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Background: Hepatocellular carcinoma (HCC) remains a leading cause of
cancer-related mortality, with limited efficacy of current therapies in advanced
cases. As a key risk factor for HCC, liver fibrosis may influence tumor progression
and immune responses. However, fibrosis-related therapeutic targets remain
poorly defined. This study aimed to identify fibrosis-related genes in HCC tumor
microenvironment (TME).

Methods: Our research integrated single-cell RNA sequencing (GSE149614),
spatial transcriptomics (GSE245908), and bulk RNA-seq data to identify
fibrosis-related prognostic genes in HCC. The genes were selected via the
Random Survival Forest algorithm. Additionally, bioinformatics analyses were
conducted to explore gene expression patterns, immune infiltration, and spatial
localization. Key genes were further validated through in EDU incorporation
assay, Transwell migration assay, and CCK-8 proliferation assay.

Results: Firstly, single-cell analysis identified endothelial cells as key fibrosis-
associated cluster in HCC. Three fibrosis-related prognostic genes, LUC7L3,
CREB1, and YIPF4, were further identified and validated to patient survival,
immune infiltration, and metabolic activity. In addition, enrichment and drug
sensitivity analyses linked key genes to tumor-related pathways and
chemotherapy response. Spatial transcriptomics then confirmed the spatial
distribution and interactions of these genes. Lastly, cellular assays showed that
YIPF4 promoted proliferation and migration of HCC cells.

Conclusion: In this study, we identified fibrosis-related prognostic genes in HCC,
including LUC7L3, CREB1, and YIPF4. The roles of these genes in TME were
further explored through relevant analyses, potentially providing clinical evidence
to support decision-making in HCC management.
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1 Introduction

Hepatocellular carcinoma (HCC), the most prevalent type of
primary liver cancer, is the sixth most prevalent cancer type and the
third leading cause of cancer-related mortality (1, 2). Despite the
increasing diversity of radical therapeutic strategies for HCC,
including surgical resection, local ablation, and liver
transplantation, their effectiveness remains constrained,
particularly in advanced or recurrent cases (3, 4). While targeted
therapies and immunotherapies have demonstrated promising
outcomes in HCC patients during these years, their efficacy is
observed in only approximately 30% of cases, with a median
overall survival of less than two years (5). One potential reason is
the dysfunction and impairment of immune cells in the tumor
microenvironment (TME), which composed of cancer cells,
immune cells, and other components, with its heterogeneity
having a substantial impact on patient prognosis (6). Therefore,
identifying novel biomarkers and reliable therapeutic targets based
on the TME of HCC remains a current research focus.

As a pathological process characterized by excessive
extracellular matrix deposition resulting from chronic liver injury,
liver fibrosis is a progressive condition that could eventually
advance to cirrhosis, liver failure, and HCC (7-9). During HCC
therapy, the effect of immune checkpoint inhibitors is subject to
individual variability, and factors such as liver fibrosis may
influence therapeutic outcomes (10-13). A major challenge is the
lack of specific fibrosis-related therapeutic targets, which limits
the effectiveness of current treatment strategies aimed at
improving the prognosis of patients. Although numerous studies
have consistently highlighted the role of immunotherapy in the
treatment of HCC, the underlying mechanisms by which fibrosis
affects immune regulation and tumor progression remain to be fully
elucidated (14, 15). Thus, investigating significant genes associated
with HCC, particularly those implicated in fibrosis, may facilitate
the identification of novel therapeutic targets and contribute to the
optimization of immunotherapy strategies for HCC. Increasing
evidence suggests that endothelial cells (ECs) play a critical
regulatory role in liver fibrosis. While fibroblasts are widely
recognized as the main effector cells responsible for extracellular
matrix deposition, recent studies have demonstrated that
dysfunctional ECs act as key upstream drivers of fibrogenesis by
promoting endothelial-to-mesenchymal transition, secreting pro-
fibrotic cytokines, and modulating immune cell infiltration (16-18).
Through these mechanisms, ECs indirectly activate hepatic stellate
cells and amplify fibrotic remodeling, highlighting their central role
in shaping the fibrotic tumor microenvironment.

