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Abstract: Metastatic cancer is the final frontier in disease progression with few avenues of treatment 

open to patients. The failure of therapeutic options at the end-stage disease is confounded by the 

presence of diverse clones in the metastatic tumor which contributes to intratumoral heterogeneity 

(ITH) resulting in intrinsic and acquired drug resistance. We aim to elucidate the contribution of ITH 

to the development of metastasis with a focus on the origins and molecular mechanisms driving ITH, 

as well as the clinical and technical challenges of acquiring and studying metastatic cohorts in which 

we can investigate this phenomenon. Bioinformatic approaches that could help in silico analysis will 

be discussed which could shed light on how to design new therapeutic strategies for metastatic cancer 

and give hope to patients living under the shadow of the sword of Damocles. 
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1. Introduction 

Cancer is a formidable global health concern, claiming 9.7 million lives in 2022 [1]. Despite the 

significant research efforts and financial investments in managing cancer patients, instances of cancer 

relapses and treatment failure continue to persist. One of the major causes for poor prognosis and 

increased mortality rates among cancer patients is metastasis [2]. A SEER database study revealed 

that from 1992 to 2019, 1 million patients were diagnosed with metastatic cancer and 80.9% 

succumbed to the disease. This underscores the immense burden of metastasis, a complex multistep 

process that involves migration of cells from the primary tumor to local or distant parts of the body, 

giving rise to secondary tumors [3,4]. To survive the fraught metastatic journey, tumor cells undergo 

a series of changes which includes loss of cell-cell adhesion, acquisition of mesenchymal 

characteristics, entry into microvasculature of the circulatory systems and successful colonization at 

a secondary site. Concurrently, metastatic cells also interact with the components of tumor 

microenvironment (TME) and evade immune surveillance of the host immune system. Due to these 

immense selective pressures, only a small subset of cells within the primary tumor successfully 

metastasize to distant sites [4]. Alongside tumor evolution, the metastatic potential of selective cancer 

cells is  determined by intratumoral heterogeneity (ITH) [5,6].  

ITH refers to the presence of distinct cancer cell populations within a tumor that exhibit different 

phenotypic and genotypic properties as a result of intrinsic and extrinsic factors [7]. Intrinsic factors 

include genetic mutations, transcriptomic, epigenetic and translational modifications that help in 

remodeling the cellular machinery of tumor cells, giving rise to distinct phenotypes. On the other 

hand, extrinsic factors are the components of the TME like stromal cells, cancer-associated fibroblasts 

(CAF), tumor-associated macrophages (TAM) and signaling molecules (chemokines, cytokines), 
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which influence immune cell activity,  create hypoxic conditions, alter vasculature, affect tumor cell 

metabolism and help establish a pre-metastatic niche [7]. Together, these factors significantly 

contribute to mechanisms driving metastasis [8,9]. An example of a prominent biological program is 

epithelial-mesenchymal transition (EMT), that enables selected epithelial cancer cells to acquire 

mesenchymal properties, like enhanced migratory capacity and invasiveness that are critical for the 

metastatic process. Among the heterogenous tumor populations, the ability of a few epithelial cells 

to undergo EMT is dependent on the expression of transcription factors (SNAIL, TWIST, and ZEB), 

proteins (N-Cadherin, Vimentin), hypoxia inducible factors (HIFs) and cytokines (like TGF-β) [8]. 

Therefore, the selection of these rare, metastatic cells, is strongly influenced by the inherent property 

of ITH.  Furthermore, ITH is implicated in giving rise to distinct phenotypes within the metastatic 

cells.  In a particular study, Brown et al. isolated single-cell clones from the SUM149PT human breast 

cancer cell line and evaluated the metastatic ability of cancer cells, using a multiomics approach. 

Findings of the study revealed that the cancer cells exhibited an EMT spectrum, which included 

subpopulations depicting epithelial (E), intermediate EMT (EM1, EM2, EM3) and mesenchymal (M1, 

M2) phenotype. The intermediate EMT cells characterized by the increased expression of CBFβ 

protein, exhibited a 2- to10-fold higher migratory and invasive ability than the mesenchymal cells. 

Furthermore, lung metastases obtained from surgical resection of mice injected with the SUM149PT 

cell line, revealed different EMT phenotypes contributed by intermediate EMT cells as opposed to 

epithelial and mesenchymal clones. The EM1 formed a mixture of micro and macrometastases, 

whereas the EM2 and EM3 phenotypes predominantly contributed to micrometastases and 

macrometastases respectively. This study clearly demonstrates that phenotypic heterogeneity within 

EMT states can impact the metastatic progression and disease outcomes [9].  

ITH is also recognized as a leading cause of poor prognosis and therapeutic failure among 

metastatic patients [10]. The heterogeneity within a tumor creates subpopulations exhibiting varying 

drug sensitivities, that escape the effects of cancer therapy, resulting in the survival of rare, resistant 

cells [10–13]. An example of ITH contributing to drug resistance is illustrated by a study [12], which 

evaluated the dynamics of drug-resistant cells among colorectal cancer (CRC) patients. Single-cell 

RNA sequencing (scRNA-seq) and Fluorescence activated cell sorting (FACS) of 2-dimensional 

patient organoids (2Do) revealed heterogeneous populations of cells (POU5F1-positive and POU5F1-

negative cells) exhibiting differential expression of POU5F1.  In vitro administration of anticancer 

drugs to 2DOs showed a higher proportion of chemo-resistant POU5F1-positive cells towards the 

end of drug treatment as compared to the POU5F1-negative cells. While POU5F1-negative cells 

showed no liver metastases (0/4), POU5F1-positive cells demonstrated a significantly higher 

metastatic potential (4/4), along with upregulation of the Wnt/β-catenin signaling pathway. 

Treatment with Wnt/β-catenin pathway inhibitor called XAV939, notably reduced β-catenin 

expression in the chemoresistant POU5F1-positive cells and lead to tumor shrinkage, suggesting the 

pivotal role of ITH in the development of drug resistance and underscores the potential of targeted 

therapy among metastatic patients.    

While considerable research has highlighted the role of intratumoral heterogeneity (ITH) in 

metastasis and drug resistance, there remains significant gaps in understanding the molecular 

mechanisms of ITH and its prominent contribution to metastatic progression and treatment failure. 

This review aims at improving our understanding of metastatic ITH, addressing the technical 

challenges in the field and exploring new avenues of treatment for managing metastasis. 

2.1. Intratumoral Heterogeneity Promotes the Metastatic Cascade 

ITH as a phenomenon, has been corroborated across cell lines, animal models and clinical 

cohorts in various metastatic cancers including breast cancer, lung cancer, colorectal cancer, liver 

cancer, prostate cancer and melanoma [9,12,14–16]. For instance, Fujino et al., identified two distinct 

subpopulations with varying metastatic potentials (POU5F1-low and POU5F1-high cells) in 2D 

organoids obtained from colorectal cancer patients [12]. Peng et al., observed two ductal cell types 

(type 1 and 2 ductal cells) exhibiting different transcriptomic profiles, in tumor samples obtained 
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from Pancreatic ductal adenocarcinoma (PDAC) patients [15]. These cells differed in gene expression, 

proliferative rate and migratory potentials. The type 1 ductal cells were relatively normal and present 

in both non-cancerous and neoplastic tissues, whereas type 2 ductal cells were malignant [13]. 

Hapach et al., isolated two distinct subpopulations of circulating tumor cells (weakly migratory and 

highly migratory) in the human metastatic breast cancer cell lines MDA-MB-231 based on migration 

abilities [16]. A computational study on CRC liver metastases revealed five distinct clusters of de 

novo liver metastasis subtypes (LMS1 – LSM5) which exhibited different EMT phenotypes, based on 

gene expression (like TP53, KRAS, NRAS, and BRAF) [9]. These studies highlight the contribution of 

ITH in metastatic progression and emphasize the need to study factors mediating ITH in metastatic 

cells. 

