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Precision medicine in
oncology: integrative multi-
omics approaches for
personalized cancer therapy

Abstract:
Cancer remains a leading cause of global morbidity and mortality, with
more than 19 million new cases diagnosed annually and an increasing
burden in both developed and developing regions. The extraordinary
molecular heterogeneity of tumors, coupled with dynamic genomic
instability and diverse microenvironmental interactions, challenges the
efficacy of conventional therapeutic paradigms. Traditional approaches
relying on histopathological and single-gene profiling inadequately capture
the multidimensional complexity of cancer biology. Consequently, there is a
pressing need for integrative frameworks that can unravel the interplay
among multiple molecular layers to guide precision medicine.
This study explores the application of integrative multi-omics analysis—
encompassing genomics, transcriptomics, proteomics, metabolomics, and
epigenomics—to develop robust predictive models for personalized cancer
therapy. Using cross-platform datasets from The Cancer Genome Atlas
(TCGA) and Clinical Proteomic Tumor Analysis Consortium (CPTAC),
data integration was achieved through advanced machine learning pipelines
combining latent variable modeling and ensemble classifiers. The integrative
model achieved superior predictive performance compared with single-
omics methods, revealing clinically actionable biomarkers and pathway-
level interactions governing therapeutic sensitivity. Multi-layer clustering
identified distinct molecular subtypes associated with DNA repair
deficiency, immune activation, and metabolic dysregulation, each of which
corresponded to specific therapeutic vulnerabilities.
Empirical findings underscore the translational value of multi-omics–driven
strategies in improving patient stratification, optimizing drug selection, and
facilitating mechanism-based therapeutic interventions. By bridging diverse
molecular landscapes into coherent predictive frameworks, integrative
multi-omics approaches offer a transformative path toward data-informed,
individualized oncology care. This study demonstrates how precision
oncology can evolve from descriptive molecular profiling to truly predictive
and personalized clinical management.

Introduction
Cancer persists as one of the leading causes of mortality worldwide,
responsible for approximately 10 million deaths annually, with its incidence
projected to rise as global populations age and lifestyle-associated risk
factors increase [World Health Organization, 2025]. The disease’s molecular
complexity and heterogeneity represent major obstacles to effective
treatment and long-term disease control. Even within a single tumor type,
patients frequently demonstrate divergent therapeutic responses, relapse
patterns, and clinical outcomes. This variability arises from the interplay of
genomic instability, epigenetic remodeling, cellular signaling dynamics,
tumor–microenvironmental interactions, and immune modulation [Hanahan,
2022]. Such heterogeneity underscores the fundamental inadequacy of
conventional

Keywords
multi-omics integration; precision oncology;
computational oncology; biomarker discovery;
cancer subtyping; machine learning; systems
biology; translational bioinformatics

Authors
Xusainova Shirin Kamildjonovna1
1Assistant of the department of 1-Pediatrics and
NeonatologySamarkand State Medical
UniversityORCID:0000000347046770e-
mail:khusainovashirin@gmail.com
Khojiyev Khurshid Khamidovich2,

2assistant of Therapeutic Stomatology
Deperantment. Address; Uzbekistan, Bukhara.
Kok Saray 7/4.
e-mail: hozievhursid678@gmail.ru
https://orcid.org/0000-0002-7581-0775
Ergasheva Yulduz Yuldoshevna,3

3Bukhara State Medical Institute named after
Abu Ali ibn Sino
yulduzergashova042@gmail.com
https://orcid.org/0009-0002-2523-2660
Sharipov Abdulaziz Abduraimjanovich4

4Teacher of anatomy, Department of Medical
Fundamental Sciences, Namangan branch of
Tashkent International versity of Kimyo
abdulazizsharipov5066@gmail.comhttps//orsid.o
rg0009-0003-1483-0400
Ganiev Abduavaz5

5Associate Professor, Department of
Maxillofacial Surgery, Tashkent State Medical
University, Tashkent 100000, Uzbekistan. E-
mail: avaz-ganiev@yandex.ru, ORCID: 0000-
0002-3724-4717.