Single-cell RNA sequencing (scRNA-seq) provides detailed
transcriptomic information for individual cells, enabling
comparisons between cell clusters and offering deeper insights
into cellular heterogeneity (19). This technology not only helps to
provide a comprehensive gene expression landscape but also
uncovers cellular heterogeneity and its relevance to tumor
progression (20). Spatial transcriptomics, as an extension of
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single-cell sequencing, adds spatial context to gene expression
data by mapping gene activity onto tissue sections (21). This
method enables the localization of specific gene expression within
tissue sections and exhibits the roles of cell subpopulations
interacting across different regions (22, 23). By integrating spatial
transcriptomics with scRNA-seq, our study offered a
comprehensive view of the cellular landscape of HCC and the
microenvironment, contributing to advances in precision medicine.

In summary, liver fibrosis serves as a pivotal pathological
foundation for HCC, and effective treatment, such as
immunotherapy, remains a considerable clinical challenge.
Although previous studies have proposed prognostic gene
signatures for HCC, research specifically focusing on fibrosis-
related genes and their mechanistic roles in HCC progression is
still limited. Given the established importance of fibrosis as a key
risk factor and its capacity to shape an immunosuppressive tumor
microenvironment, identifying fibrosis-specific molecular drivers is
essential for advancing therapeutic strategies. Therefore, by
integrating single-cell RNA sequencing, spatial transcriptomics,
and bulk cohorts, this study aimed to identify fibrosis-related
prognostic genes in HCC and evaluate their functional and
clinical significance.

2 Methods
2.1 Data acquisition

The Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/info/datasets.html), maintained by the
National Center for Biotechnology Information (NCBI), serves as a
comprehensive repository for gene expression data. We retrieved
scRNA-seq data from the GEO dataset GSE149614 (24), which
includes samples from 10 HCC patients, consisting of paired tumor
and adjacent non-tumor tissues. Additionally, we acquired the
GSE245908 (25) spatial transcriptome data file to download 2
samples with complete spatial transcriptome expression profiles
for spatial transcriptome analysis.

The Cancer Genome Atlas (TCGA) database (https://
portal.gdc.cancer.gov/) is the largest cancer gene information
database, storing data such as gene expression, copy number
variation, and single nucleotide polymorphism. We downloaded
the raw mRNA expression data from the HCC data.

2.2 Single-cell data quality control

The expression profiles were processed using the “Seurat”
(v4.3.0) package (26). Initial filtering of cells was based on criteria
including the total number of unique molecular identifiers (UMI)
per cell, the number of genes expressed, and the proportion of
mitochondrial gene expression. Cells with a high proportion of
mitochondrial gene expression (>10%) were removed as they
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typically indicate dying cells. The median absolute deviation
(MAD) method was employed for outlier detection, and cells with
values exceeding 3 MAD from the median were excluded. Doublet
cells were identified and filtered using “DoubletFinder”
(v2.0.4) (27).

2.3 Single-cell data dimensionality
reduction clustering and cell annotation

We used the global normalization method to adjust the total
expression of each cell to 10,000 by multiplying a coefficient s0,
followed by logarithmic transformation. Cell cycle scores were
calculated using the “CellCycleScoring” function. We also applied
the “FindVariableFeatures” function to identify highly variable
genes and normalized gene expression using “ScaleData” to
standardize the dataset. Furthermore, Linear dimensionality
reduction on the expression matrix and the selection of principal
components were performed using “RunPCA”. Harmony (v0.1.1)
(28) was then used to remove the batch effect, RunUMAP was used
to generate the UMAP embedding for nonlinear dimensionality
reduction and visualization. By querying CellMarker databases and
literature, manual cell annotation was utilized to find the cell types
existing in the corresponding tissues and the corresponding
marker genes.

2.4 Ligand receptor interaction analysis

“CellChat” (v1.1.3) (29) is a useful tool that enables quantitative
inference and analysis of cell-to-cell communication networks from
single-cell data. It uses network analysis and pattern recognition
methods to predict the main signal inputs and outputs of cells, and
how these cells and signals coordinate function. In our study, we
used the normalized single-cell expression profile as input data,
with the cell subtypes derived from the single-cell analysis serving as
the cell-related information. We analyzed the cell-related
interactions and quantified the intensity and count of cell-to-cell
interactions to observe the activity and impact of each cell type in
the disease.

