




Review Article
Decoding Tumor Heterogeneity Through Multi-Omics: Insights into Cancer Evolution, microenvironment and Therapy Resistance. 
Abstract 
Background: The existence of genetically, epigenetically, and phenotypically distinct cell populations inside and between tumors is known as tumor heterogeneity, and it is one of the main barriers to effective cancer treatment. This intricacy affects the likelihood of metastasis, therapeutic resistance, and disease recurrence, rendering single-omics methods and conventional diagnostics inadequate for whole-tumor profiling. As a result, multi-omics methods, which incorporate data from multiple biological layers, such as transcriptomics, proteomics, metabolomics, genomes, and epigenomics, have emerged as powerful tools for thoroughly examining intra- and inter-tumoral complexity.

Methods: A comprehensive literature synthesis was conducted, emphasizing high-impact studies that illustrate technological innovation and translational impact in multi-omics applications. Key case studies in glioblastoma, non-small cell lung cancer, and breast cancer are highlighted to demonstrate real-world clinical relevance.
  
Aims and objectives: This paper explores the ways in which integrated multi-omics has transformed our understanding of clonal dynamics, tumor growth, and resistance mechanisms while charting a path toward precision oncology.

Key Insights: The latest methods, such as single-cell multi-omics, spatial transcriptomics, and proteogenomics, were examined, along with computational frameworks including network-based models, probabilistic inference algorithms, and AI-driven tools that make it easier to integrate high-dimensional data. Along with discussing new technologies like in vivo biosensors, organoid-based modeling, and point-of-care omics, the function of the tumor microenvironment, lineage tracing, and liquid biopsies in monitoring the real-time progression of tumors was also discussed. Translational hurdles, including cost, complexity, and ethical issues were addressed while highlighting the importance of equity and worldwide access.

Conclusion: Multi-omics has great promise for truly personalized oncology by providing the integrated insights required for dynamic monitoring, predictive diagnosis, and tailored therapy design in future cancer care.
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Introduction 
Cancer is a multifaceted disease with significant tumor heterogeneity rather than a single illness.
This heterogeneity can be viewed in three ways: spatially (differences between primary and metastatic sites or between regions within a tumor), temporally (evolution over time and under therapeutic pressure), and biologically (difference at the genetic, epigenetic, transcriptomic, proteomic, and metabolic levels) (MacDonald et al., 2025). The tumor microenvironment (TME), composed of stromal, immunological, and endothelial cells, further complicates the situation by altering cellular signaling, immune evasion, and resistance mechanisms. According to growing evidence, this multilayered heterogeneity plays a significant role in the disease's progression, metastasis, and most importantly, therapy resistance (Biray Avci et al., 2024).  Even among malignancies that are histologically comparable, this diversity is clinically associated with poor survival outcomes, high rates of treatment failure, and tumor recurrence (Melariri et al., 2023).
Conventional approaches to tumor research, often based on bulk sequencing and single-omics datasets, have helped to better understand oncogenesis and driver mutations. The small but important distinctions between individual cells and molecular layers are often obscured by these methods. Bulk measurements, which often average out signals from several subpopulations, mask rare clones that may lead to resistance or relapse. In addition, single-omics studies, whether transcriptomic, proteomic, or genomic, fail to capture the complex connections that drive the development of cancer (G. Sun et al., 2021). In order to adequately evaluate tumor complexity, multi-omics integration is necessary. This method simultaneously analyzes and synthesizes data from multiple biological domains, such as transcriptomics (gene expression), proteomics (protein abundance and variations), metabolomics (metabolic fluxes), genomics (DNA mutations), and epigenomics (chromatin modifications). Combining these datasets can reveal non-linear relationships and causal pathways that are not apparent when examined as distinct layers. Crucially, multi-omics methods offer a dynamic, system-level viewpoint on tumor progression, adaptive resistance, and microenvironmental crosstalk, offering significant prospects for precision oncology development (Hayes et al., 2024). In an effort to provide a comprehensive overview of the state of the art on tumor heterogeneity, this review focuses on how multi-omics technologies and integrative analytics are transforming our knowledge of cancer biology. We examine therapeutic applications, give typical case studies, talk about current problems and possible directions for the field, and delve into methodological developments (Chen et al., 2023a).

