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Abstract
Background/Aim: Cancer stem cells (CSCs) play key roles in hepatocellular carcinoma (HCC) initiation, progression, 
therapeutic resistance, and recurrence, yet their cellular and spatial heterogeneity remains poorly understood. This 
study aimed to systematically characterize HCC-associated CSCs and identify prognostic biomarkers and potential 
therapeutic strategies using single-cell omics.
Materials and Methods: Single-cell RNA sequencing and spatial transcriptomics data were obtained from HCCDB v2.0. 
Malignant cells were re-clustered using Harmony-based batch correction, followed by uniform manifold approximation and 
projection (UMAP) and Louvain clustering. Copy number variation analysis validated malignant identities. CSC-associated 
molecular features were characterized using differential expression, gene regulatory network analysis (SCENIC), pathway 
enrichment (GSVA), pseudotime trajectory inference (Monocle, CytoTRACE2), and cell-cell communication analysis 
(CellChat). CSC-specific genes were integrated with GEO survival datasets (GSE76427, GSE14520) to construct a prognostic 
model, and potential CSC-targeting compounds were predicted using Connectivity Map.
Results: Six malignant subpopulations were identified, including a progenitor-like CSC subset expressing EPCAM, SOX9, 
and SOX4. Spatial transcriptomics revealed CSC enrichment at the tumor-stroma interface. CSCs exhibited strong 
stemness, metabolic plasticity, and invasive potential, with activation of WNT/β-catenin, TGF-β, Notch, EMT, MYC, and 
mTORC1 pathways. Key transcription factors (TEAD2, SOX4, HNF1B, KLF7) were identified. A 12-gene CSC-derived 
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Introduction

Liver cancer is among the most prevalent and lethal 
malignancies worldwide. In 2022, an estimated 865,269 
new cases were reported, ranking sixth in global cancer 
incidence, while 757,948 deaths ranked third in cancer-
related mortality (1). At the current trajectory, the global 
incidence of liver cancer is projected to nearly double by 
2050 (2). Primary liver cancer, which arises from liver 
parenchyma, is dominated by hepatocellular carcinoma 
(HCC) (3), whereas metastatic liver cancer results from 
secondary tumors disseminating from organs such as the 
colon, stomach, and pancreas (4-7). Chronic viral hepatitis 
(HBV and HCV), cirrhosis, long-term alcohol exposure, and 
metabolic disorders remain the major risk factors for HCC 
development (8). Although surgical resection, local ablative 
therapies, and systemic treatments have improved clinical 
outcomes to some extent, HCC remains highly 
heterogeneous, relapse-prone, and intrinsically drug-
resistant, resulting in persistently poor overall survival (9, 
10). Consequently, the discovery of novel therapeutic 
strategies or effective drug-repurposing approaches for 
HCC remains an urgent clinical priority (11).

Accumulating evidence suggests that cancer stem cells 
(CSCs) play a pivotal role in HCC initiation, progression, 
metastasis, and therapeutic resistance (12). CSCs possess 
stem-like properties–including self-renewal, multipotent 
differentiation, and pronounced drug resistance–that 
enable them to drive tumor growth and fuel recurrence 
even after clinically effective treatments (12-14). 
Elucidating the molecular signatures of HCC-associated 
CSCs, defining their prognostic relevance, and identifying 

CSC-specific therapeutic vulnerabilities are therefore 
critical steps toward improving clinical management and 
designing precision therapies (15).

Compared to traditional bulk RNA sequencing, 
single-cell RNA sequencing (scRNA-seq) provides high-
resolution profiling of individual cells, enabling the 
dissection of cellular heterogeneity, identification of rare 
cell populations, and reconstruction of gene regulatory 
networks and lineage trajectories (16, 17). Recent advances 
integrating single-cell and spatial transcriptomics further 
allow the localization of distinct cell states within the 
tumor microenvironment (TME), offering deeper insights 
into tumor architecture, tumor-immune interactions, and 
spatially constrained regulatory programs (18-20). These 
approaches hold promise for discovering clinically relevant 
biomarkers and therapeutic targets in HCC.

Despite growing recognition of the importance of CSCs 
in HCC progression and treatment failure, current studies 
largely rely on single-modality datasets–most commonly 
scRNA-seq–and lack a comprehensive multi-omics 
integration. Crucial aspects such as the spatial niches of CSCs, 
their intercellular communication networks, transcriptional 
regulators, developmental hierarchies, and clinically 
actionable molecular determinants remain insufficiently 
defined. To address these gaps, the present study constructs 
a multimodal atlas of HCC CSCs, integrating single-cell and 
spatial transcriptomics, regulatory network inference, 
developmental trajectory reconstruction, clinical prognostic 
modeling, and drug-response prediction. This integrative 
framework provides a systematic characterization of CSC 
malignancy states, spatial organization, stemness-associated 
regulatory programs, prognostic biomarkers, and potential 

signature stratified patients into distinct risk groups with significantly different overall survival. Several candidate 
compounds, including fluspirilene, genistein, and daunorubicin, showed potential CSC-suppressive activity.
Conclusion: This study provides a comprehensive single-cell-based atlas of CSCs in HCC, highlighting their spatial 
niches, regulatory programs, and clinical relevance. The identified prognostic signature and candidate drugs offer 
promising avenues for CSC-targeted therapies.
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therapeutic compounds with relevance to CSC-targeted 
treatment (Figure 1).

