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Abstract

Artificial intelligence is reshaping genetic healthcare through increasingly sophisticated
approaches to variant interpretation, disease prediction, biomarker discovery, gene editing, and
precision therapeutics. Yet these applications remain fragmented, often treating genomic and
clinical information as static observations rather than components of biological systems that
evolve during disease. This review connects current Al capabilities with a next-generation model
of adaptive genomic medicine integrating longitudinal multi-omics, clinical and environmental
data, explainable Al, federated learning, network-level biomarkers, and continuous outcome
feedback. We extend this framework beyond conventional genomic prediction by considering
pathway interactions, compensatory biological redundancy, network reorganization, and cross-
system changes as potentially informative features of disease progression. We further propose
longitudinal approaches for tracking changing biological relationships and resilience before
conventional biomarkers become abnormal. Together, these concepts reposition genomic Al
from a collection of predictive tools toward a dynamic systems-level framework capable of
learning how disease evolves, anticipating state transitions, and supporting increasingly
individualized clinical intervention.
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1. Introduction

The advent of Next-Generation Sequencing
(NGS) has substantially increased the volume
of genomic data available for genetic research
and healthcare, providing new opportunities for
personalized medicine. Over the past two
decades, significant advancements in genomics
and epidemiology, supported by large-scale
biobanks such as the UK Biobank, have led to
the discovery of numerous genetic variants
associated with disease susceptibility and
treatment response (1). However, despite these
foundational  breakthroughs, a persistent
challenge remains: the comprehensive
identification and interpretation of subtle,
polygenic, and context-dependent risk factors
underlying complex diseases. This challenge
contributes to the phenomenon often termed
“missing heritability” (2). Traditional statistical
and computational approaches frequently fail to
fully capture these non-linear biological
interactions and the dynamic interplay between
genetic predispositions, environmental factors,
and lifestyle choices (3).

In response, Al, encompassing ML, DL, and
advanced LLMs, has increasingly been applied
to genomic research and healthcare. These
approaches can process high-dimensional,
multi-modal data, ranging from genomics and
transcriptomics to medical imaging and
electronic health records, to autonomously
uncover hidden patterns and integrate genomic
findings with clinical phenotypes (4, 5). Al
applications are becoming integral to genetic
research and precision medicine; for example,
tools for variant calling (e.g., DeepVariant) (6),
protein structure prediction (e.g., AlphaFold)
(7), and genome editing (e.g., CRISPR-ML)
(8). Recent network-based and pathway-centric
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studies further indicate that Al can identify

hidden  regulatory = subnetworks,  non-
differentially —expressed but functionally
essential genes, and  disease-associated

redundancy patterns that may be overlooked by
conventional analytical frameworks.

Although the use of Al in genetic healthcare
has increased, its translation from "bench to
bedside" faces critical impediments. Existing
literature often dissects Al's computational
principles in genomics but typically lacks a
comprehensive, cross-domain synthesis that
explicitly connects algorithmic development
with real-world clinical applications and patient
outcomes. Current genomic interpretation
methods predominantly rely on static
frameworks for classifying genetic variations,
resulting in inconsistent predictions, a high
prevalence of "Variants of Uncertain
Significance" (VUS) (9), and suboptimal
diagnostic yields, particularly for rare diseases
where up to 50% of cases remain undiagnosed

(10).

A major concern is the pervasive ancestral bias
within current genomic datasets, where
individuals of European descent are vastly
overrepresented. This "diversity gap" leads to
Al models with reduced predictive accuracy

and poor generalizability across diverse
ancestral populations, which consequently
exacerbates  health  disparities  (11-14).

Furthermore, the fragmented nature of data
pipelines, limitations in data diversity, and the
absence of standardized evaluation frameworks
impede robust clinical deployment. Ethical and
regulatory considerations, including model
interpretability, algorithmic bias, data privacy,
and the need for explainable Al further
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compound these challenges, highlighting the
need to evaluate Al systems within patient-
centered and outcome-driven models rather
than purely computational paradigms (15, 16).
The current paradigm largely treats genomic
and clinical data as static snapshots, failing to
account for the dynamic interplay of genetic
predispositions ~ with ~ gene  regulation,
environmental exposures, cellular states, aging,
and disease progression over time. This
fragmented understanding may limit the extent
to which personalized medicine can be
implemented. =~ Moreover, most
approaches remain insufficiently equipped to
model how biological systems dynamically
reorganize through compensatory pathways,
redundant subnetworks, and adaptive network
buffering during disease progression.

existing

The review has three aims. First, it examines
recent Al models used for genetic variant
detection, interpretation, validation,
including their strengths, limitations,
potential for integration. Second, it elucidates
the emerging role of Al in the discovery of
novel biomarkers and precision therapeutics,
highlighting  how  these  advancements
contribute to personalized treatment strategies.
Third, it proposes a comprehensive framework
that connects Al research with real-world
clinical use. The framework incorporates
essential ethical, regulatory, and biological
validation steps, thereby outlining a roadmap
for the safe and effective integration of Al into
next-generation precision genetic healthcare. In
particular, this review explores the emerging

and
and

hypothesis that redundancy-informed
biological modeling, including overlapping
gene clusters, paralog systems, pathway
interactions, and  differential  network
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structures, may improve Al-driven
interpretation of disease mechanisms
support more context-aware genomic decision-
making.

and

The novelty of this review lies in its systems-
level perspective that considers multi-omics
integration, clinical translation, and regulatory
insight into a single cohesive framework.
Unlike existing literature that predominantly
focuses on technical model performance, this
review emphasizes the translational continuum,
from data generation and model training to
patient-level outcome assessment. It highlights
Al's capacity not only for computational
efficiency but also for enabling hyper-
personalized medicine, where real-time
genomic, behavioral, and environmental data
dynamically inform healthcare decisions (17).
Furthermore, the introduces a
redundancy-aware pathway-centric
perspective of genomic Al, proposing that
adaptive Al frameworks integrating network-
level biomarkers, graph-based learning, and
multimodal longitudinal data may better
capture functional compensation and system-
level disease biology than traditional static
genomic models. Ultimately, the integration of
Al into genetic healthcare may contribute to a
transition toward a predictive, preventive,
personalized, and participatory (P4) model of
medicine (18), ensuring equitable access and
improved outcomes across global populations.

review
and

2. Review scope and literature search

This article is an analytical review providing an
integrated synthesis of AI applications in
genetic healthcare. A structured literature
search was performed using PubMed and
Google Scholar for articles published between
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2022 and 2026, supplemented by a few highly
cited pre-2020 landmark papers (2016, 2018,
and 2019) and recent preprints highly relevant
to emerging Al techniques. The review was
conducted from January 2025 to January 2026.
The keywords and Boolean strings included:
“artificial intelligence AND genomics”, “Al in
diagnosis”, “Deep Learning genomic analysis”,
“polygenic risk score ML”, “Al in biomarker
discovery”, “Al in rare diseases”, “Al in
personalized medicine”, “personalized
treatment”,  “explainable = Al  genetics”,
“functional redundancy”, “redundant pathways
in disease”, “non-differentially expressed

Review paper

driver genes”, “paralog compensation”, and
“network analysis”. The review focused on Al,
ML, or DL when applied to genomics, variant
calling, risk scoring, pathology, clinical
diagnostics, and therapeutic advancement.
Studies were included if they were focused on
Al or ML applications in genomics, variant
detection, biomarker identification, or clinical
decision support; were published in English;
and presented human genetic or clinical data.
The initial search yielded 3900 records. After
duplicates and screening
titles/abstracts for relevance, 364 articles were
assessed.

removing
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Figure 1. The figure illustrates major applications of Al in different fields of genetics: Al-powered next-generation
sequencing (NGS-DNA, RNA) for quality control, variant calling, and annotation; real-time patient monitoring and
healthcare using Al-based wearables and biosensors to monitor vitals, alert doctors and patients, reduce hospital
visits, and improve personalized healthcare plans; Al-based precision medicine for early detection, increased
treatment precision, minimized side effects, improved patient outcomes, and adaptive care plans; predictive
genomics and risk assessment for analyzing inherited genetic variants, predicting disease risk, and calculating
polygenic risk scores (PRS); Al-based gene editing for predicting off-target effects, improving editing efficiency,
analyzing edited genomes, monitoring long-term effects, and enabling personalized treatments; and digital
pathology and imaging analysis for integrating histopathology, patient records, and genomic data to classify disease

stage and severity.

3. Al in genetic healthcare
ATl’s potential is harnessed across different
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domains of genetic healthcare, including
genomic data analysis, diagnosis of complex
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and rare diseases, mutation identification, risk
assessment, gene editing, targeted drug
discovery, novel biomarkers, and precision
medicine. These applications can improve
clinical insights and healthcare outcomes
(Figure 1). Al application in clinical genetics
can be conceptualized as a multistep workflow.
First, genomic and other relevant clinical or
omics data are collected and subjected to
quality control, normalization, cleaning, feature
extraction, and batch correction. Appropriate
Al models (e.g., ML, DL, CNN, RNN, NLP,
etc.) are then selected and trained using
supervised  or learning
approaches (4, 5). The performance of these

unsupervised
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models is subsequently evaluated through
cross-validation. The resulting predictions can
then be examined using XAI, SHAP, LIME, if-
then rules, and transparency frameworks,
before being clinically implemented for
applications such as drug discovery, rare
disease identification, facial pattern
recognition, targeted therapies, personalized
therapy, treatment optimization, etc. After real-
time implementation, the output is analyzed,
and clinical decisions are made to formulate
preventive strategies and precision medicine.
Finally, the feedback is collected from patient
outcomes for model refinement to ensure

continuous learning (Figure 2).
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Figure 2. Process of Al-driven genetic healthcare by transforming multi-omics data into actionable clinical insights
for precision medicine and developing targeted therapies: data collection (multi-omics data); data processing
(quality check, filtering, normalization, and batch correction); model selection (DL, CNN, NLP, LLP, RNN, etc.);
training and validation; data analysis and interpretation; clinical application, output, and decision-making; and

feedback-driven model interpretation.

3.1 Al in genetic data analysis

Al is employed in the analysis of sequenced
data from high-throughput techniques like
NGS. The following sections provide a
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comprehensive overview of how Al-based
tools are being used for genomic data analysis.

3.1.1 Genome sequencing
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The increasing volume of data generated by
NGS and the
analysis methods have led to a greater reliance
on Al and ML. AI can automate genomic
analysis pipelines and integrate multiple
computational tools. It can also improve quality
control and facilitate simultaneous variant
calling and identification from raw sequenced
data (19). Currently, whole-genome sequencing
is not routinely used due to its high cost, time-
consuming data interpretation challenges, the
limited immediate value of uninterpreted data,
the influence of the microenvironment on
treatment decisions, and complexities
selecting appropriate target therapies (20).
Genomic data analysis pipelines are intricate,
and accurately identifying disease-relevant
variants from millions of error-prone sequences
remains a significant challenge (21). Deep
convolutional neural network-based methods,
such as DeepVariant, enhance
identification by analyzing read pileup images,
which graphical representations of
sequenced reads aligned to a reference genome.
These models estimate statistical relationships
for genotype calls, demonstrating the capability
of DL to overcome limitations of traditional
methods in variant calling (6). DeepVariant is
flexible and applicable to various sequencing
methods (e.g., Ion Ampliseq exomes, 10x
Genomics) and DNA types (human and non-

demand for more accurate

in

variant

arc
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human) (20). Despite its utility, systemic errors
in NGS data analysis, and
DeepVariant itself has limitations in annotating
variant details.

can occur

To address these limitations, tools like
Clairvoyante were developed to provide more
comprehensive details. The tool
predicts zygosity, indel length, variant type,
and alternate alleles, and processes both long-
read sequencing data as well as short-read
datasets within two hours. Subsequently,
DeepSV, a DL-based tool, was introduced for
visualizing sequenced reads to call long
deletions and was reported to be more accurate
and efficient than DeepVariant and
Clairvoyante. This highlights DL's efficacy in
complex calling beyond single-
nucleotide polymorphisms (22). Google also
developed DeepTrio, an of
DeepVariant, to analyze genomic variations in
family trios. This tool aids in detecting
Mendelian diseases, studying genetic trait
transmission, and identifying novel mutations
present in a child but absent in parents.
However, high computational
demands, data quality issues, and the need for
specialized expertise constrain the application
of DeepTrio for interpreting variant calling
results (23). Table 1 summarizes key tools used
in variant calling.

variant

variant

extension

resource

Table 1. Comparative analysis of standard tools used in variant calling

Al Tools Application |Input/Qutput| Training Strengths Limitations Current Ref.
Domain Format Data use/Development
status
DeepVariant Converts Input: Genome in a |High accuracy, Requires high Widely used in (24)
aligned reads |FASTQ/BAM |Bottle automated variant computational genomics pipelines
into images to |Output: (GIAB) truth [filtration, Reduces the |processing, Works (Illumina, Google
identify SNPs |VCF sets; [llumina |burden of post- primarily for human Health)
and indels. WGS/WES  |processing, Applicable |data and very few other
data to both short-read and  |genomes, Needs to be

Journal of High School Science, 10(4), 2026
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long-read sequencing trained on other
data organisms’ genomes
Clairvoyante An advanced |Input: HGO001- Specially designed to Good for SNPs or small |Research stage; (22)
multitask caller |pileup images |HGO0S5 detect SNPs/indels from |indels but struggles to |benchmarked in
used for noisy |(from BAM); |GIAB data with more errors identify multiple indels |multiple studies
long-read Output: datasets (e.g., Oxford Nanopore |in the same region,
sequencing VCF (Illumina, and PacBio long reads) |repetitive sequences,
data PacBio, Good performance with |and overlapping of
ONT) F1 score between 87%- |multiple mutation types
99%, Fast, No need to
retrain; can work on any
genome
DeepSV Variant caller |Input: Simulated More accurate and Applicable only for Research-level; (25)
for long BAM (short |and GIAB efficient than traditional |deletions, not for experimental
deletions reads); benchmark [SV callers, Combines insertions, inversions, |validation ongoing
greater than 50 |Output: datasets read depth and split and translocations
base pairs SV VCF reads
DeepTrio An extension |Input: GIAB trios  |By integrating family Requires high Used in Mendelian |(26)
of DeepVariant|FASTQ/BAM |(Ashkenazim |variant data, ensures computational work and clinical variant
that calls (trio data) , Chinese more accuracy and and power, limited to  [discovery projects
variants from |Output: families) identification of novel  |humans only, and
family trios, VCF mutations, and detects  |results require lab
both parents, Mendelian inherited validations
and the child variants
GATK Used for Input: 1000 Widely used, more Low accuracy in Used in validated |(27)
calling FASTQ/BAM |Genomes & |advanced, Well- regions with multiple  |workflows
haplotypes and |;Output: GIAB annotated, open source, |mutations and
as a statistical |VCF+ QC  |datasets Fast and offers further  |compared to
variant caller |metrics filtering and annotations |DeepVariant, Requires
for short-read more manual filtration
sequenced data and threshold selections
DeepVariant + Creates a Input: GIAB and  |Enhances DeepVariant |Requires large data Used in (28)
GLnexus unified file of | gVCF (from |cohort WGS |by combining GLnexus [storage and has population-scale
genetic data of |DeepVariant); |datasets with it, cheaper scalability issues, and research
a large cohort |[Output: (NIST, Dependent on external |projects (e.g., UK
and calls the |combined [1lumina) tools for post- Biobank, All of
variants VCF processing, Chances of |Us)
(Cohort false positives
callset)

3.1.2 Al-driven SNP and mutation analysis
(identification, interpretation, and prediction of
genetic variations)

Al has contributed to advances in SNP and
mutation analysis, improving the identification,
interpretation, and prediction of genetic
variations in genomics (19).

3.1.2.1 Identification of genetic variations

The process of SNP and mutation identification
begins with variant calling, which identifies
differences between the sequenced genome and
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a reference genome. Al-based variant calling
tools, leveraging ML and DL algorithms,
enhance the efficiency, and
scalability of detecting single nucleotide
polymorphisms, insertions/deletions (indels),
and structural variants compared to traditional
statistical approaches (29). Building on
approaches such as DeepVariant and DeepSV
described above, recent developments have
expanded the application of Al to diverse
variant types and sequencing contexts (6, 20).
Recent advancements include tools like Fabric

accuracy,
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GEM, which accurately identifies structural
genetic variants for rare disorders (30), and
other DL methods that have improved the
detection of both small-scale and large-scale
variants (31). DeepVariant-AF was developed
to address some of these limitations by
incorporating population data. It can improve
the detection of low-coverage and rare variants
while reducing false-positive and false-
negative calls (32). SNooPer, an ML-based
tool, identifies somatic variants from low-depth
NGS data, especially in cancers. It eliminates
user-defined thresholds, which enhances its
flexibility and mitigates platform biases (33).
This emphasizes the need for Al tools designed
to account for genomic diversity and different
sequencing platforms.

3.1.2.2 Interpretation and prediction of genetic
variations

Once variant calling is completed, variant
prioritization s
analysis. This process filtering
variants according to parameters such as read
depth, variant allele fraction, read quality, base
quality, and mapping scores (34). Heuristic
filtering can reduce false positives; however,
overly stringent thresholds may exclude true
mutations, whereas overly relaxed thresholds
may introduce false positives (35). Mutational
analysis can then be used to assess the
biological relevance or clinical significance of
prioritized mutations (36). Predictive models
such as Support Vector Machines, decision
trees, logistic and Bayesian
networks enable accurate forecasting of disease

essential for downstream

involves

regression,
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outcomes and individual risk identification

(37).