2. Understanding Tumor Heterogeneity 
Tumor heterogeneity refers to the significant biological variability observed both within individual tumors and among different tumors. This variability poses a major challenge for effective cancer diagnosis and treatment. Intra-tumoral heterogeneity specifically describes the differences in cancer cells found within a single tumor mass. This often includes variations in genetic, epigenetic, transcriptomic, and phenotypic profiles among different subclones (Proietto et al., 2023). Inter-tumoral heterogeneity, on the other hand, describes the diversity seen amongst tumors of the same histological subtype, whether within a single patient or between patients with comparable diagnoses. These types of heterogeneity are responsible for differences in tumor behavior, treatment response, and disease prognosis (Ramón y Cajal et al., 2020b). Multiple layers of variation drive tumor heterogeneity at the molecular level. A tumor's overall mutational load is influenced by genetic heterogeneity, which is frequently the consequence of continuous clonal evolution and is defined by changes in somatic mutations, copy number variations, and chromosomal rearrangements (Folorunsho, Sanmori, et al., 2025). Without changing the DNA sequence, epigenetic heterogeneity, which includes differences in histone modifications and DNA methylation patterns, affects gene expression and can be quite responsive to environmental stiMULTI (Dentro et al., 2021). The variety of gene expression profiles, impacted by both internal and external causes, is reflected in transcriptomic variations. Comparably, metabolic heterogeneity represents unique metabolic dependencies and adaptations that support tumor growth under various microenvironmental conditions, whereas proteomic heterogeneity results from differences in protein expression, post-translational modifications, and signaling pathway activation (Ortmayr et al., 2019). Tumor heterogeneity arises from several key factors. Clonal diversity is driven by random mutations and genomic instability. The tumor microenvironment (TME), comprising immune cells, fibroblasts, endothelial cells, and extracellular matrix components, affects tumor cell behavior through paracrine signaling and immunoediting. Resistant clones can evade immune surveillance by reducing interferon signaling or deleting antigens. Additionally, treatment pressures favor the proliferation of these resistant subclones (Marusyk & Polyak, 2010). Tumor heterogeneity has been outlined by three conceptual models. According to Nowell's original description of the clonal evolution concept, tumor development is the consequence of clones with favorable mutations being selected one after the other. According to the cancer stem cell theory, there is a hierarchical structure in place, and heterogeneity and treatment resistance are driven by stem-like cells (Lawal et al., 2024). Finally, according to the Big Bang hypothesis, neutral evolution is widespread since most mutations take place early in the neoplastic process, and there are not many selective pressures after that. It is possible for these models to function simultaneously in various tumor situations, and they are not exclusive. As illustrated in Figure 1 below, tumor heterogeneity encompasses several molecular levels, ranging from the genome to the metabolome, each of which adds to the complexity of the cancer's phenotype and response to treatment (R. Sun et al., 2018).
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Figure 1. Layers of Tumor Heterogeneity: From Genome to Metabolome. This diagram depicts the hierarchical layers of genomic, epigenomic, transcriptomic, proteomic, and metabolomic that contribute to tumor heterogeneity. DNA methylation and histone modifications, RNA expression dynamics, protein post-translational modifications (PTMs), metabolite profiles, and mutations and copy number variations (CNVs) at the DNA level are all examples of the unique molecular processes that are contained inside each layer. These levels work together to influence tumor behavior, evolution, and responsiveness to treatment (Li et al., 2023). Histopathologic and proteogenomic heterogeneity reveals features of clear cell renal cell carcinoma aggressiveness. Cancer Cell, 41(1), 139-163.e17. https://doi.org/10.1016/j.ccell.2022.12.001)

3. Multi-Omics Approaches: An Integrated Lens 
Analytical techniques that go beyond the constraints of single-omics profiling are required due to the multifaceted complexity of cancer. To present a thorough molecular picture of malignancies, multi-omics involves the systematic integration of data from several biological layers, from the genome to the metabolome. Multi-omics integration can be defined by two main strategies: vertical integration, which connects various layers across the molecular cascade (e.g., DNA mutations influencing RNA expression and downstream protein activity), and horizontal integration, which combines data from the same omics level but different platforms or modalities (e.g., bulk RNA-seq with single-cell RNA-seq to capture population and cellular resolution). The latter approach offers a systems biology perspective (Cai et al., 2022). Understanding tumor biology is supported by the distinct contributions of each omics layer. Single-nucleotide variations (SNVs), copy number variations (CNVs), and structural rearrangements are aspects of the fundamental mutational architecture that are captured by genomics. The patterns of clonal evolution and oncogenic drivers are identified by this layer (Ortega-Batista et al., 2025). Heritable but reversible changes like DNA methylation, histone modifications, and chromatin accessibility are revealed by epigenomics, and techniques like ATAC-seq shed light on the regulatory environment and transcriptional potential of tumor cells. With single-cell RNA-seq (scRNA-seq) collecting cell-specific expression and isoform variety, revealing subclonal states and plasticity, and bulk RNA-seq providing averaged profiles, transcriptomics represents dynamic gene expression programs (Carter & Zhao, 2021). This knowledge is further enhanced by proteomics, which measures protein abundance, post-translational modifications (PTMs), and signaling network dynamics, usually using methods based on mass spectrometry. The direct impact of proteins on cellular function and pharmacological targets makes this layer crucial. Metabolomics, the last layer of the omics cascade, records metabolic fluxes and rewiring processes, such as the Warburg effect and modifications in the metabolism of lipids and amino acids that support tumor growth and survival in stressful situations (Birhanu, 2023). It takes advanced computational frameworks to integrate such complex datasets. In order to identify functional modules and regulatory hubs, network-based techniques, such as multi-layered or multiplex networks, map interactions across omics layers. Particularly in high-dimensional, sparse datasets, machine learning and artificial intelligence facilitate feature selection, pattern recognition, and predictive modeling. Probabilistic and unsupervised techniques for identifying latent structures and shared variation across datasets are provided by Bayesian frameworks and matrix factorization techniques (e.g., iCluster, MOFA). When combined, these integrative approaches provide a potent toolkit for revealing the emergent characteristics of malignancies and advancing precision oncology (Wörheide et al., 2021). The integrated multi-omics pathway used for thorough tumor profiling, from sample collection to data integration and computational modeling, is simplified in Figure 2.
 
[image: ]Figure 2. Integrated Multi-Omics Pipeline for Tumor Profiling. This flowchart illustrates the multi-step pipeline for integrated tumor profiling using multi-omics approaches. The process begins with sample acquisition from solid tumors or liquid biopsies, followed by omics profiling across multiple layers: genomics (mutations, CNVs), epigenomics (DNA methylation, histone modifications), transcriptomics (gene expression), proteomics (proteins, PTMs), and metabolomics (metabolites). These diverse data types are then subjected to computational analysis and modeling, including network analysis, machine learning, and data visualization. Finally, data integration frameworks synthesize insights across omics layers to enable a systems-level view of tumor biology. (Heo et al., 2021) Integrative Multi-Omics Approaches in Cancer Research: From Biological Networks to Clinical Subtypes. Molecules and Cells, 44(7), 433–443. https://doi.org/10.14348/molcells.2021.0042