Materials and Methods

Single-cell sequencing data sources and preprocessing. 
Single-cell RNA sequencing (scRNA-seq) data were 
obtained from the HCCDBsc3 dataset in the Single-cell 
RNA-seq Datasets module of the HCCDB v2.0 database 
(21). The dataset comprises 61,428 cells derived from 
seven hepatocellular carcinoma (HCC) patients. Raw data 
underwent standardized quality control, during which 
cells were retained according to the following criteria: 
mitochondrial gene percentage ≤20%, number of detected 
features (nFeature) between 200 and 10,000, and total 
UMI counts (nCount) between 500 and 30,000. Data 
preprocessing was conducted using the Seurat (v4.3.0) 
package (22). Gene expression matrices were normalized, 
and highly variable genes were identified. Principal 
component analysis (PCA) was applied, and the top 30 
principal components were selected for downstream 

dimensionality reduction (23). To mitigate inter-sample 
batch effects, canonical correlation analysis (CCA) was 
applied for data integration (24). Clustering was 
performed using a shared nearest neighbor (SNN) graph-
based approach, and dimensionality reduction for 
visualization was achieved using the uniform manifold 
approximation and projection (UMAP) algorithm (25). 
Cell-type annotation was carried out by integrating 
canonical marker genes reported in the literature, 
resulting in the identification of 7 major cell types and 17 
secondary subpopulations.

Extraction and re-clustering of malignant cell subsets. To 
investigate intratumoral heterogeneity in greater detail, we 
focused our analysis on tumor-derived malignant cell 
populations. Cells annotated as “Malignant cells” in the 
original dataset were extracted for downstream analyses. 
These cells were subsequently re-normalized and scaled 
using the Seurat (v5.3.0) pipeline (22), and principal 
component analysis (PCA) was re-performed based on 
highly variable genes. To further reduce inter-sample 

Figure 1. Overview of the integrated multi-omics workflow, encompassing single-cell transcriptomic profiling, malignant cell subpopulation delineation, 
spatial mapping of CSC niches, regulatory network and developmental trajectory inference, construction of a CSC-derived prognostic model, and CMap-
based therapeutic compound screening. Created with BioRender.com. CSCs: Cancer stem cells; CMap: connectivity map.
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variability, batch correction was applied in the principal 
component space using the Harmony algorithm (26). 
Nonlinear dimensionality reduction was then conducted 
using UMAP (25), followed by clustering with a shared 
nearest neighbor graph and Louvain community detection 
(27), which partitioned malignant cells into 7 
transcriptionally distinct subpopulations. Marker genes for 
each malignant subpopulation were identified through 
differential expression analysis. Functional interpretation 
and biological annotation were performed by integrating 
evidence from the literature and curated databases, including 
CellMarker and PanglaoDB (28, 29). We found two clusters 
exhibiting highly similar marker gene expression profiles 
and consistent functional characteristics. We merged these 
two clusters for subsequent analyses to enhance biological 
interpretability and analytical robustness. Ultimately, six 
subpopulations were identified.

Cell proportion analysis. To assess tumor heterogeneity and 
inter-patient variability in CSC distribution, both relative and 
absolute proportions of the six malignant cell subpopulations 
were calculated for each sample. Relative proportions were 
defined as the fraction of cells in each subpopulation over the 
total number of cells per sample. These proportions were 
visualized using bar plots and stacked charts to compare the 
enrichment patterns of CSC subpopulations across patients.

Spatial transcriptomics (ST) analysis. ST data were obtained 
from HCC-1, HCC-3, and HCC-4 samples within the Spatial 
Transcriptomics module of the HCCDB v2.0 database (21). 
Spots corresponding to tumor tissue regions were selected 
for downstream analysis. The AddModuleScore algorithm 
(30) was applied to compute the average expression levels 
of each malignant cell cluster at the single-cell level, and 
these expression profiles were mapped onto the 
corresponding H&E-stained tissue images. By integrating 
the marker gene signatures of CSC subpopulations, their 
spatial localization and enrichment regions within tumor 
tissues were delineated. Spatial distribution patterns and the 
associated tumor microenvironmental features of CSCs were 
further analyzed in the context of histological morphology.