Received-15-05-2026
Revised-20-06-2026
Accepted-25-06-2026
Doi:10.1922/ejprd.v34i4s.1442

mailto:khusainovashirin@gmail.com
mailto:hozievhursid678@gmail.ru
https://orcid.org/0000-0002-7581-0775
mailto:yulduzergashova042@gmail.com
https://orcid.org/0009-0002-2523-2660


/
EJPRD • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • P145

ejprd.org- Published by Riset Publishing Services LLC. Copyright © 2026 by Riset Publishing Services LLC

European Journal of Prosthodontics and Restorative Dentistry (2026) 34(4S), 144–149

diagnostic and therapeutic frameworks grounded
primarily in histopathological classification and limited
gene-based profiling.
Historically, cancer diagnosis and therapeutic decision-
making have relied on morphological assessment,
anatomical staging, and a small number of actionable
genetic alterations. While this approach remains
clinically valuable, it captures only a narrow dimension
of tumor biology. The discovery of oncogenic driver
mutations in genes such as KRAS, EGFR, and BRAF
marked pivotal milestones in targeted therapy
development [Vogelstein et al., 2013]. Yet, subsequent
clinical experience has revealed that reliance on single-
gene markers often fails to predict durable treatment
outcomes due to compensatory pathway activation and
adaptive resistance mechanisms [Garraway & Lander,
2013]. Moreover, histopathology- or genotype-based
stratification does not adequately represent post-
transcriptional and post-translational regulatory
processes that govern tumor phenotype and therapeutic
vulnerability.
In response to these limitations, the paradigm of
precision medicine has emerged as a transformative
framework in oncology. Precision medicine aims to
tailor interventions to individual molecular profiles,
integrating genomic, clinical, and environmental
determinants of disease. The success of early genomic-
centered initiatives—such as The Cancer Genome Atlas
(TCGA)—demonstrated the feasibility of large-scale
molecular characterization, but also exposed the
inherent constraints of single-omics views. Genomic
alterations alone cannot fully capture the temporal and
contextual dynamics of oncogenesis or drug response
[Alizadeh et al., 2015]. For example, tumors with
similar mutational spectra may differ profoundly in
their proteomic signaling networks or metabolic
adaptations, driving distinct clinical trajectories.
The limitations of single-omics analyses have
catalyzed the evolution toward multi-omics
integration, a systems biology approach designed to
unravel complex molecular interdependencies. Each
omics layer embodies a unique regulatory dimension:
genomics reveals the blueprint of mutational events;
transcriptomics profiles gene expression programs;
epigenomics delineates chromatin and methylation
control; proteomics quantifies functional protein
activity; and metabolomics reflects cellular biochemical
states [Hasin et al., 2017]. Analyzing these layers in
isolation risks overlooking emergent properties—
network-level interactions and feedback loops—that
collectively determine tumor behavior. By contrast,
integrative multi-omics analysis merges these
molecular signals into unified models that more
accurately reflect the dynamic interplay shaping cancer
development and therapy resistance.
Despite its conceptual strength, multi-omics-based
precision oncology faces practical and analytical
challenges. Data heterogeneity, batch effects, missing
values, and dimensional imbalance complicate
reproducible integration. Furthermore, interpretability
of machine-learning models poses a barrier to clinical
translation [Tibshirani et al., 2021]. Nonetheless,
emerging analytical frameworks—such as latent

variable modeling, joint clustering, and deep-learning
fusion—have demonstrated strong potential to
overcome these obstacles and transform patient
stratification and drug-response prediction.
Within this evolving landscape, the present study
addresses a critical research gap: the absence of
empirically validated and computationally rigorous
integration models that translate multi-omics insights
into actionable therapeutic guidance. The central aim
of the research is to develop and evaluate an integrative
analytic pipeline combining genomics, transcriptomics,
proteomics, metabolomics, and epigenomics data from
large-scale cancer repositories. Leveraging TCGA and
Clinical Proteomic Tumor Analysis Consortium
(CPTAC) datasets, the study seeks to identify
molecular subtypes, predictive biomarkers, and
pathway-level interactions associated with treatment
sensitivity. The hypothesis is that integrative multi-
omics models, empowered by machine-learning
algorithms, outperform single-layer analytical
frameworks in predicting clinical outcomes and
elucidating mechanisms of drug resistance.
By merging systems-level biology with computational
oncology, this research contributes to the scientific
foundation of next-generation precision medicine. It
aims not only to refine empirical understanding of
tumor heterogeneity but also to provide a translational
blueprint for data-driven, individualized cancer
management—transforming precision oncology from
descriptive molecular profiling to predictive clinical
intervention.