Below is a concise overview of the core omics layers, associated technologies, and their respective biological contributions to tumor profiling is presented in Table 1. It highlights how each dimension of molecular data enhances our understanding of cancer complexity and therapeutic response. This table provides an overview of the major omics layers involved in multi-omics studies, genomics, epigenomics, transcriptomics, proteomics, and metabolomics, alongside the primary technologies used to interrogate each layer. It also highlights the specific biological processes captured and the critical insights each layer contributes to understanding tumor heterogeneity, evolution, and therapy resistance (Menyhárt & Győrffy, 2021),
Table 1. Summary of Omics Layers, Representative Technologies, and Key Biological Insights in Tumor Profiling.
	Omics Layer
	Representative Technologies
	Biological Focus
	Key Insights

	Genomics
	Whole-genome sequencing (WGS), whole-exome sequencing (WES), and ctDNA
	DNA mutations, copy number variations (CNVs), structural variants
	Identifies driver mutations, clonal architectures, and resistance-associated alterations

	Epigenomics
	Bisulfite sequencing, ChIP-seq, ATAC-seq
	DNA methylation, histone modifications, chromatin accessibility
	Reveals regulatory plasticity, enhancer hijacking, epigenetic reprogramming

	Transcriptomics
	Bulk RNA-seq, scRNA-seq, spatial transcriptomics
	Gene expression, alternative splicing, isoform usage
	Captures cell states, lineage transitions, and immune activation/exclusion signatures

	Proteomics
	Mass spectrometry, reverse-phase protein arrays, phospho-proteomics
	Protein abundance, post-translational modifications (PTMs)
	Uncovers active signaling cascades, resistance networks, and proteogenomic biomarkers

	Metabolomics
	LC-MS, GC-MS, NMR spectroscopy
	Metabolic fluxes, energy pathways, and redox state
	Reveals tumor-specific metabolic rewiring and adaptation under therapy



