interpretation, decreases the workload of manual and analysis time. DiagAI is tested 

on a retrospective cohort of 966 adult kidney disease exomes with unknown nephropathy 

where 196 has generated genetic diagnosis and 770 were negative, and successfully placed 

the causal variant in its shortlist in 94.9% of diagnosed cases (when the symptoms are 

provided). [6] 

 

Explainable AI (XAI) 

AI can identify pathogenic variants and decrease the workload in genomic assessment. 

Although, AI predictions may sometimes incorrect, so doctors need to understand why a 

specific variant was selected prior to diagnosis. Explainable AI (XAI) tackles this challenge 

by enabling reasons behind AI predictions. In this research, XAI was developed by 

integrating AI-based variant prediction with genomic medical knowledge, seeking to attain 

both high accuracy and understandable explanations for clinicians. Scientists studied from the 

public genomic databases and clinical guidelines and generated an explainable AI by 

integrating a genomic knowledge graph with deep learning. AI predicts that whether a genetic 

variant may be disease-causing, then the system will explain why that prediction is produced. 

This study analyzes how accurately AI predicts a genetic variant as pathogenic or not. [4] 

 

ClinVar 

Five-subset cross validation: Firstly, a dataset is divided into five parts, by using the four 

parts the AI model gets trained and the remaining one part is used for the testing. To calculate 

the average performance this process id repeated for five times. This helps to analyze how 

well an AI can perform on unseen variants. [4] 

To prevent the circular-bias the model is completely trained on curated databases like ClinVar 

which memorizes the answers rather than learning general biological rules, the scientists 
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thoroughly decoupled model training from explanation tasks. Framework compares the 

performance of deep tensor and traditional machine learning approaches with white-box and 

black-box algorithms like Decision Trees and Random Forest. [4] 

 

Model performance: The deep tensor method attained a prediction accuracy, precision, 

recall & F1 score of 0.94, surpassing traditional algorithms such as random forests (0.93) and 

decision trees (0.91). The deep tensor model illustrated superior capability with an Area 

Under the Curve (AUC) of 0.98, compared to random forest of 0.97 and 0.90 for decision 

trees. [4] 

The model successfully detected pathogenicity or begin status for specific clinical variants 

such as MYO7A, SLC4A1 and TP53 and automatically generated text-based understandable 

explanations unlike traditional black-box models. [4] 

Unlike the models that suffer from clinical data biases, this framework isolates training data, 

validating its capability to attain high efficiency without compromising transparency. When 

compared to benchmarks like ClinPred, the deep tensor model is illustrated as equivalent 

discriminative power. [4] 

 

Key AI platforms & Bioinformatics Ecosystem 

Benchling: It is a cloud-based platform which integrates with AI to improve methodologies, 

ecosystem extensibility, experiment designing, structure prediction and lab data management. 

[5] 

DeepChem: It is an open-source python library that employes ML for molecular property 

prediction, framework integration and compound screeing. [5] 

DeepGene: It is an advanced computational model which uses deep neural networks to 

estimate gene expression and detect biomarkers. [5] 

Labster: It is an interactive virtual platform, that stimulates the setups and visualize risk-free 

outcomes. [5] 

Indigo AI & LabGPT: These are specialized generative artificial intelligence applications 

offers AI capabilities for generation of computerized procedure and pipeline optimization. [5] 

Platforms like DNAnexus and Illumina BaseSpace Hub supports code free analysis 

workflow. [5] 
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AI in Multi-Omics and Drug Discovery 

Multi-Omics integration by AI: Various types of biological data such as genomics, 

epigenomics, transcriptomics, proteomics and metabolomics are integrated by using AI. This 

approach can provide complete understanding of mechanism of a disease than studying a 

single type of data alone. The integration of multi-omics commonly performed by late 

integration. Although multi-omics analysis still faces issues like missing data, batch effects, 

differences between data types, low interpretation and high computational needs. Alpha 

Missense is a Ai model which can predict whether a genetic variant cause disease. [5] 

