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Hepatocellular carcinoma (HCC) is the most common type of primary liver cancer. Tumor heterogeneity is a major obstacle to effec-
tive treatment and is poorly understood using traditional bulk sequencing methods. This review highlights the transformative role 
of single-cell and multi-omics technologies in determining the cellular and molecular complexities of HCC. We summarize recent ad-
vances in single-cell transcriptomics, epigenomics, multi-omics, and spatial transcriptomics platforms, emphasizing their applications 
in characterizing tumor subclones, cancer-associated fibroblast-immune interactions, circulating tumor cells, and immune-resistant 
phenotypes. Spatial approaches have revealed the architecture of cancer stem cell niches and tertiary lymphoid structures, provid-
ing unprecedented insights into tumor organization and microenvironmental crosstalk. Although still in their early stages, clinical 
trials have begun to incorporate these technologies, underscoring their translational potential. Single-cell and spatial omics have 
reshaped HCC research by enabling high-resolution profiling of tumor ecosystems and driving the discovery of biomarkers, thera-
peutic targets, and strategies for patient stratification. However, high cost, technical expertise, and limited accessibility, particularly 
in resource-constrained settings, are major barriers to its widespread adoption. Addressing these challenges is critical for translat-
ing these powerful approaches into clinical practice and for advancing precision medicine for the treatment of liver cancer. (J Liver  
Cancer 2026;26:104-123)
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INTRODUCTION

Primary liver cancer (PLC) includes a diverse group of malignant 
tumors such as hepatocellular carcinoma (HCC), cholangiocarci-
noma, and combined hepatocellular-intrahepatic cholangiocarci-
noma. All of these tumors have distinct histopathological and 
molecular profiles. Among these, HCC alone, which originates 
from the malignant transformation of hepatocytes, represents 80-
90% of PLC cases.1 The pathogenesis involves an interaction be-
tween environmental and genetic factors. Several factors contrib-
ute to the development of HCC, such as hepatitis C virus/hepa-
titis B virus (HCV/HBV) infection, alcohol abuse, non-alcoholic 
fatty liver disease, and contact with environmental carcinogens 

(e.g., aflatoxin B1). Less common factors include α1-antitrypsin 
deficiency, hepatolenticular degeneration or Wilson’s disease, 
erythropoietic protoporphyria, and autoimmune hepatitis.2 The 
precise molecular mechanisms of HCC are complicated and het-
erogeneous, impeding clinical diagnosis and treatment. It poses a 
significant health threat to patients because of its high relapse 
rate and poor response to current therapies. For instance, treat-
ment with tyrosine kinase inhibitors (e.g., lenvatinib and sora
fenib) or immune checkpoint inhibitors (e.g., atezolizumab com-
bined with bevacizumab) offers limited clinical benefits.3 The 
presence of intertumoral and intratumoral heterogeneity is an 
important factor that contributes to its limited efficacy. This het-
erogeneity is driven by complex interactions between cancer cells 
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and the surrounding tumor microenvironment (TME), compris-
ing stromal, immune, mesenchymal, and endothelial cells, leading 
to the emergence of various HCC sub-clusters that remodel the 
tumor ecosystem to favor HCC growth by manipulating neigh-
boring cells (Fig. 1).4 Although several studies have shown that 
liver cancer comprises a variety of cells, the effect of the differen-
tial nature of cells on the clinical outcome of HCC remains un-
clear.5,6 Therefore, an in-depth or detailed characterization of the 
tumor ecosystem involved in HCC initiation, progression, and 
therapeutic resistance is essential for developing more effective 
diagnostic and treatment strategies.

Conventional sequencing methods, such as whole-exome se-
quencing, whole-transcriptome sequencing, and epigenomic pro-
filing, have limited efficacy in understanding the complexity of 
tumor heterogeneity because they rely on bulk tissue analysis, 

which has the limitation of identifying signals from rare cell pop-
ulations. In contrast, single-cell sequencing is a powerful tech-
nique that can overcome this challenge by permitting detailed 
analysis of the interactions between tumor cells and various cell 
types within the TME. It also provides valuable information re-
garding the functional dynamics and composition of the tumor 
ecosystem. Unimodal approaches to single-cell sequencing study 
single cells at the genome, transcriptome, epigenome, or pro-
teome level independently. In contrast, single-cell multi-omics 
integrates multiple unimodal datasets, offering a comprehensive 
view of the complex relationships between genotypes and pheno-
types in patients with HCC. Recent technological advancements 
in single-cell and spatial omics have provided a more refined and 
high-resolution understanding of tumor biology, offering new 
opportunities for precision oncology. For instance, a novel spatial 

Figure 1. Tumor-causing agents and the ecosystem of primary liver cancer. Multiple tumor-causing agents, including toxins, diabetes, hepati-
tis B virus (HBV), hepatitis C virus (HCV), alcohol, non-alcoholic fatty liver disease (NAFLD), and gene mutations, contribute to hepatic car-
cinogenesis. These factors induce genetic and cellular alterations in hepatocytes, resulting in intertumoral heterogeneity (variations be-
tween patients) and intratumoral heterogeneity (variations within the same tumor). The heterogeneous tumor microenvironment consists 
of different cell types, including hepatocytes, hepatoma cells, T cells, B cells, macrophages, stromal cells, dendritic cells, and vasculature. The 
diagram also illustrates possible sites of metastasis (brain, bone, lung, and kidney).
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transcriptome platform, Stereo-seq, was used to identify a 500-µm- 
wide invasive zone centered around the tumor border in patients 
with HCC.7 The same method was used to assess heterogeneity 
of cancer-associated fibroblasts (CAFs) and identified two sub-
sets: CAF-fibroblast activation protein (FAP) and CAF-C7. The 
enrichment of these subtypes strongly correlated with worse out-
comes.8 These studies suggest that spatial omics, when integrated 
with single-cell approaches, can help identify the real cause or re-
sistance behavior of a disease. This may accelerate the discovery of 
effective treatments for this complex disease.