4. Technological Platforms Enabling Multi-Omics 
Recent developments in high-throughput technology have transformed our ability to analyze tumor heterogeneity using multi-omics, providing previously unheard-of resolution in molecular, temporal, and geographic dimensions. The integration of genotype, epigenotype, phenotype, and microenvironmental context is supported by these platforms (Lee et al., 2021). At the resolution of individual cells, single-cell multi-omics technologies enable the simultaneous investigation of many molecular modalities. Single-cell assay for transposase-accessible chromatin sequencing (scATAC-seq) provides chromatin accessibility landscapes across different cell populations, whereas single-cell RNA sequencing (scRNA-seq) offers insights into transcriptional variation. By concurrently assessing surface protein abundance and transcriptomes, CITE-seq (Cellular Indexing of Transcriptomes and Epitopes by Sequencing) improves phenotypic characterization. More comprehensive techniques like scNMT-seq provide holistic perspectives of the regulatory mechanisms influencing cellular identity and plasticity in malignancies by simultaneously profiling transcriptomes, chromatin accessibility, and DNA methylation (Kim & Takahashi, 2025). A crucial spatial component is added to tumor profiling by spatial omics platforms. Spatial transcriptomics preserves the contextual link between tumor cells and the surrounding milieu by enabling mapping of gene expression in situ within tissue architecture. Numerous proteins can be detected simultaneously in intact tissue sections using methods like imaging mass cytometry and multiplexed immunofluorescence, which makes high-dimensional cellular phenotyping and microenvironmental mapping easier (Jin et al., 2024). Figure 3 illustrates the state of the art in terms of single-cell and spatial multi-omics platforms, which allow for fine-scale resolution of microenvironmental and tumor complexity.
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Figure 3. Spatial and Single-cell Multi-Omics Technologies Landscape. This figure highlights the functions of important technologies in single-cell multi-omics and spatial omics in addressing tumor heterogeneity by classifying and contrasting them. The localization of molecular characteristics inside intact tissue architecture is made possible by spatial omics techniques, including multiplexed immunofluorescence, imaging mass cytometry, and spatial transcriptomics. Single-cell methods, such as scRNA-seq, scATAC-seq, CITE-seq, and scNMT-seq, on the other hand, isolate individual cells for deep molecular profiling, concurrently recording surface protein, transcriptional, and epigenetic information. When combined, these methods enable high-resolution analysis of tumor cell states, lineage hierarchies, and interactions with the microenvironment. (Zhang et al., 2025). Application of spatial and single-cell omics in tumor immunotherapy biomarkers. LabMed Discovery, 100076. https://doi.org/10.1016/j.lmd.2025.100076. 
In order to resolve structural variants, repetitive areas, and epigenetic alterations, third-generation sequencing technologies like Oxford Nanopore and Pacific Biosciences (PacBio) offer long-read sequencing capabilities that get beyond the drawbacks of short-read platforms. These methods are especially useful for identifying base alterations like 5-methylcytosine without bisulfite conversion, complicated rearrangements, and oncogenic fusions (Satam et al., 2023a). By combining mass spectrometry-based proteomic data with genomic or transcriptomic information, proteogenomics fills the gap between proteomics and genomics. It can be used to discover neoantigens, measure the expression of mutant proteins, and describe signaling cascades that are important for drug targeting. This method has proved crucial in improving treatment approaches for conditions including colorectal and breast cancer (Sheynkman et al., 2016). It takes strong computational platforms to manage the amount and complexity of multi-omics data. Biomarker identification, batch correction, data integration, dimensionality reduction, and cell-cell interaction modeling are all supported by tools like MOFA (Multi-Omics Factor Analysis), Seurat v4, Harmony, Liger, CellPhoneDB, and iCluster. The analysis of intricate, high-dimensional datasets is powered by these bioinformatics tools, which provide mechanistic insights and translational applications in oncology (Saliba et al., 2024).
5. Tracking Tumor Evolution Using Multi-Omics 
To predict treatment resistance and the course of the disease, it is crucial to comprehend the evolutionary dynamics of tumors. When used longitudinally, multi-omics techniques offer a potent framework for documenting the geographical and temporal trajectories of tumor progression. It is possible to reconstruct clonal architecture and identify subclonal expansions that occur prior to relapse by doing a temporal study of clonal dynamics by repeated sampling over time. Circulating free DNA (cfDNA), circulating tumor DNA (ctDNA), and tumor-derived exosomes are examples of liquid biopsies that provide a minimally invasive way to track the progression of tumors over time. These biopsies can record both genomic changes and dynamic transcriptomic or proteomic variations (Zhang & Wang, 2025). Case studies of various tumor types demonstrate how multi-omics can be used to decipher evolutionary pathways. Mechanisms of resistance to HER2-targeted therapy, including compensatory PI3K/AKT pathway activation and epigenetic remodeling, have been identified in HER2-positive breast cancer by integrated investigations that combine genomic profiling, transcriptome changes, and proteomic reprogramming (Roszkowska, 2024). Multi-omics analysis of serial tumor samples in glioblastoma has revealed that IDH1 mutations, which were previously believed to be early and stable occurrences, might change under the influence of treatment, producing genetically distinct subclones that aid in recurrence. Another classic example is non-small cell lung cancer (NSCLC), where EGFR-mutant tumors treated with tyrosine kinase inhibitors (TKIs) frequently develop secondary resistance mutations (e.g., T790M, C797S) (Garrett et al., 2021). These mutations can be identified by serial ctDNA sequencing and validated by proteomic signaling analysis, which helps guide real-time therapy adjustments. Real-world instances of tumor progression and treatment resistance, as shown by multi-omics profiling in lung, brain, and breast malignancies, are shown in Figure 4.
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Figure 4. Case Studies of Tumor Evolution Tracked by Multi-Omics. Breast cancer, glioblastoma, and lung cancer are the three main cancer types for which this infographic provides three helpful illustrations of how multi-omics methods have revealed the molecular evolution of drug resistance. Clonal selection and metabolic reprogramming in resistant clones were identified in HER2+ breast cancer by means of comprehensive transcriptome and methylation analysis. The development of IDH1 mutations and the corresponding epigenetic reprogramming in glioblastoma was monitored by longitudinal multi-omics profiling. EGFR-TKI resistance was shown in lung cancer by serial liquid biopsies and proteomics, which also highlighted changes in post-translational modifications and bypass signaling pathways. The effectiveness of multi-layered profiling in tracking clonal dynamics and resistance mechanisms throughout time is demonstrated by these case studies. (Malta, et al., 2024) The Epigenetic Evolution of Glioma Is Determined by the IDH1 Mutation Status and Treatment Regimen. Cancer Research, 84(5), 741–756. https://doi.org/10.1158/0008-5472.CAN-23-2093.
A growing number of lineage tracing techniques are being used to rebuild the lineage links among changing tumor subpopulations. Natural lineage markers can be found in copy number evolution and mitochondrial mutation patterns, whereas synthetic tracking of clonal descent can be achieved by techniques like CRISPR barcoding. From multi-region or multi-timepoint omics data, clonal hierarchies and ancestral links are inferred using phylogenetic reconstruction techniques (Yang et al., 2022). These initiatives are aided by a variety of bioinformatics technologies. By reconstructing clonal evolution from bulk and single-cell genomic data, PhyloWGS, CloneFinder, SciClone, and MACHINA allow the inference of tumor phylogenies and evolutionary bottlenecks. Unmatched resolution into how cancers adapt, resist, and re-emerge is provided by these integrative technologies when used on longitudinal multi-omics datasets. This information is crucial for the planning and development of adaptive therapeutic approaches (Sandmann et al., 2023).
6. Mechanisms of Therapy Resistance Uncovered by Multi-Omics 
Therapy resistance is still an important challenge in the treatment of cancer, even with advancements in immunotherapy and targeted medicines. Resistance may be acquired, emerging in reaction to therapeutic pressure, or intrinsic, resulting from underlying changes that render a patient insensitive to therapy. By analyzing tumors at several molecular levels, multi-omics techniques offer a thorough framework for revealing the complex and dynamic character of these resistance mechanisms (Garg et al., 2024). Resistance frequently arises at the genetic level as a result of secondary mutations that change drug-binding sites or reactivate downstream pathways. The EGFR T790M mutation in non-small cell lung cancer, which results in resistance to first-generation EGFR inhibitors, is a well-known example. Targeted treatments are ineffectual since bypass signaling is also driven by gene amplifications, such as MET or ERBB2, in different malignancies (Leonetti et al., 2019). Through chromatin remodeling, histone modification, and enhancer hijacking, epigenomic modifications play a major role in resistance. Without changing the underlying DNA sequence, these occurrences may result in the silencing of tumor suppressor genes or the reactivation of carcinogenic pathways (Onwuemelem et al., 2025). The small-cell transformation of EGFR-mutant lung tumors during TKI treatment demonstrates how this flexibility promotes phenotypic switching and cellular dedifferentiation (Gu et al., 2024). Functional adaptations that are not identifiable at the transcriptome or genomic levels are revealed by proteomics. Escape from inhibition is often mediated through post-translational modifications (PTMs) and activation of compensatory signaling pathways, such as PI3K/AKT or MAPK reactivation. Reactivation of the MAPK pathway through different RAF isoforms or upstream RTKs is a typical mechanism of BRAF inhibitor resistance in melanoma (Hu et al., 2025). Through improved nutritional flexibility and stress tolerance, metabolic rewiring promotes resistance. In order to withstand oxidative stress brought on by drugs, tumors can increase glycolysis, glutaminolysis, and antioxidant pathways. In cancers lacking BRCA1/2, for example, resistance to PARP inhibitors may result from either alternative DNA repair mechanisms driven by altered metabolism or regained redox equilibrium (Schiliro & Firestein, 2021). The necessity of multi-omics to comprehend the tumor-immune environment is highlighted by immunotherapy resistance. Immune escape is facilitated by mechanisms like epigenetic silencing of antigen-presentation machinery, loss of interferon-γ signaling, and downregulation of MHC class I. Tumor-intrinsic mutations, stromal remodeling, and immune cell depletion work together to compromise immune checkpoint inhibition, according to multi-omics research(Sari & Rock, 2023). Multi-omics reveals the intricate, frequently non-linear processes causing resistance by combining genomic, epigenomic, proteomic, and metabolomic information. This information informs the creation of logical combination medicines and effective treatment plans(Chen et al., 2023b).
7. Role of Tumor Microenvironment and Multi-Omics Dissection 
Tumor microenvironment (TME) influences immune surveillance, treatment response, and the course of cancer. The TME functions as a physical and physiological niche that promotes tumor heterogeneity and resilience. It is made up of a dynamic network of endothelial and stromal elements, cancer-associated fibroblasts (CAFs), myeloid-derived suppressor cells, and tumor-infiltrating lymphocytes (TILs). The complex cell-cell interactions inside the TME may be decoded using multi-omics technologies, especially when spatially resolved. This reveals the paracrine signaling, immunosuppressive networks, and stromal regulation that underpin tumor adaptability (El-Tanani et al., 2024). The TME's physical and functional variability has been shown using spatially-resolved multi-omics perspectives. Multiplexed imaging platforms and spatial transcriptomics are two examples of technologies that enable the mapping of cellular niches, the identification of metabolic zonation, hypoxia gradients, and immunological exclusion zones (Jing et al., 2025). For instance, hypoxic tumor cores frequently show downregulated antigen presentation and elevated glycolytic gene expression, which are spatially limited and undetectable to bulk profiling(Folorunsho, Ajayi, et al., 2025). The response to treatment is significantly impacted by these geographical patterns, particularly with regard to immunotherapies and anti-angiogenic medicines (Estephan et al., 2025). The microbiome has become an essential facilitator of tumor behavior and immune reactivity, independent of host-derived variables. By producing metabolites and educating the immune system, gut microbiota can affect T cell priming and systemic inflammation (Graham & Xavier, 2023). According to recent data, intratumoral bacteria that live inside cancer cells or the stromal compartment may also alter drug metabolism, resistance mechanisms, and local immunological tone. Certain microbial profiles linked to response to checkpoint inhibitors and chemotherapies have been identified by multi-omics profiling that combines 16S rRNA sequencing, metagenomics, and host transcriptomics (M. Wang et al., 2023). The TME actively contributes to treatment resistance in a number of ways. Stromal shielding, which is made by fibroblasts and ECM components and comprises physical and metabolic barriers, prevents drug penetration and immune cell trafficking. Although hypoxia-induced signaling promotes metabolic rewiring and epithelial-mesenchymal transition, cytokine networks (such as TGF-β and IL-6) reorganize immune cells toward suppressive phenotypes, enhancing stress survival. To investigate these complex interactions, sophisticated methods including as STARMAP, CODEX, MERFISH, and CellCHAT have been developed (Yuan et al., 2023). By combining spatial resolution, multiplexing, and computational modeling, these systems decode the functional topography of the TME, map ligand-receptor interactions, and reconstruct cell communication networks. Such understanding is necessary to design context-specific medicines that increase anti-tumor immunity and break down stromal barriers (Armingol et al., 2022).


