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Introduction
Despite extensive research over decades, cancer con-
tinues to be a leading global cause of mortality, largely 
due to the complex and poorly understood interactions 
among genetic, epigenetic, environmental, and immune 
factors. Among these challenges, intra-tumoral heteroge-
neity (ITH) represents a particularly formidable barrier, 
characterized by the coexistence of genetically and phe-
notypically diverse subclones within a single tumor. ITH 
challenges the core assumption of targeted therapy—that 
a single molecular signature can guide treatment—and 
directly contributes to drug resistance, disease relapse, 
and diagnostic uncertainty. Conventional bulk tissue 
analysis often overlooks the subtle cellular heterogene-
ity within tumors, resulting in incomplete or misleading 
interpretations of tumor biology.

While multi-omics technologies hold promise for 
unraveling the cellular complexity of cancer, their clinical 
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Abstract
Intra-tumoral heterogeneity (ITH) is common in malignant tumors and arises from dynamic variations across 
genetic, epigenetic, transcriptomic, proteomic, metabolic, and microenvironmental factors. This complexity drives 
tumor evolution and treatment resistance, undermining the accuracy of clinical diagnosis, prognosis, and treatment 
planning. Despite recent advances in multi-omics technologies that enable comprehensive mapping of ITH across 
molecular layers, major challenges remain in clinical translation. This review outlines the principles and clinical 
applications of eight major omics modalities in the context of ITH: genomics, single-cell genomics, transcriptomics, 
epigenomics, proteomics, radiomics, microbiome, and metabolomics. We highlight the unique contributions of 
each omics platform to tumor profiling and emphasize how their integration enhances biological interpretation, 
patient stratification, and biomarker discovery. Furthermore, we will focus more extensively on the limitations of 
applying these approaches to ITH analysis. Instead of providing an exhaustive catalog, this review highlights major 
controversies, technical hurdles, and conceptual gaps that impede the clinical translation of multi-omics-based ITH 
analysis, with the aim of addressing ITH-related clinical challenges.
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implementation remains limited by challenges in data 
interpretability, high dimensionality, and integration 
bias. Each omics layer offers a distinct but partial view. 
For instance, genomics identifies clonal architecture, 
transcriptomics and epigenomics reflect regulatory pro-
grams, and proteomics captures downstream effectors. 
Yet none alone provides a comprehensive picture. Only 
by integrating these orthogonal layers can we move from 
partial observations to systems-level understanding 
of ITH. In contrast, multi-omics integration facilitates 
cross-validation of biological signals, identification of 
functional dependencies, and the construction of holistic 
tumor “state maps” linking molecular variation to pheno-
typic behavior. This approach improves tumor classifica-
tion, resolves conflicting biomarker data, and enhances 
the predictive power of treatment response models. 
Importantly, integrative frameworks can uncover latent 
resistance drivers or subclonal architectures that remain 
undetectable in single-layer datasets. However, chal-
lenges including data harmonization, model interpret-
ability, and cumulative noise across modalities remain 
major barriers to clinical translation, necessitating rigor-
ous methodological innovation and conceptual clarity in 
future research.

This review critically evaluates the use of multi-omics 
strategies in characterizing ITH, highlighting both 
notable advances and persistent limitations. Our focus 
extends beyond technical innovations to unresolved 
issues such as integrating conflicting data layers, model-
ing dynamic heterogeneity, and mitigating spatial sam-
pling bias. Ultimately, this review aims to illustrate how 
integrated omics strategies enhance our understanding of 
tumor heterogeneity, paving the way toward more effec-
tive and personalized cancer therapies.

Literature selection strategy
This narrative critical review aims not to exhaustively list 
all studies, but to select and critically evaluate the most 
influential, representative, and conceptually insightful 
literature on ITH and multi-omics integration. A struc-
tured literature search was performed in PubMed, Web 
of Science, and Scopus databases, covering January 2020 
to May 2025. Keywords and their Boolean combinations 
included: “tumor heterogeneity,” “intra-tumoral hetero-
geneity,” “multi-omics,” “genomics,” “single-cell,” “tran-
scriptomics,” “proteomics,” “epigenomics,” “radiomics,” 
“metabolomics,” “microbiome,” and “precision oncology.” 
Relevant Medical Subject Headings (MeSH) terms were 
added when applicable to expand the search scope. Inclu-
sion criteria included: (i) peer-reviewed original research, 
reviews, or meta-analyses published in English; (ii) stud-
ies on human cancers or translationally relevant in vivo/
in vitro models; and (iii) research providing mechanis-
tic insights or conceptual frameworks related to ITH 

and/or multi-omics analysis. Exclusion criteria were: (i) 
conference abstracts, preprints without peer review, or 
non-English studies; (ii) studies limited to single-omics 
without relevance to ITH; and (iii) articles lacking meth-
odological clarity or translational relevance. Two authors 
independently performed literature selection and qual-
ity appraisal. Studies were evaluated according to meth-
odological rigor, citation impact, clinical relevance, and 
alignment with the review’s objectives. Final inclusion 
was determined by consensus to ensure comprehensive 
coverage and critical depth, facilitating identification of 
agreed findings, unresolved controversies, and emerging 
directions.

Cancer statistics and intra-tumoral heterogeneity
The American Cancer Society annually reports nation-
wide estimates of cancer incidence and mortality in 
the United States. In 2024, an estimated 2,001,140 new 
cancer cases and 611,720 cancer-related deaths are an 
estimated [88]. The COVID-19 pandemic significantly 
disrupted early cancer screening and treatment, lead-
ing to diagnostic delays and interruptions in care. How-
ever, public health systems adapted over time, mitigating 
these disruptions [67]. Among newly diagnosed cancers, 
the most common types are those of the genital sys-
tem (427,800 cases), digestive system (353,820 cases), 
and breast (313,510 cases). Regarding cancer-related 
deaths, the highest numbers are anticipated for cancers 
of the oral cavity and pharynx (174,320 deaths), tongue 
(130,450 deaths), and mouth (125,070 deaths) [88]. 
Detailed statistics are shown in Fig. 1. Cancer prevalence 
is slightly higher in men (40.5%) than in women (38.9%), 
likely due to complex interactions among sex hormones, 
immune responses, and lifestyle-related risk factors [39]. 
Lung cancer remains the leading cause of cancer-related 
mortality worldwide. Well-established risk factors, such 
as tobacco use, alcohol consumption, high-fat diets, and 
certain sexual behaviors, are strongly associated with 
multiple cancer types [113]. A major clinical challenge 
in oncology is that many early-stage cancers are asymp-
tomatic, often leading to delayed diagnosis. As a result, 
tumors frequently progress to advanced or metastatic 
stages before detection, limiting curative treatment 
options and reducing therapeutic benefits [96]. Although 
current treatment approaches, such as surgery, chemo-
therapy, radiotherapy, and molecular targeted therapy, 
can reduce tumor burden and extend survival, their 
effectiveness is often compromised by cancer cell plas-
ticity and adaptability. This limitation largely stems from 
ITH, defined as the coexistence of genetically, epigeneti-
cally, and phenotypically distinct subpopulations within 
a single tumor [8]. ITH enables tumor cells to evade 
treatment, metastasize, and develop resistance. There-
fore, a comprehensive understanding ITH is essential 
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for developing more effective and durable therapies that 
target the mechanisms underlying cancer persistence and 
progression.