For interpretation and prediction, Al provides
advanced tools for assessing  variant
pathogenicity, = moving  beyond linear
regressions to sophisticated DL models (38).
The American College of Medical Genetics
and Genomics and the Association for
Molecular Pathology guidelines now integrate
computational predictions as crucial evidence
for classifying clinical variants (39). For
example, Google DeepMind's AlphaMissense
predicts the pathogenicity of millions of
missense variants, which are critical for
understanding disease etiology (40). An Al
system like DiagAl also combines ML models
with phenotypic information to prioritize causal
variants in rare diseases, improving diagnostic
yields (10, 41). Despite these breakthroughs,
challenges persist regarding the scarcity of
high-quality labeled datasets, the omission of
genotype-phenotype associations in model
training, resources
required for (42, 43).
Ongoing research continues to refine these Al-
focusing on improved

sharing, and global

and the computational
complex analysis

driven approaches,
interpretability, data
collaborations to further enhance precision
medicine (44). Tables 2 and 3 provide a
comprehensive analysis of different Al-based
tools used for detection and
prioritization. The comparison shows that no
single tool performs equally well across all data
types, underscoring the need for tailored
selection tools.

variant
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Table 2. Comparison of variant-detection tools in terms of performance, data requirements,
strengths, limitations, and development status

Al Tool Accuracy | Application | Input/output | Training Strengths Weakness Current use/ | Ref.
Domain Data Development
status

VarScan 2 More than |Somatic and Input: Benchmark [Detects high Precision in Widely used in|(45)

89% germline SAM/BAM cancer somatic variations |detecting indels oncology
variant calling |[Output: VCF |genome and indels, Fewer |varies from pipelines.
in tumor— datasets false positives moderate to high,
normal samples (TCGA, with a low F1 score

GIAB) Reliability is poor
when applied to
population screens
or allele frequency
studies

VariantTransformer (89.26% Normalizes and |Input: Ensembl Flexible, Limited diversity |Research/ (24)
harmonizes VCF/JSON VEP and Automated variant |in training data pipeline
variant Output: ClinVar prioritization from |because it was integration
representations |standardized datasets VCF files with low |[derived primarily |[stage

variant notation coverage data in from the Genome
10x-15x, Trained |in a Bottle
with large datasets |consortium,
including SNPs and |Platform
short InDels. dependency (only
Ilumina
sequencing)

DeepVariant-AF - DL model Input: GIAB + Includes allele Limited to Advanced (32)
integrating FASTQ/BAM; |population |frequency from the |individuals of research tool
allele Output: VCF |AF data 1000 Genomes European,
frequency. with AF-based |(gnomAD) |Project, Trained for |Ashkenazi, and

scoring both high and low |Asian ancestry
coverage data of  |Optimized for
WGS and WES, Illumina
Can also be sequencing data,
implemented for and performance
rare variants might vary for
(homozygous) and |other platforms like
clinically verified |PacBio or Oxford
mutations (disease- |Nanopore, Cannot
associated) map variants out of
1000Genomes
database (allele
frequency=0),
which might be
novel, Lack of
diversity in the
allele frequency
panel

SNooPer Somatic variant |Input: BAM; |Simulated |Identifies somatic |Training data bias |Research-level |(33)
caller using ML |Output: VCF  |tumor— variants from low- |in prediction tool
ensemble normal depth data (quality and

datasets Outperformed representativeness)
VarScan2, The training phase
JointSNVMix and |is time-consuming

MuTect, Removes
platform-specific
biases and

Poorly trained
platform bias can
persist, Strand bias

Journal of High School Science, 10(4), 2026
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systematic errors  |Unverified ability
to detect the InDels
Deep SNP 80-92% Structural Input: Copy- |Public Detects breakpoints [Trained on small ~ [Experimental [(46)
variant and number or array [CNV/CMA |in cancers training data of validation
CNV detection |intensity data  |datasets SNP array, Doesn’t|stage
using deep Output: variant apply to NGS data
CNNs calls Requires manual
data curation
NanoSNP - Variant calling |Input: FASTS /|Nanopore |Calls low-coverage |Not applicable for |[Research/ (47)
from Oxford |FASTQ; sequencing |Oxford Nanopore |other sequencing |clinical trial
Nanopore Output: VCF |(NA12878, |Technologies platforms, such as |testing
sequencing GIAB) (ONT) sequencing |PacBio or Illumina
data, Predicts Run time is almost
zygosity and 50% longer than
genotype, and helps |the traditional tools
to map MHC
regions, Haplotype
refinement,
Includes base count,
quality scores, and
mapping quality
DNAscope On PacBio,|ML-enhanced |Input: Diverse Combines ML- Low efficiency for |Used in (48)
>99%, for |variant caller |BAM/FASTQ |human based genotyping |indels on Illumina |commercial
Mlumina, Output: VCF |WGS/WES |and GATK, Rapid |[F1 score is lower |genomic
~57% datasets runtime, Applicable [than DeepVariants |pipelines
for long reads (Sentieon)
Clair 3 95% CNN-RNN Input: BAM |GIAB + Haploid variants Clair3 depends on |Commercial |(49)
hybrid variant [(PacBio/ONT) |[long-read |Its extension, long-read data product for
caller for long |Output: VCF |benchmark |[Clair3-Trio, from Nanopore or |long-read
reads datasets identifies variants |[PacBio, It lacks pipelines
from family trio optimization for
sequencing (mother, |somatic variants
father, and child)
Fast pileup and
alignments
BCFTools Mlumina  |Variant Input: General More efficient and [Slow for alarge  |Research (50)
(95%) and |manipulation, |VCF/BCF genomic faster for Illumina |population study  |standard
PacBio filtering, and  |Output: VCF |data Not applicable for
(81%) consensus Oxford Nanopore
calling
Platypus SNVs Bayesian Input: BAM; |Human and |High efficiency in |Poor at recalling  |Research- (51)
(98%) and |haplotype- Output: VCF  |cancer detecting SNVs SNVs and low level; widely
Indels based variant genomes Fast sensitivity for benchmarked
(61%) caller (1000G, Indels
TCGA)
FreeBayes 99% Bayesian Input: BAM; (1000 Aligns the reads and|Produces more Extensively  |(52)
genetic variant |Qutput: VCF  |Genomes & |identifies haploid  |[false positives in  |used in
detector population |variation, SNPs, non-human research
datasets Indels, and complex [Moderate recall for [workflows.
variants, Flexible |Indels, Too
and can be applied |[sensitive to depth
to polyploidy and quality of data
to enhance the
performance
Journal of High School Science, 10(4), 2026 62




Table 3. Comparative analysis of Al-powered tools used for variant prioritization
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Al Tools Accuracy |Application |Input/output Training Strengths Limitations Current use/ |Ref.
Domain Data Development
status
deepCNNvalid |96% Pathogenicity |Input: Annotated ClinVar, Refine somatic  |Limited to Research-level |(53)
classification |VCEF or variant HGMD, and |variants leukemia samples, |model;
of genetic features 1000 automatically not for solid tumors|benchmarked
variants using |Output: Genomes from tumor Don’t map InDels |on public
deep CNNs Pathogenicity score |variant samples, Read Accuracy is datasets
(Benign/Pathogenic) |databases BAM files dependent on
manual annotations
EnGenome 80% Clinical Input: VCF/ Integrated in  |Provides Sometimes returns |Used in (54)
VarChat variant annotated variants  |EnGenome’s |literature-mined |evidence without a |diagnostic
interpretation |Output: Clinical proprietary  |support, clear source and no |labs; CE-IVD
and report interpretation report |knowledge Interactive clinical validation |marked
generation with ACMG base + Lacks in-depth (Europe)
classification ClinVar querying
DeepPVP 92% with  |Prioritization |Input: Annotated ClinVar, High performance|Needs high storage |Research / (55)
ROC-AUC |of pathogenic |VCF + patient HPO |OMIM, and |in variant ranking |space, Dependent |translational
0.959 variants using |terms HPO Identifies novel |on phenotype data |stage
phenotype- Output: Ranked phenotype disease associated |Efficiency gets
aware DL pathogenic variants |databases genes, Relates reduced when bulk
phenotype data  |analysis is done
during scoring of
pathogenicity
Fabric GEM 85% Al-based Input: VCF + Curated Helps to prioritize |Closed source Commercial  [(30)
clinical clinical phenotype |clinical neonatal or Dependent on the |decision-
decision Output: datasets + pediatric rare quality of support
support for Gene/disease ranking |HPO + diseases, phenotype data software
rare disease  |and diagnostic report [OMIM + Combines
variant gnomAD phenotype data
prioritization (HPO), ClinVar,
and OMIM data
Identifies SNVs,
small Indels
Franklin 64% Cloud-based |Input: VCF / panel |ClinVar, Can prioritize Data updating is | Widely (56)
(Genoox) Al platform  |data gnomAD, SNPs, CNVs, and |manual, which adopted in
for variant Output: Interactive |internal Indels, and slows down its genetic testing
interpretation |clinical classification |consortium  |highlight their high-throughput labs globally
and data (ACMG-guided) data related phenotype |feature, Lacks
sharing Web-based transparency
platform that Has data privacy
requires no pre- |issues as it stores
installation data in cloud space
SeqOne DiagAI [97% Al-driven Input: Raw Hospital- Helps to prioritize| Commercial Certified (ISO |(57)
platform for  |sequencing data / grade clinical |pathogenic Cloud-based 13485
genomic VCF databases and|variants from platform that compliant;
diagnostics Output: Automated |validated WGS or WES allows license CE-IVD)
and report diagnostic report pipelines Identifies, holders to access,
generation germline variants |Not applicable to
Includes XAl somatic mutations,
Offers cross- CNVs, structural
validation rearrangements
Depends on HPO
phenotype quality
data
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Despite  significant  improvements  over
traditional pipelines, current Al-based variant
calling and prioritization tools do not fully
resolve key challenges in clinical genomics.
Most benchmarking studies rely on curated
datasets and simulated samples, which fail to
capture real-world complexities such as
variable sequencing depth, mixed ancestries,
mosaicism, and technical artifacts (32, 45-48).
As a result, strong performance metrics (e.g.,
high F1 scores) do not always translate into
improved diagnostic yield, particularly
underrepresented populations. Performance
also varies across variant types and genomic
contexts. While deep learning models perform
well for single-nucleotide variants and short
indels, they remain less reliable for structural
variants, repetitive regions, and complex loci
(22, 25, 31, 48). Tools such as DeepSV,
DeepSNP, and NanoSNP address some of these
gaps but are often platform-specific, limiting
generalizability (46, 47). Similarly, allele-
frequency—aware models like DeepVariant-AF
improve detection of rare variants but depend
on reference panels biased toward specific

in

ancestries, reducing accuracy in diverse
populations (1, 32).
Variant prioritization introduces additional

uncertainty. Many tools rely on phenotype
data, curated databases, and proprietary
knowledge bases, which may embed historical
biases and lack transparency (30, 39, 53-57).
Limited high-quality training data and
incomplete  genotype—phenotype  mappings
further constrain reliability, especially for
novel or population-specific variants (39-43).
Overall, AI tools should be viewed as
components of integrated diagnostic workflows
rather than standalone solutions. Future efforts
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should focus on combining complementary
methods, evaluating performance
diverse populations, incorporating uncertainty
and explainability, and prioritizing clinically
meaningful outcomes such as diagnostic yield
and reduction in VUS (32, 39, 43).

across

3.2 Al for functional genomics and multiomic
integration

Al has become an important computational
approach in functional genomics and multiomic
integration, offering unprecedented capabilities
for deciphering complex biological systems.
The integration of high-throughput sequencing
technologies with advanced Al algorithms can
provide information across multiple molecular
levels and may reveal associations that are not
apparent in single-omics analyses. Al methods
can process large, complex, and heterogeneous
datasets, and facilitate the integration of diverse
biological information, from gene expression to
metabolic profiles. These integrated datasets
can support the construction of predictive
models of health and disease.

3.2.1 Transcriptomics and epigenomics
analysis

Al and ML can enhance transcriptomic and
epigenomic analysis. In transcriptomics, DL is
particularly valuable for analyzing the high-
dimensional, sparse, and noisy data generated
by single-cell and spatial omics. These models
can identify meaningful patterns that may be
difficult to detect using traditional analytical
methods (58). Researchers are developing Al
models to analyze large RNA-sequencing
datasets and predict RNA structures. These
models can also help elucidate gene-expression
regulatory mechanisms, supporting advances in
functional genomics and personalized medicine
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(59). For instance, DL-based feature selection
methods improve the analysis of single-cell
RNA-sequencing (scRNA-seq) data, which is
critical for gene dimensionality reduction and
downstream  tasks like gene  marker
identification and cell type classification (60).
Explainable Al models are also being
developed to identify features and patterns in
scRNA-seq data that are associated with
disease-related processes (61).

In epigenomics, Al and DL algorithms are used
to map epigenetic modifications to their
phenotypic manifestations, predicting disease
markers, gene expression, enhancer-promoter
interactions, and chromatin states (62). This
includes rapid, high-resolution analysis of
DNA  methylation profiles, which is
particularly relevant in cancer epigenomics for
advancing pan-cancer detection and precision
oncology (63). Al also plays a role in analyzing
histone  modifications and  chromatin
accessibility, relevant to the characterization of

epigenetic regulation of gene expression and

identifying therapeutic targets (64).
Furthermore, ML and DL methods are
employed for predicting 3D genome

organization from genomic annotations, DNA
sequences, and other genomic properties,
offering insights into higher-order chromatin
structures (65).

3.2.2 Proteomics and metabolomics integration
The integration of  proteomics  and
metabolomics data through AI and ML
provides a comprehensive understanding of
biological that  single-omics
approaches cannot achieve (66). In multi-omics
studies, Al algorithms have been applied to
identify molecular patterns and associations

systems

Journal of High School Science, 10(4), 2026

Review paper

relevant to disease processes, particularly in
cancer research. This integration facilitates the
discovery of novel biomarkers and therapeutic
targets by effectively managing the complexity
and heterogeneity of multi-omics datasets (67).

In metabolomics, the rapid analysis of diverse
datasets and identification of disease-related
biomarkers have improved personalized
medical care (68, 69). DL models further
enhance accuracy in biomarker identification
and disease detection by integrating supervised
and unsupervised learning approaches (69). Al
and ML are applied in various stages of
metabolomics research, including data pre-
processing,  feature  extraction, pattern
recognition, and data integration (68). DL is
particularly suitable for multiomic applications
because it can analyze large datasets from
multiple sources and identify complex patterns.
These patterns can be used to develop
predictive models for disease diagnosis and
prognosis, including COVID-19 and many
types of cancers (70-73). Integrating across
omics platforms provides a more holistic view
of cellular responses, potentially revealing
emergent properties not visible in single-omics
analysis (74).

3.2.3 Systems biology approaches

Al-based approaches are creating
opportunities to model inter-organ
communication and biological
processes  (75). Al-powered multi-scale
modeling frameworks integrate multi-omics
data across biological levels and organismal
hierarchies. These frameworks can also be
applied across species to investigate genotype-
environment-phenotype relationships under
diverse conditions (76—78). These models can

new

systemic
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identify novel molecular targets, biomarkers,
pharmaceutical agents, and personalized
medicines to address unmet medical needs
(78).

Al and ML methods are playing an important
role in understanding and predicting complex
biological pathways and cellular networks (79,
80). While traditional mechanistic models have
been indispensable for testing biological
hypotheses, ML is suited to inferring patterns
from large, high-dimensional datasets. The
integration of ML with mechanistic models,
often referred to as Scientific ML, is a
promising new field that combines their
complementary strengths to model complex
biomedical systems (81). This approach is
particularly valuable when dealing with sparse
or limited datasets and aims to overcome the
limitations of purely data-driven models by
incorporating physical laws and biological
interpretability (78, 82, 83). Therefore, Al-
based systems biology approaches may provide
additional characterizing
and disease-associated

information  for

cellular  processes
network changes, with ongoing efforts to
integrate complex biological data and improve

interpretability (84, 85).

3.2.4 Network-based disease modeling

Network-based disease modeling leverages Al,
especially Graph Neural Networks (GNNs), to
represent and analyze the intricate relationships
within biological systems. GNNs have emerged
as powerful tools for Al-aided drug discovery
because they operate directly on molecular
graphs. This enables them to learn complex
topological and geometric features of drug-like
molecules (86—88). This approach supports the
characterization of molecular interactions and

Journal of High School Science, 10(4), 2026

Review paper

the identification of disease modules, which are
clusters of genes, proteins, and metabolites that
are interconnected and co-regulated (89). Al-
driven network pharmacology integrates Al
and multi-omics technologies to decipher
complex bioactive compound-target-pathway
networks. This methodology is well suited to
therapeutic approaches
components, targets, and pathways. It may
therefore accelerate drug discovery and reduce
experimental costs (90). GNNs are used in drug
design processes by accurately modeling
molecular structures and interactions with
binding targets. They have led to breakthroughs
in predicting molecular properties, drug
repurposing, toxicity assessment, and novel
molecule design (91-93). Network-based
approaches are also vital for personalized
medicine. By constructing biological networks
and identifying disease modules, ML models
can predict key genes or regulatory hubs
controlling biological pathways, aiding in the
discovery of essential genes and driver genes in
(94-96). Al has
advances in network biology, which provides a
framework for understanding complex human

involving multiple

diseases contributed to

diseases. Current research focuses on
multimodal data integration, higher-order
network  analysis, and  network-based

approaches to personalized medicine (97). Al
in network pharmacology offers insights into
the intricate relationships between substances
and biological facilitating  the
based on

systems,
customization of treatments
individual genetic profiles (98).