8. Multi-Omics and Precision Oncology: Clinical Applications 
Precision medicine is changing due to the incorporation of multi-omics into clinical oncology, which makes stratified treatment strategies based on thorough molecular profiling possible. Multi-omics enables the discovery of multi-modal biomarkers for prognosis, treatment stratification, and response prediction by examining tumors across genomic, transcriptomic, epigenomic, proteomic, and metabolomic levels (Molla & Bitew, 2024). These composite signatures, in contrast to conventional single-gene biomarkers, provide more reliable and practically useful insights by taking into consideration the functional interactions between several molecular determinants. Multi-omics biomarker discovery has revealed predictive and prognostic markers that go beyond individual modalities (Okafor et al., 2025). For example, coupled proteogenomic signatures in breast cancer have improved the classification of HER2-negative subgroups with unique treatment vulnerabilities, and combined DNA methylation and transcriptome profiles can identify immunological subtypes in colorectal cancer (Aerqin et al., 2022). Integrative biomarkers are essential for risk assessment and therapy selection across all cancer types. By combining exome sequencing with immunopeptidomics, multi-omics allows for the identification of tumor-specific neoantigens, altered peptides that arise from non-synonymous mutations, facilitating the discovery of therapeutic targets. Furthermore, integrating genomic and transcriptomic data helps map synthetic lethality networks and identifies context-dependent vulnerabilities in tumors with specific genetic mutations, such as the use of PARP inhibitors in BRCA-mutated cancers (Naffaa et al., 2025). Clinical trials are increasingly using multi-omics classifiers to improve patient stratification. Multi-layered molecular data is used in trials like as NCI-MATCH and I-PREDICT to match patients with targeted medicines according to their distinct tumor characteristics. These initiatives highlight the increasing awareness of molecular complexity in medication development and clinical decision-making (Teleanu et al., 2025). A sensitive, non-invasive technique for identifying subclinical disease and new resistance clones for minimal residual disease (MRD) and medication resistance monitoring is provided by the integration of liquid biopsy technology with transcriptome and epigenomic profiling. This dynamic monitoring may help with early intervention and adaptive treatment change (Pandey & Yadav, 2025). There are many obstacles in the way of the therapeutic application of multi-omics, notwithstanding its revolutionary promise. Widespread adoption is restricted by high prices, computational complexity, difficulties integrating data, and regulatory uncertainty (Wu & Xie, 2025). Furthermore, to guarantee reproducibility and usefulness in practical contexts, it is critically necessary to standardize procedures, validate in sizable cohorts, and create clinically interpretable algorithms. Resolving these issues is essential to integrating multi-omics into standard oncologic treatment (Rozera et al., 2025).
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A notable multi-omics program is MASTER (Molecularly Aided Stratification for Tumor Eradication Research; ClinicalTrials.gov: NCT05852522), which directs precision cancer treatment. The German Cancer Research Center (DKFZ), the National Center for Tumor Diseases (NCT), and the German Cancer Consortium (DKTK) collaborate to form MASTER, a coordinated precision oncology network that was established in 2012 (Teleanu et al., 2025a). A central diagnostic pipeline that combines ex vivo drug sensitivity testing, DNA methylation profiling, RNA sequencing (RNA-seq), whole-genome or whole-exome sequencing (WGS/WES), and proteome profiling is its main characteristic. This approach allows MASTER to customize clinical decisions for patients with rare cancers or young individuals facing challenging common malignancies. The following sections will cover the strengths and limitations of these technologies and share experiences with MASTER (Masucci et al., 2024).
A. Whole-Genome/Exome and RNA Sequencing
DNA-based gene panel analysis and targeted RNA sequencing for fusion gene detection have significantly advanced precision oncology and is now essential in molecular cancer diagnostics (Ji et al., 2025). This has led to the integration of targeted therapies as first-line treatments for various solid tumors, such as hormone receptor-positive breast cancer and non-small cell lung cancer.  With this method, MASTER can customize clinical choices for patients with uncommon tumors or those who were diagnosed with difficult common cancers at an early age(Masoud & Pagès, 2017). The advantages and disadvantages of various technologies, as well as the MASTER experience, will be covered in the parts that follow. Research on broad profiling techniques such as RNA sequencing (RNA-seq), whole-genome sequencing (WGS), and whole-exome sequencing (WES) has advanced our knowledge of cancer therapy (Satam et al., 2023a). Although it is currently unknown how incorporating these methods into clinical practice will affect overall survival, they have benefits over targeted RNA assays and conventional gene panel sequencing. WGS and WES are capable of detecting structural variations (SVs), viral DNA, tumor mutational burden (TMB), microsatellite instability (MSI), copy number changes, minor insertions/deletions (indels), and single-nucleotide variants (SNVs). Furthermore, the intratumoral immune landscape can be analyzed using RNA-seq deconvolution, improving the usage of immune checkpoint inhibitors (Satam et al., 2023b). Treatment recommendations based on RNA-based biomarkers were made for 47% of the cases from the first 1310 patients analyzed in the MASTER program, primarily in the tyrosine kinase and immune evasion baskets. In contrast, somatic copy number alterations and SNVs guided treatment in 25.5% and 13.2% of the cases, respectively (Shohdy et al., 2024). In contrast, only 3.7% of individuals had gene fusions, and 8.7% had composite biomarkers. These results highlight how, particularly for uncommon malignancies, RNA-seq can greatly increase the number of actionable targets. According to the Canadian Personalized OncoGenomics Initiative, 25% of 570 patients with advanced or metastatic cancer who had RNA-seq and WGS were treated exclusively using RNA expression data (Tsang et al., 2021). It is anticipated that RNA-seq will become even more valuable as antibody-mediated immunotherapies evolve further, allowing for the identification of new tumor antigens and hastening the creation of next-generation therapeutics. WGS or WES provides important insights into tumor heterogeneity and the molecular basis of cancer growth and therapy resistance, in addition to its direct therapeutic uses(Xie et al., 2023). Different genetic characteristics were found at every stage of the disease in comprehensive research that included 7108 genomes from primary, treatment-naive tumors and late-stage, treated tumors. In particular, metastatic tumors showed increased SVs, decreased intratumor heterogeneity, and increased genomic instability differences seen in over half of the 23 cancer types analyzed. Increased ploidy and TP53 mutations, two indicators of genomic instability, were linked to this increase in SVs (Zhong et al., 2023). It's interesting to note that there were only minor changes in the overall driver landscape between primary and metastatic illness. Nonetheless, at the metastatic stage, some cancer types displayed enrichment of resistance-related driver genes (e.g., ESR1 mutations in HR-positive breast cancer or androgen receptor amplification in prostate cancer). Three genes TP53, CDKN2A, and TERT were consistently enriched across a variety of cancer types, highlighting their wide-ranging involvement in carcinogenesis (Razavi et al., 2018).