The concept of ITH was first introduced by German 
physiologist Johannes Müller. ITH encompasses both 
inter-regional and intra-clonal variations, which criti-
cally influence tumor initiation, progression, and thera-
peutic response. Due to its profound impact on cancer 
diagnosis, prognosis, and treatment efficacy, ITH rep-
resents a major challenge in precision oncology. There-
fore, a thorough understanding of ITH is essential for 
optimizing cancer prevention, early detection, treatment 
selection, and outcome prediction. ITH arises from both 
genetic factors (e.g., somatic mutations and copy num-
ber alterations) and non-genetic factors, including epi-
genetic modifications, proteomic plasticity, metabolic 
reprogramming, and alterations in the TME. Together, 
these factors drive tumor aggressiveness and contribute 
to therapeutic resistance [9]. As tumors evolve, ITH pro-
gresses through adaptive selection and clonal expansion, 

often leading to treatment failure and relapse. Therefore, 
therapeutic strategies that target both intrinsic tumor 
features and microenvironmental interactions offer the 
potential for synergistic effects and improved clinical 
outcomes. However, conventional preclinical models typ-
ically fail to fully capture the complexity of human ITH, 
highlighting the need for clinical trials to validate novel 
interventions.

Recent advances in next-generation sequencing (NGS) 
and multi-omics technologies have enabled high-reso-
lution quantification and characterization of ITH. This 
review focuses on the integration of large-scale multi-
omics datasets with computational algorithms to assess 
ITH in clinical cancer cohorts. We also highlight emerg-
ing clinical studies that apply multi-omics approaches 
for patient stratification and longitudinal disease moni-
toring (Fig.  2). To emphasize the clinical relevance, we 
prioritized studies with prospective clinical data and well-
defined patient cohorts when compiling Table 1. Table 1 
summarizes recent applications of omics data in clinical 

Fig. 1  Estimated cancer incidence and mortality by system and gender in the United States (2024). Data based on [88]

 



Page 4 of 17Dong et al. Cancer Cell International          (2025) 25:317 

trials addressing ITH, offering valuable insights for bio-
marker development and future research directions.

This figure illustrates the applications of omics technol-
ogies in cancer research. Currently, multiple omics meth-
ods are often combined to achieve synergistic insights 
into cancer biology. Integrated analyses of multi-omics 
data have highlighted significant alterations in several 
major pathways, revealing therapeutic heterogeneity 
across different cancers. Moreover, differential molecular 
signatures between tumor samples and healthy controls 
can serve as biomarkers for monitoring cancer develop-
ment and progression.

Multi-omics approaches in addressing intra-
tumoral heterogeneity
This section outlines key omics technologies and their 
individual and integrated roles in characterizing ITH. For 
each omics modality, we review core principles, recent 
methodological advances, and representative studies. 
We further discuss how findings from these approaches 

inform clinical applications. While each omics platform 
offers distinct advantages, their integration provides a 
more comprehensive understanding of tumor biology 
and evolutionary dynamics.

Genomics and bulk tumor sequencing
Genomic sequencing represents a foundational method 
for characterizing ITH. The most commonly employed 
techniques, whole-exome sequencing (WES) and whole-
genome sequencing (WGS), offer critical insights into 
tumor mutational landscapes, clonal architectures, and 
evolutionary dynamics. These bulk sequencing tech-
niques analyze DNA extracted from mixed populations 
of tumor and stromal cells, delivering a population-
level overview of genetic alterations [70]. Although bulk 
sequencing lacks single-cell resolution, it remains invalu-
able for reconstructing tumor phylogenies and iden-
tifying driver mutations. For example, the TRACERx 
Renal study employed multi-region exome sequencing 
across numerous clear cell renal cell carcinoma (ccRCC) 

Fig. 2  Applications of Omics in Cancer
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samples, uncovering spatially distinct subclones with 
unique mutational signatures. Early PBRM1 mutations 
were linked to less aggressive tumor evolution, while late-
arising subclonal mutations were associated with poor 
prognosis and metastatic potential [20, 59]. Similarly, in 
chronic lymphocytic leukemia (CLL), longitudinal bulk 
sequencing revealed clonal expansions harboring TP53 
and NOTCH1 mutations, reflecting branched evolution 
and the emergence of drug-resistant subpopulations. 
These studies demonstrate that integrating variant allele 
frequencies (VAF), tumor purity estimates, and copy 
number variations allows for accurate inference of can-
cer cell fractions (CCFs)—a quantitative measure of ITH 
[30]. High subclonal diversity, as indicated by CCF met-
rics, has been associated with early relapse and resistance 
to targeted therapies [18]. Despite its limitations in sin-
gle-cell resolution, bulk tumor sequencing continues to 
offer significant value in clonal reconstruction, biomarker 

discovery, and informing clinical decisions within the 
framework of precision oncology (Fig. 3).