Copy number variation (CNV) analysis. To validate the 
classification of malignant cell subsets and distinguish 
true tumor cells from potential immune cell 
contamination, CNV analysis was performed using the 
inferCNV (v1.24.0) package (https://github.com/
broadinstitute/inferCNV). Immune cells were used as a 
reference population, and gene copy number signals were 
estimated through a moving window smoothing 
algorithm. CNV heatmaps were generated using the ward.
D2 hierarchical clustering method to visualize genomic 
copy number aberrations across subpopulations, 
facilitating the accurate identification of malignant cells.

Differentially expressed genes (DEGs) analysis. Differential 
gene expression among the six malignant cell subpopulations, 
as well as between CSC and non-CSC populations, was 
analyzed using the FindMarkers and FindAllMarkers 
functions from the Seurat package. Genes were considered 
differentially expressed if they met the following criteria: 
adjusted p-value <0.05, mean log₂ fold change (|log₂FC|) 
>1.5, expression rate in the CSC population (pct.1) >0.4, and 
expression rate in the non-CSC population (pct.2) <0.2.

Enrichment pathway scoring. Gene set variation analysis 
(GSVA) was performed using the GSVA (v2.2.0) package in 
combination with GSEABase (v1.70.0) and msigdbr (v24.1.0) 
(https://www.gsea-msigdb.org/gsea/msigdb). The analysis 
was conducted on the six malignant cell subpopulations 
using the Hallmark gene sets (31). Enrichment scores were 
computed for 50 canonical HALLMARK pathways to reveal 
functional heterogeneity among CSC subpopulations, 
encompassing processes such as metabolism, cell cycle 
regulation, stemness maintenance, and immune evasion.

Pseudotime trajectory analysis. To investigate the 
differentiation potential and developmental trajectories of 
CSCs, pseudotime analysis was performed using Monocle2 
(v2.36.0) and Monocle3 (v1.4.26) (32, 33). Gene dynamics 
models were constructed to visualize the expression 
patterns of key marker genes along the trajectories. 
Additionally, CytoTRACE 2 (v1.1.0) scoring was integrated 

https://github.com/broadinstitute/inferCNV
https://github.com/broadinstitute/inferCNV
https://www.gsea-msigdb.org/gsea/msigdb
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to evaluate the stemness and differentiation states of 
individual cells (34).

Cell-cell communication. Ligand-receptor interaction 
networks among the six malignant cell subpopulations 
were constructed using the CellChat package (v1.6.1) 
(35). Communication probability matrices were 
calculated to identify significant signaling pathways, 
revealing intercellular interaction patterns between CSCs 
and other tumor subpopulations. Particular attention was 
given to signaling axes associated with immune regulation, 
angiogenesis, and tumor progression.

Gene regulatory networks. Gene regulatory networks for 
each malignant cell subpopulation were inferred using the 
SCENIC framework (v1.3.1), incorporating GENIE3 and 
AUCell modules (36). Core transcriptional regulators and 
their downstream target gene sets were identified for 
each subpopulation, and regulatory activity scores (AUC 
values) were computed to assess the potential roles of 
CSC-specific transcription factors in maintaining stemness 
and driving tumor progression.

Building a prognostic model using GEO data. Differentially 
expressed genes between CSC and non-CSC subpopulations 
were integrated with transcriptomic and survival data from 
the GSE76427 and GSE14520 cohorts, encompassing 336 
tumor samples (37, 38). Genes significantly associated with 
overall survival were first identified via univariate Cox 
regression. A multigene prognostic signature was then 
constructed using LASSO-Cox regression. Patients were 
stratified into high-risk and low-risk groups based on their 
calculated risk scores, and the predictive performance of 
the model was assessed using Kaplan-Meier survival 
analysis and time-dependent ROC curves (39, 40).

Drug screening by Connectivity Map (CMap). To identify 
potential therapeutics capable of reversing the molecular 
characteristics of CSCs, we leveraged the CMap database 
(41). Differentially expressed genes between CSC and non-
CSC populations (|log₂FoldChange| >1.5, adjusted p-value 

<0.05) were classified as upregulated or downregulated 
and submitted to the L1000 platform (42). The CMap 
algorithm computed a Connectivity Score (NCS) for each 
compound, reflecting the inverse correlation between the 
drug-induced transcriptional profile and the CSC molecular 
signature. Compounds with negative NCS values were 
considered as potential inhibitors or phenotype-reversing 
agents for CSCs. Mechanism-of-action (MOA) annotations 
were retrieved from the CMap database, and MOA 
enrichment analysis was performed to identify recurrent 
functional classes among the candidate drugs.