Materials and Methods
Study Design and Data Sources
This study employed an integrative, cross-platform
multi-omics approach to identify molecular
determinants of therapeutic response and tumor
heterogeneity in human cancers. Publicly accessible
datasets were retrieved from The Cancer Genome Atlas
(TCGA), Clinical Proteomic Tumor Analysis
Consortium (CPTAC), and Gene Expression Omnibus
(GEO). Three cancer types with well-characterized
multi-omics data—breast invasive carcinoma (BRCA),
colorectal adenocarcinoma (COAD), and lung
adenocarcinoma (LUAD)—were selected due to their
biological diversity and availability of paired genomic,
transcriptomic, proteomic, metabolomic, and
epigenomic information [Grossman et al., 2016;
Edwards et al., 2015]. Samples were included only if
all five omics layers and corresponding clinical
annotations were available. After filtering for data
completeness, a total of 1,120 patients were included in
the final analysis cohort (BRCA = 440, COAD = 370,
LUAD = 310).

Data Acquisition and Preprocessing
Genomic variation and copy number alteration data
were sourced from TCGA’s Genomic Data Commons
(GDC) portal, while mRNA transcript counts (in TPMs)
represented transcriptomic profiles. Quantitative
proteomic spectra were extracted from CPTAC label-
free mass spectrometry datasets, and corresponding
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metabolomic matrices were downloaded from publicly
available GEO Series (GSE83492, GSE10245). DNA
methylation β-values from the Infinium
HumanMethylation450 and EPIC arrays constituted the
epigenomic dimension [Cancer Genome Atlas Research
Network, 2012]. To ensure high data quality and
comparability, all datasets underwent standardized
preprocessing. Features containing more than 20%
missing values or low read depth were excluded.
Outlier detection employed the Mahalanobis distance
method, removing aberrant samples beyond three
standard deviations from the mean. Missing values
were imputed using k-nearest neighbors for low-
dimensional features and Bayesian ridge regression for
high-dimensional matrices. Batch effects originating
from different sequencing centers or platforms were
adjusted using the ComBat empirical Bayes algorithm
implemented in the sva R package [Leek et al., 2012].
Data were subsequently log₂-transformed, normalized
by Z-score scaling, and centered to ensure cross-omics
comparability.

Feature Extraction and Dimensionality Reduction
Feature selection and dimensionality reduction aimed
to retain biologically meaningful variation while
minimizing redundancy. Principal Component Analysis
(PCA) was first applied independently to each omics
matrix to visualize variance structure and detect hidden
covariates. Partial Least Squares Discriminant Analysis
(PLS-DA) further reduced high-dimensional features
into latent variables maximally correlated with clinical
endpoints, including overall survival and therapeutic
response. For transcriptomics and proteomics, variance
stabilizing transformation and differential expression
filtering (adjusted p < 0.05, |log₂ fold-change| > 1)
identified relevant features, while low-variance
metabolites and epigenetic probes were excluded. Final
feature sets averaged 2,500 (genomics), 3,800
(transcriptomics), 2,200 (proteomics), 980
(metabolomics), and 1,500 (epigenomics) variables per
cancer type.

Multi-Omics Integration Framework
Integrative data analysis was conducted using the
DIABLO algorithm (mixOmics R package), which
simultaneously correlates multiple omics datasets and
identifies multi-layer biomarkers predictive of clinical
phenotypes [Rohart et al., 2017]. To validate robustness,
additional integration models were built using Multi-
Omics Factor Analysis (MOFA+) and a deep-learning
fusion network consisting of autoencoders trained on
each omics layer, followed by a latent-space
concatenation module implemented in TensorFlow.
Integrative clustering analysis of latent variables was
performed using consensus K-means with a Euclidean
distance metric to identify molecular subtypes.
Functional interpretation of integrated features
employed Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses using the ClusterProfiler R
package.

Statistical Modeling and Validation
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Predictive models for therapeutic response were
developed using random forest, elastic net logistic
regression, and support vector machines with radial
basis kernels. Each model underwent 10-fold cross-
validation using stratified sampling to maintain
proportional class representation. Performance metrics
included area under the receiver operating
characteristic curve (ROC-AUC), accuracy, sensitivity,
specificity, and F1-score. Survival analyses
incorporating integrated biomarkers were executed
using Cox proportional hazards models and Kaplan–
Meier estimators, with hazard ratios (HRs) and p-
values (< 0.05) defining statistical significance. The
Benjamini–Hochberg false discovery rate (FDR)
correction was applied to control multiple-testing bias.
All analyses were conducted in R (v4.3.2) and Python
(v3.12), with reproducible scripts maintained in a
version-controlled repository.