Single-cell genomics: dissecting ITH at cellular resolution
While bulk-based sequencing approaches-such as pro-
teomics and transcriptomics—can be adapted for single-
cell resolution, they often yield averaged signals across 
cell populations or reflect downstream functional out-
puts. In contrast, single-cell genomic sequencing cap-
tures cell-to-cell genetic variability directly, offering the 
most refined resolution for studying ITH. As such, the 
single-cell layer of resolution provides the most pre-
cise lens through which the clonal complexity, lineage 
dynamics, and evolutionary trajectories of tumors can be 
observed [48]. Single-cell DNA sequencing (scDNA-seq) 
and single-cell whole-genome sequencing (scWGS) have 
revealed the genetic architecture of tumors at unprec-
edented resolution. In a seminal study, Navin et al. [71] 

Table 1  Clinical trials and multiple omics
Cancer types Samples Related 

Omics
Analyzed data Approval 

number
Refer-
ences

Single cell sequencing
 Breast cancer Biopsy of patient-de-

rived breast xenografts: 
SA1135

DLP+ method 
for scWES

Detecting driver mutations MCL1, MYC, and CCNE, and 
secondary mutations RAD18 and RAB18;

– [50]

 Lymphoma 21 patients NGS A combination of intratumoral CpG, low-dose radio-
therapy, and systemic ibrutinib induces robust systemic 
antitumor immune responses

NCT02927964 [87]

 Pancreatic 
adenocarcinoma

27 total patients Large-scale 
chromosomal 
CNVs

CXCL12-CXCR4, specific to iCAFs and TAMs respectively, 
to be the most significant potential interaction

– [98]

Transcriptional sequencing
 CRC Blood samples and 

tissue samples from 18 
patients

ScRNA-seq Tumor-associated macrophages (TAMs) and dendritic 
cells (DCs) are vital regulators for cell-microenviron-
ment interactions;

PRJEB34105 [108]

 Prostate cancer 26 models from the 
LuCaP PDX series of 
advanced prostate can-
cer with well-defined 
phenotypes

WGS The regulation of key factors such as AR, HOXB13, 
NKX-3.1, FOXA1, and REST has been shown from ctDNA 
in CRPC

PRJNA900550 [28]

Epigenomics
 AML Human AML cell lines ScRNA-seq, 

DNA barcode, 
ATAC-seq

Inhibition Lsd1 promotes Pu.1 links to cofactor Irf8, 
induces enhancer ( H3K4me1/2 and H3K27ac) expres-
sions and stabilizes epigenetic resistance;

NCT01943851 [4]

 MPALs Bone marrow from 25 
patients

CITE-seq, ATAC 
seq

91,601 putative peak-to-gene linkage, like RUNX1 muta-
tion is upregulated in most subpopulations, RUNX1 as 
transcriptional factor (TF) regulates CD69;

– [37]

Radiomics
 Glioma The different cohorts 

and clinicopathological 
characteristics of en-
rolled patients (N = 379)

CT for 
radiomics, 
RNA-seq

Verifies 8 features for gene expression of CD8 cells, 
which could identify inflammatory and immune-desert 
cancers;

NCT01567202 [17]

 Breast cancer Surgical specimen from 
31 women patients

RNA-seq, 
ultrasound for 
radiomics

Nonparallel direction relates to increased TEF1, TEF3, 
AREG, ARG3, vascular structure relates to enhanced 
FZD8, reduced IGF1R, and reduced CRIPAK;

– [77]

Studies were selected primarily based on clinical relevance, especially those involving prospective trials and longitudinal cohorts. Preclinical studies were included 
only when they provided critical mechanistic insights



Page 6 of 17Dong et al. Cancer Cell International          (2025) 25:317 

introduced the concept of punctuated clonal evolution 
in breast cancer, demonstrating the abrupt emergence 
of genetically distinct clones, thereby challenging tra-
ditional linear models of tumor progression [53, 83]. 
Further technological advances, such as Direct Library 
Preparation Plus (DLP+), have enabled high-throughput 
single-cell copy number profiling. For example, Laks et 
al. [50] applied DLP+ to breast cancer biopsies, identify-
ing distinct ancestral and subclonal lineages character-
ized by alterations in genes such as MCL1, RAD18, and 
MYC. Notably, some clones exhibit loss of heterozygos-
ity in BRCA2, correlating with germline predisposition 
and therapeutic vulnerabilities [50]. Beyond mutation 
detection, single-cell genomics is increasingly employed 
to explore intratumoral diversity associated with thera-
peutic responses. Studies in glioblastoma and lung cancer 
have identified drug-resistant subclones characterized 
by unique mutational profiles or chromosomal instabil-
ity under selective pressure, insights critical for antici-
pating resistance and designing rational combination 
therapies. Emerging strategies now integrate lineage 
tracing with multimodal single-cell profiling, combining 
genomic data with transcriptomic or epigenomic data. 
These integrative approaches elucidate the functional 

consequences of genetic heterogeneity and reveal how 
clonal diversity contributes to tumor plasticity, immune 
evasion, and progression [97, 110]. Despite ongoing chal-
lenges, including technical noise, high costs, and limited 
scalability, single-cell genomics remains an indispensable 
tool in cancer research. By resolving tumors at cellular 
resolution, it provides a robust framework for monitor-
ing tumor evolution, predicting therapeutic resistance, 
and informing precision oncology (Fig. 4).

Transcriptomics: mapping cellular diversity in tumors
Transcriptomics provides a powerful framework for 
investigating gene expression dynamics and cellular 
diversity within tumors. By capturing mRNA profiles, 
transcriptomic analyses reveal cellular states, differen-
tiation trajectories, and functional programs underlying 
ITH. Single-cell RNA sequencing (scRNA-seq), in par-
ticular, has revolutionized our understanding of tumor 
ecosystems by enabling cell-specific expression profil-
ing at large scale. For instance, Tirosh et al. [92] applied 
scRNA-seq to human oligodendrogliomas, identifying 
two distinct tumor lineages: one characterized by high 
expression of OLIG1, OLIG2, and OMG (oligoden-
drocyte precursor-like), and another expressing SOX9, 

Fig. 3  WGS uncovers ITH. The sequencing was initially conducted on the target population, revealing genetic variations contributing to tumorigenesis. 
These findings provide critical insights for guiding timely clinical interventions and personalized treatments for at-risk populations

 



Page 7 of 17Dong et al. Cancer Cell International          (2025) 25:317 

APOE, and ALDOC (astrocytic lineage-like). These dis-
tinct transcriptional programs suggested simultaneous 
differentiation pathways within a single tumor, reflect-
ing both plasticity and developmental mimicry. In mel-
anoma, scRNA-seq revealed rare subpopulations with 
stress-response signatures (FOS, JUN, NFKBIZ, ATF3) 
associated with resistance to RAF/MEK inhibitors. These 
findings are validated by in situ hybridization and func-
tional assays, providing mechanistic insights into drug 
tolerance and phenotypic switching. Transcriptomics 
has also illuminated non-genetic mechanisms of thera-
peutic resistance. Bell et al. [4] demonstrated in acute 
myeloid leukemia (AML) that transcriptional repro-
gramming, rather than mutations, drove resistance to 
BET inhibitors. The transcription factor PU.1, stabilized 
by IRF8, orchestrated enhancer remodeling, redirect-
ing BRD4 binding and establishing alternative gene 
expression programs in resistant clones [4]. Advances 
in RNA velocity, pseudotime analysis, and multimodal 
data integration now facilitate the inference of dynamic 

expression trajectories, cellular transitions, and lineage 
commitment. These methods reveal how transcriptional 
plasticity mediates adaptation under therapeutic pres-
sure [107]. Despite challenges including technical noise, 
high cost, and biases due to cell dissociation, its ability 
to resolve cellular heterogeneity and microenvironmen-
tal interactions makes it critical for understanding tumor 
evolution. Overall, transcriptomics, particularly single-
cell approaches, significantly contributes to identifying 
transcriptional states associated with resistance, relapse, 
and potential therapeutic targets.

