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ABSTRACT:

Precision oncology is moving from single-gene
pharmacogenetics toward systems-level
pharmacogenomics in which genomic,
transcriptomic, epigenomic, proteomic,
metabolomic, microbiome, radiomic, digital

pathology and clinical information are interpreted
together. This shift is necessary because anticancer
drug response, resistance and toxicity are rarely
determined by one variant alone; they arise from
interactions among tumor genotype, transcriptional
state, protein signaling, metabolic rewiring, immune
contexture, host pharmacology and treatment
history. Artificial intelligence (AI), including
machine learning, deep learning, graph learning and
multimodal foundation models, offers computational
strategies for extracting clinically useful patterns
from these high-dimensional and heterogeneous
data. This review redrafts and expands the submitted
manuscript into a publication-oriented discussion of
Al-powered multi-omics integration in
pharmacogenomics for personalized oncology. It
summarizes the conceptual transition from
pharmacogenetics to pharmacogenomics, reviews
major omics layers, describes Al integration
strategies, discusses oncology applications, proposes
validation and reporting requirements, identifies
translational barriers and outlines future directions
such as single-cell/spatial omics, federated learning,
digital twins, real-world evidence and explainable
Al The central argument is that Al-enabled multi-
omics can improve patient stratification and
treatment selection only when models are
biologically grounded, prospectively validated,
transparent, equitable and connected to realistic
clinical workflows [1-6].

KEYWORDS: Artificial intelligence; multi-
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I. INTRODUCTION:
Cancer therapy has become increasingly
personalized, but the biological basis of treatment

response remains complex. Early pharmacogenetics
focused on variants in genes that influence drug
metabolism, transport or toxicity, such as TPMT,
DPYD, UGT1A1l and CYP-family enzymes. These
examples remain clinically important, yet they
explain only a fraction of the variability observed in
oncology because tumor behaviour is shaped by
somatic ~ mutations,  copy-number  changes,
epigenetic regulation, transcriptional programs,
immune pressure, stromal interactions, metabolic
adaptation and prior therapy exposure. A modern
review of oncology pharmacogenomics must
therefore move beyond isolated variants and
examine how multiple molecular layers combine to
determine  therapeutic  benefit and  harm
[1,2,23].Multi-omics provides a framework for this
broader interpretation. Genomics identifies inherited
and somatic variation; transcriptomics captures

pathway activity and cell-state  programs;
epigenomics  reveals  regulatory  plasticity;
proteomics measures  signalling and  post-

translational modifications; metabolomics reflects
functional biochemical output; microbiomics
captures host-microbial effects on immunity and
drug metabolism; and radiomics or digital pathology
adds non-invasive phenotypic information. Each
modality is incomplete when interpreted alone, but
together they can provide a systems-level view of
tumor biology and host response. The challenge is
that these datasets differ in scale, noise structure,
missingness,  measurement  technology  and
biological meaning [1,3,16].Artificial intelligence
has become central to the interpretation of multi-
omics data because conventional statistical models
often struggle with high-dimensional, sparse and
nonlinear relationships. Machine learning can rank
features, classify molecular subtypes and predict
drug sensitivity; deep learning can learn abstract
representations from omics matrices, images and
sequences; graph neural networks can model
molecular and pathway relationships; and
multimodal models can align information from
different data types. However, Al does not
automatically solve the translational problem.
Models must be evaluated for data leakage,
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generalizability, calibration, clinical utility,
interpretability and fairness before being considered
useful for patient care [4-6,11].The purpose of this
reframed review is to present Al-powered multi-
omics integration as a developing but still clinically
cautious approach to personalized oncology
treatment. The review emphasizes
pharmacogenomics rather than purely molecular
classification: the key question is how patient and
tumor data can predict therapy response, resistance,
toxicity and optimal treatment sequencing. The
discussion is organized around omics layers, Al
methods, cancer-specific applications, validation
frameworks, regulatory expectations, ethical
concerns and future research priorities needed for
publication-quality scholarship in indexed journals
[6,12-15].