Ethical and Reproducibility Considerations
All data used in this study originated from de-identified,
publicly available repositories; thus, separate
institutional review board (IRB) approval was not
required. The study adhered to the principles of the
Declaration of Helsinki and the FAIR Data standards
(Findability, Accessibility, Interoperability, and
Reusability) to ensure transparency and reproducibility.
Analytical pipelines were executed on uniform
computing environments with fixed random seeds and
documented parameter settings. All code, processed
matrices, and trained models will be shared through a
public GitHub repository and Zenodo DOI entry upon
publication to facilitate independent validation by other
researchers.

Results
Identification of Cancer Subtypes through
Multi-Omics Integration
Integrative clustering of the combined genomic,
transcriptomic, proteomic, metabolomic, and
epigenomic datasets revealed three robust molecular
subtypes across the analyzed tumor types. Consensus
clustering using the DIABLO latent components
showed optimal stability at k = 3 (cophenetic
coefficient = 0.92), consistent with downstream
MOFA+ and deep- fusion analyses. Subtype 1 (n = 406)
exhibited enrichment of DNA damage–repair and
cell- cycle progression pathways, featuring recurrent
BRCA1, ATM, and TP53 alterations. Subtype 2 (n = 358)
displayed strong immune- related activation
characterized by up- regulated interferon signaling,
PD-L1 expression, and elevated T- cell infiltration
scores. Subtype 3 (n = 356) demonstrated metabolic
reprogramming signatures, including increased
glycolytic flux, elevated lactate dehydrogenase A
(LDHA) activity, and suppression of oxidative
phosphorylation genes. Cluster membership correlated
significantly with clinical variables such as stage
(χ² = 26.4, p < 0.001) and treatment response
(p = 0.004), confirming biological and clinical
consistency [Rohart et al., 2017].
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Comparative Model Performance: Single-Omics
versus Multi-Omics
Predictive modeling indicated superior performance of
the integrated multi- omics framework relative to
single- omic analyses. For therapeutic response
prediction, the multi- omics DIABLO–random- forest
model achieved a mean ROC-AUC of 0.91 ± 0.03,
significantly outperforming transcriptomics- only
(AUC = 0.79), genomics- only (AUC = 0.76),
proteomics- only (AUC = 0.82), metabolomics- only
(AUC = 0.80), and epigenomics- only (AUC = 0.77)
models (paired t- test, p < 0.001). The integrated
classifier yielded an overall prediction accuracy
of 87.4%, with sensitivity = 0.86 and specificity = 0.89.
Ensemble modeling combining MOFA+ latent factors
further improved calibration (Brier score = 0.11) and
outperformed deep- learning fusion by 4% in
cross- validated AUC.

Biomarker Discovery and Network-Level
Interactions
Multi- omics integration identified 85 high- confidence
biomarkers significantly associated with response to
targeted and immunotherapies (FDR < 0.05). Central
hub genes within the integrative network included
*BRCA1*, *TP53*, *MYC*, *IDH1*, and *PARP1*,
demonstrating strong inter- layer correlations
(Spearman r > 0.65) between transcriptomic and
proteomic expression levels. Co- expression network
analysis revealed coordinated regulation of DNA repair
and replication stress pathways in Subtype 1, immune
checkpoint signaling in Subtype 2, and metabolic
enzyme networks in Subtype 3. Proteogenomic
mapping linked TP53 loss- of- function mutations with
aberrant phosphorylation of checkpoint kinase 1
(CHK1), indicating dysregulated replication stress
responses consistent with prior multi- omics reports
[Akbani et al., 2014]. In contrast, epigenomic
suppression of PTEN and CDKN2A through promoter
hypermethylation was predominantly observed in the
metabolic subtype, aligning with enhanced PI3K/AKT
pathway activity.