In this review, we provide an overview of the main single-cell 
sequencing techniques and summarize the impact of these tech-
nologies on understanding the heterogeneous behavior of liver 
cancer cells and the immune cell microenvironment.

SINGLE-CELL OMICS TECHNOLOGIES AND 
HCC

In contrast to conventional sequencing, single-cell sequencing 
has dramatically improved accuracy and efficiency. This technique 
utilizes several methods, including single-cell DNA sequencing 
(scDNA-seq) for DNA, single-cell RNA sequencing (scRNA-
seq) for RNA, cytometry by time of flight (CyTOF) for cell sur-
face proteins, and single-cell assay for transposase-accessible 
chromatin using sequencing (scATAC-seq) for chromatin acces-
sibility. A single cell contains DNA or RNA in picograms. There-
fore, whole-genome amplification (WGA) is required to obtain 
sufficient nucleic acid material. WGA has been previously per-
formed using degenerate oligonucleotide-primed polymerase 
chain reaction (PCR), interspersed repetitive sequence PCR, 

Figure 2. Workflow for single-cell RNA (scRNA) isolation, sequencing, and data analysis. The schematic illustrates the entire procedure of 
scRNA sequencing, where the sample is collected and stored before it can be isolated using various methods, such as fluorescence-activated 
cell sorting (FACS), magnetic-activated cell sorting (MACS), laser capture microdissection (LCM), and microfluidic-based separation. Follow-
ing isolation, single cells undergo lysis, reverse transcription, and library preparation for sequencing. Various sequencing platforms are used 
in the sequencing, including single-cell tagged reverse transcription sequencing (STRT-seq), switching mechanism at the 5’ end of RNA tem-
plate sequencing (SMART-seq), cell expression by linear amplification and sequencing (CEL-seq), droplet-based sequencing (Drop-seq), or 
10x Chromium Genomics. Dimensionality-reduction algorithms, such as t-distributed stochastic neighbor embedding (t-SNE), are used to vi-
sualize the resulting transcriptomic data.
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primer extension pre-amplification PCR, and linker-adapter 
PCR. These WGA techniques have been replaced in modern 
scDNA-seq with multiple displacement amplification (MDA), 
multiple annealing and looping-based amplification cycles 
(MALBAC), and linear amplification via transposon insertion 
(LIANTI). In MDA, high-fidelity Phi29 polymerase is used for 
genome amplification to achieve high coverage of genes and low 
error rates compared with PCR. In MALBAC, primers have a 
27 bp common sequence at the 5'-end and an 8 bp random se-
quence at the 3'-end, which enables copying of genomic DNA. 
After the first round of amplification, the amplified product con-
tains complementary sequences at both 5'- and 3'-ends and thus 
forms a self-loop. This loop prevents further amplification of this 
strand, thereby preventing amplification bias and increasing ge-
nomic coverage.9 In LIANTI, transposases (such as Tn5) are 
used to insert primers or adaptors into genomic DNA at many 
sites. This process is called tagmentation. Only one primer is used 
to perform linear amplification. Because no reverse primer is 
used, each strand is extended once per cycle, thereby preventing 
exponential doubling. Similarly, the initial step in an scRNA-seq 
experiment is the isolation of single cells, which can be per-
formed using several methods such as fluorescence-activated cell 
sorting, chip-based or microdroplet-based microfluidic technolo-
gies, or laser microdissection.10 Following this, scRNA-seq librar-
ies are generated by cell lysis, reverse transcription, second-strand 
synthesis of complementary DNA (cDNA), and amplification, 
followed by deep sequencing.

scRNA-seq datasets are usually visualized using a t-distributed 
stochastic neighbor embedding (t-SNE) map. In this map, cells 
are clustered based on their transcriptome similarity, and single or 
multiple genes can be visualized separately on individual t-SNE 
maps.10 Several methods are used for scRNA-seq, such as STRT-
seq, SMART-seq, CEL-seq, DROP-seq, and 10X Chromium 
Genomics (Fig. 2). However, these techniques differ in terms of 
the specific steps and workflows involved in scRNA-seq. These 
scRNA-seq methods have various limitations; therefore, re-
searchers choose platforms that are best suited to their study ob-
jectives. For example, the SMART-seq platform has been used to 
reveal a high-resolution dynamic immune landscape in HCC. In 
this study, we demonstrated that LAMP3+ dendritic cells (DCs) 
express diverse immune-relevant ligands. These DCs can migrate 
from tumors to the hepatic lymph nodes and regulate lympho-
cytes. The study also characterized tumor-associated macrophage 
states linked to poor prognosis, providing one of the earliest com-
prehensive single-cell maps of the HCC immune microenviron-
ment.11 In another study, the SMART-seq2 sequencing method 

was used on heterogeneous subclones in HCC, including five 
HCC and two hepatocyte subclones. The study found that MLX- 
interacting proteins-like (MLXIPL) were commonly upregulat-
ed in HCC and associated with poor survival. These results iden-
tified that MLXIPL in HCC is a promising therapeutic target.12 
Similarly, different regions of HCC and intrahepatic cholangio-
carcinoma were analyzed using droplet-based 5'-scRNA-seq to 
determine the spatial distribution of tumor cells and the TME. 
This study observed that the diversity between HCC and intra-
hepatic cholangiocarcinoma was higher than that within the tu-
mor, regardless of tumor size and the location of sampling tis-
sues.13 While scRNA-seq reveals the transcriptional heterogene-
ity of tumor and stromal cells in HCC, single-cell epigenomic 
approaches are critical for understanding the regulatory mecha-
nisms that drive these expression patterns. For epigenomes, sever-
al methods are used, including RRBS, WGBS, CGI-seq, ATAC- 
seq, and ChIP-seq. The mechanisms, advantages, and disadvan-
tages of these scRNA-seq and single-cell epigenomic methods 
are described in Table 19,14-22 and Table 2,9,23-29 respectively.