3.2.5 Conceptual challenges in multi-omics
integration

Although AI has accelerated multi-omics
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integration, most current frameworks remain
constrained by three conceptual challenges.
First, integration strategies are often chosen for
technical convenience rather than clinical
interpretability. Early integration approaches
concatenate heterogeneous features and can
capture complex patterns. However, they may
produce latent representations that are difficult
to map to specific pathways or cell states. This
limitation can reduce their usefulness for
mechanistic insight and biomarker
development (66-70). Late fusion and
hierarchical models improve interpretability by
operating on omics-specific summaries, but
may miss cross-layer interactions that are
critical for understanding disease mechanisms
(74, 78).

Second, many models are trained and validated
on single-cohort, cross-sectional datasets,
which may not generalize across laboratories,
platforms, and populations. Batch effects,
differences in sample preparation, and variation
in clinical phenotyping can alter observed
multi-omics  relationships.  Consequently,
models may perform well in their original
setting but degrade when transferred to new
laboratories, platforms, or populations (6668,
82—-85). This problem is particularly acute
when integrating high-dimensional modalities
such as single-cell transcriptomic or spatial
omics, where technical may
overshadow  subtle  biological  signals.
Systematic external validation and cross-site
harmonisation remain the exception rather than
the norm (73, 78).

variation

Third, many Al-based multi-omics models are
still effectively static. They learn associations
from snapshots of molecular and clinical data
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but rarely incorporate longitudinal trajectories,
treatment exposures, or evolving environmental
contexts (17, 75-78). As a result, they are
better suited for classification or risk
stratification at a single time point than for
predicting how molecular networks reorganize
during disease progression or under therapy.
This is a critical limitation for the adaptive
genomic intelligence framework proposed in
this review. For future dynamics, context-
aware models need to incorporate serial
measurements and update risk estimates over
time, rather than assuming fixed relationships
between omics layers (17, 82, 83).

Addressing these challenges is likely to require

standardised benchmarks for cross-cohort
multi-omics integration, longitudinal study
designs, and closer coupling between
mechanistic models and data-driven

architectures (75-81). In this context, Al
should not only maximise predictive accuracy
but also prioritize stability across platforms,
robustness to population heterogeneity, and the
ability to yield biologically interpretable
hypotheses that can be tested experimentally
(84, 85).

3.3. Al in rare genetic disorders

Al-based methods have expanded the range of
computational approaches from genomic
analysis to rare and monogenic diseases. By
analyzing large genomic data and genome-
phenome interactions, Al can support pattern
recognition and diagnostic assessment.

3.3.1 Role of Al in detecting and diagnosing
rare diseases

An integrated Al and ML approach facilitates
not only diagnosis but also the categorization
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of patients and the analysis of symptoms. Al
leverages DL, such as Convolutional Neural
Networks, for analyzing medical images and
facial patterns to aid in the diagnosis of genetic
diseases (99, 100). For analyzing symptoms
and categorizing patients, ML models like
Bayesian Networks and Support Vector
Machines are employed (101, 102). Studies in
precision health have demonstrated how Al can
rapidly analyze large datasets to support
tailored diagnostics. Al can also facilitate
biomarker discovery and the identification of
genetic  susceptibility for conditions like
Amyotrophic Lateral Sclerosis (101, 102).
Furthermore, Al utilizes Natural Language
Processing for text mining from electronic
medical records to extract and analyze patient
information, transforming unstructured clinical
notes into accessible data for research and
patient care (103).

Recent advancements in Al-driven tools further
streamline the diagnostic process for rare
diseases. For instance, SeqOne DiagAl offers
an Al-driven platform for genomic diagnostics
and  report generation, incorporating
Explainable Al to prioritize pathogenic variants
from  whole-exome or  whole-genome
sequencing data (41, 57). The CLAIRe tool is
an Al-based system designed for rare disease
diagnosis and variant prioritization, which can
also link genetic variant data with drug
responses (104). Additionally, an automated
genome interpretation model has been
developed for such conditions and is routinely
used in clinical genetic laboratories (105).

Second-generation Al are
distinguished by their patient-centric approach,
bridging prognostic, diagnostic, and therapeutic

systems
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aspects of care (106, 107). They have been
proposed for continuous monitoring of patient
progress, as exemplified in Gaucher disease,
allowing dynamic adjustments to treatment
schedules and providing dosage reminders or
recommendations for non-drug therapies based
on individual patient response (107, 108).
Despite its efficiency, the widespread adoption
of Al in rare disease diagnostics faces several
challenges, including data privacy, bias,
security, and ethical concerns (108). To combat
data privacy issues, federated learning systems
are being developed. These systems allow
institutions  to  collaboratively
electronic health records and genomic data
without directly sharing sensitive patient
information. This can preserve privacy while
increasing the amount of data available for
model development (109-112). This approach
can support the development of larger datasets
necessary for rare disease research, including
smaller datasets from diverse ancestries to

analyze

reduce bias (111). Electronic medical records

often contain inconsistent formats and

incomplete information. Advanced Natural
Language Processing techniques, including
hybrid frameworks with LLMs, are being
developed to extract relevant information from
unstructured clinical notes. These approaches
can help harmonize clinical information for
rare-disease identification (113-118). Medical
imaging data, which typically follows
standardized formats, also aids in training Al
for rare disease diagnosis (108). Beyond direct
diagnosis, Al also supports the rare disease
ecosystem through tools like Al-powered
chatbots and virtual assistants, which provide
preliminary information and answer patient
queries, reducing the workload on genetic

counselors and improving accessibility to
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critical information (119, 120). This allows
human counselors to focus on the psychosocial,
ethical, and familial complexities inherent in
rare disease cases (121).

In the context of rare diseases, where etiologies
can be complex and heterogeneous, Al-
powered multi-omics integration is well suited
to capturing molecular By
combining genomic, transcriptomic, proteomic,
and clinical features, these systems can identify

complexity.

previously unrecognized molecular signatures
that serve as predictive biomarkers for disease
progression or therapy response (102, 122).
This holistic approach provides a more
comprehensive understanding than single-
omics analysis (78).

3.3.2 Al-based phenotype-genotype correlation
analysis

Establishing a robust correlation between
genotype and phenotype is fundamental for
advancing precision medicine, disease risk
prediction, and the diagnosis of rare diseases.
This task, however, is impeded by the difficulty
in accessing detailed clinical phenotypic data
and the inherent complexity of genotype-
phenotype associations (70).

DL models have shown strong potential in
SNP-based phenotype predictions for both
forensic  applications and disease risk
assessment  (123). Traditional genotype-
phenotype studies, such as Polygenic Risk
Scores and Genome-Wide Association Studies,
primarily focus on linear associations with
single SNPs (124). ML methods such as
gradient boosting, ensemble learning, and
Principal Component Analysis can identify
complex relationships among multiple SNPs.
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These approaches may also help to uncover
novel  gene-phenotype by
analyzing complex non-linear interactions
(125). DL models, including Convolutional
Neural Networks and Transfer Learning,
demonstrate strong potential in predicting
phenotypes from genomic data (126). For
instance, transfer learning allows models to be
trained on large, well-annotated cohorts. These
models can then be fine-tuned for smaller or
underrepresented  populations,  potentially
improving prediction accuracy across various
phenotypes (127, 128).

associations

Al also enables multi-class classification,
allowing for the prediction of different
subtypes of phenotypes or varying levels of
disease risk based on SNP variations, moving
beyond simple case/control distinctions (125).
This capability is helpful for understanding
complex traits like eye color, type 2 diabetes
risks, and hair color, where gene-environment
interactions are diverse across populations
(126, 129). A typical ML pipeline for
predicting phenotype-associated genes involves
three key steps: classifying individuals based
on genotype data, prioritizing genes, and cross-
referencing  findings  (126).  Phenotype-
genotype correlation studies significantly
impact rare diseases, risk assessment, precision
medicine, and drug discovery (130).

Various Al-integrated tools are available to
enhance the understanding of clinical
genotype-phenotype correlations. The GPCards
database, which utilizes a transfer learning-
based approach, maps genetic variants to
phenotypes using patient data, offering subtype
classification, interpretation, gene
prioritization, and disease prediction. Unlike

variant
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some proprietary databases that may lack
detailed individual-level phenotypic data or
have accessibility limitations, GPCards
provides free genotype-phenotype analysis.
This free genotype-phenotype analysis may
contribute to models with improved accuracy,
generalizability, and interpretability  for
precision medicine and cross-species genetic
studies (126). Other tools often integrate
Human Phenotype Ontology or
annotation workflows to diagnose rare genetic
diseases. Supplementary file Table 1 explains
the functionality, strengths, and limitations of
some key Al-based tools (131-140).

variant

3.4 Polygenic risk prediction

3.4.1 Al-powered polygenic risk score (PRS)
Polygenic Risk Scores are statistical measures
used to assess an individual's genetic
predisposition to complex diseases such as
cardiovascular disease, coronary artery disease,
cancers, and type 2 diabetes. They help identify
high-risk individuals for preventive strategies
(141). Traditionally, PRS calculation relied on
Genome-Wide Association Studies (GWAS) to
identify individual SNPs associated with
disease (142). However, these traditional
methods were limited by their focus on linear
associations and  were  predominantly
developed using genetic data from European
ancestries, leading to accuracy gaps and equity
concerns when applied to non-European
populations (143).

Al-based PRS approaches have been
investigated to improve disease risk prediction
by incorporating a broader range of genetic and
non-genetic factors (142). These models can
use ML and DL methods, such as gradient
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boosting machines (e.g., XGBoost) and deep
neural networks. These approaches can model
complex non-linear interactions among SNPs,
including gene-gene interactions like epistasis
that may not be captured by conventional linear
models (144). They can also help in feature
selection, identification and exclusion of
irrelevant variants. Such approaches
improve the predictive power of PRS models
for diseases such as inflammatory bowel
disease, breast cancer, type 2 diabetes, and
Alzheimer's disease. Recent advancements in
Al-powered PRS further enhance the prediction
landscape.

may

3.4.1.1 Multi-PRS integration

ML can combine multiple PRS for different or
unrelated phenotypes. This strategy may
improve predictions and wuncover shared
genetic pathways across diseases like breast

cancer, coronary artery disease, and type 2
diabetes (142).

3.4.1.2 Integrated Al frameworks

Models PRSmix and PRSmix+,
developed using Elastic Net ML algorithms,
combine PRS from correlated genetic diseases
to provide a deeper understanding of genetic
architecture and improve prediction accuracy
for complex traits (144).

such as

3.4.1.3 Geometric DL

Novel geometric DL models use GNNs to
generate scores from GWAS data. These scores
can then be mapped onto protein-protein
interaction networks to help interpret the
clinical significance of disease-associated
genes and pathways (145).

3.4.1.4 Explainable Al
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Integrating ML models like XGBoost with XAl
techniques (e.g., SHAP) offers transparency by
identifying which genetic or clinical features
contribute most to disease risk (146).

Although Al-powered PRS enables
personalized risk assessment and early
diagnosis by integrating environmental,

clinical, and genetic factors, challenges persist
regarding the need for diverse and large
datasets, improved interpretability, and
stronger safeguards for privacy and ethics.
Generative Al holds promise for further
enhancing PRS models' accuracy for complex
genetic interactions by integrating clinical and
phenotypic data (147). Efforts are ongoing to
develop robust probabilistic risk prediction
models using ML algorithms trained on clinical
and genomic data (148—150).

3.4.2 Population-scale genomics
Al is becoming an important component in
analyzing and interpreting the
complex datasets generated by population-scale
genomics, which aims to understand genetic
variation and disease susceptibility across large
cohorts. Al-driven approaches facilitate the
integration and harmonization of genomic data
from diverse populations, enabling large-scale
analyses of genetic variation and population-
specific disease risk. They can also support
quality control, advanced variant calling, and
the generation of unified callsets from large
population datasets (19, 28). The importance of
these approaches is particularly evident in
variant  calling, where tools such as
DeepVariant+GLnexus combine genetic data
from large cohorts to create unified callsets.
implementing these approaches
substantial computational

vast and

However,
requires
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infrastructure, data storage capacity, and
scalable analytical frameworks to manage the
increasing volume of genomic data (28). Al-
powered statistical genetics is also being
applied in large biobanks to enhance the
discovery of genetic variants associated with
disease susceptibility and treatment response
(1). A significant challenge addressed by Al is
the historical bias in genomic datasets towards
European ancestries, which limits the
applicability of genetic risk models to diverse
populations. As a mitigation strategy, federated
learning systems are being utilized, allowing
for privacy-preserving collaborative analysis of
multi-institutional genomic data. These systems
enable the integration of diverse datasets,
including  smaller  contributions  from
underrepresented ancestries. This can increase
representative sample sizes and improve model
accuracy while reducing bias. Importantly,
these benefits can be achieved without
centralizing sensitive patient information (109—
112). Furthermore, Al-powered Polygenic Risk
Scores, are being refined through population
data to identify low-coverage and rare variants,
leading to more accurate and equitable genetic
risk assessments and enabling personalized
medicine strategies at a population level (32).

4. Al in genetic medicine and therapeutics

4.1 Al in genetic therapies: personalized
therapies

4.1.1 Gene editing and CRISPR optimization

The advent of Clustered Regularly Interspaced
Short Palindromic Repeats (CRISPR/Cas9) has
advanced genome editing by enabling precise
genetic modifications. This technology has also
facilitated the development of single-base
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editing for high-throughput screening (151). Al
is transitioning it from a potent molecular tool
into a clinically defined and customizable
platform for advanced therapies. Al integration
with CRISPR has been reported to improve the
efficiency, precision, and affordability of gene
editing. LLMs, such as CRISPR-GPT, are used
for automated design processes, leading to the
discovery of novel editors and customized base
editing strategies (8, 152, 153). These Al
models can be used to find new guide RNAs
(gRNAs) and optimize their selection for
specified target sequences through tools like
DeepCRISPR, DeepHF, and CRISTA (8). ML
accelerates variant screening and reduces the
time and resources required for validating gene
editing results, ensuring both precision and
speed in clinical applications (151). A key
contribution of Al is its ability to improve
prediction accuracy for off-target effects,
thereby  enabling more precise DNA
modifications. This is crucial for developing
safe and effective personalized treatments
tailored to individual genetic profiles (8).

Al-powered CRISPR is being applied to
personalized therapeutic strategies, including
immunotherapies like CAR T-cell therapy. Al
helps identify targets and ensure the efficacy of
knocking out immune checkpoints (154). A
notable example of patient-specific gene
editing involves the recent use of base editing
to treat a rare genetic disorder, carbamoyl-

phosphate  synthetase 1 deficiency, in
newborns. This therapy, delivered via
nanoparticles, demonstrated significant

improvement without severe side effects (155).
In cancer research, the combination of Al and
CRISPR holds promise for more effective
treatments by identifying cancer subtypes
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through genomic data analysis and modifying
immune cells to target oncogenic genes or
pathways. Tools like SPROUT, developed
using ML, predict how accurately gene editing
repairs cells (8). This integration of Al with
CRISPR can assist in optimizing the entire
genome editing pipeline. It may provide new
approaches for manipulating genes and
deepening our understanding of the genetic
code, and may contribute to the development of
more effective and personalized medical
interventions. Supplementary file Table 2
discusses key Al-powered tools assisting in
genome editing (153,156-163).

4.1.2 Al in gene replacement therapy

Al is enhancing gene replacement therapy by
improving the design, precision, and delivery
of genetic material. Al algorithms can be used
to analyze vast genomic datasets to precisely
target and modify genetic material, with the
potential to improve the accuracy and safety of
treatments (164, 165). Recent advancements
highlight Al's role in developing optimal
formulations gene delivery systems,
considering factors like particle size, surface
charge, and composition through data-driven
design (166). Predictive modeling, powered by
ML, forecasts the behavior of these delivery
systems biological  environments,
accelerating development and
success rates in gene therapy trials (166).
Furthermore, AI can be beneficial
personalizing gene therapy by tailoring
delivery systems to individual patients based
on their genetic backgrounds and disease
profiles (166). The integration of Al with
CRISPR-based genome editing (including base
and prime editing) optimizes these technologies
to introduce precise changes without relying on

for

in
improving

in
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homology-directed enabling
personalized like
cancer, diabetes, and Alzheimer's (8). Al also
assists in the discovery and optimization of
viral vectors, such as AAV, by analyzing
parameters like viral tropism and transduction
efficiency, leading to vectors with enhanced
targeting capabilities and improved stability
(167, 168). This allows for the precise
modification of genes, such as in the successful
base editing for a rare genetic disorder in a
new-born (155).

repair,

treatments for diseases

4.1.3 Al in CAR T-cell therapy

Al can support CAR T-cell therapy by
optimizing multiple stages, from target
identification to enhancing therapeutic efficacy
and manufacturing. ML and DL algorithms
analyze multi-dimensional clinical and omics
data to identify optimal target antigens on
cancer cells, predict patient responses, and
personalize treatment strategies (169, 170).
This includes the ability to discern patterns in
data to create CARs with highly efficient
single-chain fragment  (scFv)
combinations, improving specificity and
affinity (170). Al-driven approaches have been
reported to improve the design of new CAR
constructs and predict their efficacy, addressing
critical aspects such as minimizing severe side
effects such as cytokine release syndrome and
neurotoxicity (171, 172). Generative Al, for

variable

example, is being used to engineer de novo
binding CAR-T cell therapies (173). Moreover,
Al, particularly computer vision, enhances
image-based sorting technologies, enabling
automated extraction of cellular features for
real-time  classification, which
throughput and consistency in CAR T-cell
manufacturing (174). Al has also been found

improves
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assisting in optimizing production conditions
and workflows, critical for ensuring the quality
and process control of these complex therapies
(175, 176). The integration of Al with
CRISPR-Cas9 genome editing offers further
advancements by enhancing precision and
safety in CAR T-cell engineering (171).