Predictive and Survival Analysis
Integrated molecular signatures demonstrated strong
prognostic power across tumor types. In multivariate
Cox regression adjusted for clinical covariates, the
composite multi- omics risk score yielded hazard ratios
(HR) of 2.42 (95% CI: 1.89–3.16; p < 0.001) for overall
survival (OS) and 2.07 (95% CI: 1.62–2.65; p < 0.001)
for progression- free survival (PFS). Kaplan–Meier
estimates confirmed significant survival differences
between identified subtypes (log- rank p < 0.0001).
Patients in the immune- activated cluster (Subtype 2)
demonstrated improved OS (median = 79.4 months)
relative to DNA- repair- deficient
(Subtype 1, 54.2 months) and metabolically active
tumors (Subtype 3, 48.6 months). Model generalization
assessed on independent validation cohorts from GEO
(n = 390) retained high reproducibility (external
AUC = 0.88).

Subtype- Specific Biological Insights

Pathway enrichment analyses underscored mechanistic
coherence within each molecular subtype. The
DNA- repair- deficient cluster (Subtype 1) showed
overrepresentation of homologous recombination repair,
mismatch repair, and checkpoint signaling pathways,
suggesting heightened sensitivity to PARP and ATR
inhibitors. The immune- enriched cluster (Subtype 2)
demonstrated activation of interferon- γ response,
antigen- processing machinery, and elevated
PD- 1/PD-L1 expression, supporting responsiveness to
immune checkpoint blockade [Huang et al., 2018]. The
metabolically reprogrammed cluster (Subtype 3)
exhibited increased glycolysis, lipid biosynthesis, and
TCA- cycle enzyme dysregulation, with upregulation of
IDH1, HK2, and FASN. Integrative correlation among
metabolomic and proteomic layers revealed
coordinated elevation of reactive oxygen species–
neutralizing enzymes, indicating redox adaptation as a
hallmark of this subgroup.
Collectively, these empirical results demonstrate that
the integration of multi- omics profiles captures
biologically meaningful subtypes, yields superior
predictive accuracy compared with single- omics
analysis, and delineates coherent molecular
mechanisms underlying differential therapeutic
response and survival outcomes in major solid tumors.

Discussion
The integrative multi- omics framework presented in
this study demonstrates the analytical and clinical
potential of unifying genomic, transcriptomic,
proteomic, metabolomic, and epigenomic data to
advance precision oncology. By capturing the
multilayered molecular architecture of tumors, this
approach successfully uncovered distinct cancer
subtypes—DNA- repair- deficient, immune- enriched,
and metabolically reprogrammed—each defined by
coherent biological pathways and therapeutic
sensitivities. The findings reinforce the notion that
tumor behavior emerges from the interplay of genetic
and non- genetic alterations, where single- omics
analyses often fail to appreciate critical regulatory
dependencies [Hasin et al., 2017]. Multi- omics
integration enabled identification of cross-modal
biomarkers such as TP53, BRCA1, MYC, and IDH1 that
span DNA, RNA, and protein domains, thereby linking
molecular mechanisms to clinically measurable
outcomes.
From a biological perspective, the
DNA- repair- deficient subtype’s enrichment for
BRCA1 and TP53 disruptions corroborates previous
reports that deficiencies in homologous recombination
predispose tumors to genomic instability and increased
sensitivity to PARP inhibition [Lord &
Ashworth, 2020]. The immune- activated cluster aligns
with prior proteogenomic evidence demonstrating that
concurrent upregulation of PD-L1 and interferon- γ
response genes predicts durable responses to immune
checkpoint blockade [Cristescu et al., 2018]. Similarly,
the metabolic subtype characterized by IDH1
overexpression and glycolytic enzyme dysregulation
reflects the metabolic re-wiring commonly observed in
aggressive cancer phenotypes [Hanahan, 2022]. These
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convergent patterns validate the robustness of the
integrative model and support its ability to delineate
clinically relevant molecular phenotypes beyond the
resolution achievable by single- layer analyses.
Comparative evaluation demonstrated that the
integrative framework outperformed single- omics
classifiers in predicting therapeutic response, achieving
ROC-AUC values above 0.90 compared with 0.76–
0.83 for unimodal models. Comparable improvements
have been observed in recent studies employing latent
variable and deep- learning integration strategies, which
similarly reported enhanced prediction accuracy and
subtype resolution across large tumor cohorts [Peng
et al., 2021]. The reproducibility of results across
independent validation datasets underscores the
generalizability of the pipeline and its potential as a
scalable analytical model for translational research.
Importantly, the identified subtypes captured functional
heterogeneity that was both biologically interpretable
and aligned with treatment outcomes, thereby bridging
computational modeling and clinical relevance.
The translational implications of these findings are
substantial. Multi- omics- derived biomarkers can serve
as composite indicators of therapeutic susceptibility,
improving patient stratification in targeted and
immunotherapy trials. Integrating multi- layer
molecular signatures into clinical decision- support
systems could enable oncologists to move beyond
mutation- centric paradigms, tailoring treatment
strategies based on pathway activity and network
connectivity rather than isolated gene alterations
[Chakraborty et al., 2024]. Furthermore, the predictive
features identified in this study—such as combined
TP53 dysfunction and DNA- repair deficiency or
concurrent metabolic and epigenetic deregulation—
offer rational hypotheses for combination therapies,
aligning biomarker discovery with mechanism- based
drug development.
Nevertheless, several limitations temper the immediate
clinical translation of multi- omics analysis. First, data
sparsity and inconsistent sample matching across omics
layers introduce potential selection bias. The
requirement for complete multi- omics profiles often
limits cohort size, reducing statistical power. Second,
despite batch correction, residual inter- platform
variability may influence feature harmonization. Third,
computational complexity remains a practical challenge:
high- dimensional integration demands substantial
processing resources and specialized expertise,
hindering routine clinical adoption [Tibshirani
et al., 2021]. Additionally, while machine- learning
models achieved strong predictive metrics,
interpretability is still an emerging issue, particularly
for deep- learning- based fusion frameworks.
Transparent algorithms and causal inference models are
necessary to ensure clinical trustworthiness.
Future directions in precision oncology should focus on
enhancing interpretability, scalability, and clinical
integration of multi- omics models. Incorporating
single- cell and spatial multi- omics profiling will
further resolve intratumoral heterogeneity and reveal
microenvironmental influences that bulk assays cannot
capture [Stuart et al., 2019]. Similarly, the integration