Ethics statement. The single-cell RNA sequencing and bulk 
RNA sequencing data used in this study were all from 
publicly available sources, therefore no ethical review was 
required.

Results

Metadata cell classification. Following data integration, a total 
of 61,428 cells were retained for downstream analysis. Using 
UMAP coordinates derived from the metadata, we 
constructed a two-dimensional visualization depicting seven 
major cell types: B cells, endothelial cells, malignant cells, 
myeloid cells, NK/T cells, plasma B cells, and stromal cells 
(Figure 2A). A higher-resolution UMAP further resolved 17 
distinct cellular subtypes, including B cells, basophils, CD4⁺ 
T cells, CD8⁺ T cells, cDC1s, cDC2s, circulating NK/NKT cells, 
endothelial cells, macrophages, malignant cells, monocytes 
and monocyte-derived cells, neutrophils, plasma B cells, 
resident NK cells, stromal cells, and Tregs (Figure 2B).

Extraction of malignant cell subpopulations, followed by 
dimensionality reduction, clustering, and cell annotation. A 
total of 21,447 cells annotated as “Malignant cells” were 
extracted for in-depth analysis. Seurat objects were 
reconstructed for this subset, followed by matrix 
normalization, principal component analysis (PCA), and 
UMAP-based dimensionality reduction. After rigorous 
quality control, these malignant cells were clustered into six 
distinct subpopulations, which were manually annotated 
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Figure 2. Extraction of malignant cells and identification of CSC subsets. (A–B) UMAP visualization of 61,428 cells from seven HCC patients, classified 
into seven major lineages (A) and 17 finer subtypes (B) after stringent quality control (mitochondrial content <20%; 200–10,000 detected genes; 
500–30,000 UMIs). Data were normalized using SCTransform, integrated via canonical correlation analysis (CCA, 30 PCs), and visualized with UMAP. 
(C) Re-clustering of 21,447 malignant cells following Harmony batch correction, using 15 principal components. (D) Marker-based annotation of six 
malignant states: hepatocytes, proliferative cells, immune-interacting cells, invasive malignant cells, oncofetal–metabolic cells, and progenitor-like 
CSCs. (E–F) Inter-patient heterogeneity of malignant cell states, showing both relative proportions (E) and absolute cell counts (F). Notably, CSCs were 
selectively enriched in specific patients, underscoring divergent malignant programs across HCC tumors. CSCs: Cancer stem cells; UMAP: uniform 
manifold approximation and projection; HCC: hepatocellular carcinoma.
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using differential gene expression profiles and literature 
references. The identified subpopulations include: 
Hepatocytes (HPD, ADH1B, GLYAT) (43-45), proliferative 
cells (ORAOV1, PAGE5, COX7A1) (46-48), Immune cells 
(CCL5, CD52, CD3D) (49-51), malignant invasive cells (SPP1, 
S100P, SNCG) (52-54), oncofetal-metabolic cells (BEX2, 
GLRX5, IGF2) (55-57), and progenitor-like CSCs (EPCAM, 
SOX9, SOX4) (Figure 2C-D) (58-60). Cell proportion analysis 
revealed that mature hepatocytes consistently comprised 
the largest fraction across samples, whereas proliferative 
cells were enriched in patient 2, and CSCs were particularly 
prominent in patients 6 and 8 (Figure 2E-F), highlighting the 
pronounced inter-patient heterogeneity of malignant cell 
subpopulations.

Spatial position of CSCs. Spatial transcriptomics analysis of 
tumor tissues from three HCC patients revealed 
pronounced spatial heterogeneity of CSC subsets within the 
tumor microenvironment (Figure 3A). CSCs were 
predominantly enriched at the tumor margins, whereas 
their presence was relatively sparse within the tumor core. 
This pattern was consistently observed across all three 
samples, suggesting a preferential localization of CSCs at 
the tumor–stromal interface, where microenvironmental 
cues–such as hypoxia, inflammatory signals, and immune-
suppressive niches-may support stemness maintenance. 
Furthermore, spatial mapping of CSC marker genes (e.g., 
SOX9, HES4, WNK2, ITGA2, DKK1, PLEKHB1) demonstrated 
markedly elevated expression at the tumor periphery, 
mirroring the distribution patterns identified in single-cell 
clustering. These findings indicate that CSCs exhibit defined 
histological niches and likely contribute to tumor invasion 
and recurrence.

Copy number variation. CNV analysis revealed pronounced 
genomic alterations within the malignant cell population 
(Figure 3B). Except for the infiltrating immune cells, 
which displayed relatively stable genomes, other 
malignant subpopulations exhibited heterogeneous CNV 
patterns with substantial intercellular variability. These 
findings corroborate and further validate the previously 

defined malignant subtypes, highlighting the genomic 
heterogeneity underlying HCC tumor cell populations.