II. LITERATURE SEARCH STRATEGY
AND REVIEW SCOPE:

This manuscript is framed as a narrative
comprehensive review. For a journal submission,
authors should transparently state the search
approach even when a full systematic review is not
intended. A suitable strategy would include
PubMed, Scopus, Web of Science, Google Scholar
and publisher databases from January 2016 to May
2026 using combinations of the terms “multi-

omics,” “pharmacogenomics,” “precision
oncology,” “artificial intelligence,” “machine
learning,” “deep learning,” “drug response
prediction,”  “radiogenomics,”  “microbiome,”

LRI

“single-cell omics,” “spatial transcriptomics” and
“cancer therapy.” Priority should be given to peer-
reviewed reviews, benchmark studies, clinical
translation papers, regulatory guidance and high-
impact method papers [1,4,5,11].The scope should
include studies that integrate two or more omics
layers or combine omics data with clinical, imaging
or pathology data for oncology treatment prediction.
Purely diagnostic Al papers, single-omics studies
without therapeutic relevance and studies lacking
validation should be discussed only when they
provide important conceptual or methodological
context. This boundary is important because
pharmacogenomics is concerned not simply with
classifying tumors, but with explaining and
predicting drug response, resistance, toxicity and
treatment benefit at the level of the individual
patient [6,7,23].

FROM PHARMACOGENETICS
ENABLED PHARMACOGENOMICS:

TO Al-

Pharmacogenetics historically emphasized
the relationship between inherited genetic variation
and drug disposition or toxicity. In oncology, this
includes clinically actionable examples such as
DPYD variants and fluoropyrimidine toxicity,
TPMT or NUDTI1S5 variants and thiopurine toxicity,
and UGTI1Al variation and irinotecan-associated
neutropenia or diarrhea. These relationships are
valuable because they can directly inform dosing or
drug selection. Yet single-gene models are less
sufficient for predicting tumor response to targeted
therapy or immunotherapy, where the driver lesion,
pathway compensation, clonal architecture and
tumor microenvironment all modify response
[23,24].Pharmacogenomics expands this view by
incorporating genome-wide and systems-level
evidence. The patient’s germline genome influences
drug metabolism, immune function and toxicity risk,
while the tumor genome influences target
dependency, antigenicity and acquired resistance.
Transcriptomic, proteomic and metabolomic layers
can reveal whether a genomic lesion is functionally
active and whether bypass pathways have emerged.
Al-enabled pharmacogenomics therefore aims to
integrate host and tumor data into predictive models
that are closer to the biological reality of cancer
treatment than single-variant rules [1, 4, 7]. The
distinction between biomarker discovery and
clinical pharmacogenomics should be kept clear. A
molecular signature may correlate with survival or
response in retrospective datasets, but it becomes
clinically meaningful only when it improves
decisions  compared  with  standard-of-care
biomarkers. For example, a multi-omics model for
immunotherapy should demonstrate added value
over PD-L1 expression, tumor mutational burden,
microsatellite instability, cancer type and clinical
variables. Without comparative evaluation and
decision-curve analysis, a complex Al model may
appear impressive but fail to change patient
management [11,13,14].

OMICS LAYER RELEVANT TO
PERSONALIZED ONCOLOGY TREATMENT:

Genomics remains the foundation of
precision oncology because it identifies actionable
mutations, copy-number alterations, fusions,
mutational signatures, tumor mutational burden and
microsatellite instability. Alterations in EGFR,
ALK, ROSI1, BRAF, ERBB2, IDH1/2, BRCA1/2,
KRAS and NTRK can guide targeted therapies in
selected tumors. Nevertheless, genomics alone may
not indicate whether a pathway is active, whether
the target is expressed, whether resistance clones are
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present or whether host factors will influence
toxicity. Al models that use genomic features
therefore ~ benefit  from  integration  with
transcriptomic, proteomic, clinical and longitudinal
data [2,3,23].