B. DNA Methylation Profiling
The diagnostic value of DNA methylome analysis is another significant advantage of broad molecular profiling in clinical practice, particularly for uncommon tumors such as sarcomas and cancers of the central nervous system, where genome-wide methylation patterns aid in the classification of tumor subtypes (Park et al., 2023). Molecular data led to pathologic re-evaluation for about 3% of patients in a recent retrospective examination of over 3000 cases from the MASTER cohort; expert pathology review verified up to 90% of these findings (Teleanu et al., 2025b). Cancer of unknown origin (20%) and different sarcomas (50%) were the most common presenting diagnoses. In 62% of the cases, gene fusions led to a diagnosis; in nine of these cases, a desmoplastic small cell round tumor was found, with EWSR1::WT1 being the most significant (Gonzalez et al., 2024). Just expression or methylation patterns prompted diagnostic re-evaluation in almost 10% of the instances. These discoveries draw attention to the intricacy of some entities' diagnosis and emphasize how crucial it is to use all available data layers to improve diagnoses and direct treatment (Mio & Damante, 2022). Additionally, DNA methylation profiling can be very helpful in identifying the probable tumor type or tissue of origin in cases of carcinoma of uncertain source. Moreover, abnormal methylation patterns can be used as indicators for different disease subtypes and as possible targets for treatment. GISTs with succinate dehydrogenase (SDH) impairment, for example, show unique hypermethylation patterns that set them apart from classical GIST, and some GIST instances have also been found to silence SDHC by promoter hypermethylation (Zhu et al., 2024). Furthermore, MGMT promoter hypermethylation, which codes for O6-methylguanine-DNA methyltransferase, is employed as a biomarker of MGMT silencing, which is associated with decreased glioblastoma response to temozolomide. In more recent times, MGMT silencing has also surfaced as a possible prognostic indicator for pancreatic and biliary tract malignancies (Goh et al., 2021). 