ITH can be studied at genetic, transcriptomic, epigenetic and post-translational levels, all of 

which contributes to the underlying intrinsic factors.  At the genetic levels, two types of mutations 

(driver mutations and passenger mutations) can lead to heterogeneity. Driver mutations are genetic 

alterations that provide a selective advantage to cancer cells and directly contribute to tumor 

initiation and progression. These mutations are positively selected and emerge as dominant clones 

in most primary cancers. Examples of driver mutations include variations in genes like TP53, PTEN, 

PIK3CA, MAPK. On the other hand, passenger mutations do not confer selective advantages but are 

considered as the main source of clonal diversity in established tumors [13,14]. Together, these 

mutations contribute to genetic heterogeneity, which is said to play a pivotal role in driving 

metastasis. A study conducted by Wang et al. analyzed the genomic instability in primary lung 

adenocarcinoma (LP) and matched brain metastasis (BM).  Analysis of Somatic copy number 

alteration (SCNA) burden revealed a significantly higher genomic instability and upregulation of 

EGFR and SMAD4 genes in BM (p=3.8e-05) as compared to LP tumors. This indicates that continual 

accumulation of these genomic instability variants in LP resulted in selection of few metastatic cells 

seeding BM. Furthermore, genetic ITH score was found to be greater than 1 in 77% patients with BM 

as compared to LP, which implies genetic heterogeneity expands in the course of metastatic 

progression [11]. Therefore, analyzing genetic ITH is essential for identifying rare gene variants 

within a tumor which may contribute to metastasis. Using a multiomics approach, Roper et al. 

analyzed samples from rapid autopsies of metastatic thoracic tumors (lung adenocarcinoma and 

thymic carcinoma) and observed an aggressive phenotype characterized by a high percentage of 

APOBEC3 germline variants. These variants were in turn upregulated by TP53 gene mutations and 

signals from Interferon gamma (IFN-γ) induced APOBEC expression, which also highlights the role 

of tumor immune microenvironment in driving ITH [17].  

Besides genetic mutations, variations in gene expression profiles can also affect the metastatic 

potential of tumor cells. By sequencing whole genomes and paired transcriptomes procured from 

surgical cohorts for hepatocellular carcinoma (HCC), Zhai et al. revealed high level of phenotypic 

ITH in stage II cancer patients on account of multiple transcriptomic variations. Among the 67 

patients, 30% exhibited more than one RNA subtype (mixed transcriptomic subtypes) which showed 

a more aggressive phenotype (upregulated cell cycle) as compared to the rest HCC patients 

(downregulated cell cycle and less aggressive phenotype) [18]. Similarly, scRNA-seq of HER2 breast 

cancer revealed a transcription factor (ZFP281) responsible for two prominent phenotypes within 

disseminated cancer cells (DCC). Upregulation of ZFP281 in DCCs induced a mesenchymal-like 

dormant phenotype leading to early lung metastasis outgrowth. Downregulation of ZFP281 and 

CDH11 resulted in loss of an invasive mesenchymal phenotype within the DCCs [19]. Winkler et al. 

analyzed the single-cell transcriptomes of primary tumor and matched metastasis from patient-

derived xenograft (PDX) models of breast cancer which showed profound transcriptional differences 

between the tumors. Based on the expression of EMT markers and genes involved in immune 

regulation, the primary tumor cells were further classified as poorly metastatic (downregulated 

expression of EMT markers, high immune cell regulation), intermediate metastatic and highly 

metastatic (upregulated markers of EMT, low immune cell regulation). Furthermore, Kaplan-Meier 

plotter revealed that the intermediate EMT phenotype, characterized by upregulation of 5 marker 
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genes (CD24, CRYAB, KRT15, CALML5, and S100A2) was particularly correlated with worse patient 

outcomes (p=1.2e-5) [20]. Therefore, identifying the transcriptomic signatures of this phenotype could 

help in identifying potential new therapeutic targets to prevent metastatic development.  

In recent years, researchers have identified the critical role of epigenetic modifications like 

altered DNA methylation, histone modifications and chromatin remodeling in influencing gene 

expression and resulting in distinct phenotypes [13]. For instance, Hua et al., investigated the 

heterogeneity in SCNAs and DNA methylation among 84 lung adenocarcinoma patients. The degree 

of ITH within the SCNAs was quantified using a statistical association index (APITH) and the 

survival risk was estimated using the Cox proportional-hazards model. The APITH index was higher 

in patients showing high levels of SCNAs and methylation profiles indicating a high level of ITH. 

Additionally, the Cos proportional-hazard model indicated that patients showing higher methylation 

profiles characterized by significantly altered CpG island methylator phenotype were associated with 

risk of distant metastasis (HR = 1.35, 95% CI = 1.07–1.72, p = 0.012) and poor overall survival 

(HR = 1.27, 95% CI = 1.05–1.55, p = 0.016), highlighting the key role of epigenetic modification in 

driving metastatic potential [21].  

Protein expression is the ultimate goal of gene translation and is said to be a critical source of 

ITH. Given that proteins are the final effectors of all cellular pathways, they often serve as critical 

targets for therapy. Therefore, it is essential to understand the heterogeneity in protein expression 

and its role in metastasis. Based on the expression of protein markers, weakly migratory and highly 

migratory circulating tumor cells were obtained in the human metastatic breast cancer cell lines 

MDA-MB-231. Transwell migration assay confirmed that these populations exhibited different 

metastatic potential. The weakly migratory subpopulation showed higher metastatic ability and were 

characterized by depletion of a protein called E-cadherin, whereas the highly migratory 

subpopulation showed lower metastatic ability and was marked by higher E-cadherin expression 

[16]. This highlights the role of differential protein expression in influencing the migratory and 

metastatic abilities of tumor cells. In a comprehensive study, high level of heterogeneity among 

proteins involved in cell-cycle progression was observed in the bone metastases (BM) as compared 

to prostate cancer. The bone metastases were further classified into two distinct phenotypic 

subgroups based on differential protein expression. The BM 1 group exhibited higher levels of 

Prostate-specific antigen (PSA) and low levels of minichromosome maintenance protein 3 (MCM3) 

whereas the BM 2 group tumors were enriched in cell proliferation processes like DNA replication, 

mitosis, and mRNA processing and showed high MCM3 and low PSA expression. Kaplan–Meier 

analysis implied that patients with BM2-like metastases had shorter survival times after first therapy 

compared to the BM1-like group, indicating that protein heterogeneity in metastatic tumors is critical 

for therapeutic interventions for prostate cancer [22].  

In addition to the intrinsic factors, the role of TME is critical in driving ITH and disease 

progression. A study conducted by Zou et al., investigated the effect of anti-PD-1/L1 immune 

checkpoint therapy in metastatic breast cancer sites.  Post therapy, a higher percentage of immune 

resistant cells were found in liver and brain metastasis, which were attributed to the immune TME. 