Transcriptomics provides a dynamic view
of gene expression and pathway activation.
RNA  sequencing, single-cell RNA
sequencing and spatial transcriptomics can
identify immune infiltration, epithelial-
mesenchymal transition, hypoxia, cell-
cycle activity, interferon signaling and
resistant cell states. In breast cancer,
expression-based assays such as Oncotype
DX and MammaPrint illustrate how
transcriptomic information can support
therapeutic risk stratification, although
these tools are not purely Al-based. In
multi-omics pharmacogenomics,
transcriptomics often acts as a bridge
between DNA alterations and functional
tumor phenotype [16,17,25].

Epigenomics captures regulatory
mechanisms that alter gene expression
without changing DNA sequence. DNA
methylation, histone modifications and
chromatin accessibility can influence
lineage identity, immune evasion and drug
resistance. Epigenetic reprogramming is
particularly relevant when tumors become
resistant despite persistence of the original
driver mutation. For Al models,
epigenomic  features can  improve
prediction of cell state and plasticity, but
they are challenging because epigenomic
datasets are less routinely available
clinically and can be strongly affected by
tumor purity and cell composition [16,18].

Proteomics and phosphoproteomics can be
closer to drug mechanism than DNA or
RNA because most anticancer drugs act on
proteins and signaling networks. Mass
spectrometry and reverse-phase protein
arrays can reveal pathway activation, post-
translational modifications and adaptive
feedback loops. Proteogenomic studies in
cancer have shown that RNA abundance
does not always predict protein abundance,
supporting the need to include protein-level
data when feasible. For
pharmacogenomics, proteomic integration
may improve prediction of kinase inhibitor

response, antibody-drug target expression
and resistance driven by signalling rewiring
[19,20].

Metabolomics reflects the biochemical
state of tumor and host tissues. Cancer cells
often reprogram glucose, lipid, amino acid
and nucleotide metabolism, and these
changes can influence drug sensitivity.
Metabolic features can also inform toxicity
because host metabolism affects drug
activation, detoxification and tissue
vulnerability. Al-based integration of
metabolomics ~ with  genomics or
transcriptomics can help identify metabolic
dependencies, but reproducibility requires
strict control of sample handling, platform
variability, fasting state, medications and
batch effects [1,21].

The microbiome has become relevant to
oncology pharmacogenomics because gut
microbial communities can modulate
immune checkpoint inhibitor response,
systemic immunity, inflammation and drug
metabolism. Studies in melanoma and
epithelial tumors have linked gut microbial
diversity and composition with response to
anti-PD-1  therapy, while antibiotic
exposure has been associated with poorer
outcomes in some immunotherapy settings.
Microbiome integration is promising but
difficult  because  diet,  geography,
antibiotics, sample collection, sequencing
methods and analytical pipelines strongly
influence results [22,26,27].

Radiomics and digital pathology add
phenotypic information that is often
available in routine care. Radiomics
extracts quantitative features from CT,
MRI or PET images, while digital
pathology applies image analysis to whole-
slide tissue images. These modalities can
reflect tumor architecture, necrosis,
vascularity, immune infiltration and
heterogeneity. When combined with
molecular data, radiogenomics and
pathomics can provide non-invasive or
spatially contextual biomarkers. However,
imaging Al requires rigorous
harmonization across scanners, acquisition
protocols, segmentation methods and
external validation cohorts [28,29].
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Omics layer Primary information | Relevance ' to Key limitations
captured pharmacogenomics

Genomics Germline and somatic | Target selection, | May not reflect pathway
variants, fusions, copy- | resistance mutations, | activity or
number changes, | inherited toxicity risk microenvironment
TMB/MSI

Transcriptomics Gene expression, | Therapy stratification, | Batch  effects, tumor
pathway activation, cell | immune signatures, | purity and  temporal
states resistant phenotypes variability

Epigenomics DNA methylation, | Plasticity, lineage | Limited clinical
chromatin accessibility, | switching, resistance | availability and
histone marks biology interpretation challenges

Proteomics Protein abundance, | Drug mechanism, | Platform cost and
phosphorylation, pathway activation, target | sample-quality sensitivity
signaling activity expression

Metabolomics Functional biochemical | Metabolic vulnerability, | High pre-analytical
statet and  metabolic | toxicity and drug | variability
dependencies metabolism

Microbiomics Microbial community | Immunotherapy response | Dietary, geographic and
structure and function and host-drug interactions | antibiotic confounding

Radiomics/pathomics | Imaging and histological | Non-invasive biomarkers, | Scanner,  segmentation
phenotype tumor heterogeneity, | and staining variability

monitoring

Tablel. Major data layers for Al-enabled multi-omics pharmacogenomics in oncology [16-29].