The most commonly used tools for scRNA-seq analysis in-
clude the R package Seurat, Python package Scanpy, SeuratDisk 
for interoperability between Seurat and Scanpy, scDIOR for rap-
idly transforming data between R and Python, and CellBridge.30 
In addition to these tools, several other tools are also used, in-
cluding FastQC, CellRanger, Trimmomatic, STAR for prepro-
cessing, doubletFinder, Scrublet for quality control, Seurat, Gini-
Clust for feature selection, t-SNE and uniform manifold approx-
imation and projection (UMAP) for dimensionality reduction 
and visualization, and CellAssign for annotation.31 EpiScanpy is 
a versatile toolkit used for scDNA methylation and scATAC-seq 
data.32

MULTI-OMICS AND HCC

Unimodal methods of single-cell sequencing are combined into 
multi-omics approaches that enable the acquisition of multiple 
types of information from the same single cell simultaneously. 
Multi-omics approaches comprise several methods.

CITE-seq

This method is used to study the transcriptome and surface pro-
teins. In this technique, oligo-tagged antibodies with poly(A) 
tails are used; therefore, in contrast to flow cytometry, there is no 
upper limit to the number of antibodies that can be used to iden-
tify cell surface proteins. In addition, cellular indexing of tran-
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scriptomes and epitopes by sequencing (CITE-seq) can be 
adapted for RNA interference, CRISPR, and other gene-editing 
techniques. Bioinformatics tools such as the CITE-seq Python 
package, CellRanger,33 Seurat, total VI, CiteFuse, and LinQ-
View  provide frameworks for CITE-seq data analysis, including 
dimensionality reduction, cell clustering, cell type identification, 
and differential expression of RNA and cell surface proteins.34 
The data can also be analyzed using SeqGeq or FlowJo software 
(Ashland, OR, USA).35 However, CITE-seq has several limita-
tions, such as low throughput, poor resolution, no detection of in-
tracellular proteins, loss of information about the location of cells, 
availability of antibodies, and optimization of the assay.34

This method was recently used to identify six liver cancer stem 
cell markers (CD44, EPCAM, CD133, CD24, CD90, and CD54) 
in five HCC cell lines. These markers characterize the epithelial 
or mesenchymal state of these cells. The study also identified a 
robust gene panel representing the hypoxia signature in specific 
high-yield glycolysis clusters and found a correlation with HCC 
prognosis.36

Techniques enabling the parallel analysis of genomic DNA 
and polyadenylated RNA within individual cells

DR-seq

In this preamplification, genomic DNA (gDNA) and RNA are 
amplified simultaneously to minimize nucleic acid loss. Follow-
ing this, the reaction is divided into two tubes to complete the 
gDNA and RNA sequencing libraries separately.37 However, the 
analysis and interpretation of such data are complicated by the 
presence of contaminating RNA sequences within the gDNA 
sequencing dataset.

scONE-seq

In this technique, gDNA and RNA are differentially barcoded; 
therefore, sequencing of RNA and DNA is possible in a single 
reaction. It is particularly useful for frozen samples because DNA 
and RNA are not physically separated.38 However, re-sequencing 
of genomic material at greater depths is not possible, and the 
method lacks flexibility for selecting subsets of gDNA or RNA 
for sequencing.

G&T-seq and DNTR-seq

In these methods, RNA and gDNA are physically separated; 
therefore, these methods are flexible and scalable.39 However, 
gDNA sequencing in genome and transcriptome sequencing 
(G&T-seq) necessitates WGA, making it expensive and time- Ta
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consuming.

Gtag&T-seq

In this method, WGA is not performed to sequence the gDNA 
and RNA of single cells, thus enhancing throughput while mini-
mizing coverage bias, amplification noise, and cost.40

In the field of liver cancer, no widely recognized published 
study has applied DR-seq, scONE-seq, G&T-seq, DNTR-seq, 
or Gtag&T-seq. There could be several reasons for this, including 
technical complexity, preference for alternative methods such as 
single-cell triple omics sequencing (cTrio-seq), single-nucleus 
chromatin accessibility and mRNA expression sequencing (SNARE- 
seq), 10X Multiome, or spatial transcriptomics, or a focus on 
transcriptome profiling using scRNA-seq alone.

SUPeR-seq

This method is used to identify and characterize super-enhancers 
(SEs) in various cancers, focusing on both full-length and small 
RNA sequencing. SEs contain approximately 10-fold higher 
density of transcription factors, making them superior to typical 
enhancers.41 SE-associated genes and long non-coding RNAs 
(lncRNAs) play an important role in the progression and devel-
opment of HCC. For example, SE-targeted genes (SPHK1, SPIDR,  
AJUBA, QK1, and SIRT7), microRNAs (miR-9), and lncRNAs 
(HCCL5, LINC1089, lncRNA-DAW, and HSAL-3) play crucial 
roles in HCC progression.41 Recently, a study has shown that 
E2F1 combined with LINC01004, a novel SE-associated ln-
cRNA, is upregulated in liver cancer tissues and is associated with 
cell proliferation and metastasis with poor patient prognosis.42 
Therefore, single-cell universal poly(A)-independent RNA se-
quencing (SUPeR-seq) could be instrumental in uncovering the 
role of SE-associated target genes and lncRNAs in HCC; how-
ever, to date, its use in HCC has not been reported.

scTrio-seq

This single-cell triple omics sequencing technique can be used to 
analyze genomic copy number variations (CNVs), DNA methy-
lomes, and transcriptomes simultaneously in a single cell. The 
unique and specific arrangement of DNA methylation abnor-
malities has been correlated with the diagnosis and prognosis of 
HCC.2 This technique was applied to 25 single HCC cancer 
cells, and two subpopulations were identified within these cells 
based on CNVs, DNA methylome, or transcriptome of individu-
al cells.43 Subpopulations expressing high levels of cell invasion Ta
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e 
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biomarkers tend to escape immune surveillance. Thus, filtering 
and capturing different subpopulations of tumor cells is an im-
portant topic for future cancer research.