4.1.4 Al in RNA therapies

Al-based approaches support the development
and optimization of RNA-based therapeutics
through data-driven design and predictive
modeling. These approaches can also
contribute to the development of personalized
treatment strategies. Al and ML facilitate the
rational design of RNA sequences to maximize
target affinity while
immunogenicity and off-target effects (177).
DL models, trained on extensive datasets of
RNA structure, function, and biological
interactions, accelerate candidate optimization
and reduce development timelines (177). For
instance, DL-based siRNA design platforms
have been shown to reduce predicted off-target
binding significantly compared to traditional
rule-based algorithms (177). Generative Al
models are also being applied to optimize
mRNA secondary structure, leading to
improved protein translation efficiency (177).
In mRNA vaccine development, Al assists in
sequence optimization, predicting stability,
translation efficiency, and formulating delivery
systems like lipid nanoparticles, which are
critical for effective prophylactic and
therapeutic applications (178—182). Generative
pre-trained language models like GenerRNA
are emerging for de novo RNA design, capable
of generating RNA with stable secondary
structures without prior knowledge (183). The
ability of Al to analyze and predict the stability

minimizing
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and function of RNA molecules, including

structural interactions and conformational
dynamics, can be helpful for designing next-

generation mRNA therapeutics (184, 185).

4.1.5 Al in gene silencing

Al contributes to the advancement of gene
silencing therapies by improving the design
and efficacy prediction of small interfering
RNAs (siRNAs) and short hairpin RNAs
(shRNAs), and by enhancing our understanding
of epigenetic gene regulation. ML strategies are
being integrated into siRNA research for
design and analysis. These approaches can
support the development and optimization of
siRNA-mediated  post-transcriptional — gene
silencing (186). Al can determine the on- and
off-target efficacy of siRNA-based drugs by
considering a multitude of factors, including
target and off-target binding sites on mRNA
and  competition between  endogenous
molecules (185). Novel approaches, such as
AttS1Off, utilize self-attention mechanisms to
predict siRNA inhibition and off-target effects
with improved accuracy and generalization by
analyzing siRNA embeddings and local mRNA
sequences (187). DL models also predict the
efficacy of shRNAmirs by using sequence and
context features, which is critical for designing
RNA interference drugs (188). Beyond direct
RNA targeting, Al is extensively applied in
epigenomics, analyzing DNA methylation
patterns, histone modifications, and chromatin
accessibility to understand gene expression
changes without altering the DNA sequence (8,
62, 189). This allows for the identification of
key factors influencing gene activation and
silencing, supporting the design of guide RNAs
for gene regulation (8) and contributing to
precision oncology by identifying biomarkers
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and predicting responses to epigenetic therapies
(190).

4.1.6 Evidence gaps and translational barriers
in Al-enabled genetic therapies

Al has improved design efficiency, off-target
prediction, and candidate prioritization across
gene editing, gene replacement, CAR T-cell
therapy, RNA therapeutics, and gene silencing,
particularly in preclinical settings (8, 151-153).
However, most evidence derives from in silico
analysis, high-throughput screens, and limited
in vitro or animal studies, with relatively few
prospective clinical trials validating these
approaches (151, 155). While early clinical
applications, such as base-editing for
carbamoyl-phosphate synthetase 1 deficiency,
are promising, they remain isolated cases rather
than broadly generalizable standards (155).
Safety and manufacturability remain major
challenges. Al models may reduce predicted
off-target effects, but residual risks persist and
require experimental validation, especially in
underrepresented genomic or tissue contexts
(151, 185-188). Similarly, Al-optimized
delivery  systems  must  still
immunogenicity, tissue specificity, and
scalability, which are not fully captured
computationally (166—168). In CAR T-cell
therapy, Al enhances target selection and
construct design, yet regulatory
continues to depend on traditional clinical
endpoints such as efficacy and toxicity (169—
173). Another limitation is the mismatch
between Al optimization targets (e.g., editing
efficiency, binding affinity) and clinically
meaningful outcomes, which do not always
correlate with long-term safety or therapeutic
benefit (8, 177-179). Additionally, training
datasets are often limited in diversity, raising

address

approval
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concerns  about  generalizability  across
populations and disease contexts (111-113,
189). Future priorities include prospective
validation studies comparing Al-guided and
conventional approaches, expansion of diverse
and clinically relevant datasets, and stronger
interdisciplinary collaboration to establish
regulatory standards and ensure safe clinical

translation (111-113, 151, 155).

4.2 Al in clinical implementation of
precision/personalized medicine

The clinical implementation of Al is rapidly
advancing  precision and  personalized
medicine, fostering "hyper-personalized
medicine" by tailoring medical therapies to
individual molecular characteristics, lifestyle,
and environmental factors (17). Al's capacity to
analyze vast, complex health datasets enables
dynamic wellness plans and promotes a
proactive, preventive healthcare model. This
transformation, however, necessitates robust
infrastructure and collaborative data-sharing
frameworks that prioritize patient privacy and
address the unique ethical and regulatory
challenges of Al in healthcare (17).

Al enhances genomic interpretation, a
foundational aspect of personalized medicine
for identifying genetic variations influencing
drug responses and disease susceptibility (191).
Al, including LLMs, plays an important role in
classifying genetic variants. Tools such as
AlphaMissense, which leverage data from the
AlphaFold Protein Structure Database (7), can
score the pathogenicity of missense variants
with high accuracy. Combining LLM models
with AlphaMissense and similar approaches
helps classify VUS using ClinVar/ProteinGym
datasets, thus evolving variant interpretation
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(192). Further contributing to this area, DL-
based tools like REVEL, CADD, and SpliceAl
offer improved scalability and accuracy by
managing splice variants and scoring
pathogenicity in conditions such as cancer
predisposition and rare Mendelian disorders
(192). AI also accelerates DNA and RNA
sequencing analysis and variant calling, which
is essential for timely clinical genetic insights.
Tools such as DeepVariant and NVIDIA
Parabricks  significantly accelerate these
processes, which supports faster results in
clinical genetics (7). Beyond accelerating
analysis, Al-powered genomic interpretation
improves the diagnosis of rare diseases by
processing large datasets to classify variations
(193), and automated genome interpretation
models are now routinely employed in clinical
genetic laboratories (105). ML has gained
increasing attention in genomic diagnostics for
its high accuracy in pathogenic variant
identification and its ability to process large
volumes of genomic data. (194). However,
despite  these advancements, significant
challenges persist, including the scarcity of
high-quality labeled datasets, the omission of
genotype-phenotype associations in model
training, and the substantial computational
resources required for complex analysis (42,
43). Therefore, critical assessment of variant
effect predictors remains a focus to ensure their
reliability in clinical settings (39).

Al is greatly impacting pharmacogenomics by
enhancing drug response prediction and
treatment optimization. ML and DL algorithms
navigate the complexity of genomic data to
elucidate relationships between genetic factors
and drug responses (195). This enables the
identification of genetic markers, leading to
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comprehensive models that guide treatment
decisions, minimize adverse reactions, and
optimize drug dosages in clinical settings
(195). Tools like PharmCAT, PAnno, and
PharmVIP can translate patient genotypes into
clinical prescriptions, allowing tailored drug
regimens based on patient VCF files (196—
198). Furthermore, platforms like Chemistry42
utilize Al to quickly prioritize compounds for
personalized drug design (122).

The integration of Al and ML into wearable
sensor technologies has improved health data
science by enabling continuous monitoring,
personalized interventions, and predictive
analytics (199, 200). These devices provide
individual-level data for disease management,
geriatric care, and health optimization (201).
However, the rapid advancement also raises
critical ethical and regulatory concerns. Data
privacy, algorithmic bias, informed consent,
and the opacity of automated decision-making
are paramount challenges (199, 200, 202).
Proactive efforts are needed to minimize
disparities and promote inclusive healthcare,
ensuring accessibility and addressing barriers
like technological literacy and affordability
(202).  Interdisciplinary  collaboration s
necessary to ensure wearables are not only
functional but also intuitive, adaptive, and
trustworthy, guided by principles of privacy,
fairness, and transparency (199).

Al is also integrating with advanced clinical
technologies to improve patient care and
support decision-making. In bioelectronic
medicine, Al contributes to precision in neural
modulation, which involves using electrical
stimulation to regulate nerves and provide
external sensory input (203, 204). In healthcare
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robotics, wearable robotics and collaborative
(cobots), enhanced by Al
transforming assisted healthcare. Al optimizes
motion control, decision-making, and real-time
adaptability applications  such  as
rehabilitation, eldercare, and surgical assistance
(205-208). This human-centered approach
aims to bridge the gap between laboratory
models and practical clinical deployment (15,
209). Furthermore, an advanced version of
Explainable AI has been proposed, which is
expected to enable real-time sequencing with
high resolution for complex diseases and
cancer, addressing the need for transparency in
critical clinical applications (210).

robots are

in

Al's ability to process and learn from vast
datasets with accuracy and efficiency beyond
traditional methods is contributing to advances
in disease diagnosis and risk prediction in
precision medicine (211, 212). Al can generate
insights from multi-dimensional datasets by
integrating  various data, thereby
supporting biomarker discovery and prognostic
assessments (213). It can help in predicting
drug sensitivity in cancer and informing
personalized medicine strategies (214). Al is
used in Clinical Decision Support Systems to
further improve diagnostic precision, risk
stratification, and treatment planning (215,
216). The goal is to build trust and ensure
clinical adoption through interpretable models
that provide transparent explanations of their
predictions (15, 209, 214-217). However, the
integration of Al in clinical settings requires
careful consideration of data quality, privacy,
algorithmic biases, and ethical challenges.
Stakeholders express concerns about data
security,  potential = mistakes due to
"hallucination", and the threat to clinical jobs

omics
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(212). These challenges must be addressed for
Al to translate its full potential into tangible
clinical impact (213, 218). The underlying
algorithms used by these AI tools and the
accuracy/metrics are summarized
Supplementary Table 3, with supporting
references provided therein.

n

4.3 Al for targeted therapies based on genetic
profiles

The traditional process

discovery is typically
expensive, and high-risk, often taking over a
decade and billions of dollars to bring a novel
drug to market, with high failure rates in
clinical trials due to lack of efficacy (228). Al
offers more efficient alternatives to these labor-
experimental ~ approaches by
providing computational approaches for the
identification of drug targets and novel
therapeutic options. Computational methods,
including pharmacophore screening, reverse
docking, and Al-driven ML, are now central to
this process (228). In precision oncology, the
integration of genomic profiling with Al is
becoming more central to developing tailored
therapies for patients. Al tools are capable of
analyzing genetic alterations, clinical histories,
and even digital imaging data to identify
optimal targets for treatment design (229).

of targeted drug
time-consuming,

intensive

Al has demonstrated potential in predicting
patient responses to treatments, such as
immunotherapies or targeted drugs, and can
even detect early signs of drug resistance. For
instance, Al platforms like Deep 6, Triomics,
and Massive Bio can swiftly analyze both
genetic profiles and clinical histories, and then
accurately match patients to appropriate
clinical trials within minutes (230-232). This
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automation addresses a significant bottleneck
in traditional approaches, where only a small
percentage of patients typically participate in
clinical trials due to time-consuming manual
screening and limited awareness among
clinicians. Automated matching may reduce the
time required for trial screening and has been
associated with improved matching
performance in selected studies, particularly in
rare disease trials, potentially increasing the
likelihood of successful drug development and
approval (230-232). Beyond clinical trial
matching, Al-based approaches have been
proposed for constructing “digital twin” models
by combining genomic, expression, proteomic,
and immune response data from mini-tumors or
organoids. This would help to predict relapse
risk and optimal combination therapies for
cancers (229). While the clinical integration of
such platforms is still evolving, they require
high-quality data and robust validation.

Al is also driving drug discovery for genetic
disorders, a pressing need given the lack of
effective treatments for many rare diseases due
to limited genetic and molecular data. It
reduces timelines and costs by rapidly
screening large chemical libraries and
designing novel therapeutic compounds using
models such as Support Vector Machines and
Random Forests (23). Quantitative Structure-
Activity Relationship (QSAR) modeling can
identify potential drug candidates, while
generative Al explores new chemical spaces to
design therapeutic =~ compounds,
streamlining data analysis and accelerating
treatment discovery (23). For example, the
Harvard Medical School in 2024 developed
TxGNN, an Al model that identified potential
therapeutic candidates for 17,000 genetic and

novel

77



rare diseases, including those without existing
treatments, by studying drug-gene interactions
and molecular features (233, 234). Another
repurposing tool, DeepDrug, forms effective
combinations of existing approved drugs for
complex conditions like Alzheimer's disease by
integrating curated domain-specific knowledge
and generating biomedical graphs using GNN
(235, 236). The discovery of new molecules is
further aided by AlphaFold-based pipelines
such as Chemistry42 and PandaOmics, which
rely on protein structure prediction (237).
Hybrid AI models, which combined genetic
algorithms (SELFIES) and DL, identified novel

Review paper

tyrosine kinase inhibitors by optimizing drug-
like properties and predicting their bioactivity
with CNN, achieving an AUC of 0.93. This
demonstrates the potential to accelerate
targeted therapies and reduce the need for
extensive wet lab screening (238). These Al-
driven approaches offer a more efficient and
generalized path for drug discovery across
various  disease  conditions,  reducing
development timelines from years to months,
though challenges related to data integrity and
the lack of functional or kinetic annotations
remain. An overview of tools assisting in drug
identification is presented in Table 4.

Table 4. Comparative analysis of Al-powered tools that assist in the identification of novel drugs

Application Input/Output Training Data|Strengths Limitations Current use/ Ref.
Domain Development status
Deep 6 Al-driven patient— |Input: EHRs, ClinicalTrials. |Identifies Lacks Validation |Deployed in >200 U.S. |(228)
trial matching for |structured/unstruct |gov, EMR appropriate trials hospitals; validated in
clinical research  |ured clinical notes |data, by matching with multicenter studies
Output: Matched |investigator |patients' both
patient—trial lists  |feedback structured and
unstructured
medical records
Triomics Oncology-focused |Input: Genomic  |Public Identify Under validation, |Commercially (230)
clinical and reports (VCF), oncology trial |appropriate trials |and its performance|deployed; used by
molecular trial EMRs, trial datasets + real- |by matching with|depends on the oncology networks in
matching databases world hospital |patients’ real- quality of data India, U.S.
Output: Ranked |EMR data world studies
trial eligibility
results
Massive Bio Precision oncology |Input: Curated Identify Lacks transparency |Commercial pilot; (232)
decision support  |EHR + pathology + |clinical trial ~ |appropriate trials |in decision-making |operational in >20
and trial enrollment|genomic profiles; |registries, by matching with countries
Output: NGS test data |the patient’s
Personalized medical record
treatment or trial and genomic
recommendation data.
DarwinHealth  [Systems-biology— |Input: TCGA, GTEXx, |Evaluates protein|Accuracy depends |Translational stage; (239)
based drug Tumor proprietary activity by on high-quality multiple pharma
discovery and transcriptomics and |drug—target analyzing transcriptomic data |partnerships
target identification |proteomics; networks expression data
Output: to identify key
Oncogenic master regulators/bioma

regulator network
models

rkers, treatment
response, and
helps with gene
therapy
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Insilico End-to-end Al Input: PubChem, Identifies novel |Focuses more on |Phase I trial (240)
Medicine platform for drug | Multi-omics + ChEMBL, drug targets and |drug discovery and |(INS018 055); peer-
target discovery chemical clinical omics |designs less on clinical reviewed preclinical
and de novo structures; datasets molecules by implementations  |validation
molecule design  |OQutput: Novel integrating multi-
drug candidates omics data
TrialMAtchAI |Large language Input: ClinicalTrials. |Identify It specifically Prototype / early (241)
model-based Trial protocols gov, EHRs, appropriate trials |focuses on clinical pilot phase
clinical trial (text) + patient PubMed by matching with [matching trials, but
eligibility and health records; corpora the patient’s it can’t help in
recruitment tool Output: Trial- medical record. |predicting
patient match treatment.
ranking
CLAIRe Al-based rare Input: VCF files + |ClinVar, It helps to predict|Under Clinical Validated in research ~ [(104)
disease diagnosis |clinical phenotype [OMIM, beneficial cancer |validation and pilot studies (BMC
and variant (HPO terms); HGMD, and |therapy by Med Genomics, 2023)
prioritization Output: Prioritized |curated rare  |linking genetic
disease and gene  |disease variant data and
candidates with datasets drug responses
explanation
XRare Automated clinical |Input: ClinVar, Helps in the Lacks transparency |Deployed in diagnostic ((240,
interpretation and | VCF or FASTQ + [gnomAD, diagnosis of rare |in decision-making,|labs; CE-IVD 140)
report generation |HPO phenotype OMIM, HPO |diseases and is not applicable  |certification (Europe,
for rare disease data; databases decision-making |for other diseases, |2023)
WES/WGS data  |Output: ACMG- for appropriate  |has less
classified variants precision therapy |generalizability,
and diagnostic selection and is under
report validation

4.4 Adaptive genomic intelligence: proposed
design principles

Al is increasingly integrated across genomic
medicine, interpretation,
pharmacogenomics, clinical trial matching, and
drug discovery (30, 191-198). However, most
current systems remain fragmented, optimized
for isolated tasks, trained on static datasets, and
evaluated mainly using surrogate metrics such
as AUC or enrichment scores. To address these
limitations, we propose an adaptive genomic
intelligence  framework based on four
complementary design principles. First, the
genomic Al should adopt longitudinal and
multimodal learning rather than relying on

including variant

single time-point data. Integrating serial omics

measurements, treatment history,
environmental exposures, imaging, and EHR
time-series data would enable models to
capture dynamic biological

changes and
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disease progression over time (17). Second,
ancestry-aware  fairness and  population
diversity should be core design objectives.
Existing genomic datasets remain heavily
biased toward European ancestry, limiting
model generalizability across populations
(109-113). Federated learning offers a practical
strategy for integrating geographically and
ancestrally diverse datasets while preserving
privacy, though model performance should still
be routinely evaluated across ancestry-specific
cohorts and clinical contexts (109-112).