2.5 ldentify significant genes

We performed feature selection using the “randomForestSRC”
(v3.1.0) (30) software package. To identify fibrosis-related genes, we
applied the Random Survival Forest algorithm (NREP = 1000,
indicating 1000 iterations in Monte Carlo simulations). Genes
with a relative importance score >0.1 were selected as significant
markers. This selection threshold was empirically determined from
the importance score distribution in this dataset to ensure model
stability and interpretability.
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2.6 Tumor immune microenvironment
analysis

The CIBERSORT (31) method is a widely used method for
evaluating immune cell types in the tumor microenvironment,
which contains 547 biomarkers and distinguishes 22 human
immune cell phenotypes. Based on the principle of support vector
regression, the expression matrix of immune cell subtypes was
deconvoluted. In this study, the CIBERSORT algorithm was applied
to the bulk RNA-seq expression data from the TCGA-LIHC cohort
to estimate the relative proportions of 22 immune cell subsets. Only
samples with CIBERSORT-derived p < 0.05 were retained for
downstream correlation analyses.

2.7 Gene set enrichment analysis and gene
set variation analysis

According to the expression of key genes, the patients were
divided into high- and low- expression groups, and the differences
in signaling pathways between two groups were further analyzed by
gene set enrichment analysis (GSEA) (32). GSEA is a phenotype-
driven method that identifies significantly enriched pathways based
on a ranked list of differentially expressed genes between
predefined groups. Fibrosis score was calculated using the
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
(EMT) gene signature obtained from the MSigDB database. The
background gene set was the annotated version 7.0 gene set
downloaded from the MsigDB database. Differential expression
analysis of the pathway between groups was performed, and
significantly enriched gene sets (adjusted p-value < 0.05) were
ranked by the consistency score.

In addition, Gene Set Variation Analysis (GSVA) (v1.42.0) (33)
was performed to quantify pathway activity at the individual-
sample level. Unlike GSEA, which relies on phenotype grouping,
GSVA is a non-parametric, unsupervised method that evaluates
variations in pathway enrichment across samples independent of
group definition. The GSVA algorithm generated enrichment
scores for each pathway, enabling comparative functional
profiling and visualization of biological heterogeneity
among samples.

2.8 Drug susceptibility analysis

Based on the largest pharmacogenomics database, which called
Cancer Drug Susceptibility Genomics Database (GDSC) (https://
www.cancerrxgene.org/), we used the R software package
“oncoPredict” (v1.2) (34) to predict the chemosensitivity of each
tumor sample. The IC50 values for each drug were estimated
through regression analysis, and ten-fold cross-validation was
performed to test the regression and prediction accuracy. The
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oncoPredict algorithm was used to estimate the half-maximal
inhibitory concentration (IC50) values of multiple anticancer
drugs based on gene expression profiles, using the GDSC and
CCLE reference datasets. This analysis served as an exploratory
prediction of potential drug response patterns rather than direct
experimental validation.

2.9 Dimensionality reduction and
clustering of spatial transcriptome
sequencing data

Spatial transcriptome data were processed using the “Seurat”
package. Raw UMI counts were normalized via regularized negative
binomial regression as part of the package “SCTransform”. PCA
principal component analysis was used to perform linear dimension
reduction for the top 3000 genes with the largest change in
expression level, and Uniform Manifold Approximation and
Projection (UMAP) algorithm was used for nonlinear
dimensionality reduction. Finally, clustering was performed using
the Louvain algorithm.

2.10 Deconvolution

Robust cell-type decomposition (RCTD) (v1.2) (35) is a
supervised learning method that breaks down an RNA
sequencing mixture into individual cell types, enabling the
assignment of cell types to spatial transcriptomic pixels. In this
study, RCTD was applied to the spatial transcriptomics dataset
(GSE245908), using the annotated scRNA-seq dataset GSE149614
as the reference to construct cell type-specific expression profiles
and guide spatial cell-type mapping.