Epigenomics: uncovering the regulatory landscape of 
tumor heterogeneity
Epigenomics investigates heritable changes in gene 
expression that occur independently of alterations in 
the DNA sequence. These mechanisms include DNA 
methylation, histone modifications, chromatin acces-
sibility, and non-coding RNA regulation. Epigenetic 
mechanisms critically define cellular identity and plastic-
ity, thus playing key roles in tumor progression and non-
genetic aspects of ITH. Epigenetic profiles dynamically 
reshape transcriptional landscapes in response to envi-
ronmental or therapeutic pressures [27] (Fig.  5). Aber-
rant DNA methylation is a hallmark of cancer, where 
global hypomethylation contributes to genomic instabil-
ity and oncogene activation, while promoter hypermeth-
ylation silences tumor suppressors. Flavahan et al. [33] 
demonstrated that methylation-induced disruption of 
CTCF insulator elements alters chromatin architecture, 
facilitating oncogene activation across various cancers 
[33]. Furthermore, epigenetic inheritance can be com-
promised by epimutations caused by altered epigenetic 
modifiers, changes in DNA methylation, or inhibited 
cellular differentiation [15, 70]. For example, evolution-
ary analyses of Cryptococcus neoformans suggest the 
epigenome is maintained via Darwinian selection despite 
the loss of certain DNA methyltransferase genes [40]. 
Epigenome-wide association studies (EWAS), inspired by 
genome-wide association studies (GWAS), systematically 
correlate DNA methylation patterns with phenotypic 
traits, overcoming tissue heterogeneity and minimizing 
false-positive results [23, 79]. GWAS focuses on relative 
allele frequencies and copy number alterations (CNAs) of 
DNA variants of interested phenotypes and counterparts 
[85]. EWAS system manages to eraser heterogeneous 
differences caused by tissue sampling via alterations 
of DNA methylation across abundant loci and avoids 
false-positive results as far as possible [74, 95, 106]. Par-
allel with droplet-based cellular indexing of transcrip-
tomic and epitopes by sequencing (CITE-seq), assay for 
transposase-accessible chromatin with high-throughput 
sequencing (ATAC-seq) integrates an intact landscape of 
chromatin-accessibility and transcriptomic to infer the 

Fig. 4  The use of single-cell sequencing enables the precise analysis of 
the genetic landscape and uncovers the genetic heterogeneity of tumors
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relation between a transcription factor and peak-to-gene 
linkages (like linkage RUNX1 related elements regulates 
CD69) in mixed-phenotype acute leukemias (MPALs) 
[37]. Clinically, targeting chromatin regulators—such as 
DNA methylation enzymes, histone-modifying enzymes, 
and chromatin remodeling complexes (e.g., mamma-
lian SWI/SNF)—holds therapeutic promise. Altera-
tions in these complexes influence immune checkpoint 
therapy responses in clear cell renal cell carcinoma [15]. 
Additionally, glioblastoma stem cells (GSCs) rely on epi-
genetic regulation via EZH2 and KDM enzymes, which 
modulate drug resistance and recurrence. Targeting his-
tone demethylases (e.g., KDM5A/B) significantly sen-
sitizes resistant tumors to therapies [57]. These results 
suggest us intervene histone demethylase (KDM) and 

methyltransferase could mediate degree of drug resis-
tance of glioblastoma for its therapy. Coincidently, KDM5 
is proven correlating to therapeutic resistance especially 
endocrine resistance in breast cancer. Silencing or inhibi-
tion of KMD5 in breast tumors promotes sensitivity for 
anti-estrogens therapy via regulating estrogen receptor 
(ER) signaling and reducing its transcriptional heteroge-
neity [42]. To date, a higher level of KDM5B is undoubt-
edly associated with poor prognosis and more complex 
heterogeneity in clinical cancers. These publications 
together repetitively confirm the possible applications 
of epigenetics in cancer therapy and identify KDM5A/B 
as significant modulating factors during this process. 
Despite challenges such as low signal-to-noise ratios and 
sparse data matrices, recent advances in multi-omics 

Fig. 5  Epigenomics: uncovering the regulatory landscape of tumor heterogeneity
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integration and computational deconvolution have 
enabled the mapping of epigenetic states to gene expres-
sion and phenotype. In summary, epigenomics uncovers 
a critical non-genetic layer of ITH, revealing how tumors 
exploit regulatory plasticity to sustain growth, evade 
treatment, and adapt under selective pressure. Epigenetic 
profiling not only enhances our mechanistic understand-
ing of cancer but also provides actionable targets for epi-
genetic therapies and biomarker-driven interventions.