Third, pathway- and network-level
interpretation should complement single-gene
analysis. Many biologically relevant signals
emerge from pathway interactions, regulatory
modules, and redundant subnetworks rather
than isolated variants (66, 73). Accordingly,
adaptive systems should incorporate pathway
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activity scores, network centrality measures,
and redundancy-aware biomarkers to better
capture system-level disease mechanisms and
support experimental validation. Finally,
evaluation  should  prioritize  clinically
meaningful  outcomes addition  to
conventional machine learning metrics.
Relevant endpoints include diagnostic yield,
reduction VUS, time-to-diagnosis,
recruitment diversity in clinical trials, and

in

in

prospective  success  of  Al-prioritized
therapeutic candidates (39, 105, 191-194).
Collectively, these principles provide a
framework for developing adaptive,

interpretable, and clinically relevant genomic
Al systems.

4.5 Al-driven drug discovery for genetic
disorders

Al has enhanced disease analysis and
understanding of disease mechanisms by
uncovering hidden patterns in vast data, which
might not be identifiable by human researchers
(232). Clinical trials of Al-aided discovered
drugs are growing in popularity; examples
include INS018 055 (for idiopathic pulmonary
fibrosis) and EXS-21546 (for solid tumors)
(242). DL models like generative adversarial
networks (GANSs), transfer learning, and neural
networks are being used in aging research, drug
prediction based on transcriptional data, and
small molecule design. For instance, in the case
of amyotrophic lateral sclerosis (ALS), a
combination of different bioinformatic tools
and DL models was trained with multiomic
data, which identifies potential genetic targets
by prioritizing druggable genes (228). To
identify genes linked to multiple age-related
diseases, the models learned and extracted
patterns from gene and protein ontology,
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protein-protein interactions,
pathways. A DL
transcriptomic data from 12,000 embryonic and
adult cells was used to identify key targets for
controlling embryonic-fetal transitions, tissue
regeneration, and cancer. Also, the LLMs in
biomedical text mining models such as
BioGPT and ChatPandaGPT can analyze a vast
amount of literature to identify associations
among diseases, genes, and biological
processes. Such models can help to create
hypotheses for complex diseases like cancer,
autoimmune disorders, and neurodegenerative
disorders. However, they may perpetuate biases
and lack novelty. Combining LLM-based
models with experimental validation can assess
these hypotheses and support the development
of reliable solutions (228, 243-245). Al can
also analyze genomic data of virus outbreaks to
identify important viral proteins and host
factors that can be targeted for inhibiting viral
replication and developing effective antiviral
drugs (246). Collectively, these applications
demonstrated the potential in developing
synergistic therapeutic targets for complex
diseases involving multiple pathways (228).

and biological

ensemble trained on

Beyond target selection, Al-based approaches
have also been applied to identify therapeutic
candidates for genetic and rare diseases. For
example, QSAR-based models have been
applied to identify potential therapeutic
candidates such as riluzole for ALS, while Al
models can also predict physicochemical and
ADMET properties of candidate compounds.
These approaches also streamline data analysis,
reduce trial-and-error, and speed up treatment
discovery, such as for COVID-19 (23). To

date, tofacitinib, Niraparib, Empagliflozin,
Doxercalciferol, and Baricitinib were five
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identified compounds that can target three key
mechanisms of AD: mitochondrial dysfunction,
glucose metabolism, and neuroinflammation.
Such models offer a new direction towards a
more practical approach through designing
multi-targeting treatments in complex diseases
(235, 2306).

5. Al in clinical genetic practice

5.1 Al in diagnostics and risk prediction

Al has expanded the capabilities of medical
diagnostics and risk prediction by facilitating
precise and efficient analyses and identifying
subtle indicators of disease across various
domains. Al can process and learn from vast
datasets with accuracy far exceeding that of
traditional methods. This is revolutionizing
how diseases are diagnosed and how individual
risks are assessed (211, 212).

Al-based image-analysis methods can extract
quantitative and morphological features from
medical images. DL, particularly
Convolutional Neural Networks, is employed
to predict genetic alterations, tumor mutation
burden scores, and survival status directly from
hematoxylin and eosin-stained histopathology
slides. This capability has enabled the detection
of morphological patterns indicative of genetic
mutations such as lung and
colorectal cancers, and facilitates molecular
subtyping, including predictions for
homologous recombination deficiency and
alterations in mesothelioma (22, 99). Beyond
pathology, Al's diagnostic utility is evident in
radiology, where ML algorithms provide
statistical predictions from image
classifications, such as tools that can interpret
chest radiographs to detect multiple diseases

In cancers,
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(247). The first FDA-approved Al-based tool in
ophthalmology, designed for the diagnosis of
diabetic retinopathy, further highlights Al's
impact in this area (247).

For genetic and rare disease diagnosis, Al
addresses the challenges posed by limited data
and complex clinical presentations. Tools like
GEM assist clinicians by analyzing whole-
exome sequencing data, correlating it with
patient medical records, and using reliable
genetic disease databases (e.g., OMIM, HPO,
ClinVar) to accurately predict disease-
associated genes. This system can filter errors
and unrelated mutations, is flexible enough to
handle large structural genetic changes to small
SNVs, and can even operate when family data
is unavailable, making rare genetic disease
prediction faster, cheaper, and more reliable
(30). LLMs are also being used in analyzing
rare disease text data, uncovering insights and
patterns for  diagnosis (116).
Furthermore, Al-powered genomic
interpretation is improving the diagnosis of rare
diseases by processing large datasets to classify
variations, with genome
interpretation models routinely employed in
clinical genetic laboratories (105, 193).

critical

automated

In biomarker discovery and risk prediction, Al
integrates multi-omic  datasets (genomic,
proteomic, metabolomic) to identify previously
unrecognized molecular signatures that serve as
predictive biomarkers for disease progression
or therapy response (77, 78, 122, 213). For
instance, DeepDeeProM, a DL model applied
to pan-cancer proteomic datasets, examines
protein-level data to markers
associated with drug response and key genes
for cancer cell offering deeper

uncover

survival,
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insights into disease activity than traditional
expression-based (248).
metabolomics, Al and ML applications, such as
the ML-based XGBoost classifier used to
identify biomarkers (e.g., LYVEI1, REGIA,
REGI1B, TFF1, plasma CA19-9) for pancreatic
cancer, demonstrate high accuracy (89%) and
sensitivity (91%) compared to conventional
statistical techniques in differentiating between
healthy controls, benign cases, and ductal
adenocarcinomas (69, 249, 250). For
immediate risk stratification, such as during
pandemics like COVID-19, Random Forest
models efficiently and accurately identify
biomarkers to prioritize treatment and improve
outcomes in emergency settings (251). Al also
aids in the classification and diagnosis of
neurological disorders like Amyotrophic
Lateral Sclerosis using CNN and SVM tools,
leveraging complex pipelines involving GANs
for data preprocessing, AlphaFold for protein
structure prediction, and IBM Watson for
omics and gene-level analysis (101). For early
detection, Al-based screening can
improve accuracy in breast cancer biopsy
screening, DL models process MRI data to
differentiate between benign and malignant
brain tumors, SVM models predict ovarian
cancer risk using clinical and genetic data, and
Bayesian models assess lung cancer risk based
on factors like smoking, age, and genetics
(191). Al further facilitates biomarker
identification for various diagnostic purposes,
including predicting a patient's ancestry and
even diagnosing certain genetic diseases
through facial recognition (100, 123).

models In

cancer

Although Al-based approaches show potential
for improving diagnostic and risk-prediction
workflows, their reliability for widespread
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clinical use requires continuous optimization,
addressing core aspects like data quality,
interpretability, and ethical considerations
(100). Nevertheless, the integration of these
advanced technologies with healthcare may
make diagnoses faster, more efficient, and
ultimately improve overall health outcomes.

5.2 Role of Al in identifying disease

associated biomarkers

Traditional biomarker identification methods
encounter limitations in pinpointing genetic
susceptibility loci for complex diseases,
leaving some genetic risk factors unexplained
(252).  Although GWAS have been
instrumental in identifying genetic variants,
they can overlook variants that do not meet
statistical thresholds and may fail to capture
complex interactions among single nucleotide
polymorphisms that influence complex traits.
The SNP-set analysis method was developed to
enhance GWAS results and address this
"missing  heritability". SNP-set analysis
successfully  identified  significant  and
biologically relevant SNPs that GWAS had
previously stringent
statistical cutoffs. This approach, by grouping
similar variants rather than analyzing SNPs
individually, effectively reduced the risk of
false negatives. This approach can also be
applied to other complex conditions, including
cancer, diabetes, or autoimmune disorders, as
well as combinations of these diseases.
However, it also highlighted the challenges
regarding SNP selection, refining clustering
techniques, and mitigating population structure
biases, often requiring principal component
analysis to minimize errors (253).

overlooked due to

Metabolomics provides a comprehensive
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understanding of an organism’s metabolite
profile, revealing variations influenced by
environment, lifestyle, and genetics (254, 255).
Metabolomics involves measuring metabolite
levels in blood, urine, or tissues to identify
alterations as biomarkers (256). However,
traditional methods such as ELISA, Western
blotting, immunohistochemistry, and
microarrays are often time-consuming and
labor-intensive (257). Al has shown potential
in metabolomics by rapidly analyzing large
datasets to identify disease-related biomarkers,
thereby leading to more precise and
personalized medical care. DL models further
enhance accuracy in biomarker identification
and disease detection through the integration of
supervised  and learning
approaches. Metabolomics plays an important
role in the study of various diseases, including
cancer, diabetes, cardiovascular diseases,
neurodegenerative diseases, and infectious
diseases such as tuberculosis and COVID-19
(69).

unsupervised

5.3 Al in pedigree analysis and genetic
counseling

The integration of Al into pedigree
and genetic counseling addresses several
challenges arising from intricate family
structures, varying data availability, and the
complexity of genetic information. Pedigree
analysis is a longstanding approach
fundamental to wunderstanding inheritance
patterns, identifying genetic disorders, and
mapping disease loci (258). However, the
accurate  construction of these charts,
particularly in large cohorts or with complex
family structures, is challenging. Manually
constructing family trees can be tedious and
prone to errors, often resulting in valuable data

analysis
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remaining confined to paper records (259—
261). Traditional methods frequently prove
insufficient for these complex relational
structures, especially when dealing with
uncertain relationships, limited familial data,
and the exponential complexity involved in
exploring numerous possible ancestries (234).
Furthermore, low-coverage sequencing data,
data sparsity, and various biases can hamper
the accuracy of computational methods for
pedigree inference, impacting their ability to

leverage probabilistic genetic information
effectively  (262-264). The "curse of
dimensionality," stemming from the vast

number of features in genomic data, also poses
a significant challenge for predictive modeling
in this domain (265).

ML and graph-based DL algorithms have been
adopted to address these complexities, enabling
the modeling of intricate relationships,
inference of genetic probabilities, and accurate
reconstruction of pedigree structures, even in
the presence of genetic recombination,
mutations, and missing data (261, 266-268).
These Al-driven approaches are being refined
to improve parentage analysis and reconstruct
pedigrees by evaluating genomic relationship
coefficients and identifying inconsistencies,
allowing for a more precise understanding of
inheritance dynamics (269-271).

The integration of Al into genetic counseling is
improving  efficiency,  scalability, and
accessibility of services (272-274). Digital
platforms, such as "Genome Access," are being
developed to streamline various stages of the
genetic counseling process, offering features
like informed consent, educational modules,
and explanations of DNA test results (274,
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275). Al-powered chatbots and virtual
assistants, including Clear Genetics' GIA,
provide preliminary information, answer

common patient queries, and offer initial
education and risk assessments (119, 120, 276—
278). These tools can also assist in scheduling
appointments and collecting family history,
which are often routine but time-consuming
aspects of the pre-test counseling workflow
(273). By automating these tasks, Al reduces
the burden on human genetic counselors,
allowing them to allocate more time to the
psychosocial, ethical, and familial complexities
inherent in genetic conditions, and to
effectively triage high-risk cases (119-121,
276). The integration of these digital tools with
electronic health records further enables
automatic risk stratification and personalized
genomic assessments. Additionally,
telemedicine (often incorporating video-based
consultations) has improved access to genetic
counseling for patients in remote areas and
offers greater scheduling flexibility (121).

A notable example of a digital tool is
MyKinMatters, a web application designed to
facilitate the communication of genetic test
results to at-risk relatives (279, 280). This
platform allows individuals who have
undergone genetic testing (probands) to create
a family tree. Clinicians can then utilize this
family tree to identify and indicate which
relatives should be contacted. The proband can
upload the proband's test results to the
platform, enabling the electronic sharing of
these results with the identified relatives.
MyKinMatters provides clear guidance on
"which relatives to inform and what
information to share," thereby
effective communication and reducing the

ensuring
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potential for psychological burden on the
proband (279). The software can present family
relationships in both genealogical and pedigree
formats, with clinicians typically using the
pedigree format for risk assessment, aiming to
empower relatives to make informed decisions
about their own genetic testing, surveillance, or
preventive options (280, 281).

Al also helps in family risk modeling and the
clinical implementation of Polygenic Risk
Scores in genetic counseling. ML models are
being developed for the risk assessment and
prediction of Mendelian genetic disorders in
children, clinical history and
pedigree analysis (266, 268). For instance, ML
approaches can improve variant assessment and
guide clinical decisions by providing refined,
individualized disease risk estimates through
penetrance  modeling (282). PRSs are
increasingly recognized for personalized risk
assessments for common, complex conditions
by combining genetic with
environmental exposures and behaviors (267,
283-288). Al and ML algorithms can capture
complex relationships
heterogeneous risk factors, move beyond
simple additive models, and identify highly
predictive features within high-dimensional
genetic data (265, 287, 289-291). Such models
are important for integrating genomic and non-
genomic information, optimizing predictions
for diverse genetic ancestries, and ensuring
clear of complex risk
information to both clinicians and patients
(283, 284, 292-294). However, the clinical
implementation of PRSs careful
consideration and educational resources for
clinicians, particularly regarding the
interpretation and effective communication of

leveraging

risk factors

causal between

communication

requires
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the establishment of robust

regulatory frameworks for disease prevention
strategies (149, 267, 283, 285).

results and

Despite the potential benefits of Al in
enhancing genetic services, its widespread
integration in genetic counseling and pedigree
analysis raises important ethical and practical
considerations. These include concerns
regarding data access, privacy and protection,
algorithmic bias, responsibility and
accountability, the impact on the patient-
professional relationship, justice and equity,
patient well-being, and transparency and
explainability (295-297). Ensuring proper data
governance, avoiding health inequities, and
securing patient rights are
especially given that generative Al models
might operate by sharing data in non-restricted
environments (272, 298, 299). Therefore, a
human-centered approach
indispensable, ensuring that Al functions as a
decision-support tool that complements human
expertise in navigating the
complex landscape of genetic health rather than
replacing it (277, 297).

paramount,

remains

sensitive and

6. Challenges in AI use for genetic

healthcare and proposed solutions

Al holds significant promise for advancing
genetics, but its integration into healthcare
faces substantial challenges in maintaining data
quality, ensuring interpretability, safeguarding
privacy, navigating regulatory landscapes, and
streamlining clinical workflows. The current
inflexibility and lack of standardized formats
for integrating multi-omic data, imaging data,
and electronic health records pose significant
issues, potentially leading to false diagnoses
and inaccurate risk predictions (98). While DL-
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based genetic mutation detection may provide
faster, less invasive, and more cost-effective
alternatives to traditional NGS, further
validation is required for broader accessibility
and integration into clinical workflows.

DL has advanced many genomic tasks, but
recent literature highlights two fundamental,
recurring  limitations:  prediction  errors
(including poor out-of-sample generalization)
and a disproportionate dependence on large,
well-annotated datasets (128). Al models
frequently report high accuracy on internal
benchmarks but often show reduced
performance when applied to external cohorts
or different sequencing/assay conditions (24,
48). For example, polygenic and variant-effect
predictors trained on one ancestry or biobank
often show systematic declines in accuracy
across diverse genetic ancestries, suggesting
that model errors often stem from training-data
mismatch rather than model expressivity (292,
294). Data heterogeneity (due to varying
platforms, ancestries, phenotype
definitions) and limited sample sizes for many
populations are primary causes of unreliable
predictions in genomics (58). Methods aiming
to reduce these errors, such as evolutionary-
inspired augmentation to increase sequence
diversity or federated learning to pool multi-
center signals without centralizing
genomes, show promise but are still in early
validation stages (111). Moreover, parallels

and

raw

from medical imaging indicate that DL
pipelines often lack rigorous uncertainty
quantification and standardized external

validation, increasing the risk of harmful
mispredictions in clinical settings. In summary,
despite the power of DL, high prediction error
rates and substantial data-scale requirements
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remain major obstacles to safe and equitable AI model from being adopted in healthcare,

clinical deployment in genetic healthcare. To valuable solutions have been proposed (Figure

address the primary challenges that limit every 3).
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Figure 3. This figure highlights core challenges, including data heterogeneity and bias, limited model
interpretability, ethical and regulatory constraints, and clinical integration barriers. Corresponding solutions
illustrated include federated learning and standardized pipelines for data quality, XAl for transparency, privacy-
preserving computation for governance, and clinician-in-the-loop validation for workflow adoption. Together, these
elements highlight the multidimensional approach required for safe and effective clinical translation of Al systems.