A related challenge in supervised cell type learning is the platform
effect, which refers to the effect of technology-dependent library
preparation on the capture rate of individual genes between
sequencing platforms. These effects have previously been identified
in comparisons of single-cell RNA-seq and single-nucleated RNA-seq
(snRNA-seq) on the same biological sample, but RCTD addresses
these plateau effects and can be applied to deconvolution analysis of
the spatial transcriptome across different platforms. It can accurately
discover the localization of cell types in simulated and real-world
spatial transcriptome data. RCTD was run with default settings, and
the confidence of cell type assignment was assessed using the rho
score. Most spatial spots exhibited high-confidence mapping (rho >
0.8), and the resulting spatial distribution patterns were consistent
with the single-cell reference annotations.

2.11 Space cell interactions and spatial
trajectory inference

MISTy (36) facilitates a deeper understanding of marker
interactions by analyzing intracellular and intercellular
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relationships. Its component modeling approach allows for a
flexible definition of spatial perspectives, capturing cell type-
specific interactions and pathway activities across anatomical
regions. Each view of MISTy is considered as a potential source
of variability in measuring labeled expressions, and the contribution
of each view to the overall expression of each marker is then
analyzed. The measured contribution highlights the relevance of
potential interaction sources from different spatial environments
and is estimated using view-specific models.

Additionally, we employed the STlearn module, a Python
library designed for spatial transcriptome data analysis. It
provides a range of capabilities for tasks such as data
preprocessing, spatial clustering, differential representation
analysis, and visualization. By leveraging STlearn’s preprocessing
capabilities, we normalized the raw spatial transcriptome data to
eliminate the impact of technical variation. Subsequently, we
identified different cell populations and analyzed their spatial
distribution through the Louvain clustering algorithm and the
Leiden clustering algorithm.

2.12 EDU incorporation assay

Cell proliferation was evaluated using an EDU incorporation
assay. Briefly, cells were incubated with 10 pM EDU for 2 hours at
37°C, followed by fixation in 4% paraformaldehyde and
permeabilization with 0.5% Triton X-100. Cells were subsequently
stained with Apollo567 dye and counterstained with DAPI. EAU-
positive cells were detected using a flow cytometer, and the
proliferation rate was calculated as the percentage of EdU-
positive cells.

2.13 Transwell assay

A total of 5 x 10* cells suspended in serum-free medium were
seeded into the upper chamber of a Transwell insert. The lower
chamber was filled with medium supplemented with 10% fetal
bovine serum to serve as a chemoattractant. After 24 hours of
incubation at 37°C, non-migrated cells on the upper surface of the
membrane were carefully removed, while migrated cells on the
lower surface were fixed with 4% paraformaldehyde, stained with
crystal violet, and counted under a light microscope.

2.14 CCK-8 proliferation assay

Cell proliferation was assessed using the Cell Counting Kit-8.
Cells were seeded into 96-well plates at a density of 2 x 10° cells per
well. At the indicated time points, 10 UL of CCK-8 solution was
added to each well and incubated for 2 hours at 37°C. The
absorbance was then measured at 450 nm using a microplate
reader. Cell viability was expressed as the relative absorbance
compared to the control group.
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FIGURE 1
Single-cell RNA-seq analysis reveals liver cell populations. (A) UMAP plot after filtering and normalization. (B) UMAP visualization highlighting seven
major cell types. (C) Bubble plot displaying the expression of canonical marker genes across the seven cell clusters. (D) Pie chart indicating the
proportion of each cell type. *P < 0.05; *** P < 0.001; ****P < 0.0001.

2.15 Statistical analysis
All statistical analyses were conducted using R software

(version 4.1.3). For comparisons between two groups,
continuous variables were assessed using either the independent
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t-test or the Mann-Whitney U test. Categorical variables were
compared using the chi-square test or Fisher’s exact test.
Correlation analyses were performed using Spearman regression
analysis. A P-value less than 0.05 was considered indicative of
statistical significance.
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FIGURE 2
Endothelial cells display highest fibrosis and pathway activity. (A) Fibrosis scores by AUCell across cell types. (B) Pathway activity heatmap showing
elevated signals in endothelial cells.