DEGs and gene regulatory network. We performed 
differential gene expression analysis between CSC and non-
CSC populations (Figure 3C). Notably, the oncofetal-
metabolic and CSC populations exhibited overlapping 
transcriptional profiles, both expressing stemness- and 
metabolism-associated marker genes such as ACSL3, 
COX7B2, and CTAG2 (61-63). However, the CSC subset was 
distinguished by elevated expression of epithelial and 
stemness/migratory markers, including SOX4, SOX9, and 
EPCAM (58-60). In addition, the CSC population showed 
high expression of DKK1, WNK2, ITGA2, and HES4, 
indicative of oncofetal-like developmental programs, active 
Notch/Wnt signaling, and enhanced capabilities in 
microenvironmental interactions, ion homeostasis, and 
extracellular matrix remodeling (64-67). Collectively, these 
features define a CSC-like phenotype characterized by 
“undifferentiated, plastic, and migration/colonization 
potential.”

To further delineate regulatory mechanisms, we 
constructed a CSC-specific gene regulatory network and 
identified key transcription factors (TFs) (Figure 3D). Several 
TFs were significantly upregulated or exhibited elevated 
regulatory activity in progenitor-like CSCs, including 
HNF1B, TEAD2, SOX4, and KLF7, which emerged as central 
regulatory nodes with high AUC scores. These TFs likely play 
pivotal roles in maintaining CSC stemness and self-renewal 
capacity. For instance, TEAD2 may drive CSC proliferation 
and resistance to apoptosis via the Hippo-YAP/TAZ 
pathway (68), and its elevated expression correlates with 
tumor progression, poor prognosis, enhanced epithelial-
mesenchymal transition, and angiogenesis in HCC (69). 
SOX4 promotes oncogenic transformation and stem cell-like 
self-renewal by reprogramming transcriptional circuits and 
modulating tumor suppressor pathways such as p53 (70). 
KLF7 regulates proliferation, differentiation, and survival, 
with aberrant expression linked to tumor growth and 
metastasis in HCC (71). HNF1B controls intrahepatic bile 
duct and gallbladder differentiation, mediates liver metabolic 
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Figure 3. Spatial location, differentially expressed genes, transcriptional identity, and pathway activity of CSCs. (A) Spatial transcriptomics of three 
HCC specimens demonstrates consistent enrichment of CSC signatures at the tumor–stroma interface. CSC module scores (AddModuleScore) were 
projected onto histological sections, highlighting preferential localization at invasive tumor margins. (B) inferCNV analysis, using immune cells as 
reference, reveals widespread chromosomal gains and losses across malignant populations, confirming their malignant identity and validating cluster 
assignments. (C) Differential gene expression analysis distinguishes CSCs (e.g., SOX4, EPCAM, DKK1) from non-CSC populations (e.g., HPR, ADH1B, IL32). 
(D) SCENIC-based regulatory network analysis identifies a core CSC transcriptional circuitry dominated by TEAD2, SOX4, HNF1B, and KLF7, each 
exhibiting elevated AUC activity specifically in progenitor-like CSCs. (E) GSVA Hallmark scoring reveals coordinated activation of WNT–β-catenin, TGF-β, 
Hedgehog, Notch, EMT, MYC, and mTORC1 pathways in CSCs, defining a transcriptionally active, epigenetically plastic, high-stemness malignant state. 
CSCs: Cancer stem cells; HCC: hepatocellular carcinoma; CNV: copy number variation; AUC: area under the curve; GSVA: gene set variation analysis.
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functions, and may contribute to maintaining CSC metabolic 
homeostasis and hepatocyte lineage characteristics (72).

Enrichment pathway scoring. Hallmark pathway-based 
enrichment analysis (Figure 3E) revealed that the 
progenitor-like CSC subpopulation displayed pronounced 
activation of multiple developmental and stemness-
associated signaling pathways, including WNT-β-catenin, 
TGF-β, Hedgehog, Notch, Mitotic spindle, Apical junction, 
Protein secretion, EMT, Androgen response, mTORC1, MYC 
targets, and Cholesterol homeostasis. The concurrent 
activation of these pathways underscores the strong self-
renewal, stemness maintenance, and proliferative capacity 
of this subpopulation, as well as its enhanced migratory and 
invasive potential through EMT-related gene programs. 
Additionally, upregulation of the Apical junction and Apical 
surface pathways reflects an active state in preserving 
epithelial polarity and cell-cell adhesion, which may 
facilitate interactions with the tumor microenvironment 
and the sensing of extracellular cues. The observed 
downregulation of the UV response pathway suggests 
enhanced stress tolerance, survival advantages, and 
resilience to genotoxic stress. Meanwhile, the relative 
suppression of KRAS signaling down indicates a phenotype 
characterized by low KRAS activity, high plasticity, and 
preserved stemness, potentially contributing to tumor 
recurrence and therapy resistance. Interestingly, the 
enrichment of pathways related to pancreatic β-cell 
function implies that CSCs may adopt metabolic, secretory, 
and energy-sensing features reminiscent of endocrine cells, 
further supporting their functional versatility. Collectively, 
these findings portray CSCs as a transcriptionally active, 
highly plastic population, with coordinated regulation of 
stemness, metabolic adaptation, and microenvironmental 
responsiveness, providing a mechanistic basis for their 
pivotal role in HCC progression, relapse, and treatment 
refractoriness.