Drug Discovery: AI-driven algorithms can detect how a patient’s tumor responds to specific 

drugs, identify drug targets predict drug-target interactions, repurpose existing drugs, design 

personalized therapies and helps to choose suitable drug combinations. Circulating tumor 

DNA from liquid biopsies can be detected by deep learning algorithms allowing early cancer 

detection and monitoring of disease progression. AI can also merge disease-related 

information, gene expression, and chemical structure to detect the existing drugs that might 

be useful for other diseases. [5] 

 

HYBRID & ENSEMBLE METHODS 

Hybrid and ensemble methods integrate ML & DL like CNN-RNN models for applications 

like prediction of splicing and variant calling to capture long-range dependencies and feature 

sequencing. By using Bagging and Boosting ensemble methods combine multiple algorithms 

such as random forest, SVM, or neural networks. These approaches can enhance accuracy of 

pathogenic-variant classification compare to individual models however they may need 

greater computational resources. These methods can detect different cell types, identifies cell 

states, study cell-to-cell variation and clarify how the cells change over time. AI also help to 

diminish batch effects, technical noise in single data sets. [5] 

 

DIMENSIONALITY REDUCTION METHODS: 

Principle Component Analysis (PCA) facilitates memory-optimized and fast analysis of 

Single Nucleotide Polymorphisms (SNPs) in large-scale population studies. [5] 

T-distributed Stochastic Neighbor Embedding (t-SNE) and Uniform Manifold Approximation 

& Projection (UMAP) are innovative in single cell RNA sequencing (scRNA-seq) for 

uncovering populations and novel cell states. [5] 
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ETHICAL, LEGAL & IMPLEMENTATION CHALLENGES IN AI-DRIVEN 

WHOLE-EXOME SEQUENCING: The incorporation of AI into WES pipeline creates 

several challenges that go beyond computational performance and diagnostic precision. AI 

algorithms mainly deep learning models, typically serves as “Black Boxes”. This lack of 

explainability provokes concerns about trust, accountability and the possibility of diagnostic 

errors. Explainable AI (XAI) methods like SHAP & LIME improves model efficiency, 

explaining how algorithms attain classifications. [2] 

 

CONCLUSION 

AI reduces processing duration, minimize human efforts, and helps to diagnose cases that 

were previously unnoticed. Even though AI is highly effective, it still needs expert validation 

because some uncommon and complex variants may not be identified correctly. [3]   Across 

Bioinformatics pipeline, the incorporation of Next Generation Sequencing (NGS) with 

Artificial Intelligence (AI) has modified genomics by enhancing data accuracy, and 

scalability. Advanced models like convolutional and recurrent neural networks in applications 

like variant calling, transcriptomics and single-cell sequencing outperforms convolutional 

computational techniques. These AI-based approaches speed up biomarker discovery and 

oncology research. [5] 

DL and ML uses cloud computing and neural networks for feature extraction, non-linear 

patterns and stimulate outcomes. [5]   Fast and precise detection of pathogen functions as a 

core component in clinical treatment & diagnosis, prevention & control of infectious 

diseases, and public health surveillance system. Traditional prediction methods exhibit 

limitations in terms of automation levels, speed, and adaptability to complex samples. To 

resolve this issues AI employs pattern recognition, feature learning, and multidimensional 

data modeling to enhance the prediction, automation & specificity. [7] 

No single model performs all scenarios, to break present accuracy issues and to improve 

translational reliability, the multi-model data fusion is required. AI enhances the diagnosis of 

infectious diseases by optimizing multiple technological domains and automation. In 

molecular diagnostics, algorithms like DCIPath combines features of K-mer frequency with 

deep cross-networks to detect the unknown pathogens accurately in long genomic sequences 

and low-abundance samples, stream lining metagenomic screening workflows. [7] 

Pathogen morphology, motility and staining features can be directly observed through 

microscopic imaging, but traditional methods are slow, labor-intensive. To tackle this 

problem AI and computational microscopy provides label-free, rapid, and non-destructive 
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detection. Prospecting, continues technological break throughs is required to build more 

efficient, light weight and interpretable models for a successful clinical translation. [7] 
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