Proteomics: profiling functional diversity in cancer cells
Proteomics involves the large-scale study of proteins 
within biological systems, providing direct insights into 
cellular functions. Unlike genomics or transcriptomics, 
which indicate regulatory potentials, proteomics directly 
captures the functional outcomes of gene expression, 
such as protein abundance, post-translational modifica-
tions (PTMs), and protein–protein interactions, offering 
essential perspectives on ITH [65]. Proteomics tech-
niques have significantly evolved, including two-dimen-
sional gel electrophoresis (2DE), isoelectric focusing 
(IEF), liquid chromatography-tandem mass spectrom-
etry (LC–MS/MS), and tandem time-of-flight mass spec-
trometry (TOF–MS) [1, 7, 11, 31, 94]. However, clinical 
translation of proteomics has lagged behind genomic 
approaches, partly due to technical complexity and cost. 
Recent studies have expanded the clinical relevance of 
proteomics. For instance, Nusinow et al. [73] performed 
mass spectrometry (MS)-based proteomic profiling of 
375 cancer cell lines within the Cancer Cell Line Ency-
clopedia (CCLE) [73]. Approximately 50 proteins were 
found altered in microsatellite instability (MSI)-positive 
cells, partially aligning with RNA-seq data from corre-
sponding MSI colorectal cancers in The Cancer Genome 
Atlas (TCGA) [55, 56, 90]. These MSI-associated pro-
teomic changes included alterations in MutL and MutS 
complexes, reduced H3K4 methylation, and altered ribo-
somal protein profiles mediated by SKI complexes. Pub-
lic resources for these datasets include the CCLE (​h​t​t​p​​s​
:​/​​/​g​y​g​​i​.​​m​e​d​​.​h​a​​r​v​a​r​​d​.​​e​d​u​​/​p​u​​b​l​i​c​​a​t​​i​o​n​s​/​c​c​l​e) and TCGA 
databases (​h​t​t​p​​s​:​/​​/​t​c​g​​a​d​​a​t​a​​.​n​c​​i​.​n​i​​h​.​​g​o​v​​/​d​o​​c​s​/​p​​u​b​​l​i​c​a​t​i​o​n​
s​/​t​c​g​a​/). Proteomics also supports the identification of ​b​
i​o​m​a​r​k​e​r​s and altered protein signatures associated with 
cancer progression, providing targets for addressing ITH. 
Given that protein function can be regulated through 
PTMs, alternative splicing, degradation, and activation, 
combining mass spectrometry results with computa-
tional analyses can reveal mechanisms underlying cancer 
development and progression [22, 76]. Several advanced 
MS-based techniques have emerged, including bottom-
up proteomics for comprehensive biological profiling, 
selected reaction monitoring (SRM), multiple reaction 
monitoring (MRM), parallel reaction monitoring (PRM), 
data-independent acquisition (DIA) for quantitative 

analysis, data-dependent acquisition (DDA) for extensive 
quantification, and multi-dimensional chromatography 
for improved functional proteomics characterization [22, 
26, 51, 68, 71, 78, 104]. In ovarian cancer, combined anal-
yses using 2DE, MS, and immunohistochemistry identi-
fied significant changes in proteins such as galectin-3, 
retinol-binding protein-1, phosphatidylethanolamine-
binding protein, annexin-5, glutathione S-transferase 
A-2, and calgranulin. These proteins correlated with can-
cer progression and were similarly altered in other solid 
tumors [92]. Additional proteomic investigations across 
different stages of ovarian cancer have identified protein 
signatures useful for evaluating aggressiveness and clini-
cal outcomes [3, 24, 60]. Clinically, proteomics facilitates 
the identification of actionable biomarkers and therapeu-
tic targets. For instance, reduced total and phosphory-
lated EGFR levels following gefitinib treatment indicate 
therapeutic responsiveness, whereas elevated levels sug-
gest resistance mediated through pathways involving 
AKT. Similarly, declines in c-Kit and PDGFR during ima-
tinib treatment in ovarian cancer correlate with adverse 
effects such as gastrointestinal toxicity and fatigue. 
Nonetheless, the clinical implementation of proteomic 
biomarkers requires further validation through rigorous 
trials [10]. In summary, proteomics complements nucleic 
acid-based profiling by offering functional insights into 
tumor biology and heterogeneity. Advances in analyti-
cal instrumentation, bioinformatics tools, and biomarker 
discovery significantly enhance the clinical utility of 
proteomics in precision oncology, guiding therapeutic 
strategies and improving cancer diagnosis and treatment 
outcomes.

Radiomics and radiogenomics: non-invasive assessment of 
tumor heterogeneity
Radiomics is an emerging research field employing 
computational algorithms to extract quantitative, high-
dimensional features from medical imaging modalities, 
including computed tomography (CT), magnetic reso-
nance imaging (MRI), and positron emission tomogra-
phy (PET). Radiomics-derived features, such as shape, 
intensity, texture, and wavelet transforms, serve as imag-
ing phenotypes that reflect underlying ITH [44, 80]. The 
standard radiomics workflow consists of medical image 
acquisition, region-of-interest (ROI delineation (man-
ual or automatic, feature extraction, data management, 
and personalized analytical modeling. Significantly, 
the dataset for imaging collections requires at least 10 
examinations for one sample, as for ROI, it could be 
circled manually or automatically. Typically, datasets for 
radiomics analysis require multiple imaging examinations 
per patient sample to ensure accuracy and robustness. 
The core principle of radiomics is to translate complex 
tumor imaging data—including morphology, pixel/voxel 
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https://gygi.med.harvard.edu/publications/ccle
https://tcgadata.nci.nih.gov/docs/publications/tcga/
https://tcgadata.nci.nih.gov/docs/publications/tcga/


Page 10 of 17Dong et al. Cancer Cell International          (2025) 25:317 

intensity, grayscale values, and gradient patterns—into 
quantitative digital biomarkers that capture tumor het-
erogeneity [58]. Radiogenomics, or imaging genomics, 
expands this concept by linking radiomic imaging pheno-
types to genomic expression profiles. Once established, 
radiomics and radiogenomics datasets facilitate various 
clinical applications, including cancer detection, tumor 
classification, treatment stratification, prognosis predic-
tion, and disease monitoring [63]. Advanced artificial 
intelligence (AI) models further enhance radiomics by 
correlating imaging features with genomic characteris-
tics (gene expression, mutation status, heterogeneity), 
serum biomarkers, histological features, patient clinical 
history, and overall survival outcomes [5, 36, 44]. Pub-
lic repositories such as The Cancer Imaging Archive (​h​t​
t​p​​:​/​/​​w​w​w​.​​c​a​​n​c​e​​r​i​m​​a​g​i​n​​g​a​​r​c​h​i​v​e​.​n​e​t) and initiatives from 
the Quantitative Imaging Network (QIN, ​h​t​t​p​​:​/​/​​i​m​a​g​​i​n​​
g​.​c​​a​n​c​​e​r​.​g​​o​v​​/​p​r​​o​g​r​​a​m​s​a​​n​d​​r​e​s​​o​u​r​​c​e​s​/​​s​p​​e​c​i​​a​l​i​​z​e​d​i​​n​i​​t​i​a​t​i​v​
e​s​/​q​i​n) support standardized data sharing and promote 
collaborative analyses [45, 46]. A recent clinical study 
developed a radiomic model to assess CD8+ immune cell 
infiltration, predicting responses to immunotherapy in 
patients with aggressive solid tumors [89]. Eight radiomic 
features—including first-order intensity measures, sec-
ond-order grayscale characteristics, ROI location (ade-
nopathy and head/neck region), and imaging acquisition 
parameters—were validated against CD8 gene expression 
data, successfully distinguishing immune-inflamed from 
immune-desert tumors (p < 0.0001). Among patients 
receiving immune checkpoint inhibitors, higher baseline 
radiomic scores correlated positively with objective treat-
ment responses and stable disease status at follow-up. 
This CD8+ radiomic model was further validated across 
independent cohorts, highlighting its potential for pre-
dicting tumor immune phenotypes and clinical progno-
sis following anti-PD-1/PD-L1 therapies [32]. Another 
example in non-small cell lung cancer (NSCLC) utilized 
radiomics integrated with pathological immune profil-
ing, distinguishing two immune-related tumor subgroups 
[91]. Tumors characterized by higher immune activation 
(high CD3+ T lymphocyte infiltration, low PD-L1 expres-
sion) displayed lower imaging intensities and higher tex-
ture heterogeneity, correlating with improved clinical 
outcomes. Conversely, tumors with immune-inhibitory 
features (low CD3+, high PD-L1) had higher CT density 
and reduced heterogeneity, associated with poor prog-
nosis [21]. Similarly, radiogenomic approaches combin-
ing imaging with transcriptomics (RNA-seq) have been 
applied to NSCLC, revealing distinct molecular imaging 
signatures [2]. Radiogenomics has also proven valuable 
in breast cancer studies comparing ultrasound imaging 
to RNA-seq-derived gene expression profiles [77]. Path-
way and network analyses demonstrate significant cor-
relations between imaging features and gene expression 