Al STARTERGIES FOR MULTI-OMICS
INTEGRATION:

Early integration combines features from
multiple omics layers into a single matrix before
modelling. This strategy is conceptually simple and
allows algorithms such as random forests, support
vector machines, elastic-net regression, gradient
boosting or neural networks to learn across
modalities. Its weakness is that it may be dominated
by the largest data block, can suffer from missing
values and may ignore modality-specific structure.
Feature selection, normalization and batch
correction are therefore essential to prevent spurious
associations [4,5,30].Late integration trains separate
models for each modality and then combines
predictions through voting, stacking, ensemble
learning or meta-models. This approach is useful
when modalities have different data distributions or
when some patients lack one type of data. It can also
reveal which modality contributes most to
prediction. However, late integration may miss
interactions between modalities, such as a mutation
whose therapeutic relevance depends on expression
state or immune context [5,30].Intermediate
integration attempts to learn shared latent
representations across modalities. Methods such as
multi-omics factor  analysis, autoencoders,
variational autoencoders and multimodal contrastive
learning can reduce dimensionality while preserving

cross-modal structure. MOFA+ provides a statistical

framework for integrating multi-modal single-cell
data, and contrastive learning approaches have been
applied to cancer drug-response prediction by
aligning cell-line omics, morphology and drug
structure. These approaches are attractive because
they can identify latent biological programs, but
interpretation and clinical validation remain
essential [8,31,32].

Graph-based and network-based models are
particularly relevant because biology is relational.
Genes regulate genes, proteins interact with
proteins, drugs bind targets, pathways cross-talk and
tumor cells communicate with immune and stromal
cells. Graph neural networks can incorporate prior
knowledge from  protein-protein  interaction
networks, pathway databases, drug-target networks
or cell-cell communication maps. This can improve
interpretability and reduce purely correlation-based
learning, but graph quality and incompleteness
remain major sources of bias [4,6,9].Foundation
models and large multimodal models are emerging
as a new layer of biomedical Al. In oncology, such
systems may integrate molecular profiles, pathology
images, radiology reports, treatment histories and
literature-derived knowledge. Their promise lies in
representation learning across large datasets and
transfer to smaller clinical cohorts. Their risk lies in
hallucination, opacity, hidden training bias and
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limited accountability. For pharmacogenomics,

validation, calibration and clinical utility evidence

foundation models should be treated as hypothesis [6,11,12].
generators unless supported by transparent
Integration strategy Typical methods Strengths Risks
Early fusion Concatenated feature | Simple, interpretable | Missingness, dimensional
matrix, elastic net, | pipeline, easy | imbalance, batch effects
random forest, SVM, | benchmarking
deep neural network
Late fusion Separate modality | Flexible when modalities | May miss cross-modal
models, stacking, | are  missing;  shows | interactions
ensemble learning modality contribution
Intermediate fusion Autoencoders, MOFA+, | Learns shared latent | Reduced interpretability,
variational models, | biology across modalities | validation burden
contrastive learning
Network/graph fusion | GNNs, pathway | Biologically = grounded | Dependent on  graph
networks, drug-target | relationships completeness and quality
graphs
Foundation/multimodal | Large pretrained models, | Transfer learning and | Opacity, bias,
Al multimodal transformers | broad representation | hallucination and
learning governance concerns

Table2. Al integration strategies for multi-omics pharmacogenomics [4-9, 11,12,30-32].