C. (Phospho)Proteomic Profiling
Dysregulated lipid or protein kinase signaling pathways are essential for the growth, survival, and advancement of many cancers. Kinase inhibitors are, therefore, one of the most important molecularly focused treatments for cancer. Most patients do not have such highly actionable changes, even while some biomarker–drug combinations (such as those associated with NTRK fusions or BRAF V600E mutations) elicit deep responses(Bhullar et al., 2018). To make matters more complicated, patients may respond differently to targeted treatments even if they have the same actionable biomarker and tumor type. It is difficult to identify which changes actually promote tumor growth and confer resistance because the majority of advanced tumors exhibit a wide range of genomic and transcriptomic characteristics, many of which are poorly understood (Passaro et al., 2024). This disparity between genotype and phenotype, which is probably caused by the context-dependent carcinogenicity of different mutations as well as nongenetic causes, highlights the urgent need to advance beyond molecular diagnostics that are solely focused on the genome. The functional status of the proteome at the main site of therapeutic intervention can be captured by comprehensive phosphoproteome analysis of tumor tissue, which presents a promising method of bridging the genotype-phenotype gap (Feng et al., 2018). Recent proteogenomic analyses of more than 1000 untreated tumors from over ten different cancer types by the Clinical Proteomic Tumor Analysis Consortium demonstrated that combining genomic information with (phospho)proteomics can identify molecular subtypes that share oncogenic pathways and may be especially responsive to targeted treatments that target these pathways (Vasaikar et al., 2019). Several preclinical investigations have demonstrated the better efficacy of co-tailoring kinase inhibitor medicines using integrative inferred kinase activity scoring. We demonstrated for the first time in the MASTER program that comprehensive phosphoproteome profiling is both practical and informative in a prospective, real-world molecular tumor board (MTB) setting (Vallés-Martí et al., 2024). We discovered that about 40% of advanced cancers have nongenetic activity by methodically examining aberrant receptor tyrosine kinase activity in over 1200 tumor tissues. In addition to highlighting the significance of functionally interpreting genetic anomalies within the larger context of individual tumor biology, this study emphasizes the significance of kinase activity assessment in a patient-specific way(Muneer et al., 2025). Approximately 8000 proteins and 30,000 phosphopeptides can be quantified in single biopsy specimens thanks to recent advances in mass spectrometry, but this deeper exploration of the phosphoproteome also reveals the limited biological annotation of proteins and phosphopeptides, which complicates our understanding of tumor-specific signaling pathways and limits the full potential of such data. To enable precise molecular subtyping through phosphoproteomics and match these subtypes with appropriate therapies, more research is required to improve the functional annotation of the phosphoproteome and better characterize the target landscape of kinase inhibitors (Muneer et al., 2025). Finally, incorporating longitudinal phosphoproteome profiling into clinical trials will be crucial for identifying predictive biomarkers of therapeutic response .