Cell development trajectory. To explore the developmental 
hierarchy of malignant cells, we reconstructed single-cell 
trajectories using Monocle2. Genes associated with cell 

progression were selected, and dimensionality reduction 
was performed using the DDRTree algorithm, allowing cells 
to be ordered along a pseudo-temporal trajectory (Figure 
4A-B). Our analysis revealed that subsets of tumor-
infiltrating immune cells, CSCs, and oncofetal-metabolic 
cells may represent the earliest states in malignant cell 
development. We further performed gene clustering based 
on pseudo-temporal expression dynamics to identify 
groups of genes with similar temporal trends (Figure 4C). 
Notably, marker genes of early-stage immune infiltrating 
cells, CSCs, and oncofetal-metabolic cells exhibited high 
expression at the beginning of the trajectory, supporting 
their role as progenitors in tumor progression. Additionally, 
differentiation state maps generated using CytoTRACE 2 
(Figure 4D) and Monocle3 (Figure 4E) corroborated these 
findings, confirming the hierarchical organization and 
stemness potential of these cell populations.

Cell chat. To investigate intercellular signaling, we 
calculated ligand-receptor interaction probabilities 
among six malignant cell subtypes and constructed a 
communication network. The heatmap (Figure 5A) 
illustrates the maximum efferent and afferent signals for 
each population. Notably, CSCs exhibit strong outgoing 
and incoming signals within the MDK, AGT, and IGF 
pathways. NMF-based pattern clustering (73)  (Figure 5B) 
confirmed that CSCs act as the dominant signal emitters 
in these pathways, motivating a focused analysis of their 
ligand–receptor pairs. Using CSCs as signal emitters and 
all six subtypes (including CSCs) as receivers, ligand–
receptor analysis revealed significant self-renewal and 
proliferation-related signaling (Figure 5C). For example, 
MDK promotes tumor cell proliferation, survival, invasion, 
and angiogenesis (Figure 5D), and its interaction with 
NCL (Figure 5G) may directly drive CSC self-renewal and 
proliferation. Activation of the MDK-SDC2 axis (Figure 5H) 
may enhance CSC self-renewal, proliferation, and 
migration via PI3K/AKT, FAK-SRC, and MAPK pathways. 
As a core extracellular matrix signaling integrator, SDC2 
may further maintain CSC stemness and malignant 
potential by mediating MDK-dependent angiogenesis and 
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immune microenvironment remodeling (74). AGT (Figure 
5E and I) plays a central role in the renin-angiotensin 
system (RAS), suggesting that CSCs may exploit RAS 
signaling to regulate oxidative stress and energy supply, 
thereby maintaining stemness (75). IGF2R mutations or 
loss of heterozygosity weaken its negative regulatory 
effect on IGF signaling, resulting in sustained IGF pathway 
activation (Figure 5F) (76). This provides a molecular 
basis for the activation of the IGF2-IGF2R axis within CSCs. 
Our analysis revealed enhanced IGF2-IGF2R signaling 
between progenitor-like CSCs and oncofetal-metabolic 

cells: IGF2 secreted by CSCs activates IGF2R in neighboring 
metabolically active cells, promoting their metabolic 
activity and niche remodeling; conversely, oncofetal-
metabolic cells feed back to CSCs through IGF2-IGF2R, 
reinforcing PI3K/AKT/mTOR signaling and stemness 
gene expression78. This bidirectional communication 
establishes a stable “stemness-metabolic interaction 
module” (Figure 5J). Overall, these signaling axes reveal 
key intercellular communication networks within the CSC 
population in the tumor microenvironment, providing a 
mechanistic basis for potential targeted interventions.

Figure 4. Developmental trajectory of CSCs in malignant cells. (A–B) Monocle2 DDRTree reconstruction reveals a branched developmental continuum 
among malignant cells, with CSCs predominantly occupying early pseudotime states, indicative of potential origins or transitional intermediates. (C) 
Pseudotime-resolved heatmap illustrates coordinated early expression of CSC and oncofetal–metabolic gene signatures, supporting their inferred 
developmental positioning. (D) CytoTRACE2 scoring independently confirms high developmental potential in CSCs and oncofetal–metabolic cells, 
reinforcing their placement at the apex of stem/progenitor hierarchy. (E) Monocle3 pseudotime analysis of CSC-related developmental genes visualized 
on UMAP highlights dynamic gene expression along the trajectory. CSCs: Cancer stem cells; HCC: hepatocellular carcinoma; UMAP: uniform manifold 
approximation and projection.