SNARE-seq

This method simultaneously measures chromatin accessibility 
and gene expression.44 Briefly, in this technique, accessible sites 
are captured by Tn5 transposase in permeabilized nuclei to per-
mit DNA barcode tagging together with the mRNA molecules 
from the same cells.45 Similarly, ultra-high-throughput joint anal-
ysis of the transcriptome and accessible chromatin can be per-
formed using paired-seq to study millions of individual cells si-
multaneously. This method simultaneously tags open chromatin 
fragments generated by Tn5 transposases and cDNA molecules 
generated from reverse transcription of RNA in millions of cells. 
This technique was applied to Hep-G2 cells, in which reads from 
the DNA library were enriched around transcription start sites, 
whereas reads from the RNA library were enriched upstream of 
transcription termination sites.46

scRNA-seq + scTCR-seq

This technique combines gene expression and T-cell receptor 
(TCR) sequences from the same immune cells3 and has been ap-
plied to HCC. For example, tumors from patients with HCC 
treated with atezolizumab plus bevacizumab that presented with 
durable responses were enriched in PD-L1+ CXCL10+ macro-
phages and, based on cell-cell interaction analysis, expressed high 
levels of CXCL9/10/11 and were predicted to attract peripheral 
CXCR3+ CD8+ effector memory T cells (CD8 TEM) into the 
tumor. These data suggest that CD8 TEM cells preferentially dif-
ferentiate into clonally expanded PD-1- CD45RA+ effector- 
memory CD8+ T cells (CD8 TEMRA) with pronounced cyto-
toxicity. However, contradictory results were obtained in non-re-
sponders.33 Another study analyzed the mutational profiles and 
evolutionary trajectories of paired primary and recurrent HCC 
samples and identified differential gene expression in de novo ver-
sus true recurrence. The abundance of KLRB1+ CD8+ T cells and 
growth differentiation factor (GDF) 15 in DCs was high in truly 
recurrent HCCs with low cytotoxicity. High GDF4 levels in 
DCs dampen antigen presentation and inhibit antitumor immu-
nity in recurrent lesions. Consistent with these findings, a phase 2 
trial of neoadjuvant anti-PD-1 immunotherapy showed better 
responses in patients with de novo recurrent HCC.47

SINGLE-CELL OMICS AND MULTI-OMICS IN 
UNRAVELING HETEROGENEITY IN HCC

Tumor heterogeneity incorporates various subpopulations of cells, 
either within a tumor (intratumoral heterogeneity) or between 
different tumors or nodes in the same patient (intertumoral het-
erogeneity). The biological behavior of these cells differs owing to 
their different genetic and morphological characteristics, includ-
ing size, shape, and structure. Heterogeneity also exists before and 
after tumor treatment, which is known as spatiotemporal hetero-
geneity. For example, berberine treatment alters the tumor im-
mune landscape in mice by decreasing the proportion of TCR- 
bhiPD-1hiCD69+ CD27+ effector CD8+ T lymphocytes and in-
creasing the proportion of Ly6ChiTCRb+ CD69+ CD27+ 
CD62L+ central memory CD8+ T lymphocytes.48 Heterogeneity 
is commonly observed in HCC and is thought to result from dif-
ferences in patient genetics and TME. The diverse pathways in-
volved in HCC contribute to its clinical complexity and are cru-
cial factors in challenges, such as treatment resistance, tumor dor-
mancy, and relapse. Several factors, such as genomic mutations, 
epigenomic changes, and the TME, contribute to the clonal evo-
lution of cancer, resulting in heterogeneity at the genomic, mo-
lecular, and functional levels.

The TME, particularly immune cells and CAFs, plays a key 
role in shaping HCC heterogeneity and treatment resistance. 
CAFs promote tumorigenesis by secreting cytokines, chemok-
ines, and growth factors. Notably, the liver is in direct contact 
with bacterial products or other inflammatory stimuli and has the 
highest number of immune cells, such as Kupffer cells. Hence, it 
prevents excessive immune responses to maintain tissue health. 
Dysregulation of the immunological network due to prolonged 
inflammation can lead to HCC. Therefore, the interactions be-
tween hepatic immune cells and malignant hepatocytes should 
be studied to improve understanding of HCC and develop new 
treatment regimens. scRNA-seq studies have revealed CAF sub-
types, such as POSTN+,49,50 CD36+,51 and vascular endothelial 
growth factor A (VEGFA)+,52 that promote immunosuppression, 
recruitment of myeloid-derived suppressor cells, and angiogene-
sis, respectively. These findings underscore the importance of 
mapping the immune TME landscape for the development of 
targeted therapies. Recent scRNA-seq of CAF populations in 
HCC further revealed the immunosuppressive role of immuno-
globulin A (IgA) signaling in the TME. The PD-L1 level in 
IgA-treated CAFs was increased, and the amount of fibroblast 
activation protein was elevated, which suppressed the cytotoxicity 
of CD8+ T cells through PD-1-induced interactions. This study 
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suggests that intrahepatic IgA induces polarization of HCC-
CAFs into more malignant matrix phenotypes and attenuates the 
function of cytotoxic T cells. These findings highlight their po-
tential roles in tumor progression and immune suppression.53

Single-cell sequencing technologies have become essential for 
uncovering cellular and molecular landscapes.52 Alvarez et al.54 
used single-cell analysis in human liver single nucleus. They iden-
tified a proliferating cell type carrying TP53 and RB1 somatic 
mutations that are enriched in HCC tumors and associated with 
decreased overall survival. The six datasets of scRNA-seq identi-
fied five clusters and found that the aggressive HCC subtype is 
composed of a combination of cluster 1 characterized by high ex-
pression of p53 and myc with cluster 3, 4, or 5. Cluster 1 elucidat-
ed T cell depletion as an immune resistance mechanism. This 
study deepens our understanding of the molecular mechanisms 
and TME in aggressive HCC.55 To move toward clinical appli-
cation, an 11-gene prognostic signature was derived from the dif-

ferentially expressed genes, distinguishing tumor from adjacent 
non-tumor cells using an scRNA-seq approach. This signature 
stratifies patients with HCC into two risk groups based on mark-
edly different molecular profiles. The study also identified 14 can-
didate compounds that may improve outcomes in aggressive 
HCC in the high-risk group.56 These studies collectively high-
light the power of single-cell sequencing technologies in identi-
fying distinct tumor subpopulations, prognostic gene signatures, 
and potential therapeutic targets.