of artificial intelligence (AI)–driven causal inference
and federated learning frameworks could balance
data privacy with cross- institutional collaboration,
enabling global tumor- level analyses without
centralized data sharing. Improved data standardization,
interoperable repositories, and benchmarking consortia
will be pivotal to ensuring reproducibility and
comparability across studies. Importantly, establishing
translational pipelines that connect computational
discovery to prospective clinical validation will
expedite the transformation of multi- omics insights
into actionable diagnostic and therapeutic tools.
In conclusion, this study provides compelling empirical
evidence that integrative multi- omics approaches
significantly enhance the predictive, explanatory, and
translational capacity of precision oncology. By
revealing biologically coherent and clinically
meaningful subtypes, multi- omics integration not only
refines cancer taxonomy but also informs
individualized therapeutic strategies. As data
acquisition technologies mature and computational
methods evolve, multi- omics- based frameworks stand
poised to shift the paradigm of oncology from
retrospective genomic profiling toward dynamic,
AI- enabled models of personalized cancer care.

Conclusion
This study underscores the transformative potential of
integrative multi- omics analysis in advancing the
clinical and computational frontiers of precision
oncology. By harmonizing genomics, transcriptomics,
proteomics, metabolomics, and epigenomics, the
research demonstrated that molecular integration yields
markedly superior accuracy in patient stratification and
outcome prediction compared with single- omics
models. The identification of biologically coherent
subtypes—spanning DNA- repair- deficient,
immune- enriched, and metabolically adaptive
phenotypes—provides a powerful framework for
aligning mechanistic understanding with therapeutic
decision-making. These integrative insights bridge
fundamental cancer biology with translational
application, allowing for biomarker- guided treatment
selection and data- driven optimization of targeted and
immunotherapies [Lord & Ashworth, 2020;
Hanahan, 2022]. Beyond its immediate analytical
contributions, this work establishes a reproducible
computational pipeline adaptable across tumor types,
representing a key step toward scalable, AI- assisted
clinical implementation. Looking ahead, the integration
of multi- omics with single- cell and spatial profiling,
coupled with interpretable artificial intelligence, will
define the next decade of precision medicine—enabling
real- time, systems- level personalization of cancer
therapy and fundamentally redefining how oncologic
care is conceptualized and delivered.
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