Tan et al: Single-cell Omics of HCC Stem Cells

291

Figure 5. CSC-centered communication networks reveal dominant MDK, AGT, and IGF signaling axes. (A) Network centrality analysis identifies the 
signaling pathways contributing most to efferent and afferent communication across six cell subtypes. (B) NMF reveals distinct cell communication 
patterns, with decomposition into three major modules using the selectK approach. (C) CSCs act as ligand-emitting populations, while the remaining 
subtypes serve as signal receivers, illustrating the differential ligand–receptor axis intensities. (D–F) Heatmaps display the MK, AGT, and IGF signaling 
pathways, with rows representing signal-emitting cells and columns representing signal-receiving cells. Color intensity reflects signaling strength, while 
the side and top bars indicate cumulative efferent and afferent signal intensity, respectively. (G–J) Visualization of individual ligand–receptor pairs 
mediating intercellular communication. The extractEnrichedLR function was used to identify key ligand–receptor interactions and associated signaling 
genes for each pathway, highlighting the pairs contributing most to signal transduction. CSCs: Cancer stem cells; NMF: nonnegative matrix factorization.
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Clinical prognostic model construction and drug screening. 
To evaluate the clinical relevance of CSC transcriptional 
signatures, we integrated differentially expressed genes 
from single-cell analyses with survival and clinical data 

from the GSE14520 and GSE76427 cohorts, encompassing 
336 HCC samples and 80 candidate genes (Figure 6A). The 
cohort was randomly split into training and test sets at a 
70:30 ratio. LASSO-Cox regression analysis on the training 

Figure 6. CSC-derived prognostic signature and CMap-based identification of CSC-targeting compounds. (A) Integrative workflow (Venn diagram) 
combining CSC-specific differentially expressed genes with GEO survival datasets, yielding 80 overlapping genes across 336 evaluable HCC patients. 
(B–G) A 12-gene CSC-derived signature, constructed via LASSO–Cox regression, robustly stratifies patients into high- and low-risk groups across training, 
test, and full cohorts. Time-dependent ROC curves confirm strong predictive performance. (H) CMap-based reversal analysis identifies compounds 
exhibiting strong negative connectivity to CSC transcriptional programs–including fluspirilene, genistein, daunorubicin, and camptothecin–suggesting 
potential CSC-suppressive activity. (I) MOA enrichment reveals convergence on pathways critical to CSC biology, including topoisomerase inhibition, 
mTOR blockade, MEK inhibition, CHK inhibition, and phosphodiesterase inhibition. CSCs: Cancer stem cells; CMap: connectivity map; HCC: hepatocellular 
carcinoma; MOA: mechanism-of-action.
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set identified a 12-gene signature (ALCAM, C8orf4, DKK1, 
GSTP1, IVNS1ABP, MARCKSL1, NR2F1, PLEKHA1, 
RALGPS2, SOX4, TLE4, UTRN) significantly associated with 
overall survival. These genes are implicated in CSC-related 
biological processes, including cell adhesion, metabolic 
reprogramming, stemness maintenance, and signaling 
regulation. Kaplan-Meier survival analyses across all 
samples, training, and test sets demonstrated that patients 
stratified into the high-risk group exhibited significantly 
poorer overall survival than those in the low-risk group 
(Figure 6B-G). Time-dependent ROC curves further 
confirmed the stability and predictive performance of the 
model, indicating that this 12-gene signature effectively 
captures CSC transcriptional features in clinical HCC 
samples, reflecting stem-like and invasive malignant states.

To identify candidate therapeutics capable of targeting 
CSC phenotypes, up- and downregulated CSC gene sets were 
queried against the CMap database. Compounds exhibiting a 
significant negative correlation with the CSC transcriptional 
signature, including fluspirilene, genistein, daunorubicin, 
camptothecin, and amastatin, were predicted to potentially 
suppress CSC activity, whereas positively correlated drugs 
(e.g., ibuprofen, diazoxide) may reinforce CSC-like states 
(Figure 6H). Mechanism-of-action (MOA) enrichment 
analysis revealed that candidate compounds predominantly 
act through topoisomerase inhibition, mTOR inhibition, 
MEK inhibition, phosphodiesterase inhibition, and CHK 
inhibition (Figure 6I). These pathways converge on core 
CSC signaling networks, including PI3K/AKT/mTOR, MAPK, 
DNA damage repair, and cell cycle regulation, suggesting that 
the identified drugs may exert anti-CSC effects by disrupting 
metabolic activity, signaling maintenance, and genome 
stability. Collectively, the CMap-based analysis highlights 
a repertoire of candidate compounds for targeting CSC-
driven malignancy in HCC, offering a framework for potential 
therapeutic intervention.