However, scRNA-seq technology still has limitations due to 
the loss of spatial and morphological information after tissue dis-
sociation, which makes it difficult to determine the spatial archi-
tecture of tumors. Methods such as multiplexed error-robust flu-
orescence in situ hybridization and sequential fluorescence in situ 
hybridization can capture spatial information; however, they are 
limited to detecting only a small number of predefined target 
genes simultaneously.57 The newly developed spatial transcrip-

Figure 3. Please check copyright of figure. Importance of single-cell multi-omics in understanding tumor heterogeneity. This figure depicts 
the role of single-cell multi-omics in cancer diagnosis and analysis of intertumoral and intratumoral heterogeneity. Multi-omics methods can 
provide a complete picture of tumor biology by combining genomics, transcriptomics, proteomics, and metabolomics. These analyses reveal 
the main molecular signatures and pathways, including TP53, RB1, CTNNB1, PROM1, and CD47, as well as changes in various cell types, such 
as cancer stem cells, cancer-associated fibroblasts (CAFs), tumor-associated macrophages (TAMs), T lymphocytes, and Kupffer cells. Dys-
regulated pathways such as glycolysis, hypoxia response, immune evasion, angiogenesis, and metastasis are mentioned as the drivers of tu-
mor progression. Single-cell multi-omics insights aid in the development of personalized medicine, drug targets, biomarker discovery, patient 
stratification, and clinical translation through multi-phase therapeutic trials. TP53, tumor protein p53; RB1, retinoblastoma gene; CTNNB1, 
β-catenin gene; PROM1, prominin-1 (CD133); CD47, cluster of differentiation 47; CSC, cancer stem cells; MAC, macrophages.
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tomics technology can overcome these limitations. For example, 
the spatial transcriptome architecture of seven PLCs character-
ized the tertiary lymphoid structure composition, stromal and 
immune cell distribution, cancer stem cell niche diversity, and tu-
mor cluster interactions. In brief, the study revealed that recipro-
cal ligand-receptor interactions occurring along the 100-μm clus-
ter boundary are essential for preserving the structural organiza-
tion within the tumor. PROM1+ CD47+ cancer stem cell niches 
contribute to the remodeling of the TME and tumor metasta-
sis.57 These findings provide a deeper understanding of the com-
plex ecosystem of liver cancer and can therefore improve individ-
ualized cancer prevention and drug discovery.

scRNA-seq and spatial transcriptomics are inadequate for epi-
genetics, proteomics, and metabolomics. Thus, multi-omics with 
bulk tissue-resolution profiling has the potential to address such 
deficiencies. For example, using a combination of scRNA-seq, 
spatial transcriptomics, and bulk multi-omics, Zhou et al.58 re-
vealed that intrahepatic cholangiocarcinoma was the primary 
source of CAFs, whereas HCC exhibited disrupted metabolism 
and greater individual heterogeneity of T cells. Similarly, in an-
other study, single-cell transcriptomic, proteomic, and chromatin 
accessibility data were combined to identify the correlation be-
tween heterogeneity and metastatic potential in five HCC cell 
lines. They identified a rare hypoxic subtype with a high capacity 
for glycolysis and increased metastatic potential. Additionally, 
they identified a robust 14-gene panel representing the hypoxia 
signature that could serve as a prognostic index.36 In a recent 
study on HCC, single-cell spatial transcriptomics and bulk multi- 
omics analyses were used to investigate the heterogeneous behav-
ior of HCC and its ecosystems. They identified MI types of tu-
mor-associated macrophages that perturb metabolism, antigen 
presentation, and immune-killing abilities. In addition, they iden-
tified that cirrhotic and HCC lesions in an individual patient 
shared a common origin and then evolved in parallel; each lesion 
adopted distinct immune reprogramming strategies to adapt to 
its local microenvironment.4 This dataset revealed the dynamic 
heterogeneity of HCC across spatiotemporal dimensions. Pa-
tients with β-catenin (encoded by CTNNB1)-mutated HCC 
demonstrate heterogeneous responses to first-line immune check
point inhibitors. Precision medicine-based treatments are not 
available for this class. Analysis of bulk and spatial transcriptomic 
data showed that the mutated β-catenin gene signature over-
lapped with the Hoshida S3, Boyault G5/G6, and Chiang CT-
NNB1 subclasses in The Cancer Genome Atlas and HCC spa-
tial datasets. Therefore, this signature may aid in patient stratifica-
tion to guide precision medicine therapeutics for the CTN-

NB1-mutated HCC subclass.59 These studies highlight the im-
portance of multi-omics technologies in addressing the spatial, 
functional, and evolutionary complexities of HCC (Fig. 3).