APPLICATIONS IN PERSONALIZED ONCOLOGY TREATMENT:

DOI: 10.35629/4494-1104811820

Drug-response prediction is the most
direct application of Al-powered multi-
omics pharmacogenomics. Public resources
such as cancer cell line pharmacogenomic
datasets have enabled models that connect
gene expression, mutations, copy-number
changes, methylation and drug structure
with sensitivity measures. Recent methods
have used multimodal contrastive learning
and other fusion architectures to improve
response prediction. Nevertheless, cell-line
models often fail to capture tumor

1L
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microenvironment, immune effects,
pharmacokinetics and patient
heterogeneity; therefore, patient-derived

organoids, xenografts and clinical cohorts
are needed for translational validation
[7,8,32].

In lung cancer, precision therapy is
already influenced by genomic alterations
such as EGFR mutations, ALK or ROSI1
fusions, BRAF variants, MET exon 14
skipping, RET fusions, NTRK fusions and
KRAS GI12C. Al-enabled multi-omics
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opportunities for single-cell and
longitudinal multi-omics because clonal
evolution and treatment resistance can be
directly tracked in blood or marrow. In
acute myeloid leukemia, integration of
mutations, expression, epigenetic state and
single-cell profiles can reveal resistant
subclones and therapy-induced selection.
Al models may support prediction of

N\

IJP%urnal
could refine this approach by integrating response to FLT3 inhibitors, IDH
driver mutations with co-mutations, gene inhibitors, venetoclax-based combinations
expression, ctDNA kinetics, radiomics and and cellular therapies, but patient-level
immune features. For immunotherapy, prospective validation remains limited
prediction may improve when PD-L1, [16,17,33].
TMB, MSI status, HLA features, T-cell VI Melanoma is a key model for
signatures, microbiome patterns and immunotherapy pharmacogenomics.
radiomic  phenotypes are considered Response to checkpoint blockade has been
together rather than interpreted as isolated associated with tumor mutational burden,
biomarkers [3,22,28]. neoantigen load, interferon signalling, T-

[II.  In breast cancer, molecular subtypes cell infiltration, antigen presentation,
already guide endocrine therapy, anti- spatial immune organization and gut
HER?2 therapy, chemotherapy and CDK4/6 microbiome  composition.  Al-powered
inhibitor use. Multi-omics can refine this multi-omics can potentially integrate these
framework by integrating ESR1 mutations, factors into response and toxicity models.
HER?2 signaling, PI3K pathway alterations, However, microbiome and immune
expression signatures, proteomic activation signatures vary across geography, diet,
states, immune infiltration and imaging prior antibiotics and treatment history,
features. Al models may help identify requiring multi-center external validation
patients likely to develop endocrine before clinical use [22,26,27].
resistance, HER2-targeted therapy VIL Al-enabled toxicity prediction is an
resistance or chemotherapy  benefit. equally  important but  sometimes
However, clinical adoption requires underemphasized application. Personalized
evidence that such models improve oncology should avoid both ineffective
decisions beyond established therapy and preventable harm. Host
clinicopathological and genomic assays pharmacogenomics, liver and kidney
[19, 20, and 25]. function, prior therapy, immune history,

V. In colorectal cancer, KRAS, NRAS and microbiome status and molecular markers
BRAF alterations, MSI status and of vulnerability can be integrated to predict
sidedness already influence treatment adverse events such as fluoropyrimidine
decisions. Multi-omics models may toxicity, irinotecan toxicity, immune-
improve prediction of response to EGFR related adverse events, cardiotoxicity and
inhibitors, immune checkpoint inhibitors, myelosuppression. Such models should be
chemotherapy and emerging targeted held to high clinical standards because false
combinations by including transcriptomic reassurance may expose patients to serious
subtypes, methylation, microbiome, harm [11,13,and 23].
metabolomics and immune context.
Pharmacogenomic toxicity prediction is VALIDATION, CLINICAL TRANSLATION
also important because fluoropyrimidine AND REPROTING STANDARDS:
therapy can cause severe toxicity in Analytical validation should confirm that
patients with impaired DPYD function, and each data modality is measured reliably. Sequencing
multi-layer host and tumor data may depth, coverage, variant calling, RNA quality,
eventually support safer treatment selection protein  quantification,  metabolite  stability,
[21, 23, and 24]. microbiome collection and imaging acquisition all

V. Hematologic malignancies provide strong affect downstream AI models. Batch effects should

be measured and corrected, but correction methods
must not remove true biological signal. Multi-center
studies require harmonized protocols or explicit
modelling of site effects to ensure that predictions
are not driven by laboratory or scanner artifacts
[1,28,30].