alterations, such as the association of specific ultrasound 
features with TEF1, TEF3, AREG, ARG3, FZD8, IGF1R, 
and CRIPAK gene expression levels [77]. Despite signifi-
cant potential, radiomics still faces technical challenges, 
including variability in image acquisition, lack of stan-
dardized protocols, and difficulties in feature interpret-
ability. Ongoing research efforts focus on multi-center 
harmonization and the development of robust AI-driven 
models to overcome these limitations. In summary, 
radiomics and radiogenomics provide powerful, non-
invasive methods for real-time characterization of ITH. 
These techniques have broad potential in clinical oncol-
ogy for enhancing diagnostic accuracy, therapeutic strati-
fication, and monitoring disease progression. Integration 
with other omics approaches promises further advances 
toward personalized cancer care by linking imag-
ing phenotypes to underlying molecular and genomic 
mechanisms.

Microbiome: exploring host–microbe interactions in tumor 
heterogeneity
While microbial cells in the human body are approxi-
mately equal in number to somatic and germ cells, the 
collective genome of these microorganisms, termed the 
microbiome, significantly exceeds the complexity of the 
human genome [35]. Clinical studies have demonstrated 
that dietary patterns, lifestyle changes, and emotional 
stress gradually affect the composition of the microbiota, 
significantly influencing disease progression [16, 108]. 
Due to the exposure of human gastrointestinal, oral, and 
vaginal tracts to external environments, isolating and cul-
turing specific microorganisms from mixed microbiota 
remains challenging. Recent advancements in next-gen-
eration sequencing (NGS) and computational technolo-
gies enable the characterization of microbial populations 
in a culture-independent manner using metagenomics. 
These approaches provide critical insights into micro-
bial involvement in cancer initiation and progression 
[6]. Accumulating evidence suggests that microbiota and 
their toxic metabolites can induce DNA damage, inflam-
mation, and immune dysregulation, thereby increasing 
cancer susceptibility and impairing therapeutic responses 
[6, 41]. Notably, Helicobacter pylori infection induces 
chronic gastritis, gastric ulcers, and even gastric adeno-
carcinoma via persistent inflammatory responses [52]. 
Similarly, hepatitis B virus (HBV) and hepatitis C virus 
(HCV) contribute to liver cancer, human papillomavirus 
(HPV) causes cancers of the reproductive tract, anus, and 
oropharynx, Epstein-Barr virus (EBV) leads to Hodgkin’s 
and non-Hodgkin’s lymphoma, and human T-cell lym-
photropic virus type 1 (HTLV-1) is responsible for adult 
T-cell lymphoma. All these microorganisms are classified 
as Class 1 carcinogens by the International Agency for 
Research on Cancer (IARC). Interestingly, some studies 
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suggest that H. pylori infection might suppress gastric 
acid reflux and stabilize stomach pH, potentially reduc-
ing the risk of Barrett’s esophagus and esophageal adeno-
carcinoma [99]. These contrasting findings underscore 
the complex roles of microbiota in either promoting or 
suppressing tumorigenesis, emphasizing the necessity 
of comprehensive metagenomic analysis to elucidate 
these mechanisms. Multiple studies comparing intestinal 
microbiota in colorectal cancer patients to healthy indi-
viduals have revealed decreased microbial diversity and 
altered microbial ecosystems, correlating with increased 
cancer risk [54, 66]. Mechanistically, IL-10 knockout 
gnotobiotic mice colonized exclusively by Bacteroides 
vulgatus exhibit moderate colonic tumorigenesis follow-
ing azoxymethane (AOM) treatment, while silencing of 
MyD88, a key inflammatory adaptor protein, prevents 
cancer progression. These results highlight how chronic 
inflammation mediated by the microbiome significantly 
promotes cancer initiation and progression. Microbiota-
induced DNA damage, either through direct microbial 
toxins or indirect production of reactive oxygen species 
(ROS), represents a critical driver of tumorigenesis [105, 
111]. Excess dietary protein is metabolized by bacteria 
such as Firmicutes and Bacteroides species into harmful 
nitroso compounds and electrophilic catabolites, result-
ing in genomic instability and DNA alkylation [13, 19]. 
Additionally, bacterial nitroreductases and nitrate reduc-
tases involved in these metabolic processes also intensify 
inflammatory responses. Furthermore, specific bacte-
rial species and their secreted factors can directly influ-
ence tumor-related signaling pathways. For example, 
Fusobacterium nucleatum secretes the adhesin FadA, 
activating the WNT/β-catenin signaling pathway and 
promoting cancer via methylation-mediated silencing 
of the APC gene. Likewise, enterotoxigenic Bacteroides 
fragilis (ETBF), Salmonella typhi, and H. pylori secrete 
virulence factors activating β-catenin, c-MYC, and JAK-
STAT3 pathways, thereby enhancing tumor proliferation 
and metastasis [62, 101]. These observations suggest sig-
nificant roles for microbiota in modulating ITH. Several 
potential microbiome-targeted therapeutic strategies are 
currently under investigation, including: (1) fecal micro-
biota transplantation (FMT) to enhance the efficacy of 
immune checkpoint inhibitors (anti-PD-1 and anti-PD-
L1), (2) selective antibiotic therapy to inhibit specific 
harmful bacterial populations and reshape microbiota 
compositions, thereby improving chemotherapy out-
comes; and (3) targeted modification of microbial 
enzymes to reduce chemotherapy toxicity or enhance 
drug absorption [61, 84]. Together, these findings demon-
strate that the tumor-associated microbiome contributes 
to intra-tumoral heterogeneity by modulating immune 
responses, inflammatory signaling, and genomic stabil-
ity, and may serve as a promising target for biomarker 

discovery and personalized therapeutic strategies within 
multi-omics frameworks.