Given the pressing need for novel liver cancer therapies, scRNA- 
seq not only uncovers potential drug targets but also enables finer 
tumor subclassification to better tailor individual treatments. An 
initial scRNA-seq-based classification system has been proposed. 
However, it awaits prospective validation before adoption in rou-
tine clinical practice. To date, only a handful of single-cell se-
quencing studies (Table 3) and clinical trials on HCC have in-
vestigated therapies based on single-cell analyses, highlighting 
the gap between their discovery and application (Table 4). Com-
bining scRNA-seq with spatial transcriptomics will deepen our 
insight into cellular and molecular crosstalk within the TME, 
driving the discovery of new targets in hepatobiliary cancers. 
Moreover, these high-resolution approaches promise to improve 
tumor classification and patient stratification, thereby improving 
the precision of future clinical trials.

Application of scRNA-seq in biomarker discovery

Using an scRNA-seq approach, a study found that HCC ex-
pressing the predictive markers FKBP10, ATP1A2, NT5DC2, 
UGT3A2, PYCR1, CKB, GPX7, DNMT3B, GSTP1, and OXCT1 
activate a metabolic transcriptional program that influences epi-
genetic regulation.60 In another study, an scRNA-seq approach 
was used to calculate a metabolic score predicting metastatic po-
tential in HCC based on the combined tumor expression of DN-
MT3B and PFKFB4. Emerging evidence suggests that circular 
RNAs (circRNAs) and lncRNAs contribute substantially to the 
molecular etiology of HCC.61 circRNAs and lncRNAs are hy-
pothesized to play important roles in the etiology of HCC. Ka-
plan-Meier plot analysis showed that of the 55 differentially ex-
pressed mRNAs in the circRNA/lncRNA-miRNA-mRNA net-
work, the following genes were most strongly associated with the 
prognosis of patients with HCC: CPEB3, EFNB3, FATA4, GH 
receptor, GSTZ1, KLF8, MFAP4, PAIP2B, PHACTR3, PIT-
PNM3, RPS6KA6, RSPO3, SLITRK6, SMOC1, STEAP4, SYT1, 
TMEM132E, TSPAN11, and ZFPM2.62

APPLICATION OF scRNA-SEQ IN LIQUID 
BIOPSY AND NONINVASIVE MONITORING

Liquid biopsy is a minimally invasive method for detecting tu-
mor-derived materials in blood. It enables the acquisition of ge-
netic, epigenetic, transcriptomic, and proteomic data. This meth-
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od is especially important in HCC because biopsies are rarely 
performed to diagnose HCC owing to the widespread reliance 
on imaging techniques such as computed tomography (CT) or 
magnetic resonance imaging (MRI) scans. Tumor-derived mate-
rials for liquid biopsy include cell-free DNA, circulating tumor 

cells (CTCs), and extracellular vesicles. The presence of CTCs is 
regarded as a valuable biomarker for the diagnosis and prognosis 
of HCC.

scRNA-seq is a promising approach for analyzing gene expres-
sion in individual CTCs. However, these cells are present in ex-

Table 3. Overview of single-cell sequencing studies in unravelling heterogeneity in liver cancer in the past year

Single-cell technology Major findings

Tumor immune microenvironment

scRNA-seq NQO1+ macrophages may have an immunosuppressive effect on HCC106

scRNA-seq Four distinct TAMs were identified. Specifically, TAM-c4 was enriched in the advanced-stage patients or 
those receiving ICT and found to be related to a short survival time and low abundance of CD8+ T cells in 
primary liver cancers107

scRNA-seq, spatial transcriptomics and  
transcriptome profiling

A novel FMO2+ CAF subset serves as a critical regulator of microenvironmental immune properties and a 
predictive biomarker of the immunotherapy response in patients with HCC. CCL19 in combination with 
anti-PD-1 therapy may constitute a novel therapeutic strategy for HCC108

Spatial transcriptomics and scRNA-seq High protein kinase, DNA-activated, catalytic subunit expression is associated with shorter survival times 
and an abnormal tumor microenvironment, highlighting its impact on immune cell infiltration and HCC 
prognosis109

Spatial transcriptomics and scRNA-seq LAMA4+ CD90+ extracellular matrix CAFs provide immunosuppressive microenvironment for liver cancer 
through induction of CD8+ T cell senescence110

scRNA-seq Glycan-HCCs were associated with multifaceted immune distortion, including exhaustion of T cells and 
enriched SPP1+ macrophages and leads to worse survival111

Single-cell, bulk, and spatial transcriptome 
profiling with multiplexed immunofluores-
cence

The crosstalk between DAB2+ TAMs and FAP+ CAFs seem to be a key determinant in shaping the tumor 
immune barrier. Therapeutic strategies that disrupt this interaction could potentiate immunotherapeutic 
responses and improve patient prognosis112

scRNA-seq, whole-exome sequencing, 
whole-transcriptome sequencing, and  
NGS-based HBV integration analysis

In this study, patients were categorized into two groups on the basis of effector CD8+ T-cell exhaustion 
markers high and low exhaustion groups. The high-exhaustion group exhibited higher PDCD1 expression, 
higher TP53 mutation rates, clonal expansion of CD4+ regulatory T cells and follicular helper T cells, and 
more pronounced HBV integrations with elevated intrahepatic covalently cccDNA and pgRNA levels. 
These findings provide insight into the intricate relationship between high exhaustion, proliferation sub
type, increased HBV integrations, and enhanced HBV-induced oncogenic potential in virus-related HCC113

Tumor cell heterogeneity & spatial features

scRNA-seq The analysis demonstrated regional heterogeneity in cellular composition and malignant potential across 
the tumor, with the T1 region displaying the greatest degree of malignancy, characterized by the upregu-
lation of HMGB2 and TOP2A114

Spatial transcriptomics and scRNA-seq Identified three subtypes in tumor cells, including ARG1+ metabolism subtype (metab-subtype), TOP2A+ 
proliferation phenotype, and S100A6+ pro-metastatic subtype (EMT-subtype)115

scCPA-Tag Identified a tumour cell subtype (C2) with more aggressive features. This subtype was characterized by high 
chromatin accessibility and a lower abundance of H3K27me3 on tumour-promoting genes116