3 Results

3.1 Single-cell RNA-seq database
processing

Considering the data quality of multiple samples, low-quality
cells were filtered based on threshold criteria, excluding cells with
fewer than 200 detected genes, extremely low or high UMI counts,
or a high proportion of mitochondrial reads. Cells derived from
portal vein tumor thrombus (PVTT) and metastatic lymph node
samples were removed, and only primary tumor and non-tumor
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liver cells were retained for downstream analysis. Subsequently, the
double cells were filtered using the package of “DoubletFinder”,
with a total of 54,825 cells were retained. The quality control before
and after filtration was displayed in Supplementary Figure S1. After
normalization and dimensionality reduction of the data, we
obtained the distribution of the seven cell classes by UMAP
visualization, including hepatocytes, B cells, T cells, macrophages,
monocytes, endothelial cells, and fibroblasts (Figures 1A, B). Cell
annotation was performed manually based on the expression of
canonical marker genes referenced from the CellMarker databases,
combined with published literature and biological knowledge.
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FIGURE 3
Cell-cell communication of endothelial subgroups. (A) Ligand—receptor interactions between high- and low-activity endothelial cells with other
cells. (B, C) Signal input and output strength across all pathways. (D—F) The activity of pathways in endothelial cells, shown by scatter, chord, and
violin plots. (G) Dot plot showing correlations between endothelial interactions and others.

Representative markers used for cell-type identification included
GNGI11 and TMA4SF1 for endothelial cells, ACTA2 and TAGLN for
fibroblasts, ALB and APOA2 for hepatocytes, NKG7 and CCL5 for
T cells, IGHM and IGKC for B cells, LYZ and IL1B for monocytes,
and C1QA and C1QC for macrophages (Figure 1C). Bubble plot of
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the classic marker of seven clusters and pie chart of the
corresponding cell proportions were shown in Figures 1C,
D, respectively.

We further quantified the fibrosis fraction using a gene set
obtained from the MSigDB database (https://www.gsea-
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msigdb.org/gsea/index.jsp), which contained a total of 150 related
genes. The “AUCell” algorithm was then utilized to score the
activity of gene set at the single-cell level via the fibrosis-related
genes. The result revealed significant differences in the cell-derived
fibrosis scores between the control and disease groups in most cell
groups, with endothelial cells showing the most pronounced
difference (Figure 2A). Therefore, we selected endothelial cells as
the key cell population for subsequent analysis. Furthermore, the
HALLMARK gene sets were obtained from the MSigDB database
using the “msigdbr” package, and pathway activity in each cell
cluster was analyzed using the “AverageHeatmap” function of the
“scRNAtoolVis” package. The heat map showed that endothelial
cells exhibited relatively high scores across the most of
pathways (Figure 2B).

3.2 Ligand-receptor interaction analysis
and enrichment analysis

The classification was based on the median value of the fibrosis-
related score computed using the “AddModuleScore” function in
Seurat, with cells above and below the median defined as high-
activity and low-activity endothelial cells, respectively. We then
performed ligand-receptor interaction analysis on the single-cell
expression profiles of the two groups based on the “CellChat”
package, which revealed complex interaction pairs between these
subgroups (Figure 3A). Additionally, we calculated the signal
reception and transmission intensities of all cells across all
signaling pathways (Figures 3B, C). Of note, the ANGPT
signaling pathway exhibited notably higher reception and
transmission intensities in endothelial cells, and was therefore
selected as a key pathway for further analysis. As for the
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reception and transmitting intensity, scatter plot, chord plot, and
violin plot under the ANGPT signaling pathway were then plotted
(Figures 3D-F). Finally, we also created dot plot of the correlations
of high-activity endothelial interaction and low-activity endothelial
interaction with other cell-to-cell pathways (Figure 3G). Among
endothelial subclusters, the ANGPT signaling pathway exhibited
the strongest incoming and outgoing communication probabilities,
consistent with its pro-angiogenic and fibrotic remodeling
functions. Moreover, MIF-CD74 signaling was enriched between
high-fibrosis endothelial cells and macrophages, suggesting a
reciprocal activation that may amplify inflammatory responses
and extracellular matrix deposition, thereby linking endothelial
signaling to fibrosis and tumor progression.