The immune metastatic environment reprogrammed the immunosuppressive cells such as FOXP3+ 

regulatory T cells, LAMP3+ tolerogenic dendritic cells in liver and brain metastases compared to the 

other sites, leading to chemoresistance [23]. In vivo isotope tracing analysis in PDX of melanoma 

patients revealed populations exhibiting different levels of lactate and Monocarboxylate transporter 

1 (MCT1), impacting the metastatic potential. The efficient metastatic cells showed higher levels of 

MCT1 and uptake of lactate, whereas inefficient metastatic cells showed inhibition of MCT1 and 

reduced lactate uptake. Knockdown of MCT1 in mice models resulted in reduced metastatic burden, 

indicating that MCT1 could also be a potential target for cancer therapy [24]. Similarly, a study on 

colorectal cancer liver metastases revealed five distinct clusters of de novo liver metastasis subtypes 

(LMS1 – LSM5) which exhibited different EMT phenotypes, based on gene expression (TP53, KRAS, 

NRAS, and BRAF). Contrary to findings of other studies, which associate high level of heterogeneity 

with poor prognosis [9,10,16], Principle Component Analysis confirmed that LMS1, which was the 
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least heterogeneous subtype, exhibited epithelial phenotype and was associated with worse survival 

outcomes of LMS patients [14]. This could imply that the impact of ITH on metastatic progression is 

dependent on the cancer-type or external signals from the TME can also impact the disease. While 

LMS2, LMS3 and LMS4 subpopulations exhibited a transit amplifying phenotype, LMS5 was the only 

mesenchymal-like subtype, that showed high levels of transcriptomic heterogeneity which was in 

turn influenced by stromal and immune cell infiltration from the TME [25]. Therefore, in addition to 

genetic mutations, the interactions between tumor cells and the surrounding TME is equally 

important in driving phenotypic heterogeneity and outcomes in metastatic patients. 

 

Figure 1. Molecular drivers of intratumoral heterogeneity in metastasis. Intratumoral heterogeneity is governed 

by four major molecular drivers: Genetic mutations, transcriptomic, epigenetic and translational modifications, 

which gives rise to distinct phenotypes within tumor cells during metastasis. Genetic mutations include point 

mutation in genes like TP53, APOBEC , PIK3CA and chromosome breakage in genes like CXCL2 leading to 

upregulation of prominent metastatic pathways which can be studied using Single-cell DNA sequencing. 

Transcriptomic modifications include dysregulation of transcription factors like miR-600, TWIST, SNAIL and 

ZEB, can be studied using Single-cell RNA sequencing. Epigenetic modifications include hypermethylation in 

the CpG islands of genes like c-myc, KRAS and BRCA1 studied using Single-cell ATAC sequencing and 

translational modifications dysregulation of proteins VEGF, HER2, TMEM97 and FEAT can be studied using 

Single-cell Proteomics profiling. 

2.2. Implications of Intratumoral Heterogeneity in Therapeutic Resistance 
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Drug resistance is a complex, multifaceted phenomenon by which tumor cells develop tolerance 

to cancer therapy [26]. It is a major factor responsible for cancer relapse and one of the leading causes 

of cancer related death. Drug resistance is categorized into two types: - intrinsic resistance and 

acquired resistance. Intrinsic resistance is the inability of the cancer cells to respond to treatment, due 

to mutations of driver genes as well as selective pressures from the TME [24,26–28]. On the other 

hand, acquired resistance happens when tumor cells develop resistance to the treatment, upon 

prolonged exposure to the drug, eventually leading to relapse. The tumor cells enter the quiescent 

phase to escape chemotherapy and develop resistance over time [26]. The major mechanisms leading 

to the two types of drug resistance include activation of drug efflux pumps, alteration in structures 

of transporters present in the plasma membrane, interactions from the tumor microenvironment like 

hypoxic conditions induced by reactive oxygen species (ROS), altered glucose metabolism and 

increased paracrine signaling of Tumor Associated Macrophages. Few studies have demonstrated 

how these mechanisms, coupled with the inherent ITH, leads to drug resistance in metastatic cancer 

[14,16–21,25,26,29]. For instance, Ryl et al., suggested that oncogene MYC expression levels influence 

the response of patient-derived neuroblastoma cells to the first-line chemotherapy, 

doxorubicin. Post-treatment, two heterogeneous sets of populations (low and high MYC-expressing 

cells) exhibited different mechanisms of resistance, based on MYC gene levels. The low-MYC cells 

entered therapy-induced senescence whereas the high-MYC cells continued to proliferate during 

chemotherapy. The response of high-MYC cells was attributed to position of cells in the cell cycle (G1 

phase), before the treatment. This study indicates the role of therapeutic pressures in influencing ITH, 

leading to the emergence of drug-resistant populations [28]. Similarly, Yang et al. used Shannon 

index (mathematical model used to measure heterogeneity) to predict the association between ITH 

and clinical outcomes among Triple-negative breast cancer (TNBC) patients. The ITH of each tumor 

was characterized by calculating the Copy number variations (CNVs) of Myc, Epidermal growth 

factor and cyclin D1. Patients suffering from metastatic TNBC showed higher shannon weiner indices 

for all the biomarkers and was significantly associated with worse metastasis-free survival (MFS) 

(p<0.05) [30].  McMahon et al. studied the ITH in acute myeloid leukaemia (AML) and found 

subclones that developed resistance after treatment with FLT3 inhibitors. These clones were 

characterized by the accumulation of RAS/MAPK mutations [31].  Brady et al. identified a subset of 

amphicrine tumor cells (AR+/NE+, androgen receptor and neuroendocrine) that were resistant to the 

classic androgen receptor (AR)-directed therapy for treating metastatic prostate cancer. These cells 

were characterized by the overexpression of splice variants of the AR, (in particular, AR-V7) as 

determined by RNA sequencing [32]. Thankamony et al., isolated two tumor cell populations (T1 and 

T2) exhibiting distinct morphology and phenotypes from primary tumors of  4T1 TNBC mice model. 

Phenotypic characterization revealed that the T1 cells exhibited higher proliferative ability, reduced 

self-renewal capacity and were associated with an aggressive disease outcome, compared to the T2 

cells [33]. Bioinformatic analyses showed that Metastasis associated colon cancer 1 (Macc1) was one 

of the top candidate genes mediating the aggressive phenotype in the T1 tumor cells, which could be 

potentially targeted in the future for improving TNBC treatment regimens [23]. These studies suggest 

that investigating ITH associated with metastatic phenotypes can help in identifying critical targets 

for managing metastatic cancer patients.   
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Figure 2. Mechanisms of intrinsic and acquired drug resistance. Drug resistance is classified into two types: 

clinical intrinsic resistance and clinical extrinsic resistance. Clinical intrinsic resistance is the inability of the 

cancer cells to respond to treatment, due to mutations of driver genes as well as selective pressures from tumor 

microenvironment. Clinical acquired resistance occurs when tumor cells develop resistance to the treatment, 

upon prolonged exposure to the drug, eventually leading to relapse. Several mechanisms leading to the two 

types of drug resistance are as follows: genetic mutations (BRACA, PIK3CA, KIF20A, PARP1) and epigenetic 

modifications (e.g. alternate splicing leading to overexpression of splice variants of genes like MCL-1, VEGF) 

leads to uncontrolled cell division, tumor proliferation, inability of cells to undergo apoptosis and reduced 

sensitivity to chemotherapy and endocrine therapy. Activation of drug efflux pumps (e.g. ATP-binding cassette 

[ABC] transporters) and alteration in structures of transporters present in the plasma membrane leads to 

decreased drug uptake by cancer cells. The ABC transporters actively pump out xenobiotics through ATP 

hydrolysis and reduce intracellular concentrations, leading to multidrug resistance (MDR) in cancer and 

treatment failure. Interactions from the TME like hypoxic conditions induced by Reactive oxygen species (ROS), 

altered glucose metabolism (e.g. altered expression of enzyme like GLUT and upregulation of glycolytic 

pathways) and increased paracrine signaling of TAMs leads to an immunosuppressive environment, rendering 

immunotherapy ineffective. 