Spatial transcriptomics sequencing The study identified one LPC cluster, three LPC subpopulations, and four distinct cellular modules, indicat-
ing the heterogeneity within LPC and the diversity between LPCs and epithelial cells117

Single-cell immune repertoire sequencing, 
mass cytometry, and multiplex immunofluo-
rescence

The study describes the TME landscape and identified six prognosis-related cell subclusters in this land-
scape118

Tumor endothelial cells

scRNA-seq The analysis uncovered significant heterogeneity among TECs in HCC, delineating two subgroups (TEC1 
and TEC2) with distinct functional roles and signaling profiles119

scRNA-seq This analysis delineated the intratumoral cellular heterogeneity underlying MVI, identifying MARCKSL1+ 
MVI-positive malignant cells as key contributors to MVI progression via activation of the PTN signaling 
pathway120
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tremely low numbers (approximately 1-10 per million white 
blood cells [WBCs]). Therefore, their enrichment is critical be-
fore scRNA-seq and is typically achieved using various immu-
noaffinity-based or physical property-based methods. The Cell-
Search® System (Menarini Silicon Biosystems Inc, Huntington 
Valley, PA, USA), an epithelial cell adhesion molecule (Ep-
CAM)-based immunoaffinity platform, is currently the only 
United States Food and Drug Administration (FDA)-approved 
method for CTC detection. It employs antibodies targeting Ep-
CAMs to isolate and enrich CTCs in metastatic breast, colorec-
tal, and prostate cancers. This system captures CTCs using ferro-
magnetic beads coated with anti-EpCAM antibodies and isolates 
them via magnetically activated cell sorting. However, CTCs 
commonly exhibit epithelial-to-mesenchymal transition (EMT), 
and in the context of HCC, they arise from hepatocytes rather 
than from classical epithelial cell lineages. Therefore, the use of 
anti-EpCAM antibodies alone may not be sufficient for effective 
enrichment of HCC CTCs. To overcome this, newer strategies 
have incorporated multiple antibodies to improve the capture ef-

ficiency. Advanced microfluidic platforms, such as CTC-ChipTM 
( Johnson & Johnson, New Brunswick, NJ, USA) and NanoVel-
cro ChipTM (University of California, Los Angeles, Los Angeles, 
CA, USA), have been developed to increase the frequency and 
strength of interactions between CTCs and functionalized chip 
surfaces, resulting in markedly improved capture efficiency. Alter-
natively, physical property-based approaches utilize techniques, 
such as microfiltration, density gradient centrifugation, dielectro-
phoresis, and microfluidic systems, to isolate CTCs. All of these 
methods are antigen-independent; therefore, they can address the 
issue of EpCAM loss during the EMT of CTCs. Additionally, 
CTCs do not need to be separated from the coated antibodies, 
which makes these methods cost-effective. The Parsortix® PC1 
System (CelLBxHealth, Guildford, UK) represents a microfluid-
ic technology recently cleared by the FDA that isolates CTCs 
from patients with metastatic breast cancer by exploiting differ-
ences in cell size and deformability. However, even with these 
technologies, more than 1,000 WBCs per CTC often remain in 
the background. Therefore, immunofluorescence staining is com-

Single-cell technology Major findings

Relapse, prognostic risk, and cellular senescence

scRNA-seq and bulk RNA-seq datasets Related genes from senescence-related pathways were used to identify senescence-related molecular sub-
types in HCC with G6PD as a key gene, potentially serving as a senescence-related target in liver cancer121

scRNA-seq Analysis of primary versus early-relapsed HCC demonstrated elevated infiltration of CD8+ T cells and ma-
lignant cells in relapsed tumors, alongside a marked decline in CD4+ T cell populations122

scRNA-seq Identified a distinct senescent-associated subset of CD34+ CLDN5+ endothelial cells, which mainly enriched 
in tumor tissue. These cells increased cholangiocellular phenotype in HCC via IGF2-IGF2R signaling123

Bulk RNA sequencing, proteomic analysis, 
scRNA-seq, spatial transcriptomics  
sequencing, and genome sequencing

Reveals a novel subtype of HCC with biological and clinical relevance. Patients with tumor purity-TME high-
risk subtypes show pronounced hypoxia and activation of Wnt/β-catenin, Notch, and TGF-β pathways. 
Notably, a novel XPO1+ epithelial subtype shares these high-risk signatures and aggressive behavior124

scRNA-seq, single-cell RNA sequencing; NQO1, NAD(P)H quinone dehydrogenase 1; HCC, hepatocellular carcinoma; TAM, tumor-associated macrophage; 
ICT, immune checkpoint therapy; FMO2, flavin-containing monooxygenase 2; CAF, cancer-associated fibroblast; CCL19, C-C motif chemokine ligand 19; PD-1, 
programmed death 1; LAMA4, laminin subunit alpha 4; SPP1, secreted phosphoprotein 1; DAB2, disabled homolog 2; FAP, fibroblast activation protein; NGS, 
next generation sequencing; HBV, hepatitis B virus; cccDNA, closed circular DNA; pgRNA, pregenomic RNA; HMGB2, high mobility group box 2; TOP2A, to-
poisomerase (DNA) II alpha; scCPA, single-cell clustering-based pathway analysis; EMT, epithelial-to-mesenchymal transition; LPC, liver progenitor cell; TEC, 
tumor endothelial cell; MVI, microvascular invasion; PTN, pleiotrophin; IGF2, insulin-like growth factor 2; IGF2R, insulin-like growth factor 2 receptor; TGF-β, 
transforming growth factor-beta; XPO1, exportin 1.