Metabolomics: capturing metabolic signatures of tumor 
diversity
Tumor cells undergo significant metabolic reprogram-
ming to sustain rapid growth, generate sufficient energy, 
produce abundant metabolic intermediates, and adapt 
effectively to a fluctuating microenvironment [12, 86]. 
Metabolomics, also termed metabolic profiling, char-
acterizes metabolic alterations associated with cancer 
physiology and tumor progression [103]. Specifically, 
metabolomics involves real-time, quantitative analysis of 
metabolic responses in living systems arising from genetic 
or environmental modifications [102]. Metabolomic 
approaches encompass multiple analytical techniques, 
including mass spectrometry (MS), nuclear magnetic res-
onance (NMR), stable isotope-labeled dynamic metabolic 
profiling (SIDMAP), mass isotopomer distribution analy-
sis (MIDA), electrochemical arrays (EC-array), hydropho-
bic interaction chromatography (HIC), Fourier transform 
infrared (FT-IR) microscopy, and capillary electropho-
resis (CE) [25, 29, 43, 69, 75, 81]. Metabolomic analyses 
can be broadly categorized into untargeted (metabolic 
fingerprinting) methods, which compare experimen-
tal and control metabolite profiles, and targeted (meta-
bolic profiling) methods, which employ isotope-labeled 
metabolites (e.g., 2H or 13C) to quantify specific analytes 
precisely [112]. Metabolomic analyses utilize diverse bio-
logical samples, including tissue biopsies, urine, sputum, 
serum, and fecal extracts, each reflecting distinct meta-
bolic alterations. For instance, urine primarily reflects 
amino acid and nicotinamide pathways, fecal extracts 
indicate alterations in glucose, amino acids, lipids, and 
microbiota metabolism, while sputum predominantly 
reveals amino acid and energy metabolism pathways [81]. 
In one study employing LC–MS analysis of paired human 
prostate cancer samples, researchers reported increased 
NAD metabolites (NMN, NAD, NADP), elevated expres-
sion of genes involved in hexosamine biosynthesis (HK2, 
GFPT1, GNPNAT1, UAP1, OGT), enhanced fatty acid 
β-oxidation, and reduced expression of tumor suppres-
sors (SIRP2, RND2, RND3). NAD metabolism enhances 
reactive oxygen species (ROS) production, hexosamine 
biosynthesis promotes glutamine uptake, and β-oxidation 
supplies energy, collectively accelerating prostate can-
cer proliferation [14]. Additionally, an accumulation of 
S-adenosylhomocysteine (SAH), S-adenosylmethionine 
(SAM), and glycine N-methyltransferase (GNMT)—
an enzyme inhibited by miR-100-5p—was observed. 
GNMT mediates SAM-to-SAH conversion and is impli-
cated as a susceptibility gene due to its role in genome 
instability through regulation of the SAM/SAH ratio 
and interactions with folate metabolism [82]. Another 
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metabolomics-based study involving 28 clinical patient-
derived cancer cell lines (blood, breast, colon, lung, and 
stomach tumors) examined sensitivity to electron trans-
port chain (ETC) inhibitors (piericidin, antimycin A, oli-
gomycin, phenformin). Metabolomic analysis identified 
19 key metabolites, including malate, citrate, fumarate, 
aspartate, and argininosuccinate, which share aspartate 
as a common precursor. Importantly, elevated intracel-
lular aspartate counteracted ETC inhibition by promot-
ing nucleotide biosynthesis through SLC1A3-mediated 
import (a glutamate-aspartate transporter). Compared to 
lactate or acylcarnitines, aspartate was significantly cor-
related with tumor hypoxia, indicating its potential utility 
as a metabolic marker for hypoxic conditions in glio-
blastoma. These findings suggest that hypoxia-induced 
growth suppression in tumors can be partially reversed 
by exogenous aspartate, presenting a potential therapeu-
tic target for addressing tumor hypoxic heterogeneity. In 
conclusion, integrating metabolomics with other omics 
modalities in clinical oncology provides comprehensive 
insights into tumor biology, facilitating the design of per-
sonalized and multi-dimensional therapeutic strategies.

Cross-modal integration and convergent pathways in 
patient stratification
Each omics layer provides a distinct perspective on intra-
tumoral heterogeneity, but recent studies highlight the 
importance of cross-modal integration in uncovering 
convergent pathways that guide functional tumor clas-
sification. Rather than being redundant, modalities like 
genomics, metabolomics, and radiomics often reveal 
orthogonal yet biologically connected insights, offering a 
multidimensional understanding of tumor behavior. For 
instance, the TRACERx renal study revealed chromo-
somal instability and driver mutations associated with 
clonal evolution trajectories [34]. When integrated with 
metabolomic profiling, these genomic subtypes exhibit 
distinct metabolic signatures, including enhanced fatty 
acid oxidation or glutamine dependence—underscoring 
metabolic reprogramming as a functional consequence 
of genomic instability. Likewise, IDH1/2 mutations, 
although identifiable through genomic analysis, correlate 
with the accumulation of the oncometabolite 2-hydroxy-
glutarate, supporting stratification by both mutation sta-
tus and metabolic phenotype [100]. In radiogenomics, 
imaging features like heterogeneous texture or irregular 
boundaries have been linked to molecular alterations 
such as TP53 mutations and VEGF pathway activa-
tion [64]. These imaging-derived biomarkers allow for 
non-invasive prediction of genomic states and serve as 
surrogates when biopsy is impractical or longitudinal 
monitoring is required. Furthermore, integrating epig-
enomic and transcriptomic data with spatial proteomics 
has revealed shared immune evasion pathways—such 

as Wnt/β-catenin activation, consistently observed at 
chromatin, transcript, and protein levels across various 
cancers [49]. This convergence supports pathway-based 
rather than single-variant-based stratification. Collec-
tively, these integrative approaches improve patient strat-
ification by defining functional phenotypes that reflect 
both genetic alterations and dynamic expression or meta-
bolic activity. Future models integrating multi-omics data 
should prioritize shared pathway signatures over isolated 
molecular events to enable more robust and clinically rel-
evant classifications.