2.3. The Role of Tumor Evolution in Driving Intratumoral Heterogeneity in Metastasis 
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Tumor cell heterogeneity evolves progressively as the tumor continues to grow, therefore tumor 

evolution plays a critical role in driving ITH. Several theories have emerged explaining how 

heterogenous cells arise within a tumor [34,35]. The clonal evolution theory, proposed by Peter 

Nowell in 1976, posits that mutations gradually accumulate within a single cancer cell that undergoes 

cell divisions to form distinct cell lineages [34]. Through natural selection, these subclones continue 

to acquire mutations, expand under selective pressures imposed by cancer therapy or eventually 

become extinct. The rare competent clones that survive the multiple pressures comprise of diverse 

subpopulations leading to ITH in primary tumor. As the tumor evolves, more mutations are acquired 

which can result in the selection of a few clones showing higher invasive ability and can potentially 

lead to metastasis. An example of this theory is indicated in a computational study where researchers 

identified a rare ancestral primary tumor subclone that was responsible for seeding metastasis in 

breast cancer patients. This subclone constituted only about 2% of the primary tumor cells but was 

detected in 29% metastatic breast cancer patients. Two significant mutations (PEAK1 K140Q and 

LRP5 A65V) acquired by this subclones were implicated in enhanced cell migration and metastatic 

potential compared to rest of the tumor cells [35].  

Although these mutations were thought to have been responsible for survival of the subclones, 

this could likely be a random event rather than inherent fitness. This hypothesis could be further 

investigated using lineage tracing strategies, which allows for the tracking of the timing of 

dissemination of heterogeneous tumor cells. This hypothesis was put forward into two models called 

the early and late dissemination models. The early dissemination model predicts that cells from the 

primary tumor disseminate at a very early stage of tumor development or even before the clinical 

manifestation of the primary tumor. These DCCs remain dormant for extended periods, before 

migrating and colonizing the secondary sites. During the dormancy state, these cells could acquire 

mutations and continue to evolve, resulting in subpopulations exhibiting different genetic and 

phenotypic profiles, leading to ITH [14]. For instance, single-cell RNA sequencing of HER2-, HER2+ 

EL (early lungs) and HER2+LL (late lungs) DCCs revealed a transcription factor (ZFP281) driving 

early dissemination of cancer cells as well as inducing dormancy like state within a cluster of early 

DCCs [19].  On the other hand, the late dissemination model is the more widely accepted theory 

which suggests that DCCs will migrate once the tumor has attained significant size and invasive 

potential. The dissemination, therefore, happens at a later stage, where the tumor exhibits advanced 

neoplastic properties, giving rise to fully malignant late DCCs. These late DCCs acquire higher level 

of mutations and exhibit a more aggressive phenotype among metastatic patients [14]. An example 

of this theory was shown in a phylogenetic study that illustrated differences in genomic signatures 

between primary Osteosarcoma and matched pulmonary metastatic tumors in patients using 

multiregional whole genome sequencing. The metastatic tumors exhibited higher levels of germline 

mutations in DNA damage response genes (like MMR gene) as compared to the primary tumors. 

Phylogenetic analysis further revealed that these mutations occurred due to late dissemination of 

tumor cells,  which drove a more aggressive phenotype in pulmonary metastatic cancer cell [36]. 

Therefore, the late dissemination model, for most instances suggests that late DCCs contribute to 

aggressive tumors.  

The cancer stem cell (CSC) model is one of the most studied models which provides a paradigm 

for understanding ITH in metastatic cancer as well as therapeutic resistance.  CSCs are a subset of 

cells within the tumor that are characterized by the ability to self-renew and differentiate into various 

cell types. This model suggests that tumors are hierarchically organized, with CSCs residing at the 

apex. As these cells differentiate, a small fraction of the CSCs can initiate and sustain tumor growth 

leading to distinct phenotypes [37]. CSCs was first reported by Lapidot et al. in acute myeloid 

leukemia, where a small group of CD34+CD38− tumor cells exhibited a phenotype similar to that of 

hematopoietic stem cells and showed a greater propensity towards tumor initiation.  CSCs usually 

reside at the hypoxic core of the tumor in a quiescent state and are responsible for tumor recurrence 

or relapse post-therapy. Tabuchi et al. identified two distinct subclonal populations (sphere-like S 

and Leukemia-like LL clones) within CSCs in uterine endometrial carcinoma and classified them 
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based on different proliferation rates and response to chemotherapy. Transcriptomic analysis (SAGE-

seq) revealed that S clones are chemoresistant cells, less tumorigenic and show upregulated MAPK 

pathway, whereas L1 clones are highly tumorigenic and sensitive to chemotherapy [38]. Therefore, 

potential targets against the resistant CSCs can help in improving the efficacy of metastatic cancer 

therapeutic modalities. 

2.4. Current Technologies and Computational Models to Study Heterogeneity in Metastasis 

At present, identifying cells with varying metastatic potential and understanding the arrival of 

these resistant tumor cells, remains a major obstacle in cancer research. Moreover, recreating tumor 

models that mimic the physiological complexity of ITH in the context of the human body, has been 

an onerous task [39]. Nonetheless, some of the technical hurdles have been addressed through recent 

advancements in model systems and improvised technologies to investigate the dynamics of 

metastasis and therapeutic resistance. Some of the model systems that include PDX, genetically 

engineered mouse models (GEMM), bioprinting models, organoids, biomimetic tumor models and 

chip-on-chip models, that have also been modified to account for extrinsic factors in the TME. For 

instance, the traditional GEMM models failed to account for the Microsatellite instability subtype of 

gastric cancer. Through electroporation and the use of CRISPR-Cas9, researchers developed a new 

mouse model that accounted for all subtypes of metastatic gastric cancer. This new GEMM model 

called Electroporation-based Genetically engineered mice models (EPO GEMMs) are 

immunocompromised transgenic mice that spontaneously develop malignancies at the site of 

electroporation by inducing somatic mutations [40,41]. PDX is another model system in which tumor 

tissues from patients are implanted into immunocompromised mice [42,43]. The PDX model was 

used to study sequential treatment of PARP inhibitor olaparib and the chemotherapy drug oxaliplatin 

in metastatic colorectal cancer patients [44].  BEHAV3D is an example of a multispectral, 3D image-

based platform which was used to track the separation of metabolome-sensing engineered T cells 

(TEG) of breast cancer into nine subpopulations, each exhibiting unique behavioral patterns (ranging 

from inactive to active mobility). Thus, the researchers were able to demonstrate nine unique 

phenotypes. This model can be used to devise a mode of action of cellular immunotherapy by 

predicting engineered T cell behavior within specific culture conditions [45]. In another study, a 

biomimetic model, ductal tumor-microenvironment-on-chip (dT-MOC), was designed to study EMT 

and the local invasion in Pancreatic Ductal Adenocarcinoma. This model comprises a microfluidic 

platform with a duct of murine genetically engineered pancreatic cancer cells embedded within a 

collagen matrix. The model demonstrated differential expression of biomarkers with eKIC cells 

expressing high levels of E-cadherin (Cdh1) and low levels of the EMT marker Snail. In contrast, mKIC 

cells exhibited high levels of Snail, low levels of Cdh1 and an exclusive mesenchymal phenotype. This 

E-cadherin suppression suggests that mesenchymal subtypes of cancer cells can have an effect on 

other epithelial subtypes and enhance the EMT of epithelial subtypes of cancer cells [39]. 

These model systems coupled with single cell profiling tehcnologies was used to first study ITH 

at genomic, transcriptomic, epigenomic and proteomic levels in cellular populations [41,46]. By 

amplifying DNA within individual cells, single-cell genomic techniques like multiple displacement 

amplification (MDA), multiple annealing and looping-based amplification cycles (MALBAC) and 

degenerate oligonucleotide-primed PCR (DOP-PCR), allowed in studying the de novo germline 

mutations and somatic mutations within cancer cells. In one study, topographic single cell 

sequencing (TSCS) was used to analyse genomic copy number of tumors to validate multiclonal 

invasion model of breast cancer evolution (from ductal carcinoma in situ to invasive ductal 

carcinoma). Single-cell DNA sequencing (scDNA-seq) was also used to understand the clonal 

evolution leading to the acquisition of resistance to FLT3 inhibitors in acute myeloid leukemia (AML) 

and accumulation of somatic mutations in B lymphocytes of B cell cancers [31,47]. 