D. Drug Sensitivity Profiling
[bookmark: _Hlk202187333]Genetic methods like RNA-seq and WGS/WES give a static picture of the genomic landscape of the tumor and might not account for changes in tumor dependency brought on by therapy (Zhao et al., 2019). There is increasing interest in using extra data layers that look at therapeutic response in tumor models taken from patients in order to overcome this constraint. Tumor cells taken from surgery or biopsies can be used directly for these functional tests, or they can be expanded into long-term three-dimensional organoids or spheroids. By doing this, they provide further data that can improve patient classification and help with treatment decisions (Liu et al., 2023). According to preliminary research, drug screening in living biobanks made from expandable tumor models acquired from patients may reveal new therapeutic targets and weaknesses(Folorunsho & Okyere, 2025). Functional genomic approaches, on the other hand, allow for the systematic modulation of gene expression, exposing possible therapeutic opportunities and liabilities particular to subgroups. These developments emphasize how crucial it is to combine molecular and functional data in order to more accurately classify patients into therapy groups that may be put into action (Liu et al., 2023). Our knowledge of tumor dependencies is greatly enhanced by functional testing, which identifies dynamic interactions and weaknesses that molecular profiling alone could miss. This knowledge is especially helpful for uncommon malignancies, as purely molecular techniques may be hampered by small patient cohorts and significant tumor heterogeneity (El‐Deiry et al., 2019). For example, a recent work by (Al Shihabi et al., 2024 ) showed that medication sensitivity testing may be performed within a week of tumor removal using short-term sarcoma cultures grown in Matrigel, giving clinicians fast, useful information for therapeutic decision-making. Functional profile can reveal additional therapeutic dependencies, particularly when standard therapies fail or resistance develops, according to similar work in more widely used cancer models. By evaluating several therapies or combinations at the same time, high-throughput in vitro screening techniques can help patients with few treatment options by identifying new therapeutic targets, helping to prioritize medication regimens, and clarifying resistance mechanisms (Plana et al., 2022). Half of the patients in the EXALT1 trial (NCT03096821), which was carried out in patients with advanced hematologic malignancies, saw significant clinical benefit, including exceptional responders, demonstrating the clinical viability and effectiveness of therapy selection informed by drug response profiling. Building on these findings, the EXALT2 trial will include an interdisciplinary tumor board to discuss treatment recommendations and prospectively compare standard-of-care approaches, genomic profiling, and functional testing in patients with relapsed or refractory hematologic malignancies. The development and expansion of these techniques will be critical to the future of functional patient stratification (Kornauth et al., 2022). 
11. Challenges and Limitations of Multi-Omics Integration 
Notwithstanding its enormous potential, a number of technical, computational, biological, and ethical obstacles must be carefully overcome before multi-omics integration in cancer research and clinical practice may reach its full potential (Magro et al., 2024a). Technically speaking, problems including inconsistent sample preparation methods, protein and nucleic acid deterioration, and the identification of low-abundance molecules can jeopardize data quality and cross-omics layer comparability. Results are frequently distorted by batch effects and platform-specific biases, necessitating rigorous quality control and normalization processes (Lou & Therkildsen, 2022). The computational issues are especially important since omics data is diverse, with varying noise levels, scales, and distributions. There are still no standardized procedures for preprocessing, integrating, and interpreting data, which makes it difficult for studies to be repeated. Furthermore, it is possible that the majority of current algorithms do not translate well to multi-modal environments because they were designed (Magro et al., 2024b). An additional level of complexity arises in the understanding of biology. Using observational information to infer causal links between molecular alterations and phenotypic outcomes is intrinsically challenging. Furthermore, multi-omics data sometimes have insufficient temporal resolution, which makes it challenging to discern between initial events and subsequent consequences in treatment resistance and tumor growth (Clarke et al., 2020). Privacy and ethical issues are also quite important. Because multi-omics datasets are naturally recognizable, they raise important questions about patient permission, data sharing, and handling incidental findings that may have therapeutic significance. It is crucial to have transparent governance structures and strong anonymization techniques (Chiruvella & Guddati, 2021). Last but not least, one of the biggest obstacles is still the scalability of multi-omics platforms in low- and middle-income (LMIC) nations. The requirement for specialist staff, high expenses, and limited infrastructure restricts access and global equity in cancer research. Strategic investment in local capacity building and affordable, decentralized omics solutions will be necessary to address these inequities (Nacis et al., 2024).

10. Future Perspectives and Innovations 
The future of multi-omics in oncology is poised to be shaped by breakthroughs in technology, data science, and global collaboration, with a common objective of improving precision cancer care more predictive, preventive, and equitable (Luo et al., 2025). New technologies are pushing the limits of what can be measured and understood. Tools driven by artificial intelligence (AI), including AlphaFold for protein structure prediction and massive language models for biological sequence interpretation, are transforming our capacity to quickly and accurately process omics data (Lateef Junaid, 2025). Nanoscale spatial-omics, on the other hand, is improving subcellular resolution and enabling fine-grained mapping of molecular events in tissue microenvironments. Real-time multi-omics monitoring in vivo biosensors are a promising development for dynamic illness tracking and therapy response evaluation (R. Wang et al., 2025). With the advent of point-of-care sequencing platforms and ultra-rapid diagnostics, the goal of real-time omics in clinical practice is becoming more and more realistic. This is because it allows for immediate molecular profiling to inform treatment decisions that are time-sensitive, especially in low-resource or oncology emergencies (Satam et al., 2023b). Synthetic multi-omics models, like multi-layered omics profiling and patient-derived organoids combined with CRISPR gene editing, are developing strong platforms for in vitro drug response testing, tumor evolution modeling, and therapeutic regimen personalization. Initiatives centered on accessibility and equity are essential to ensuring global inclusion (Zhu et al., 2025). In low- and middle-income countries (LMICs), initiatives like H3Africa and the Pan-Cancer Analysis of Whole Genomes (PCAWG) collaboration are democratizing access to omics technology and promoting capacity-building (Shaffer et al., 2019). Through the promotion of open-access data, local biobanking, and infrastructure development, these cooperative initiatives seek to lessen inequities in cancer research and outcomes. The future of multi-omics in precision oncology will ultimately be determined by the meeting point of clinical integration, technical innovation, and international collaboration (Gueye et al., 2024).
11. Conclusion 
In order to understand the deep complexity of tumor heterogeneity, multi-omics techniques have become indispensable instruments, providing hitherto unheard-of insights into the molecular, geographical, and temporal dynamics of cancer. A systems-level knowledge of cancer evolution, therapeutic resistance, and tumor-immune interactions is made possible by multi-omics, which integrates data from the genomic, epigenomic, transcriptomic, proteomic, and metabolomic levels. This is not possible with single-layer analysis. Multi-omics' capacity to figure out clonal trajectories, spot actionable weaknesses, and track resistance mechanisms places it at the forefront of next-generation precision oncology. These technologies are changing the field of patient classification, therapeutic target selection, and biomarker discovery with the goal of providing genuinely customized treatment based on the distinct molecular composition of every tumor. Interdisciplinary cooperation, a strong bioinformatics infrastructure, and close attention to accessibility, ethical, and legal issues, especially in settings with limited resources, are necessary to fulfill this promise. It will be necessary to invest in scalable, affordable platforms and fair international initiatives. Multi-omics integration into standard clinical procedures is not only possible but also inevitable as new technologies and AI-powered analytics develop further. Offering more accurate, flexible, and fair ways to combat cancer, this paradigm shift has the potential to completely transform cancer care.
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