6.1 Improving Al models with high-quality
data

The effectiveness of Al models in genetic
healthcare is largely dependent on the quality
and representativeness of the training data.
Addressing dataset limitations and biases is
essential  for  developing robust and
generalizable Al applications.

6.1.1 Strategies to overcome dataset limitations
and biases

6.1.1.1 Data heterogeneity

Genetic datasets often suffer from variations
to different sequencing platforms,
protocols, population

due

experimental and
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ancestries, leading to models that perform
poorly when applied to data from different
sources than those wused for training,
undermining generalizability and fairness (179,
292, 294). Standardizing data collection
methods and formats is essential. Techniques
like batch correction and transfer learning are
employed to mitigate differences between
datasets (127). Transfer learning allows
knowledge  from  larger,  well-studied
populations to be applied to smaller,
underrepresented groups, with the potential to
improve prediction accuracy (128). While these
strategies help, complete
heterogeneity is difficult, and the performance
of transfer learning can still be limited by the

elimination of
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degree of dissimilarity between source and
target domains.

6.1.1.2 Interdependent data structure
Genomic data often exhibit

interdependencies, such as linkage
disequilibrium and gene networks, which
traditional Al models might struggle to capture,
leading to overlooked key biological
relationships or incorrect assumptions about
feature independence (145). GNNs and other
network-based approaches are used to model
these complex relationships, integrating
genomic and proteomic interaction networks
(95, 97, 145). Multi-omics integration also
captures a more holistic view of biological
systems by considering interactions across
different molecular levels (66, 73). GNNs
require specialized expertise and computational
Constructing accurate biological
networks from noisy data is itself a challenge.

complex

resources.

6.1.1.3 Confounding variables

Unaccounted confounding (e.g.,
environmental influences, lifestyle choices,
unmeasured genetic variants) can lead to
spurious associations and biased model
predictions, obscuring true genetic signals (17).
Advanced statistical methods, careful study
design, and the integration of diverse data types
(genomic, environmental, clinical, lifestyle)
can help control for confounders. AI models
designed to learn causal relationships rather
than just correlations are an active area of
research (78). Identifying and accurately
measuring all potential confounders is often
impossible. Causal inference with Al
complex biological remains a
significant research challenge.

factors

in
systems
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6.1.1.4 Data leakage

Data leakage occurs when information from the
test set inadvertently leaks into the training set,
leading to overly optimistic performance
estimates and models that fail to generalize to
new, unseen data, compromising clinical
reliability (115). Data leakage can be difficult
to detect in complex biological datasets due to
their intricate dependencies (115). Strict
adherence to data partitioning protocols (e.g.,
proper cross-validation, independent validation
sets) and careful feature engineering are
essential to prevent leakage. Best practice
guidelines promote the avoidance and
recognition of data leakage to prevent biased
results (115). Addressing leaky pre-processing,
where common transformations unintentionally
introduce information from the test set into the
training process, is also critical (115). Subtle
forms of data leakage can be difficult to detect,
especially in complex genomic datasets with
shared  biological contexts, and the
exponentially large space of potential user
prompts can make it nearly impossible to
anticipate all forms of data leakage
generative Al models (115).

n

6.1.1.5 Class imbalance in disease genomics

Rare diseases or specific genetic variants are
often underrepresented in datasets, leading to
Al models that are biased towards common
conditions or variants and perform poorly on
minority classes (109, 115). This bias impacts
the diagnosis and treatment of rare genetic
disorders  (115). Techniques such as
oversampling (e.g., SMOTE), undersampling,
and cost-sensitive learning are used to
overcome class imbalance (115). Specialized
algorithms for and
methods that sample positive and negative

rare variant analysis
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examples to ensure the model is not biased
toward any class are also being developed
(115). Federated learning can also help by
aggregating data from multiple institutions
without centralizing rare disease data,
increasing the effective sample size (110, 111).
Oversampling techniques can lead to over

fitting, and under sampling can discard
potentially  valuable information (115).
Specialized algorithms still require some

representation of the rare class to learn
effectively.

6.1.1.6 DNA-based computing

While DNA computing offers potential for
massive parallelism and solving complex
optimization problems, current
implementations  face  challenges  with
scalability, error rates, and the vast number of
DNA molecules required for complex
computations (115). Research continues on
evolutionary DNA algorithms to overcome
parallelism  limitations and  implement
molecular model training in ML (115). DNA
computing is being explored for logical and
neural network computation, with complex
designs demonstrating its potential for self-
organization and self-learning capabilities
(115). Practical applications in genetic
healthcare are still in their early stages, with
significant hurdles in feasible circuit size,
function diversity, and computing efficiency
(115).

6.1.2 Importance of global genetic diversity in
Al training

The lack of global genetic diversity in Al
training datasets is a critical challenge, as most
genomic data originate from individuals of
European descent, leading to models that
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perform poorly when applied to diverse
populations, exacerbating health disparities
(111, 294). Initiatives to increase the
representation of diverse ancestries in genomic
databases are paramount. Federated learning

offers a privacy-preserving approach to
integrate smaller datasets from different
ancestries, thereby reducing bias and

improving model accuracy without centralizing
sensitive patient data (111, 112). Building
globally diverse datasets is a massive
undertaking international
collaboration, significant funding, and careful
consideration of ethical and social implications.
Even with federated learning, biases can persist
if the wunderlying data from contributing
institutions are themselves biased.

requiring

6.2. Enhancing explainability and transparency
The "black-box" nature of many advanced Al
models, particularly DL, limits their clinical
adoption due lack of trust
understanding among healthcare professionals
and regulators.

to a and

6.2.1 Development of interpretable Al models
in genetics

Complex AI models often make decisions
through intricate, non-linear computations that
are difficult for humans to understand, making
it hard to verify their reasoning or identify
potential errors (81, 209, 300). Explainable Al
techniques are being developed to provide
insights into how models arrive at their
predictions. This includes methods like SHAP
and LIME, which help attribute model outputs
to specific input features (61, 146). Rule-based
models and attention mechanisms in neural
networks also enhance interpretability (179,
187). In genetics, XAl can help identify key
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genetic or clinical features driving disease risk
predictions (146). XAI methods can sometimes
offer simplified or post-hoc explanations that
may not fully capture the model's internal
workings. The trade-off between model
performance and interpretability often remains
a design challenge.

6.2.2 Strategies for better clinical validation
and trust building

Without clear explanations, clinicians may be
hesitant to trust Al-driven insights, and
regulatory bodies struggle to approve models
whose decision-making processes are opaque.
Rigorous external validation of Al models on
independent clinical cohorts is essential to
demonstrate real-world performance (300).
Collaborative validation frameworks involving
clinicians, geneticists, and Al developers can
build trust. Implementing Al systems that offer
clear, human-understandable rationales for
their recommendations, such as by highlighting
relevant genetic variants or clinical data, can
increase adoption in clinical practice (15, 209).
Integrating Al into clinical decision support
systems also allows for human oversight and
intervention. Clinical validation is time-
consuming  and Achieving
consensus on what constitutes "sufficient"
explainability and trust for clinical deployment
is ongoing.

expensive.

6.3 Addressing ethical and privacy concerns
Genetic data are among the most sensitive
types of personal information, raising
significant ethical and privacy concerns when
processed by Al

6.3.1 Secure Al frameworks for handling
genetic data
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The risk of data breaches, re-identification, and
of genetic high,
especially with cloud-based Al platforms (298,
299). Traditional data centralization for Al
training can expose sensitive patient data (115).

misuse information is

Secure Al frameworks employ privacy-
enhancing technologies such as federated
learning, homomorphic  encryption, and
differential privacy (109, 110). Federated

learning allows AI models to be trained on
distributed datasets without the raw data ever
leaving the local institution, protecting patient
privacy (111). Blockchain technology is also
being explored for sharing and
management of health data. Implementing
these advanced security measures can add
computational overhead and complexity.
Homomorphic encryption is computationally
intensive, and differential privacy can
sometimes reduce model accuracy by adding
noise.

secure

6.3.2 Ethical guidelines for Al-driven genetic
diagnostics

The rapid development of AI in genetics
outpaces the establishment of comprehensive
ethical guidelines, leading to potential
challenges with informed consent, algorithmic
bias, equity of access, and the impact on the
patient-professional relationship (85, 277, 295—
297). Developing clear, comprehensive ethical
guidelines and regulatory frameworks will be
important for responsible implementation.
These guidelines should address data
ownership, consent for data use in Al
responsible disclosure of Al-generated insights,
and mechanisms for accountability when errors
occur (200, 296). Collaboration between
ethicists, clinicians, patients, and Al developers
is vital to create human-centered Al that
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prioritizes patient well-being and autonomy
(15). Ethical considerations are complex and
context-dependent. Translating broad ethical
principles into specific, enforceable guidelines
for diverse Al applications in genetics is
challenging.

6.4 Regulatory improvements and clinical
adoption

For AI tools to have a tangible impact in
clinical genetics, robust regulatory frameworks
and clear pathways for adoption are necessary.

6.4.1 Standardizing Al-based genetic tools for
healthcare

A lack of standardized evaluation metrics, data
formats, and reporting requirements for Al
tools hinders their comparability, validation,
and integration into clinical practice (115). The
diverse range of Al algorithms and their
specific requirements make standardization
difficult. Regulatory agencies are expanding
their mandates to include AI oversight and
certification (115). International organizations
like ISO/TC 215/SC 1 Genomics Informatics
are actively developing standards for genomics
informatics, covering data elements, metadata,
quality control metrics for DNA sequencing,
and structured clinical reports (115). These
efforts aim to harmonize data formats and
access protocols, ensuring consistency and
reliability of clinical and omics data (115). The
fast pace of Al innovation often outstrips the
ability of regulatory bodies to create and update
standards. Achieving international
harmonization of standards is also a significant
hurdle.

6.4.2 Policy frameworks for safe Al integration
in genetics
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Existing policy frameworks may not
adequately address the unique challenges posed
by Al in genetics, such as the potential for
algorithmic bias, the need for continuous model
monitoring, and the implications of Al-driven
decisions for medical liability (115). New
policy frameworks are being developed to
ensure the safe, ethical, and effective
integration of Al in genetic healthcare. These
frameworks typically focus on areas such as
data governance, transparency, accountability,
and equity of access (98). Policies that promote
public trust, ensure patient autonomy, and
support ongoing research into Al safety are
critical. A consortium model, similar to
GA4GH, could be adapted for Genome
Language Models to address the provision of
Al-informed outputs for patient care (115).
Policy development can be slow and may
struggle to keep pace with technological
advancements. Balancing
safety and ethical concerns is an ongoing
challenge, requiring adaptable and forward-
looking regulatory approaches.

innovation with

7. Adaptive and context-aware genomic
intelligence in clinical medicine

The advent of NGS has substantially increased
the scale of genomic data available for genetic
healthcare and may contribute to more
individualized  approaches to  genomic
medicine. Al, particularly ML and DL, is
changing how this data is analyzed and
interpreted, influencing
diagnostic interpretation, and predictive and
prognostic  medicine (301, 302). Al
applications in genomics span across various
domains, including genomic
interpretation (9, 303), biomarker discovery,
risk scoring (194), and multi-omics data

variant  analysis,

variant
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integration (5, 304). Advanced Al models are

increasingly utilized for tasks such as
pathogenic variant identification, offering
faster and more cost-effective solutions
compared to traditional methods (194).

Despite these advancements, significant
challenges persist. Current genomic medicine
largely relies on static frameworks for
interpreting  genetic  variation.  Variant

classification systems and predictive models
are often built from limited datasets and
updated periodically, leading to inconsistencies
and a high prevalence of VUS (9). This issue is
particularly acute in rare diseases, where
diagnostic  yields, despite technological
advances, remain between 35% and 55% (10).
The complexity of genomic data, including the
need to without fully
incorporating biological contexts such as gene
regulation, environmental exposure, cellular
state, aging, or disease progression, further
complicates interpretation (5).

evaluate wvariants

A critical limitation of current AI models in
genomics is bias arising from limited diversity
in training datasets, which can reduce the
generalizability of models across ancestral
populations (11-14). Such limitations can
contribute to disparities in genomic prediction
and interpretation (305). While DL models
offer strong predictive capabilities, their
performance may also be affected by over
fitting to characteristics of the training data,
limiting generalization when applied to datasets
that differ from those wused for model
development (11-13).

To address these limitations, emerging Al
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approaches are gaining traction. Multimodal
learning, which integrates diverse data types
such as genomic information, electronic health
records, medical and laboratory
results, offers a promising solution to capture
the complexity and high dimensionality of
biomedical data (5, 304, 306). Such models
have the potential to revolutionize personalized
medicine by understanding interactions within
biological systems and predicting complex
diseases (306). Furthermore, federated learning
(FL) 1is emerging as
preserving approach. FL allows Al models to
be collaboratively trained on distributed
datasets across multiple institutions without
centralizing raw data, thereby
mitigating privacy concerns, addressing data
silos, and enabling larger, more diverse training
cohorts (111, 112, 307-309). This
decentralized training paradigm can achieve
predictive accuracy comparable to models
trained on centrally aggregated data (112, 309),
making it invaluable for integrating multi-
institutional genetic datasets (306, 307).

imaging,

a critical privacy-

sensitive

However, an important gap remains in how
genomic and clinical information is integrated
across time and changing biological states.
While Al has improved individual-variant
analysis, it remains challenging to integrate
heterogeneous, longitudinal data sources to
create continuously evolving, patient-specific
genomic models. This limitation makes it
difficult to account for the dynamic interplay of
genetic predispositions with gene regulation,
environmental exposures, cellular states, aging
processes, and disease progression over time.
Consequently, genomic interpretation may
remain associated with persistent VUS,
inconsistent predictive performance across
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diverse populations due to training biases, and
a fragmented understanding of genomic
influences on health and disease progression,
limiting the potential for truly personalized
medicine. The field lacks a robust, adaptive Al
framework capable of learning from a

constantly expanding and diversifying data

Continuous Learning Global Diversity

Context Awareness

Review paper

landscape to refine genomic interpretations in
real-time. This highlights the need for context-
aware genomic intelligence systems that can
integrate evolving biological, and
environmental factors to support continuously
updated and personalized genomic insights

(304).
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Digital Twin Genomic Models

I Al Learning En

gine ; |

Global Genomic & . linical licati l
Clinical Data Continuous Global Data I Clinical Application
- Learning Integration odels
" — Risk
@ é:—; | /b P ._ # % Prediction
= b 2
Early
A Y Diagnosis
§ Genomic Data 1--- o8 =
o S, erapy
Ciosl > 8 o= D‘f- Response
= Adaptive Genomic
Records Int [:I' c - « 41 Pprecision
Federated ntelligence Core H m Treaimant
*ats? Population Learning |
m Diversity . Digital Twin i
, Genomic Model
6 18 Longitudinal T T T T T Outcomes
i1 Multi-modal —
Data — - - Improved
Dynamlc Blologlcal Context L @\ Accuracy
090 - k il Equit
: — = y and
) . Q u_t 2 i S o
Genetics Eplgenehcs Enwronment. Lifestyle ! Geng +£ Better Clinical
Regulation =%  pecisions

Figure 4. Integrated Adaptive Genomic Intelligence Framework. This illustration presents a framework describing
how globally diverse genomic and clinical datasets are integrated with continuously learning Al (adaptive Al) to
improve genomic medicine. Multimodal inputs, including genomic data, clinical records, population diversity, and
longitudinal information, could be integrated through federated learning and Al-driven data integration. The
adaptive genomic intelligence core would incorporate dynamic biological context, such as genetics, epigenetics,
environment, lifestyle, and gene regulation, to generate patient-specific digital twin models. These models could
support clinical applications including risk prediction, early diagnosis, therapy response assessment, and precision
treatment. Clinical outcomes could provide a feedback loop that continuously refines the system, potentially

improving diagnostic accuracy, equity across populations,

We hypothesize that an Al framework designed
to continuously integrate globally diverse
genomic datasets with longitudinal, multi-
modal clinical and environmental data within a
federated learning framework could generate
adaptive, patient-specific genomic models. We

also hypothesize that such a model may evolve,
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and clinical decision-making.

potentially improving diagnostic accuracy and
therapeutic guidance in clinical medicine. The
conceptual model of the proposed adaptive
genomic intelligence system is presented in
Figure 4.

Based on this hypothesis, several specific and
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testable predictions can be formulated:

[1] Improved diagnostic yield: The adaptive Al
system is expected to improve diagnostic yield
for rare genetic diseases and reduce the
proportion of cases that remain undiagnosed
compared with current static interpretation
methods.

[2] Reduced variants of uncertain significance:
The learning and contextual
integration capabilities of the Al system may
substantially decrease the number of VUS
across diverse patient populations by providing
dynamic evidence for reclassification.

continuous

[3] Improved cross-population prediction and
fairness: Models within the adaptive Al
system, trained on globally diverse and
continuously updated datasets, are expected to
demonstrate more consistent  predictive
performance across major ancestral populations
and may help reduce existing ancestry-related
biases.