Single cell transcriptomic sequencing measures transcript levels within a cell (scRNA-seq) or a 

variety of cells (bulk RNA-seq), and are by far the most widely used conventional methods to study 

ITH at transcriptomic level. scRNA-seq techniques like Smart-seq3, Smart-seq24, Quartz-Seq5, 
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RamDa-seq7 and CEL-seq6 have been developed to measure mRNA from a single cell in a stable 

environment. Protocols to enable efficient handling of RNA from millions of single cells have been 

developed using microdroplet technology (Drop-Seq8 and DroNc-seq9) and microwell technology 

(Nx1-seq11 and Seq-Well12). Using scRNA-seq, Chung et al. also studied heterogeneity in Tumor-

infiltrating lymphocytes among breast cancer using [48]. Tirosh et al. used scRNA-seq to quantify the 

T cell exhaustion programs within CD45+ and CD45− in each patient suffering from melanoma, 

which can be used to improve immunotherapy strategies [49]. Kashima et al. conducted scRNA-seq 

of lung cancer cell lines stimulated by receptor tyrosine kinase inhibitors and observed different 

transcriptional responses to the drug among sensitive and insensitive cells, thereby highlighting early 

resistance responses like dormancy [46]. scRNA-seq has also been used to identify progenitor cancer 

cell populations obtained from primary mammary and lung tumor and metastatic cells in PDX. 

Furthermore, this technology enabled characterization of resistant genotypes that existed prior to 

neoadjuvant chemotherapy and transcriptional programs that emerged after chemotherapy in TNBC 

tumors [41]. Single-cell cellular indexing of transcriptomes and epitopes by sequencing (scCITE-seq) 

is another technique that was used to identify different PD-L1/PD-L2+ macrophage populations and 

to study their interactions with stromal immune microenvironment in breast cancer metastasis. 

Moreover, this technique helped in showing differential expression of protein surface markers 

(CD117, CD49F and CD81) in primary and metastatic melanoma cells [50,51]. 

Recently, single-cell epigenomic sequencing technologies have enabled us to study epigenetic 

modifications like DNA methylation, chromatin accessibility, histone modification and chromatin 

structure, which play a critical role in ITH. For instance, single-cell chromatin immunoprecipitation 

followed by sequencing (scChIP-seq) has been designed which uses a droplet microfluidics-based 

procedure known as Drop-ChIP55, allowing identification of subpopulations based on unique 

chromatin signatures of pluripotency and histone modifications within Mouse embryonic stem cells 

(mEScs) and Mouse embryonic fibroblasts (mEFs). It was found that MEFs are lineage committed 

cells with a constrained chromatin state whereas MESc chromatin has a more accessible and plastic 

state [46]. Grosselin et al. used scChIP-seq to study the chromatin modulation contributing to ITH in 

PDX of breast cancer. The PDX treated with chemotherapy,  resulted in chemosensitive and 

chemoresistant cell populations and both of which shared a common chromatin signature called  

H3K27me3 landscapes [52].  

Single-cell proteomic sequencing technologies like CyToF, a method based on mass cytometry, 

was used to analyze the expression of surface and intracellular proteins by using antibodies tagged 

with metal labels [53]. Multiple studies have used a combination of aforementioned techniques and 

designed computational models to analyse the overall data. In combination with scRNA-seq, 

scATATC seq uncovered the intra cell- line heterogeneity at transcriptomic and epigenetic level in 

cancer cell lines among different tissue origins on account of CNVs, transcription factors like IRF1, 

IRF 2, STAT2 and extrachromosomal circular DNA [50,54]. The data obtained from  scDNAseq was 

used to formulate a probability mixture model called sc clone to identify five distinct sub-clones in 

metastatic colorectal cancer [54]. 

Although single cell profiling technologies like scRNA seq, scATAC-seq, scCITE-seq allow 

characterization of tumor-specific cell types, as well enables studying the genetic, epigenetic, 

transcriptomic and proteomic modifications at the single-cell level, they do not account for physical 

organization of cells and excludes the cell specific interactions with extracellular matrix. To overcome 

these limitations, spatial profiling technologies have been developed that are capable of profiling 

gene expression levels in situ and analyzing the sub-clonal populations and their interactions within 

TME [50,55–57]. In recent years, both the technologies are used simultaneously  (collectively termed 

as multiomics technology) to monitor critical stages of metastatic setting, including clonal and 

populations of primary tumor cells which escaped and invaded the local/distant parts of the body 

and tracing evolutionary origins of the sub-clonal populations [58]. The spatial profiling technologies 

can be broadly classified into Spatial Transcriptomic technologies and Spatial Proteomic analyses 

[59]. Spatial Transcriptomic profiling technologies use transcripts to monitor heterogeneity on spatial 
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scale and this can be done using Imaging-based methods and In situ capture-based methods. 

Imaging-based methods like Multiplex imaging technologies capture high spatial resolution of 

thousands of images and can resolve the precise position of individual RNA molecules in tissue 

sections. In one study, it was used to track intratumoral differences in immune cell compositions in 

metastatic prostrate cancer [25]. MALDI-MS (matrix-assisted laser desorption ionization mass 

spectrometry imaging) was used to study metabolic heterogeneity within tumor microenvironment 

of breast cancer. MIBI-TOF (multiplexed ion beam imaging by time-of-flight) was used to classify 

TNBC into compartmentalized (exclusively tumor cells or immune cells, characterised by PD-1 

expression on CD4+ T cells and PD-L1 expression on myeloid derived cells in the tumor–immune cell 

boarder) or mixed tumors (spatial mixing of immune cells and tumor cells, which had PD-L1 

expression on tumor cells and PD-1 expression on CD8+ T cells) [27]. MERFISH platform enabled 

identification of two different populations of RNA (cell cycle-dependent and independent) inside the 

same tumor cell [60]. CosMx was used to compare TAMs in primary tumors and metastases ( breast 

cancer, colorectal cancer). In another study, it helped in identification of  10 unique tumor 

microenvironments within non-small cell lung and breast cancer, providing strong evidence of 

spatial heterogeneity inside a single cell. On the other hand, in situ capture-based technologies 

sequence the entire protein-coding transcriptome, thereby enabling us to have a better understanding 

of cellular mechanisms.  Using 10X Visium, a spatial transcriptomics platform,  researchers 

identified different expressions of ERBB2 biomarker between two clusters of metastatic breast cancer 

separated by non-neighbouring UMAP region [61]. NanoString GeoMx Digital Spatial Profiler was 

used to study intratumoral heterogeneity and expression of numerous biomarkers in breast tumor 

samples treated with Her-2-targeted therapy and which tested positive for CD4+ biomarker [62]. 

Multiplexed proteomic detection techniques allow us to study protein interaction present in the 

tumor with the TME using fluorophore or metal tags. Fluorophore-based methods include 

InSituPlex, MACSima and co-detection by indexing (CODEX) use primary antibodies labelled with 

DNA barcodes to reduce the time associated with multiplexed imaging, enabling the detection of 

more than 50 proteins. Metal-based imaging techniques include mass cytometry and multiplex ion 

beam imaging use detection of metal isotope-labelled antibodies with laser desorption mass 

spectrometry, enabling the measurement of proteins without interference [63]. 

Recent advances in bioinformatic modeling have revolutionized our capacity to delineate ITH 

by combining multiomic datasets (e.g., single-nucleotide variants, copy-number alterations, and 

spatial transcriptomics) to infer clonal phylogenies and detect phenotype-specific biomarkers [64]. 