Table 3. Continued

Table 4. Ongoing and completed clinical trials utilizing single-cell approaches in liver cancer

Clinical trial identifier Country Year Title Status

NCT05677724 China 2022 Single-cell RNA Sequencing Resolves the Regulatory Role of HBV on 
the Hepatocellular Carcinoma Immune Microenvironment

Unknown status

NCT05171439 China 2022 Surufatinib in Advanced Hepatocellular Carcinoma Based on Single-cell 
Sequencing of Tumor Samples

Unknown status

NCT05540925 China 2022 Vascular Invasion Signatures in cfDNA Support Re-staging of Liver Cancer Completed*

HBV, hepatitis B virus; cfDNA, cell-free DNA.
*No results posted. 
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monly used to distinguish CTCs from the background WBCs. 
Alternative strategies have applied PCR-based assays to charac-
terize CTC expression signatures through the analysis of a re-
stricted set of genes, as shown in recent studies on HCC.63 How-
ever, comprehensive whole-genome transcriptomic profiling of 
CTCs from patients with HCC remains scarce.

Advances in single-cell technology offer a feasible path for ob-
taining such data, providing a foundation for the development of 
more precise biomarkers for HCC. However, only a few studies 
have employed scRNA-seq to detect and characterize CTCs in 
HCC. D’Avola et al.64 reported a sequential approach combining 
imaging flow cytometry with high-density scRNA-seq to detect 
and characterize CTCs in patients with HCC. Genome-wide 
expression profiling of CTCs using this approach demonstrated 

that the presence of HCC upregulated lncRNA (HULC), SPINK1,  
IGF2, SPP1, and BRIC5 in the CTCs of the hepatic lineage. 
Moreover, the absence of circulating hepatic lineage cells in the 
blood of healthy individuals and patients with non-malignant 
chronic liver diseases further supports the malignant origin of 
CTCs. In addition to the aforementioned genes, multiple other 
genes exhibited differential expression between the two candidate 
CTCs detected in patient 1, underscoring the transcriptomic het-
erogeneity within the CTC compartment. This study suggests 
that high-density expression profiling using scRNA-seq helps 
trace cancer heterogeneity in CTCs.64 Building on this concept, 
researchers performed single-cell transcriptomic analysis to iden-
tify cell type-specific RNA markers in plasma samples from pa-
tients with HCC. In this study, scRNA-seq identified six major 

Figure 4. Applications of single-cell sequencing. This figure demonstrates the uses of single-cell RNA sequencing (scRNA-seq) in cancer. The 
schematic shows the biomarker discovery through predictive markers that trigger metabolic transcriptional programs and affect epigenetic 
regulation. It also describes the ability to predict metastatic potential and identify prognostic markers with the help of the Kaplan-Meier 
analysis of circular RNA (circRNA) and long non-coding RNA (lncRNA) profiles. The noninvasive tumor monitoring methods based on liquid 
biopsy are circulating tumor cells (CTCs), cell-free DNA (cfDNA), and extracellular vesicles, along with single-cell isolation. Multiplex protein 
analysis, single-nucleotide polymorphism (SNP) genotyping, chromatin immunoprecipitation (CHIP) assays, DNA methylation, RNA, and nu-
cleosome profiling are examples of integrative single-cell assays that contribute to the comprehensive diagnosis and prognosis of cancer.
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cell clusters in HCC tissues compared with paired non-HCC 
tissues. These profiles were then used to derive cell-type-specific 
gene signature (CELSIG) scores from plasma RNA. Notably, the 
hepatocyte-like CELSIG score was significantly elevated in the 
preoperative plasma of patients with HCC compared with that 
of patients without HCC. These findings highlight the use of 
combining scRNA-seq with plasma RNA analysis to develop 
noninvasive and dynamic biomarkers for cancer detection and 
monitoring.65 Collectively, these studies underscore the signifi-
cance of scRNA-seq as an emerging approach for biomarker 
identification in HCC using liquid biopsy. Various applications 
of scRNA-seq in cancer are shown in Fig. 4.

CHALLENGES AND PERSPECTIVES

Although scRNA-seq has transformed our understanding of or-
gan complexity, it faces several challenges: tissue dissociation can 
alter gene expression and must be finely tuned, the approach re-
mains costly and requires extensive bioinformatics expertise, and 
spatial transcriptomics, while promising, still requires validation 
in liver studies. Emerging single-cell multiomics methods will 
further enrich our insights by integrating protein, RNA, and 
DNA analyses; however, they must become more affordable.

Finally, the development of reliable histological or imaging 
biomarkers could help predict treatment responses and patient 
outcomes without the need for full single-cell profiling. Never-
theless, integrating single-cell and multi-omics analyses into the 
real-world diagnostics of HCC is challenging. Most clinical speci
mens are limited to small biopsies or formalin-fixed paraffin-em-
bedded (FFPE) tissues, where RNA degradation and rapid tissue 
handling pipelines hinder high-quality single-cell isolation and 
sequencing.66,67 Furthermore, these samples may not adequately 
capture the spatial and cellular heterogeneity of HCC, leading to 
sampling bias. New methods, including single-nucleus RNA se-
quencing68,69 and FFPE-compatible spatial transcriptomics,70,71 
address these shortcomings; however, they are costly and techni-
cally challenging for routine use in clinical practice.

CONCLUSION

scRNA-seq has transformed our ability to dissect liver biology by 
resolving the diversity of cell types and states and mapping inter-
cellular communication in health and disease. Selecting an ap-
propriate scRNA-seq protocol requires balancing experimental 
goals, desired gene coverage, and budget constraints. Advances in 
computational analysis, spatial transcriptomics, and hybrid work-

flows that combine scRNA-seq with spatial data now enable us 
to study gene expression within the intact, architecturally com-
plex liver. This approach has yielded key insights into the hepatic 
zonation, mechanisms of regeneration, and cellular ecosystems 
that drive chronic liver disease and cancer. Because liver pathology  
involves intricate networks of multiple cell populations, scRNA-
seq offers an unprecedented window into these microenviron-
ments. The current challenge lies in converting these molecular 
and cellular discoveries into targeted therapies to address the 
pressing clinical needs of hepatology.
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