Discussion

This study provides a systematic characterization of the 
molecular features, spatial distribution, and potential roles 

of CSCs in HCC within the tumor microenvironment, offering 
new insights into HCC initiation, progression, and therapy 
resistance. By integrating single-cell transcriptomics, spatial 
transcriptomics, and GEO clinical data, we delineated the 
tissue localization and stemness-maintaining mechanisms 
of CSC subsets and proposed potential targeted therapeutic 
strategies.

First, the marked enrichment of CSCs at the 
tumor periphery suggests a preference for specific 
microenvironmental niches, including hypoxia, 
inflammatory cues, and immunosuppressive signals. This 
spatial heterogeneity may underlie the high recurrence 
and metastasis rates observed in HCC. CSCs concurrently 
express epithelial markers (EPCAM, SOX9, SOX4) and 
stemness-associated genes (DKK1, HES4, WNK2), along with 
enhanced metabolic and secretory functions, indicating a 
highly plastic and migratory phenotype. These observations 
are consistent with previous descriptions of tumor stem cells 
as “undifferentiated, plastic, and invasive” (12, 13).

Second, gene regulatory network analysis identified 
key transcription factors, including TEAD2, SOX4, 
HNF1B, and KLF7, with elevated regulatory activity in 
CSCs, underscoring their roles in sustaining stemness, 
proliferation, and signaling plasticity. These factors 
engage in tumor-promoting and anti-apoptotic programs 
through Hippo-YAP/TAZ, Wnt/β-catenin, and p53-
associated pathways, further highlighting CSCs as central 
drivers of malignant progression in HCC (77-79).

Third, pseudotime trajectory analysis and CytoTRACE 
scoring positioned CSCs at the apex of malignant 
cell differentiation, reflecting high stemness and 
differentiation potential. Intercellular communication 
analysis further revealed that CSCs and oncofetal-
metabolic cells form a homeostatic interaction module 
via the IGF2-IGF2R axis, MDK, and AGT signaling, 
coordinating stemness maintenance and metabolic 
reprogramming. These findings emphasize the critical 
regulatory influence of the tumor microenvironment on 
CSC survival and function.

Moreover, a 12-gene prognostic model derived from 
CSC-specific differentially expressed genes and GEO 
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survival data effectively stratified patients into high- 
and low-risk groups, with high-risk patients exhibiting 
significantly reduced overall survival. This model validates 
the clinical relevance of CSC transcriptional features and 
may serve as a tool for risk stratification and personalized 
treatment in HCC.

Finally, CMap-based drug screening identified several 
small molecules, including fluspirilene, genistein, and 
daunorubicin, with the potential to reverse the CSC 
transcriptional program by targeting PI3K/AKT/mTOR, 
MAPK, and DNA repair pathways. These results provide 
a rational starting point for the development of CSC-
directed therapeutic strategies.

Despite these advances, this study has limitations. 
First, our findings are primarily computational and 
derived from public datasets, lacking experimental 
validation in vitro or in vivo. Second, the coverage of 
spatial transcriptomics data remains limited, restricting 
a full understanding of dynamic interactions between 
CSCs and immune or stromal compartments. Future work 
integrating multi-omics approaches, such as proteomics 
(80), in vivo models, and longitudinal clinical samples, 
will be essential to validate CSC functions and assess the 
therapeutic efficacy of CSC-targeting agents.

Conclusion

In summary, we constructed a comprehensive multi-
modal atlas of CSCs in hepatocellular carcinoma by 
integrating single-cell and spatial transcriptomics, 
regulatory network inference, developmental trajectory 
analysis, clinical prognostic modeling, and drug-response 
prediction. Our findings reveal that CSCs reside in a 
spatially conserved niche at the tumor–stroma interface, 
exhibit high transcriptional plasticity, and engage in self-
reinforcing signaling circuits–particularly via MDK, AGT, 
and IGF axes–that collectively sustain stemness, metabolic 
reprogramming, and malignant progression. The CSC-
derived 12-gene prognostic signature effectively stratifies 
patient survival, highlighting the translational relevance 
of CSC molecular features. Moreover, CMap analysis 

identified several candidate compounds capable of 
reversing CSC-associated transcriptional programs, 
providing a rational framework for the development of 
CSC-targeted therapies. Overall, this study advances our 
understanding of CSC-driven heterogeneity, recurrence, 
and treatment resistance in HCC, and offers actionable 
molecular insights for precision oncology.
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