For instance, the Multiomic and Multiscale Analysis (MOMA) platform applied to IDH-mutant 

astrocytomas identified unique malignant clones with specific spatial distributions and 

transcriptional profiles, while accounting for stromal contamination in bulk and single-nucleus 

sequencing data [65]. Likewise, scRNA-seq of MMTV-PyMT mouse metastatic breast cancer cell lines 

revealed tissue-specific patterns of gene expression, i.e., activated EMT markers (AEBP1, ITGB5 , FN1) 

within lung metastases, reflective of clinical impressions of phenotypic plasticity [66]. These 

computational approaches are now pivotal in linking transcriptional heterogeneity to functional 

outcomes, such as organ-specific metastasis and drug resistance. For example, clonal tracking in 

leukemia PDX models combined with scRNA-seq demonstrated that subpopulations with distinct 

gene expression profiles exhibit predictable, therapy-specific resistance patterns [67]. Nevertheless, 

reconciling spatial and temporal heterogeneity, especially when modeling dynamic relationships 

between tumor cells and immune-stromal niches that promote clonal evolution, is still challenging 

[41,68]. Emerging strategies, including imaging mass cytometry and 3D organoid-based spatial 

transcriptomics, are addressing these gaps by capturing microniches within tumors that correlate 

with clinical outcomes.  

Machine learning (ML) has emerged as a cornerstone in deciphering metastasis-specific 

heterogeneity, specifically in predicting subtype-specific behaviors and therapeutic vulnerabilities. 

For instance, a recent study applied ML to preclinical brain metastasis models, revealing distinct 

electrophysiological signatures across breast, melanoma, and lung cancer subtypes. Principal 
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component analysis of local field potential oscillations identified delta/theta band disruptions as 

universal metastasis markers, while alpha/gamma oscillations differentiated breast (E0771-BrM) and 

melanoma (B16/F10-BrM) subtypes. Decision Tree classifiers achieved 77% accuracy in predicting 

metastasis presence and subtype from spectral data [69]. These results highlight the potential for ML 

to noninvasively diagnose metastasis subtypes and inform personalized treatment strategies. 

Complementing this, computational frameworks like Cellular Potts Model and ordinary or partial 

differential equation-based approaches are elucidating the multi-scale dynamics in a tumor 

microenvironment, including the tumor-immune interactions.  These models can be deterministic 

or stochastic in nature and provide insights into the complex interactions among tumor growth, 

invasion and therapeutic response [70–75].  For instance, the Cellular Potts Model allows researchers 

to simulate tumor behavior and interactions with immune cells, enhancing our understanding of how 

tumors evolve and respond to treatments [76,77]. Additionally, mathematical modeling has been 

instrumental in studying the interactions between various immune cells and tumors, highlighting the 

importance of the immune system in controlling cancer progression [75,78]. Meanwhile, in silico 

optimization algorithms are redefining combination therapy design: RNAi-based modeling of 

heterogeneous tumors demonstrated that optimal drug regimens often exclude agents targeting 

dominant subpopulations, instead prioritizing combinations that minimize residual fitness across all 

clones. This approach, validated in lymphoma PDX models, enhanced survival by repressing 

emergent resistance mechanisms [79]. Together, these advances show how bioinformatic modeling 

bridges molecular heterogeneity to clinical outcomes, offering a roadmap for overcoming resistance 

to therapy. 

Single cell sequencing and spatial transcriptomics have transformed research on metastatic 

niches to offer high-resolution information on cellular heterogeneity as well as on 

microenvironmental interactions. Approaches like scRNA-seq and spatial transcriptomics enable one 

to chart the gene expression landscape at single-cell resolution without disrupting spatial context and 

thereby determine differentiated cellular niches within metastasis sites. For example, the 

computational framework scNiche integrates multi-view features of cells, including molecular 

profiles and neighboring cellular compositions, to identify and characterize cell niches in tissues. 

Applied to triple-negative breast cancer, scNiche revealed patient-specific niches with distinct 

phenotypic characteristics, such as inflamed macrophages co-localizing with stromal cells, which 

drive tumor progression and therapy resistance [80]. Similarly, spatial transcriptomics has been 

employed in colorectal cancer to dissect the tumor microenvironment at subcellular resolution, 

uncovering cancer-associated fibroblast subtypes that modulate immune evasion through TGF-β 

signaling pathways[81]. These technologies have also been utilized in neuroblastoma, where single-

cell transcriptomic and epigenomic profiling of bone marrow aspirates demonstrated subtype-

specific cellular plasticity and tumor-promoting interactions with macrophages exhibiting both M1 

and M2 features [82]. Even with these advancements, the issues of high expense, complexity of data, 

and low resolution still remain. New approaches such as MERFISH and Stereo-seq aim to overcome 

these limitations by using image-based methods with spatially resolved transcriptomics in order to 

attain historically unprecedented resolutions in mapping metastatic niches[83].  

In silico approaches are pivotal in identifying biomarkers that can predict drug resistance and 

metastatic potential, leveraging computational tools and multiomic datasets to uncover molecular 

mechanisms. For example, high-throughput pharmacogenomic screens combined with CRISPR data 

have identified intrinsic resistance biomarkers in cancer cell lines. A study analyzing the Genomics 

of Drug Sensitivity in Cancer (GDSC) and Cancer Therapeutics Response Portal (CTRP) datasets 

highlighted genetic alterations such as the EGFR T790M mutation and PTEN loss in lung 

adenocarcinoma cell lines resistant to EGFR inhibitors, providing actionable insights into therapy 

optimization [84] . Similarly, integrating gene expression profiles with drug sensitivity data has 

revealed mechanisms of response to genotoxic agents like cisplatin and doxorubicin. Baseline gene 

expression analysis identified differentially expressed genes such as TOP2A and XRCC1, which are 

associated with DNA damage repair pathways and intrinsic resistance [85]. Network-based 
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approaches, such as protein-protein interaction (PPI) modeling, have also been employed to predict 

resistance pathways. In colorectal cancer, protein-protein interaction network analysis identified 

KRAS-mediated signaling as a central node contributing to resistance against anti-EGFR therapies, 

highlighting its role in tumor progression and therapeutic resistance [86]. Machine learning 

algorithms, such as Random Forests and Support Vector Machines, have been applied to multiomic 

datasets to predict therapy responses, enabling integrative analyses of transcriptomic profiles and 

drug sensitivity [87,88]. These computational frameworks not only reveal actionable biomarkers but 

also enable the formulation of combination therapies to evade resistance. For example, biomarker-

driven drug combination strategies have demonstrated that targeting serine hydrolase enzymes like 

MGLL can sensitize resistant cancer cells to histone lysine demethylase inhibitors such as GSK-J4 [89]. 

Boolean network models, which simulate biomolecular regulation, have been employed to decode 

CRC tumorigenesis and evaluate therapeutic interventions. For example, the in silico Drosophila 

Patient Model (DPM) integrates patient-specific mutation data with RNA-seq gene expression 

profiles to predict cell fate outcomes and validate cytotoxicity of FDA-approved drugs. This model 

identified synergistic drug combinations such as paclitaxel-regorafenib and docetaxel-bortezomib, 

which demonstrated a 100% increase in apoptosis and a 100% decrease in proliferation in preclinical 

CRC studies [90].  

Despite these advancements, challenges remain in validating biomarkers against heterogeneous 

tumor microenvironments, scalability and validation across diverse patients’ cohorts, remain 

significant barriers to translating computational predictions into clinical settings. Another significant 

barrier is the integration of multi-omics datasets, often generated using different platforms and 

methodologies. This heterogeneity in data collection makes it challenging to establish coherent 

computational frameworks that can well represent tumor evolution and response to therapy. 

Furthermore, cross-validation of predictive models in diverse patient cohorts is still a bottleneck. 

Tumor heterogeneity differs not only among cancer types but also among patients and generalizing 

preclinical model results from models such as patient-derived xenografts (PDX) to clinical settings is 

therefore challenging. Addressing these challenges requires interdisciplinary collaboration between 

computational scientists, molecular biologists, and clinicians to develop robust models that can 

integrate diverse datasets while accounting for dynamic tumor behavior. 