Emerging technologies in multi-omics profiling
In recent years, advanced technologies such as spatial 
transcriptomics, single-cell multi-omics, and CRISPR-
based lineage tracing have substantially deepened our 
understanding of ITH. These platforms surpass tradi-
tional bulk multi-omics approaches by integrating spatial, 
temporal, and functional information to enable high-
resolution molecular phenotyping. For example, spatial 
transcriptomics now permits the in situ mapping of gene 
expression while maintaining the native tissue architec-
ture. Gulati et al. developed a multiscale cognitive frame-
work that bridges the single-cell level and spatial tissue 
organization, highlighting the importance of cross-scale 
integration. They proposed that multi-scale omics inte-
gration represents a transformative paradigm for eluci-
dating tissue homeostasis and disease mechanisms [38]. 
Similarly, Mara et al. employed spatial transcriptomics 
and single-cell sequencing to reveal pronounced sub-
clonal heterogeneity and spatially distinct immune dys-
function in extramedullary lesions (EMDs) of multiple 
myeloma [47]. Their findings suggest that the spatial seg-
regation of T-cell exhaustion from activation states may 
influence therapeutic efficacy, though the underlying 
mechanisms remain unclear. Together, these studies illus-
trate the potential of spatially resolved omics technolo-
gies to provide a multiscale systems biology perspective 
on tumor heterogeneity, offering new insights into tumor 
biology and therapeutic response.

The advent of single-cell multi-omics, including 
integrated transcriptome and chromatin accessibil-
ity profiling (e.g., TEA-seq, Paired-seq), has enabled 
high-resolution dissection of tumor ecosystems. For 
example, Zheng et al. identified the molecular signatures 
and spatial organization of functionally heterogeneous 
cancer cells in clear cell renal cell carcinoma (ccRCC) 
by combining single-cell multi-omics with spatial tran-
scriptomics, offering new insights into intra-tumoral 
heterogeneity and informing precision treatment strate-
gies. Concurrently, CRISPR-based lineage tracing—par-
ticularly CRISPR barcoding integrated with single-cell 
omics—has advanced significantly. These technologies 
are redefining tumor profiling by linking spatial origin, 



Page 13 of 17Dong et al. Cancer Cell International          (2025) 25:317 

clonal evolution, and molecular phenotype. Their incor-
poration into multi-omics workflows is critical for 
enhancing spatially resolved tumor classification, cap-
turing therapy-induced clonal dynamics, and informing 
adaptive therapeutic interventions.

Conclusion and perspectives
ITH remains a major challenge in oncology, driving 
tumor evolution, therapeutic resistance, immune eva-
sion, and disease recurrence. This review has sum-
marized how multi-omics technologies—including 
genomics, transcriptomics, epigenomics, proteomics, 
metabolomics, radiomics, and microbiomics—provide 
complementary insights into the genetic, epigenetic, 
functional, and spatial complexity of tumors. Integrated 
multi-omics approaches facilitate a comprehensive sys-
tems-level analysis of ITH, significantly advancing both 
biological understanding and clinical management. A 
critical advantage of multi-omics methods is their abil-
ity to transcend single-dimensional perspectives, offering 
dynamic and high-resolution mapping of tumor ecosys-
tems. Genomics identifies clonal drivers and mutational 
signatures; single-cell transcriptomics reveals lineage 
hierarchies and cellular plasticity; epigenomics elucidates 
regulatory mechanisms; proteomics captures functional 
diversity; metabolomics characterizes biochemical states 
in real-time; radiomics provides non-invasive spatial 

assessments; and microbiomics contextualizes host-envi-
ronment interactions. Together, these techniques repre-
sent a paradigm shift towards integrative oncology.

Despite significant progress in multi-omics strategies 
for characterizing intra-tumoral heterogeneity, several 
challenges continue to hinder their translational poten-
tial. A primary obstacle is data harmonization, as omics 
datasets are often generated using diverse protocols, 
instrumentation, and preprocessing pipelines. This het-
erogeneity undermines integrative analyses and limits 
reproducibility across studies. Additionally, imputing 
missing data in high-dimensional contexts remains tech-
nically challenging, with many current statistical meth-
ods failing to preserve underlying biological signals. From 
an implementation perspective, economic barriers also 
constrain broader adoption. Comprehensive multi-omics 
profiling requires substantial investment in sequencing, 
instrumentation, computational resources, and skilled 
personnel—posing difficulties for resource-limited set-
tings. Regulatory uncertainty further impedes clinical 
translation, as few clear guidelines exist for the approval 
of multi-omics-based diagnostics or stratification tools. 
Concerns about data privacy, algorithm interpretability, 
and generalizability across diverse patient populations 
remain unresolved.

To advance clinical translation, it will be essential to 
develop standardized data formats, interoperable analytic 

Fig. 6  ITH and application of multi-OMICS approaches in cancer biology

 



Page 14 of 17Dong et al. Cancer Cell International          (2025) 25:317 

platforms, and robust cross-modal imputation algo-
rithms. International consortia should prioritize har-
monization initiatives and the creation of benchmark 
datasets. Concurrently, advances in federated learning 
and privacy-preserving computation may help address 
ethical and regulatory challenges. Finally, future stud-
ies should incorporate cost-effectiveness analyses and 
focus on developing scalable, real-world models to enable 
broader clinical integration.

Despite these limitations, recent advances in machine 
learning, spatial single-cell technologies, and biobank-
integrated clinical trials have accelerated the translation 
of multi-omics into clinical practice. Emerging method-
ologies—such as multimodal deep learning, dynamic 
modeling of ITH, and longitudinal sample collection—
promise further insights into tumor evolution over 
space and time. Additionally, the increasing availability 
of large-scale datasets from initiatives such as TCGA, 
CPTAC, and ICGC-ARGO provides extensive resources 
for validation studies and biomarker identification.

In summary, recognizing ITH as a multi-layered, 
adaptive phenomenon and decoding it through inte-
grated multi-omics analyses represent a transformative 
approach in precision oncology. As analytical methods 
continue to mature and costs decrease, multi-omics-
guided profiling of ITH is expected to become standard 
clinical practice, enhancing early diagnosis, dynamic risk 
stratification, treatment selection, and monitoring of 
therapeutic resistance. Achieving this vision requires sus-
tained interdisciplinary collaboration to fully exploit the 
potential of integrated multi-omics for improved cancer 
patient care (Fig. 6).
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