After removing genes expressed in less than 10% expressed
among cells, we utilized the “FindMarkers” function to identify
marker genes of two endothelial cell subgroups. Using a significance
threshold of p < 0.05, we selected 38 marker genes, which were
visualized in a volcano plot (Figure 4A). Furthermore, Kyoto
Encyclopedia of Genes and Genomes enrichment analysis based
on marker genes showed that the main enrichment pathways
included Rapl signaling pathway and HIF-1 signaling
pathway (Figure 4B).

3.3 Identification of significant genes

In order to further determine the fibrosis genes in HCC, we first
obtained 38 marker genes from our single-cell RNA-seq differential
expression analysis. These genes were intersected with differentially
expressed genes from the TCGA-LIHC cohort, yielding 37
overlapping genes, which were then subjected to random survival
forest analysis. With relative importance score greater than 0.1 as
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Identification of key fibrosis-related genes in HCC. (A) Random survival forest ranking of important genes. (B—D) Kaplan-Meier survival curves for key
genes, including LUC7L3, CREBL, and YIPF4.

the significant markers, Figure 5A showed the order of importance
of five identified genes. We then performed survival analysis of
these five genes of high importance, and the survival curves showed
that three genes were significantly associated with overall survival (p
<0.05) (Figures 5B-D). These genes included LUC7L3, CREB1, and
YIPF4, which were identified as key genes for subsequent analysis.
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3.4 Correlation analysis between key genes
and fibrosis-related genes

We obtained fibrosis-related genes from the MSigDB database, and
the expression differences of fibrosis-related genes were analyzed
(Figure 6). Twenty representative genes with the highest expression
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abundance and significant differential expression were selected for
subsequent analysis to ensure biological relevance. Among them,
sixteen genes showed significant differences between disease and
control groups, including OFD1, CC2D2A, BCSIL, TULP3, ALGY,
KIF3B, RPGRIP1L, HAMP, B9D1, SC5D, TXNDC15, TCTN3,
RBCK1, PEX1, MTTP, and SCAPER. Subsequently, we performed
correlation analysis between key genes and twenty fibrosis-related
genes, and found that the expression levels of key genes were
significantly correlated with the expression levels of some fibrosis-
related genes. Notably, LUC7L3 and OFD1 were significantly positively
correlated (r = 0.767), and it showed a negatively correlated with
HAMP (r = —0.431).

Additionally, we also chose some fibrosis-related genes in MsigDB
database, and investigated the co-expression situation across them and
three key genes (Supplementary Figures S2-S4). All key genes were
significantly positively correlated with OFD1 and KIF3B. As for the
expression of TULP3, it was positively associated with LUC7L3, but
negatively correlated with CREBI and YIPF4. Then, “AUCell”
algorithm was used to quantify the genes related to
immunometabolism in single cells, and expression differences were
visualized using bubble plots (Supplementary Figure S5). Specifically,
CREB1 showed high activity in oxidative_phosphorylation,
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myc_targets vl, and tnfa_signaling via_nfkb. LUC7L3 was enriched
in oxidative_phosphorylation, reactive_oxygen_species_pathway, and
myc_targets_vl, while YIPF4 had high activity in
oxidative_phosphorylation, reactive_oxygen_species_pathway,
and coagulation.

3.5 Tumor immune microenvironment
analysis

To explore how key genes may affect the progression of HCC, our
study examined their correlations with immune-related cells.
Specifically, we investigated the fractions of various immune cell
populations between high-expression and low-expression groups of
three key genes. It is note that the high-expression group of LUC7L3
was higher in macrophages M0 and T cells follicular helper cells, and
the low-expression group was higher in NK cells activated and other
cells (Figure 7A). As for CREBI, the high expression group was higher
in dendritic cells resting, macrophages MO, and T cells follicular helper,
while the low expression group was higher in macrophages M2, NK
cells activated and other cells (Figure 7B). The high expression group of
YIPF4 was higher in dendritic cells resting cells (Figure 7C).
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FIGURE 7
Tumor immune microenvironment analysis. (A) Immune cell fractions between high-expression group and low-expression group of LUC7L3.
(B) Immune cell fractions between high-expression group and low-expression group of CREB1. (C) Immune cell fractions between high-expression
group and low-expression group of YIPF4. * P < 0.05; ** P < 0.01; ns, not significant.