The future of bioinformatic modeling lies in integrating emerging technologies with advanced 

computational frameworks to address the complexities of tumor heterogeneity. One promising 

avenue is the development of bioprinted tumor models that combine organoids with extracellular 

matrix (ECM) components to mimic the genetic, histological, and functional aspects of cancer 

heterogeneity. These models allow researchers to replicate cell growth, differentiation, and 

proliferation in physiologically relevant environments, providing a robust platform for studying 

tumor microenvironment dynamics and drug resistance mechanisms [41,91]. For example, bioprinted 

models incorporating ECM stiffness and architecture have successfully reproduced immune cell 

polarization and stromal interactions, paving the way for personalized therapeutic strategies. 

Another innovative approach involves organ-on-a-chip systems, which integrate 3D structures such 

as microvasculature and chemical stimuli to recreate the dynamic heterogeneity of the tumor 

microenvironment. These systems enable real-time monitoring of immune cell recruitment and 

phenotypic changes, offering valuable insights into tumor-immune interactions. While these 

technologies are still in their infancy, their potential to enhance preclinical studies and improve 

therapeutic precision is immense. Advances in multiscale modeling and machine learning are poised 

to revolutionize bioinformatic approaches to tumor heterogeneity. Multiscale models simulate cancer 

progression by integrating molecular mechanisms with cellular and tissue-level dynamics, providing 

unprecedented insights into clonal evolution and drug response [41]. For example, approximate 

Bayesian computation (ABC) has been used to fit model parameters based on omics data, enabling 

predictions of tumor behavior under various therapeutic pressures. Concurrently, machine learning 

algorithms such as generative adversarial networks (GANs) complement these models by creating 

robust predictive frameworks that incorporate physicochemical constraints [92]. By combining these 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 April 2025 doi:10.20944/preprints202504.1952.v1

https://doi.org/10.20944/preprints202504.1952.v1


 14 of 27 

 

computational tools with experimental data from patient-derived models, researchers can create 

digital twins that simulate individual tumor dynamics, unlocking new possibilities for personalized 

medicine.  

Table 1. Hallmarks and limitations of modelling systems and technologies used to study intratumoral 

heterogeneity. 

Name of the 

model 

Hallmarks Limitations References 

Electroporation 

based 

Genetically 

engineered mice 

models (EPO 

GEMMs) 

They are 

immunocompromised 

transgenic mice that 

spontaneously develop 

malignancies at the site of 

electroporation by 

introducing somatic 

mutations 

Cannot accumulate as 

many somatic 

mutations as 

organoid models 

Cannot provide the 

cell of origin for 

tumor development 

 

[40,41] 

 

 

 

Organoids 3D models best used to study 

spatio-temporal dynamics. 

Built using stem cells (ASCs, 

iPSCs, ESC) from primary 

tumor  and patient derived 

organoids (PDOs) 

 Extremely 

challenging to 

maintain due to lack 

of standardization 

protocol  

[45] 

Lineage tracing  Provides critical information 

during organ development 

and insights into the 

molecular mechanisms of 

cancer origin.  

Helps in real time dynamic 

tracing of CSCs. 

Unable to capture the 

molecular phenotype 

of each profiled cell 

[50] 

Bioprinting 

models 

Used in combination with 

organoids to mimic tumor 

microenvironment, spatial 

distribution and helps in 

understanding stromal cell 

intravasation. 

Absence of 

vasculature network 

[95] 
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Biomimetic 

Tumoroids 

Recreates the spatial 

distribution of nutrients and 

oxygen, to demonstrate 

cancer cell heterogeneity and 

the way it affects the vascular 

network formation  

Lack of immune 

surveillance 

[39] 

On-a-chip 

models 

Allows replication of 

dynamic culture systems to 

mimic the heterogeneity of 

the tumor microenvironment 

(microvasculature, immune 

cells, physicochemical TME) 

Lack of extra cellular 

matrix expression 

[52] 

 Single cell RNA 

sequencing 

(scRNA-seq)  

Conversion of RNA into 

cDNA using non-probe 

RNA-seq technology, This 

technique uses microfluidics 

(Drop-seq) and inDROP 

system to generate droplets, 

which  encapsulates 

microbeads with barcodes 

for reverse transcription 

amplification. The barcodes 

present are attached to 

individual gene, which can 

also enable tracing the origin 

of each gene. 

Insufficient to detect 

rare subpopulations 

within tumor mass, 

disseminated tumor 

cells and extracellular 

matrix 

Prone to  allelic 

dropout and excludes 

ECM 

False-positive errors 

associated with 

massive amplification 

of DNA 

Developing 

computational 

algorithms to analyse 

data on massive scale 

is a huge challenge 

Difficult to use in 

therapy-naïve 

primary lesions  

[48] 
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Single-cell assay 

for transposase 

accessible 

chromatin by 

sequencing 

(scATAC-seq)  

Uses transcription factors 

and cis/trans regulatory 

elements for studying 

epigenetic modifications. 

Enables simultaneous 

profiling of accessible 

chromatin and protein levels, 

using transposase 

Exclusively binary 

data output 

Spatial mapping from 

closed to open 

chromatin is more 

difficult. 

Fails to detect rare or 

transient cell states or 

regulatory elements. 

[59] 

Single-cell 

cellular indexing 

of 

transcriptomes 

and epitopes by 

sequencing 

(scCITE-seq)  

Antibody panels are tested 

for detecting epitopes of 

interest, thus allowing 

simultaneous study of 

transcriptomic expression 

and cell surface protein 

marker. 

Sensitive to 

enzymatic digestion 

due to loss of  

surface epitopes 

Difficult to perform 

antibody panel 

testing for developing 

the epitopes due to 

limited sample size 

[50] 

Single-cell Clone 

(ScClone)  

Employs probability mixture 

model from scDNA-seq data 

, by characterizing single cell 

into distinct subclones 

Assumes genotypic 

errors are uniformly 

distributed leading to 

amplification bias. 

Does not explicitly 

model doublet events 

so its performance 

quality can get 

degraded  

[50] 

Multiplex 

imaging   

 Allows spatial visualization 

and quantification of cell 

populations within 

metastatic tumors 

Generates multiple images of 

high-parameter protein 

biomarkers using an in-situ 

Standardization of 

methods is needed 

Errors related to 

visual inspection due 

to huge dataset size 

[25] 
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polymerization-based 

indexing procedure in 

conjugation with mass 

spectrometry, fluorescence-

based microscopy and 

antibody-targeted 

sequencing 

Limited resolution to 

visualize overlapping 

cell fragments and 

irregularly shaped 

cell types (e.g. 

macrophages) 

NanoString 

GeoMx Digital 

Spatial Profiler 

(DSP)  

  

A novel high-plex, non-

destructive protein and RNA 

profiling technique used to 

detect tumor heterogeneity 

in frozen or formalin fixed 

paraffin embedded (FFPE) 

tumor  samples. 

It quantifies the protein or 

RNA by counting unique 

indexing oligonucleotides, 

thereby allowing large 

number of biomarkers to be 

studied on spatial temporal 

scale   

Does not provide 

single-cell resolution 

information at spatial 

level.  

[62] 

NanoString 

CosMxTM  

An upgradation of GeomX 

DSP used to simultaneously 

study localization of RNA at 

cellular and subcellular level. 

Limited resolution of 

very small sized cells 

and overlapping cells. 

[61] 

10X Visium  

  

Uses oligonucleotides 

immobilised on special glass 

slide (visium) to locate 

mRNA from fixed tumor 

samples, which are 

sequenced using Next 

Generation Sequencing 

Limited resolution of 

very small sized cells 

and overlapping cells. 

[61] 
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MERFISH  

  

Multiplexed single-molecule 

imaging technology used to 

simultaneously analyse 

thousands of RNA on spatial 

scale. 