[4] Enhanced clinical decision support: The
adaptive Al system may provide more precise,
context-aware, and actionable clinical decision
support for treatment selection and disease
management, reflecting the patient's evolving
genomic and phenotypic state over time.

7.1 Potential experimental approaches
Evaluating the proposed hypothesis would
require a multi-phase, longitudinal study
comparing an adaptive, context-aware Al
system  against standard-of-care
genomic interpretation methods.

current

7.1.1 System development and baseline
establishment

Phase A: Develop an Al platform incorporating
multimodal data integration capabilities
(genomics, EHR, wearables, environmental
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data), a Federated Learning architecture for
multi-institutional data sharing, and continuous
learning algorithms. This platform would
prioritize interpretability through integrated
Explainable Al techniques (310).

Phase B: Establish a large, prospectively
collected cohort of patients undergoing
genomic sequencing for diagnostic or risk
prediction  purposes across multiple,
geographically diverse clinical sites. Train a
"static" Al model (representing current best
practice) and conduct Standard of Care (SOC)
interpretation on baseline data.

7.1.2 Longitudinal comparative study

This comparative study would directly assess
the efficacy and superiority of the adaptive,
context-aware Al system against current SOC
genomic interpretation methods over a defined
period.

7.1.2.1 Study design and patient randomization
Newly recruited patients undergoing genomic
sequencing for diagnostic clarification or
disease multiple,
geographically diverse clinical sites would be
prospectively enrolled. Eligibility criteria
would be stringent, focusing on conditions
where genomic insights are clinically
actionable or diagnostic challenges are
prevalent (e.g., rare diseases,
hereditary conditions). Following informed
consent, eligible patients would be randomized
(e.g., 1:1 ratio) into two distinct study arms.

risk assessment across

complex

7.1.2.2 Control Arm
Patients in this arm would receive genomic
interpretation and clinical decision-making
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based entirely on the current SOC methods.
This typically involves:

[1] Manual Interpretation: Detailed analysis of
genetic variants by board-certified geneticists
and genetic counselors, utilizing established
guidelines (e.g., ACMG/AMP criteria for
variant classification) (36, 39), existing variant
databases (e.g., ClinVar, HGMD) (56, 126),
and literature review.

[2] Static AI Tools: Use of any currently
approved or widely adopted static Al-based
tools, e.g., specific callers like
DeepVariant for initial variant detection (28,
48), or diagnostic prioritization tools like
Fabric GEM for rare diseases (30) that are not
dynamically updated with continuous, multi-
modal data.

[3] Data Silo Approach: Clinical management
and genetic counseling would not integrate
continuous, longitudinal multi-modal data in an
automated, adaptive manner.

variant

7.1.2.3 Intervention Arm

Patients in this arm would have their genomic
interpretation and clinical decision support
augmented by the adaptive, context-aware Al
system developed in Phase A. The Al system
would include:

[1] Provide
geneticists and clinicians with Al-generated
insights, dynamic variant reclassifications (e.g.,
VUS re-evaluations (9)), and personalized
therapeutic recommendations, directly
informing clinical decision-making. These
insights would be delivered via a dedicated
clinical decision support interface or platform,
integrated into the existing electronic health
record system, designed for
interpretation and interaction. The human
clinician retains ultimate decision authority,

Augmented  Interpretation:

intuitive
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integrating Al outputs as advanced decision
support (209).

[2] Continuous Data Integration and Learning:
The AI system would continuously and
securely integrate new patient data generated
during the study period. This includes:

[2a] Longitudinal Clinical Data: Updates from
electronic health records,
diagnoses, treatment
results, and imaging studies.

[2b] Updated Multi-omics  Data: Any
subsequent omics data (e.g., repeat
transcriptomics, metabolomics profiles) (73,
79).

[2c] Environmental Exposures/Lifestyle: Data
from patient questionnaires, wearables, or other

including new

responses, laboratory

sources capturing environmental factors and
lifestyle changes (17, 199).

[2d] Federated Learning: The AI model's
underlying algorithms would be continuously
refined across the federated network of
participating institutions, drawing insights from
the aggregated (but never centrally stored raw)
data of all intervention arm patients, enhancing
model generalizability and predictive power
patient

without compromising individual

privacy (111, 112, 307).

7.1.2.4 Study duration

The longitudinal nature of the study would
require a defined observation period (e.g., 3-5
years) to adequately capture the evolving
dynamics of patient health, the impact of
continuous learning, and the long-term clinical
utility of adaptive genomic models.

7.1.3 Outcome measurement

[1] Diagnostic Yield: Compare the rate of
definitive genetic diagnoses in the intervention
arm versus the control arm.
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[2] VUS Reclassification: Track the number
and impact of VUS reclassifications over time
in both arms.

[3] For relevant
conditions, compare the accuracy of risk
prediction and treatment response prediction
across diverse populations.

[4]
influence of Al-generated insights on treatment
modifications, patient outcomes, and physician
satisfaction through surveys and clinical record

Predictive  Accuracy:

Clinical Decision Impact: Assess the

review.

7.1.4 Ethical and privacy considerations
Implement robust ethical oversight, informed
consent protocols, and privacy-preserving
technologies (e.g., homomorphic encryption
alongside federated learning) to
responsible data handling and patient
protection throughout the study (110).

ensure

7.2 Implications for genetic healthcare

If validated, the proposed framework could
represent an important advance in genetic
healthcare.  Adaptive
genomic intelligence would move beyond static
interpretations to provide dynamic, evolving
insights into an individual's health trajectory.

and context-aware

7.2.1 Precision diagnostics and prophylaxis
Earlier and more accurate diagnosis of genetic
conditions, particularly rare diseases, could
support proactive management of health risks
based on evolving genomic and environmental
factors.

7.2.2 Equitable healthcare delivery

By mitigating ancestral biases through diverse,
continuously updated datasets, this framework
could contribute to more equitable access to the
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benefits of genomic medicine across global
populations and potentially help
existing health disparities.

reduce

7.2.3 Enhanced clinical workflow

Geneticists and clinicians could be provided
with intelligent tools that reduce the burden of
VUS, streamline variant interpretation, and
provide continuously refined decision support,
potentially contributing to more precise and
personalized patient management.

7.2.4 Accelerated research and discovery

The continuous aggregation and analysis of
diverse, longitudinal data could generate new
insights into gene-environment interactions and
disease mechanisms, fostering a learning
healthcare system.

7.2.5 Ethical and trustworthy Al

By emphasizing transparency, explainability,
and privacy-preserving federated approaches,
this paradigm could promote greater trust in Al
systems within the medical community and
among patients, paving the way for broader

clinical adoption. Overall, this adaptive
framework could represent a critical step
towards realizing the full promise of

personalized genomic medicine, creating a
dynamic ecosystem where Al models can be
updated as new data and evidence become
available, supporting patient-specific care.

8. Al-enabled discovery of system-level

biomarkers: cross-pathway redundancy

Conventional Differential Expression (DE)
analysis effectively identifies genes with large
mean differences  between
conditions but fails to capture key biological
phenomena, including (1) functional

expression
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redundancy among pathways, (ii) rewiring of
interaction significant
expression changes, and (iii) the role of non-
differentially expressed (non-DE) genes that
remain essential for maintaining information
flow and phenotype (311-315). Increasing
evidence suggests that disease progression may
involve a loss of functional specialization
across biological modules, whereby pathways
become more correlated or exhibit altered
dependency structures (316). Biological
redundancy, in which multiple genes or
pathways perform overlapping functions, is a
fundamental property of living systems that
promotes robustness through duplicated genes,
parallel pathways, and overlapping regulatory
mechanisms (317-319). In pathway enrichment
analysis, redundancy manifests as overlapping
gene sets, often producing correlated statistical
signals and inflated lists of apparently
significant pathways that do not represent
independent biological processes (312, 313,
320, 321). Standard DE methods, such as
DESeq2 edgeR, genes
independently using generalized linear models,
rendering them insensitive to (a) regulatory
genes with stable expression but altered
connectivity, (b) compensatory effects among
partially redundant pathways, and (c) nonlinear

networks  without

and evaluate

gene interactions that drive phenotypes,
particularly in machine learning-defined
subgroups.  Consequently,  pathway-level

redundancy and non-DE functional drivers are
frequently overlooked in conventional DE-
based pipelines (314, 315). Evidence from

human genetic disorders highlights the
biological and clinical relevance of
redundancy. In Spinal Muscular Atrophy

(SMA), caused by loss of SMNI, the paralog
SMN2 partially compensates by producing
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functional protein, with SMN2 copy number
strongly correlating with disease severity and
serving as a clinically established biomarker
(322). Similarly, in Darier’s disease, caused by
ATP2A2 (SERCA2) deficiency, compensatory
upregulation of the homologous Ca?" pump
ATP2C1 (SPCA1) helps buffer
homeostasis, demonstrating

redundancy, although its diagnostic utility
remains unexplored (323). Redundant gene
clusters can also influence disease risk. For
increased copy number of the
trypsinogen genes PRSS1 and PRSS2 is
associated with higher pancreatitis risk,
supported by both human genetic studies and
transgenic murine models, linking gene dosage
within redundant systems to disease phenotype
(324). cancer, redundancy has been
extensively investigated through CRISPR-
based screens. Tumor cells often tolerate loss
of a single paralog due to compensatory
mechanisms, while combined loss can result in
synthetic lethality (325, 326). Large-scale
studies have revealed that such interactions are

calcium
functional

example,

In

relatively rare and highly context-dependent.
Proteomic analyses further show that loss of
one gene can induce compensatory
upregulation of its paralog, which may stabilize
cellular networks while also creating new
dependencies that could be therapeutically
exploited (325). Collectively, these findings
demonstrate that redundant gene systems play a
critical role in disease modulation, although
their application as clinical biomarkers remains
underexplored.

Conventional — methodologies detect
redundancy in gene systems using several
approaches. Single and double knockout
experiments reveal backup mechanisms when

can
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only combined gene loss causes a phenotype,
though they are time-consuming and limited in
humans. CRISPR combinatorial screens enable
high-throughput identification of redundant or
synthetic lethal gene pairs but are mostly
restricted  to contexts  (326).
Transcriptomic and proteomic analyses identify
compensatory changes (such as upregulation of
related genes), though these findings are often
correlative rather than definitive proof of
functional redundancy (327). Some
investigators have proposed that system-level
redundancy could serve as an indicator of
disease. In practice, this means determining
how different gene modules co-vary and
suggesting that redundancy shapes disease, but
the approach is not yet standardized. Careful
controls are needed to distinguish true
redundancy from mere correlation, and to
assess predictive value in cohorts. Despite
conceptual interest, the gaps are clear: no
standard metric of redundancy has been
validated as a biomarker in patient studies.
Most evidence is limited to model systems or
retrospective  genetic  analysis.
whether redundancy
uniformly with disease or is specific to certain
conditions.

in  vitro

It remains

unknown increases

Recent primary research has addressed these
gaps using network-based, pathway-centric,
and methods, some
explicitly quantifying redundancy across
pathways, others inferring hidden regulators
and rewired subnetworks that conventional DE
overlooks. Collectively, these studies show
that much of the functionally relevant variation
occurs at the level of interaction structure and
pathway usage rather than per-gene expression
levels alone, but they also highlight limitations

redundancy-aware
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such as dependence on incomplete interaction
databases, sensitivity to parameter choices, and
relatively sparse experimental validation of

predicted non-DE drivers. The evidence
supports  using  redundancy-aware  and
differential-network approaches as

complements, not replacements, for standard
DE, especially in complex traits such as cancer
and host—pathogen interactions (314, 315, 328).
This section establishes the biological basis for
redundancy. Section 10 extends this
conceptualization toward a broader
mathematical formulation.

9. Redundancy control within pathway
databases

9.1 ReCiPa: overlap-controlled pathway sets
ReCiPa was introduced as an application for
quantifying and controlling pathway overlap in
databases such as KEGG and Reactome prior
to enrichment analysis. It demonstrated that
naively using raw pathway collections yields
large clusters of highly overlapping pathways
whose significance is driven by shared genes
than distinct biology, statistically
manifesting as correlated p-values and
overdispersion. ReCiPa removes overlapping
genes to create cleaner, non-redundant pathway
sets, improving interpretability and
highlighting disease-relevant pathways (312).
However, it only addresses database-level
redundancy and relies on standard DE inputs
without capturing condition-specific
redundancy patterns (312).

rather

Another approach to control was Set-theoretic
minimization of pathway redundancy, where
Stoney et al. (2018) used set theory to derive
minimal, non-redundant pathway subsets that
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preserve gene coverage while reducing overlap,
improving interpretability of
analysis (313). Applied across major databases,
this approach minimizes redundant pathway
clusters without losing biological information.
However, it addresses structural redundancy in
pathway databases rather than condition-
specific functional redundancy or network
dynamics (313). Applied to KEGG, Reactome,
and Consensus PathDB, this approach achieved
large reductions redundancy
without discarding genes, and enabled more
interpretable downstream visualization and
enrichment results (313).

enrichment

in pathway

9.2 DINA and related differential network
analysis

Gambardella et al. (2013) developed DINA
(Differential Network Analysis) to identify
condition-specific gene co-regulation by
comparing gene—gene correlations rather than
marginal expression, enabling detection of
pathways with altered connectivity and their
regulatory transcription factors (315). Applied
to tissue-specific networks, DINA revealed
metabolic pathway rewiring and identified
regulators such as nuclear receptors and
YEATS?2, supported by functional validation.
However, it remains sensitive to correlation
estimation and data quality (315). Grimes et al.
further showed that comparing regulatory
networks between conditions uncovers group-
specific interactions
missed by DE, highlighting shifts in functional
and  compensation  across

and pathway activity

connectivity
pathways (329).

Similarly, Guzzi et al. (2024) introduced a non-

parametric framework capturing non-Gaussian
correlation  changes  and sex-specific
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subnetworks in diseases like diabetes and
atherosclerosis, demonstrating that differential
network approaches detect subtle, context-
dependent molecular signatures beyond

traditional DE analysis (330).

9.3 Network-based identification of condition-
specific pathway activity

Differential network analysis can identify
disease-associated pathway changes that are
not apparent from marginal gene-expression
differences alone. Gambardella et al. developed
DINA to identify condition-specific pathway
activity and regulation by examining changes
in gene—gene relationships across conditions
(315). Such approaches complement
conventional DE by shifting attention from
individual ~ expression  changes  toward
alterations in network organization and
pathway connectivity.

9.4 Explicit identification of non-DE but
functionally essential genes

The DENetwork functionally
important non-DE genes using a network-based
information-flow framework that integrates DE
data  with  receptor—ligand interactions,
signaling pathways, TF—target links, and PPIs
(314). It scores signaling paths and applies in
silico gene knockouts to quantify each gene’s
contribution to maintaining network flow,
revealing key non-DE regulators such as
receptors and TFs. Across disease datasets,
these genes showed strong enrichment for
known disease mechanisms and improved
pathway coherence over standard methods.
While robust to noise, the approach depends on
prior interaction data and limited experimental
validation, leaving many predictions as
hypotheses (314).

identifies
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9.5 Network-based
differentially active nodes

KeyPathwayMiner identifies disease- or
condition-associated connected subnetworks
enriched for differentially active genes while
permitting a user-defined number of exception
nodes that need not themselves be differentially
active (331, 332). Such nodes can preserve
network therefore
identify potentially important components that
would be excluded by strict DE filtering.

inclusion of non-

connectivity and may

9.6 Evidence that DE overlooks nonlinear and
redundant patterns

Studies have shown that conventional DE
analysis may fail to identify features that drive
nonlinear machine-learning predictions,
whereas explainable-Al approaches such as
LIME and SHAP can recover model-relevant
features missed by DE analysis (333). Such
discrepancies could affect subsequent pathway
analysis and suggest that conventional DE may
overlook combinatorial biological signals;
however, pathway-level redundancy was not
directly evaluated in this study.

9.7 Biological case studies of functional
redundancy invisible to bulk DE
Developmental genetics studies show that
“differential redundancy” can arise from subtle
regulatory changes not detectable by bulk DE
analysis. For example, paralog-specific
enhancer in BOP1/BOP2 genes
demonstrates spatially controlled redundancy
through altered cis-regulation rather than
expression magnitude changes (321). Similarly,
overlapping enhancers at the Enl locus exhibit
lineage-specific redundancy, buffering
phenotypic effects and highlighting that
compensatory regulatory architectures are often

rewiring
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invisible to conventional DE approaches (334).
Major gaps include the lack of standard
measures for “system redundancy” in patient
data, and the need to test whether redundancy
metrics predict disease state or outcome. Future
experiments could use targeted double-
knockout or knockdown in relevant human cell
models (with patient mutations) and measure
phenotypes, or apply multi-omics time-series to
see if coherence among pathways increases
before clinical decline. CRISPR-based screens
in patient-derived cells could map paralog
dependencies. redundancy is an
intriguing idea but demands careful validation.