Clinical validation asks whether the model
predicts outcomes in independent patients.
Retrospective internal validation is not enough for
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high-impact clinical claims. External validation
across institutions, cancer subtypes, ancestries,
treatment regimens and data-generation platforms is
essential. Prospective observational studies and
randomized clinical utility trials provide stronger
evidence by testing whether model-guided decisions
improve response rates, progression-free survival,
toxicity reduction, quality of life or cost-
effectiveness [11, 13, 14].

Reporting standards should be integrated
from the beginning of model development.
TRIPOD+AI provides updated guidance for
reporting clinical prediction models that use
regression or machine learning. Relevant details
include data source, inclusion criteria, missing-data
handling, predictor definition, model architecture,
hyperparameters, validation design, calibration,
discrimination, decision thresholds, uncertainty and

intended use. Transparent reporting is not a
formality; it allows readers, reviewers and clinicians
to judge whether the model is reliable and
applicable [14].

Regulatory and governance expectations
are also expanding. The FDA has issued guidance
on Al used to support regulatory decision-making
for drugs and biological products, and EMA has
published a reflection paper on Al across the
medicinal product lifecycle. In addition, Good
Machine Learning Practice principles emphasize
multidisciplinary expertise, representative datasets,
and independence between training and testing data,
transparency and monitoring. Although many
review-stage pharmacogenomic models are not
submitted as regulatory evidence, these principles
should shape high-quality research [12,13,15].

Validation level Key question

Recommended evidence

Analytical validation

Are the omics and imaging features | Platform QC,
measured reproducibly?

batch-effect
assessment, inter-lab comparison,
reproducible pipelines

Model validation
data?

Does the model perform on new | External validation, calibration,

uncertainty, sensitivity analysis,
subgroup assessment

Clinical validation
real outcomes?

Does the prediction correspond to | Independent  patient

cohorts,
prospective observational studies,
pre-specified endpoints

Clinical utility
care?

Does model use improve patient | Decision-curve

analysis,
randomized or pragmatic trials,
cost-effectiveness, toxicity
reduction

Post-deployment

monitoring over time?

Does performance remain stable | Model drift monitoring, data

quality checks, outcome audits,
periodic recalibration

Table3. Validation framework for Al-enabled multi-omics pharmacogenomics[11-15]

III. GAPS AND CHALLENGES:

Data heterogeneity remains the largest
barrier to translation. Omics datasets differ by
platform, sample type, processing method and
clinical annotation quality. Electronic health records
are often incomplete or unstructured, while
treatment response may be defined inconsistently
across studies. High-dimensional data with small
sample sizes creates a high risk of over fitting and
false discovery. Al models developed under these
conditions may report excellent internal
performance but fail in external cohorts [5,11,30].

Population bias is a major ethical and
scientific challenge. Many large genomics and
pharmacogenomics datasets overrepresent patients
of European ancestry and high-income healthcare

systems. This limits discovery of ancestry-specific
variants, gene-environment interactions,
microbiome  patterns and  treatment-response
predictors relevant to other populations. Equitable
precision oncology requires deliberate recruitment,
data sharing, local wvalidation and modelling
strategies that evaluate performance across ancestry,
sex, age, geography and socioeconomic context
[6,11,13].

Tumor biology is dynamic, but many
models are static. A pretreatment biopsy captures
only one region and one time point, whereas tumors
evolve under therapy through clonal selection,
lineage  plasticity, = immune  editing and
microenvironmental  remodeling.  Longitudinal
ctDNA, serial biopsies, single-cell data, spatial
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profiling and real-world treatment trajectories can
improve this limitation. However, longitudinal
modelling requires careful handling of time-
dependent confounding and clinically meaningful
decision points [16-18].