Variability in 

resolution of the data 

ranging from few to 

hundreds spots 

(number of cells 

within a single spatial 

region) 

[60] 

 

3. Discussion 

Over the years, significant progress has been made in improving diagnosis and therapeutic 

regimens for metastatic cancer, yet the ultimate goal of achieving a cure for metastatic cancer remains 

elusive. One of the major factors hindering the progress is intratumor heterogeneity. Despite 

technological advances, identifying and studying heterogenous sub clones within tumor as well as 

interpreting humongous amounts of data on spatiotemporal scale is challenging for clinical 

researchers. The task of procurement and characterization of samples within different sites in 

metastatic tissue samples is daunting. This is currently addressed using multi region sampling 

strategy, rapid autopsy, warm autopsy and recently developed rapid postmortem tissue 

procurement program (after death). However, these protocols have failed to efficiently detect the 

small (7- 10 microns) aggressive disseminated tumor cells (DTCs), which contribute for most 

instances of metastatic relapse [55,58]. No protocol for collecting metastatic tumor tissues, such that 

it accounts for all the sub-clones of the tumor, has ever been formulated.  

Besides the size, it is the uncertain state of activity and prolonged dormancy of DTCs, which 

makes it challenging to detect DTCs [58]. Therefore, detection of these sub-clonal populations within 

DTCs will provide insights into the role of this heterogenous population and enable timely treatment 

[55,58]. In a recent study, Bacon et al. [93] attempted to trace the heterogenous population of cells in 

metastatic breast cancer using the predictive biomarker PD-L1 using immunohistochemistry assay. 

However, this biomarker evaluation is based on patient’s early metastatic biopsy, rather than from a 

real-time metastatic site. Therefore, increasing frequency of biopsies to monitor real-time progression 

and change in heterogenous composition within metastatic sites is a proposition for enhanced 

therapeutic strategies [55]. In addition to this, limited availability of metastatic tumor samples is a 

major hindrance in studying metastatic ITH. Therefore, increasing access to research autopsies would 

help in standardizing and making clinical trials more conclusive. Although there have been advances 

in spatial profiling technologies, there is paucity in developing technologies to monitor the cancer 

cell cycle heterogeneity. Since the cell cycle phase can determine the response of cancer cells towards 

drug, understanding of the role of heterogeneous subpopulations with varying cell-cycle dynamics 

will facilitate in developing efficient treatment. Further studies using mathematical modelling, single 

cell sequencing and meta-omics analysis will help us further unfold the secrets of metastatic 

heterogeneity. 

Besides technical challenges, establishing metastatic patient cohorts poses several challenges. 

Metastatic cancer patients are often in a compromised state of health, therefore approaching the 

patients at a critical stage remains a daunting task. Due to sheer exertion and side effects of ongoing 

therapies, they may struggle to comprehend the risks and benefits of participating in these cohorts 

and therefore unwilling to provide informed consent. Establishing a cohort that encompasses and 

equally represents  geographical and demographic diverse populations is nearly impossible, in a 

metastatic setting [55]. Moreover, patient selection bias is a huge matter of concern as most metastatic 

patients fail to meet the inclusion criteria due to inconsistences and inaccuracies in their medical 
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history details like medical issues prior to diagnosis of metastatic cancer, during clinical data 

collection process. Additionally, studying ITH within different metastatic sites and throughout 

metastatic disease progression adds another layer of complexity [94]. 

Besides the technical challenges, several region-specific obstacles continue to hinder progress in 

metastatic cancer research. In a country like India, with limited resources, the situation is further 

complicated owing to the nation's extensive and heterogeneous population. The enormous genetic 

and cultural heterogeneity among regions hampers the establishment of homogenous cohorts, while 

inequalities in healthcare facilities between urban and rural areas further hinder recruitment. A 

significant number of patients, especially in rural areas, have limited access to tertiary care facilities, 

and those who do may be uninformed about clinical research or reluctant to engage due to 

apprehensions around privacy or exploitation. The lack of standardized electronic medical records 

and discrepancies in diagnostic and therapeutic techniques among institutions lead to inconsistencies 

in data collection and quality. These hurdles are exacerbated by practical and financial limitations, 

such as insufficient funding for biobanking and obstacles in the preservation and transportation of 

samples from remote locations. Resolving these difficulties necessitates a unified endeavor to 

enhance awareness, infrastructure, and standardization throughout the healthcare and research 

ecosystem. 

India has several clinical resources that can be leveraged to address metastatic heterogeneity 

despite these challenges. Regional cancer centers and tertiary institutes, such as Tata Memorial 

Hospital and AIIMS, provide access to large and diverse patient pools, making them key hubs for 

metastatic studies. Emerging biobanking initiatives like the National Cancer Tissue Biobank (NCTB) 

are facilitating the availability of high-quality biospecimens for research. Collaborative networks 

such as the National Cancer Grid promote data sharing and multicenter studies, helping to bridge 

regional disparities. Precision medicine programs focusing on genomic and transcriptomic profiling 

are becoming more prevalent, offering valuable insights into tumor heterogeneity and metastasis. 

Additionally, advancements in imaging modalities, such as PET-CT and MRI, combined with 

molecular diagnostics, enhance the ability to study real-time metastatic progression. Platforms like 

the Clinical Trials Registry of India (CTRI) further support clinical trial coordination, although 

challenges in patient recruitment remain. These resources, when utilized effectively, can significantly 

advance the understanding of metastatic heterogeneity in Indian populations.  

In conclusion, the review highlights the role of ITH in metastasis and drug resistance. 

Addressing the molecular, technical and clinical challenges to study ITH in metastatic cancer patients 

would require a constant, multidisciplinary effort is to unravel the complexities of metastatic 

heterogeneity and enable efficient therapeutic interventions for diverse patient populations. 
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TAM tumor-associated macrophages 

EMT epithelial-mesenchymal transition 

CRC colorectal cancer 

scRNA-seq single-cell RNA sequencing 

FACS fluorescence activated cell sorting 

2Do 2-dimensional patient organoids 

PDAC pancreatic ductal adenocarcinoma 

LP primary lung adenocarcinoma 

BM brain metastasis 

SCNA somatic copy number alteration 

IFN-γ Interferon gamma  

HCC hepatocellular carcinoma 

DCC disseminated cancer cells 

PDX patient-derived xenograft 

PSA prostate specific antigen 

MCM3 minichromosome maintenance protein 3 

MCT1 Monocarboxylate transporter 1 

ROS Reactive oxygen species  

TNBC Triple-negative breast cancer 

CNV Copy number variations 

AR androgen receptor 

Macc1 Metastasis associated colon cancer 1 

ABC ATP-binding cassette 

MDR multidrug resistance 

CSC cancer stem cell 

GEMM Genetically engineered mouse model 

EPO GEMM Electroporation-based Genetically engineered mice model 

dT-MOC ductal tumor-microenvironment-on-chip 

MDA multiple displacement amplification 

MALBAC multiple annealing and looping-based amplification cycles 

DOP-PCR degenerate oligonucleotide-primed PCR 

TSCS topographic single cell sequencing 

AML acute myeloid leukemia 

scCITE-seq Single-cell cellular indexing of transcriptomes and epitopes by sequencing 

scChIP-seq single-cell chromatin immunoprecipitation followed by sequencing  

mESc Mouse embryonic stem cells  

mEF Mouse embryonic fibroblasts 

MALDI-MS matrix-assisted laser desorption ionization mass spectrometry imaging 

MIBI-TOF multiplexed ion beam imaging by time-of-flight 

CODEX co-detection by indexing  

GDSC Genomics of Drug Sensitivity in Cancer 

CTRP Cancer Therapeutics Response Portal 
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DPM Drosophila Patient Model 

ECM extracellular matrix 

ABC approximate Bayesian computation 

GAN generative adversarial networks 

DTC Disseminated tumor cells 

NCTB National Cancer Tissue Biobank 

CTRI Clinical Trials Registry of India 
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