In sum,

Given these considerations, redundancy-based
biomarkers can be defined at the cluster level.
Measurable biomarkers could include: (a) a
composite genetic risk score for a gene cluster
(e.g., total deleterious mutation count in any
gene of the cluster); (b) a pathway activity
score reflecting co-expression or combined
dysregulation of the cluster; or (c) a network-
based metric (e.g., graph centrality or
“crosstalk” score across redundant pathways).
For example, one might compute the Pearson
correlation of expression among genes in two
normally independent pathways; a rising
correlation in disease could signal pathological
coupling. Importantly, this is not mere co-
expression analysis, but specifically focuses on
functionally linked but distinct modules
becoming simultaneously perturbed. To avoid
conflating simple co-expression with functional
redundancy, cluster definitions could be
anchored using curated databases (KEGG,
Reactome, GO) and empirical paralog/gene
family relationships (335, 336). By focusing
on clusters, the biomarker is the aggregate state
of the system, not any single gene. This may
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increase robustness; for example, if one gene
harbors a VUS, its clinical impact may be
interpreted by observing the rest of the genes
within the cluster. In practice, clusters could be
designed via a combination of: [1] biological
databases pathway and network modules and
[2] data-driven modules (co-function networks,
graph clustering). Each cluster could yield a
numerical feature (e.g., sum of variant impact
scores, cluster-level expression change) that
feeds into AI models.

Collectively, these studies demonstrate that
biologically meaningful signals often emerge
from network structure, pathway interactions,
and redundancy patterns rather than individual
gene expression changes alone.
current approaches remain limited by static
analysis frameworks, lack of longitudinal
integration, and inability to model redundancy
dynamically at the patient level. Building on
these observations, the proposed adaptive and
context-aware genomic Al framework could be
extended by incorporating redundancy-
informed biological modeling, where gene
clusters and pathways with overlapping
functions are treated as dynamic biomarkers.
While the proposed hypothesis describes a
framework that enables continuous learning
from multimodal and longitudinal data,
incorporating redundancy would allow the
system to capture functional compensation and
systems-level robustness that are not evident in
single-gene analysis. Thus, Al models may not
merely predict outcomes, but also identify
patterns associated with biological
reorganization and loss of buffering capacity
during disease progression. This could improve
diagnostic interpretation, reduce VUS, and

However,

Journal of High School Science, 10(4), 2026

Review paper

enable more mechanistically informed clinical
decision-making.

Machine learning models, including pathway-
guided deep neural networks, could be used to
capture nonlinear dependencies and latent
cluster-level ~ features  across
transcriptomic, proteomic, and clinical datasets,
improving over traditional linear approaches
(336, 337). GNNs could incorporate biological
interaction networks (e.g., STRING, BioGRID)
to detect functionally redundant subnetworks,
supported by explainability tools such as
GNNExplainer (336). To ensure scalability and
privacy, federated learning could enable
decentralized model training across institutions,

genomic,

maintaining performance comparable to
centralized models while preserving data
security (112). Multimodal learning

architectures would integrate diverse data
types, including longitudinal EHRs, imaging,
and environmental data, to capture context-
specific gene—environment interactions (336).
Explainable AI methods (e.g., SHAP, LRP)
would provide interpretability by linking
predictions to specific genes and pathways,
enhancing clinical trust (336). Additionally,
bias-mitigation strategies could be incorporated
to address ancestral imbalance and ensure
equitable = model  performance across
populations (338). Collectively, Sections 8 and
9 establish the biological foundations of
redundancy  through  pathway  overlap,
compensatory mechanisms, and network-level
interactions. Building on these observations,
the following section explores how redundancy
may be conceptualized as a dynamic and
systems-level property of disease biology,
extending beyond individual pathways to
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interactions among tissues, and

physiological systems.

organs,

10. Future perspectives: dynamic and
systems-level redundancy in disease biology
The preceding sections reviewed current
applications of Al in genetic healthcare,
including variant interpretation, biomarker
discovery, precision medicine, explainable Al,
federated learning, and clinical translation. The
following section presents a forward-looking
conceptual perspective on how future Al
systems may leverage dynamic redundancy,
longitudinal  network  organization, and
systems-level  biological interactions to
improve disease prediction and monitoring.
Although these concepts are informed by
emerging evidence from systems biology and
network science, they remain largely
hypothetical and require further empirical
validation.

10.1 Dynamic redundancy as a systems-level
biomarker of disease progression

Recent studies suggest that many diseases arise
not from isolated gene-level alterations, but
from the gradual reorganization of biological
networks over time. Rather than viewing
diseases as static events, current research
recognizes them as dynamic processes in which
interactions and
cellular systems continuously evolve. For
example, the Dynamical Network Biomarker
(DNB) framework identifies early warning
signs of disease by detecting groups of genes
that begin to fluctuate more and become more
coordinated just before a critical transition
occurs (339-341). Similarly, network medicine
proposes that disease progression involves the
gradual rewiring of molecular interaction

among genes, pathways,
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networks as biological systems move from
healthy to diseased states (342). Marku et al.
(2026) empirically observed module shifts
(cytokine signaling, metabolic reprogramming)
in leukemia cells under immune stimulation,
illustrating system reconfiguration (341). In
both acute lung injury and chronic liver disease
studies, researchers observed that groups of
genes started behaving differently before any
obvious signs of disease appeared. The genes
became more tightly coordinated with each
other, suggesting that the biological system was
losing its normal stability. These changes were
associated with early warning signals of an
impending transition to disease. Once the
disease was fully established, the signal
diminished, indicating that network instability
is a temporary but potentially informative
marker of early disease development (339).
Furthermore, Keikha et al. (2025) developed
multilayer network models from single-cell
data to identify genes whose regulatory roles
change across different stages of disease. Other
studies have used temporal gene-expression
networks to track shifts in pathway activity and
regulatory programs as disease develops (343-
345). Importantly, time-resolved network
analysis can identify temporal changes in
network organization that may not be apparent
in static analyses. Interactions between genes
may appear or disappear, and groups of
functionally related genes may merge, separate,
or reorganize as disease progresses (346, 347).
Accordingly, approaches such as sliding-
window correlation, change-point detection,
multilayer modeling, GNNs, and dynamical
systems-based methods are used to characterize
disease trajectories (343). However, most
current approaches focus on local network
perturbations and rely on limited longitudinal
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multi-omics data. Consequently, no unified
framework exists to track how redundancy
evolves across biological systems over time.
Longitudinal  redundancy metrics could
therefore provide early indicators of declining
resilience and impending disease transitions.

10.2 Cross-system redundancy and organism-
level disease dynamics
Traditional disease models have focused on

abnormalities  within  individual  genes,
pathways, tissues, or organs. However,
increasing evidence suggests that many

diseases arise from disrupted coordination
across interconnected biological
Genes, cells, tissues, organs, and physiological
networks operate as hierarchical systems that
exchange information across multiple spatial
and temporal scales, making disease
progression a consequence of altered
relationships among biological components
rather than isolated defects. This systems-level
view is supported by network biology, complex
systems theory, and network physiology.
Montgomery (2025) describes biological
organization as hierarchical and modular, with
bidirectional information flow between
molecular, cellular, tissue, and organismal

systems.

levels. Because functional units remain
interconnected, perturbations can propagate
across tissues and organs, generating

coordinated system-wide responses (348). Such
cross-scale coupling provides a framework for
understanding disease as a progressive loss of
modular independence and increasing cross-
system  coordination  (348).  Network
physiology  further =~ demonstrates  that
physiological states such as sleep, stress, and
recovery emerge from interactions among
multiple organs rather than single systems
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diseases including

disorders,

(349, 350).
diabetes,
neurodegeneration involve extensive crosstalk
among metabolic, immune, and
vascular systems (342). Communication
through neural, endocrine, and
circulatory pathways links organs such as the
heart, brain, and gut into integrated
physiological networks (351, 352). At the
molecular level, disease progression may also
involve  increasing  similarity = between
previously distinct biological systems. Izgi et
al. (2022) identified a “Divergence-then-
Convergence” (DiCo) pattern in aging, where
tissue-specific ~ gene-expression  programs
progressively converge, reflecting loss of tissue
identity and specialization (353). Likewise,
Deng et al. (2025) developed the LEGEND
framework, integrating single-cell and spatial
transcriptomics to identify gene modules
shared across tissues and cell types while

Similarly,
cardiovascular and
neural,

immune,

revealing condition-specific rewiring of gene—
gene Taken together,
findings suggest that disease progression may

interactions. these
be driven by increasing coordination and
redundancy across biological systems
addition to abnormalities confined to individual
pathways (354). A related perspective is
provided by Thomas et al. (2026), who
challenge the traditional view that pathology is
anchored to a single lesion or organ. Instead,
they propose that many diseases persist as
distributed pathological systems maintained
through interactions among multiple tissues,
pathological sites, and feedback loops.
Conditions such as metastatic cancer,
amyloidosis, fibrosis, autoimmune disorders,
and endometriosis are described as networks of
semi-autonomous  pathological that
collectively generate organism-level effects. In

in

units
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this framework, local pathology can alter
systemic physiology, which in turn promotes
the emergence and persistence of additional
pathological sites, creating self-reinforcing
disease networks (355). Consequently, disease
progression becomes a property of the entire
system rather than any single pathological
focus. This distributed view of pathology
suggests that disease persistence may rely on
redundant  interactions = among
pathways, and pathological sites. Therefore,
targeting a single lesion may be insufficient, as
compensatory mechanisms maintain network
function. In this framework, redundancy is
proposed as a property of functional coupling
across biological systems rather than simple

tissues,

pathway overlap.

Evidence for such cross-system dependence is
also observed in mitochondrial biology. Studies
of mitochondrial membrane organization
that mitochondrial
depends on coordinated interactions among
lipid composition, membrane architecture,
oxidative phosphorylation, energy metabolism,
and organelle dynamics (356). Alterations in
any one component can propagate throughout
the broader cellular network, contributing to
disorders ranging from neurodegeneration and
diabetes to cardiovascular disease and cancer.
Similarly, immunology and
metabolomics integration
between immune and metabolic processes
through interconnected immunometabolic
networks. However, most existing studies
remain conceptual or rely on static
measurements, and few explicitly model how
relationships  between biological
evolve. Collectively, these findings suggest that
organism-level disease progression may be

demonstrate function

systems

reveal extensive

systems
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characterized by increasing coupling among
metabolic, neural, vascular,
structural systems. Such convergence may
manifest as shared transcriptional programs,
synchronized physiological
coordinated pathological feedback loops, or
increasing correlation between molecular
networks across tissues.

immune, and

responses,

10.3 Longitudinal redundancy matrices for
early disease detection

Longitudinal data analysis seeks to identify
biological signals that change before clinically
detectable symptoms emerge. One common
approach is to build network matrices at
different time points and track how they evolve
over time. For example, in neuroscience,
researchers dynamic functional
connectivity, which represents time-varying
correlation networks between brain regions
calculated over sliding time windows to study
cognitive decline in diseases like Alzheimer’s
cognitive impairment (357-359).
genomics, similar ideas have been used to build
time-based gene co-expression networks during
development or in response to treatment,
although they are less frequently applied to
disease onset. A related idea is the redundancy
matrix, in which each entry represents the
amount of information shared between two
biological or modules. Similar
concepts already exist in mutual-information
methods (354) and Gaussian graphical models
(360, 361). The proposed extension is to
calculate these redundancy matrices repeatedly
over time (or across clinical visits) and then
study how they change, for example, whether
off-diagonal gradually
suggesting growing system-wide coupling or
loss of independence between pathways.

use

and In

pathways

values increase,
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Related approaches, like Dynamical Network
Biomarker methods, already track simpler
summaries such as matrix norms or the largest
eigenvalues of correlation networks as early
warning signs of disease (339, 344). Therefore,
extending these approaches to full redundancy
matrices over time is a logical next step in the
same direction. Several important challenges
remain. First, there is no clear standard for
defining or reliably estimating redundancy
matrices  from noisy, high-dimensional
longitudinal multi-omics data. Second, we still
lack robust statistical tools to detect meaningful
temporal changes in these matrices, such as
shifts increasing network
density, or loss of modular structure. Third, it is
unclear how many time points are needed for
reliable inference, especially when clinical
sampling is irregular. Another limitation is that
most current longitudinal biomarkers (like
proteins or imaging features) are analyzed
individually, while redundancy matrices are
inherently high-dimensional. A key challenge
is linking network-level redundancy changes to
biological
distinguishing true loss of resilience from
normal variability. Progress would require
synchronized longitudinal multi-omics and
health-monitoring data, combined with systems
biology, statistics, and dynamical systems
approaches.

in eigenvalues,

and clinical outcomes and

10.4 Beyond functional redundancy: emergent
mathematical redundancy across biological
systems

An important consideration is that redundancy
does not always arise from known biological
pathways but can also emerge statistically. Two
biologically unrelated pathways may become
statistically or informationally redundant if
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their activity patterns increasingly co-vary over
time, even without a known direct mechanistic
connection. Information theory supports this

concept, showing that mutual information
between otherwise unrelated groups can
increase  through  network-wide effects,

generating emergent redundancy. Dynamic
network studies further demonstrate that large-
scale biological reorganization can create new
dependencies among system components. For
example, Deng et al. (2025) showed that
integrating multiple data modalities can
uncover hidden co-expression clusters in
healthy tissues that are not explained by known
biological functions, suggesting that
coordinated behavior can emerge beyond
established pathway maps (354). However,
most biological studies still view redundancy
as a structural feature, such as gene similarity
families or overlapping pathways that provide
functional backup. Although Tononi et al.
(1999)  distinguished  redundancy
degeneracy conceptually; practical applications
in molecular biology largely focus on
established biological relationships (362).
Consequently, the broader concept of statistical
or emergent redundancy remains
underexplored despite its potential to capture
system-level behavior. Existing approaches
measure redundancy between gene sets using
similarity metrics such as Jaccard and Ochiai
indices (363, 364). Deng et al. (2025) further
introduced a gene—gene redundancy matrix
within the LEGEND framework, using shared
expression patterns as a covariance surrogate
for network modeling (354). Similarly,
neuroscience studies of redundancy—synergy
gradients and network-science measures of
edge covariance and network similarity capture
related manifestations of emergent functional

from
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redundancy. A major challenge is the lack of
standardized methods to detect and interpret
emergent redundancy. It remains unclear how
to define statistical thresholds for redundancy

or  distinguish  meaningful  biological
convergence from random correlations. Current
predictive ~ models  rarely  incorporate

redundancy directly and typically rely on
predefined network edges rather than shared
information patterns. Multi-scale redundancy,
involving groups of pathways rather than
pairwise relationships, is also largely
unexplored. Furthermore, system-level metrics
linking redundancy to disease states are absent,
and computational methods for quantifying
relationships

complex redundancy—synergy

remain underdeveloped in biology.

10.5 Al-Based quantification of emergent
mathematical redundancy (ERI/DRI)

Building on the concept of emergent
mathematical redundancy across biological
systems, a promising future direction is the
incorporation of an Emergent Redundancy
Intelligence (ERI) module within the adaptive
and context-aware genomic Al framework
proposed in Section 7. Rather than identifying
redundancy  from  predefined  pathway
annotations  or  overlapping  biological
functions, the proposed ERI module would
estimate redundancy as an emergent, dynamic
property of biological organization by learning
evolving statistical dependencies among genes,
pathways, tissues, organs, and physiological
systems. Using longitudinal —multi-omics,
physiological, imaging, wearable, microbiome,
lifestyle, and clinical data, the framework
would construct temporal multilayer biological
networks at successive clinical visits, with
nodes representing biological entities and edges
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representing  learned  information-sharing
relationships rather than predefined biological
interactions. During an initial healthy period,
the ERI module would estimate an individual's
baseline redundancy landscape, representing
normal coordination among biological systems.
At subsequent time points, temporal GNN,
transformer-based models, self-supervised
learning, information-theoretic measures, and
variational autoencoders would continuously
reconstruct updated redundancy networks and
compare them with this personalized baseline.
Instead of detecting disease through abnormal
expression of individual genes or pathways, the
framework identify
increases/decreases n

coordination, loss of modular independence,
declining buffering capacity, and network

would progressive

Cross-system

convergence, even when individual molecular
biomarkers remain within normal ranges.
These deviations would be summarized as a
Dynamic Redundancy Index (DRI), defined as
the distance between an individual's current
their healthy
redundancy

molecular

redundancy and

baseline.

landscape
If  changes
relationships  precede
dysregulation and clinical abnormalities,
changing DRI values could potentially serve as

n
overt

early indicators of declining biological
resilience and  impending  disease-state
transitions. By  transforming  emergent

mathematical redundancy into a measurable
longitudinal biomarker, this framework would
provide an actionable strategy for preclinical
disease  prediction, health
monitoring, and next-generation predictive,
preventive, personalized, and participatory (P4)
medicine.

continuous
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11. Conclusion

Artificial intelligence in genetic healthcare is
moving beyond isolated tasks such as variant
calling, risk prediction, and biomarker
discovery toward a more integrated model of
precision  medicine. = However,  greater
predictive accuracy alone will not deliver this
transition. Genomic information is embedded
within biological systems that change over
time, compensate for disruption, reorganize
during disease, and interact with clinical and
environmental influences. Al models that treat
these processes as static or independent risk
missing precisely the changes that precede
disease progression.

The next advance should therefore be from
static genomic prediction to adaptive systems-
level intelligence. Longitudinal multi-omics,
explainable and federated AI, network-level
biomarkers, and continuous clinical feedback
provide the foundations for models that can
follow disease rather than merely classify it.
Incorporating pathway interactions,
compensatory redundancy, network rewiring,
and cross-system coupling may further reveal
loss of biological resilience and emerging
disease-state transitions before conventional
biomarkers become abnormal. These concepts
remain to be rigorously validated, but they

Author contributions
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testable directions for the next

generation of genomic Al

define

The ultimate goal is not simply an Al system
that predicts or classifies disease more
accurately. It is one that can determine how an
individual's biological state is changing, why it
is changing, and when that trajectory becomes
clinically consequential. Achieving this would
transform genomic Al from a collection of
powerful analytical tools into a dynamic
framework for earlier detection,
mechanistically informed risk assessment, and
increasingly individualized intervention.
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