Interpretability is necessary but difficult.
Clinicians and researchers need to know whether a
model is using biologically plausible signals or
exploiting artifacts. Explainable AI can highlight
features, pathways, image regions or molecular
interactions  that influence prediction. Yet
explanations can be unstable or misleading if they
are not validated. For publication-quality work,
explainability should be connected to biological
interpretation and, where possible, experimental
confirmation [9,11].

Privacy and data governance are central
because multi-omics data are highly identifiable.
Federated learning and privacy-preserving analytics
may allow institutions to train models without
moving raw patient data, but they do not eliminate
concerns about consent, re-identification,
governance and accountability.  Data-sharing
agreements should define permissible use, return of
results, intellectual property, audit trails and patient
protections, particularly when commercial Al
systems are involved [6,12,15].

IV.  FUTURE DIRECTIONS:

Future research should prioritize large,
diverse and clinically annotated multi-omics cohorts
linked to treatment exposure and outcomes. The
most valuable datasets will include pretreatment and
longitudinal ~ samples, standardized response
definitions,  toxicity = phenotyping,  imaging,
pathology, medication history and survival
outcomes.  Public-private  and  international
collaborations will be needed because no single
center can generate enough representative data for
all cancer types and therapies [6,11,13].

Single-cell and spatial omics will become
increasingly important because they reveal
heterogeneity that bulk assays obscure. They can
identify resistant subclones, immune-excluded
regions, stromal niches, drug-tolerant persister states
and cell-cell interactions associated with response or
resistance. Al models that integrate spatial tissue
architecture with molecular profiles may support
better prediction of immunotherapy response and
combination strategies [16,17,33].

Digital twins represent an ambitious
direction for personalized oncology. A cancer digital
twin would combine patient-specific molecular,
imaging, clinical and treatment-history data to

simulate disease progression and therapy response.
In practice, current digital twins remain early-stage
modelling frameworks rather than validated clinical
tools. Their development will require longitudinal
data, mechanistic constraints, uncertainty reporting
and prospective testing before they can be used to
guide treatment [6,10-12].

Federated learning may support multi-
institutional Al development while reducing the
need to centralize sensitive data. This is particularly
relevant for rare cancers, minority populations and
institutions with strict data-governance
requirements. However, federated systems still
require harmonized data definitions, secure
infrastructure, monitoring for model drift and
strategies to handle site imbalance. Privacy-
preserving computation should be viewed as an
enabling method, not a substitute for ethical
governance [12,13,15].

For journal publication, future studies
should move beyond algorithm novelty and
demonstrate decision value. Strong papers should
compare Al models against standard biomarkers,
use external validation, assess calibration, report
subgroup performance, include clinical decision
thresholds and explain how predictions would
change treatment. The field will mature when
success is measured by improved patient outcomes,
reduced toxicity, better trial design and reproducible
evidence rather than by retrospective accuracy alone
[11,14,15].

V. CONCLUSION:

Al-powered  multi-omics  integration
represents one of the most promising directions in
pharmacogenomics for personalized oncology
treatment. It can connect inherited variation, tumor
genotype, expression state, epigenetic regulation,
protein  signalling, metabolism, microbiome
composition, imaging phenotype and clinical history
into models that may better predict response,
resistance and toxicity. This integrative view is
more consistent with cancer biology than single-
gene pharmacogenetics and may support more
precise therapy selection in the future [1-6].

Despite this promise, clinical translation
remains incomplete. Many models are trained on
small, biased or retrospectively assembled datasets;
external validation is often limited; interpretability
is variable; and real-world deployment requires
integration with clinical workflows, ethical
governance and regulatory expectations. The
strongest future studies will combine biological
plausibility, transparent reporting, diverse cohorts,
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prospective validation and evidence of clinical
utility. Al should therefore be understood as a
powerful tool for pharmacogenomic reasoning, not
as a replacement for clinical judgment, experimental
validation or patient-centered oncology care [11-
15].
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