3.6 GSEA and GSVA

Furthermore, we analyzed the specific signaling pathways
associated with key genes and explored the underlying
molecular mechanisms through which key genes may influence
the disease progression. The results of GSEA showed that LUC7L3
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was enriched in Wnt signaling pathway, PI3K-Akt signaling
pathway, and ECM-receptor interaction (Figure 8A). CREBI
was enriched in Cell cycle, Focal adhesion, and Notch signaling
pathway, while YIPF4 was enriched in Focal adhesion, Hedgehog
signaling pathway, and Ubiquitin mediated proteolysis
(Figures 8B, C).
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The results of GSVA indicated that the COAGULATION
pathway was predominantly active in the low-expression groups
of three key genes (Figure 9). In the high-expression groups,
enrichment was observed in pathways including the
G2M_CHECKPOINT, MITOTIC_SPINDLE, and others,
implying that key genes may contribute to disease progression via
these different pathways.
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3.7 Drug susceptibility analysis

According to the drug sensitivity data from the GDSC database,
our study employed the “oncoPredict” package to predict
chemotherapy sensitivity in each tumor sample, and investigated the
responses of the three key genes and to common chemotherapeutic
drugs (Figure 10). The sensitivity assessment of chemotherapeutic
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drugs showed that key genes were correlated with Vinblastine_1004,
Cisplatin_1005, Docetaxel 1007, Gefitinib_1010, Fulvestrant 1200
and Daporinad_1248.

3.8 Spatial transcriptomics analysis

We sequentially read two spatial transcriptomic samples and
examined the distribution of UMI counts. After data normalization,
PCA and UMAP were applied for dimensionality reduction. Subsequent
Louvain clustering identified five distinct cell subpopulations across the
two spatial transcriptomic samples (Figures 11A, B). We then
performed deconvolution analysis of the spatial transcriptomic data in
combination with single-cell data to estimate the cellular composition of
each spot. Additionally, we visualized the spatial distribution of key cell
populations stratified by high and low fibrosis scores within the spatial
transcriptome (Figures 11C, D).

In order to gain a deeper understanding of intracellular and
intercellular interactions, we employed the MISTy. By analyzing
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interactions based on the annotated cell identities, we generated
heatmaps and network diagrams of intercellular communication
(Figure 12). The spatial expression patterns of the key genes were
further analyzed, and the expression levels of LUC7L3, CREBI, and
YIPF4 were visualized across the two spatial transcriptomic
datasets (Figure 13).

Finally, STlearn was applied to investigate the spatial
distribution of cell types and their interactions in HCC tissues.
The spatial trajectory analysis revealed a clear directional cellular
transition beginning at the tumor boundary and progressing toward
the fibrosis- and necrosis-enriched tumor core regions (Figure 14).
This spatial transition pattern suggests coordinated remodeling
among major cell clusters during HCC progression.

3.9 Validation of the key gene

Previous studies have experimentally shown that LUC7L3 and
CREBI are involved in the progression of HCC (37, 38); therefore,
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Drug susceptibility analysis of key genes. (A) Chemotherapy response prediction for LUC7L3. (B) Chemotherapy response prediction for CREB1.
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we further focused on YIPF4 for experimental validation. To
investigate the role of YIPF4 in HCC cell proliferation and
migration, we performed EDU incorporation assay, Transwell
migration assay, and CCK-8 proliferation assay in HepG2 and
Huh7 cell lines. Over-expression of YIPF4 significantly increased
EDU fluorescence intensity, indicating enhanced DNA synthesis
and cell proliferation, whereas knockdown of YIPF4 markedly
reduced EDU incorporation (Figure 15). Moreover, Transwell
assay demonstrated that up-regulation of YIPF4 led to a
significant increase in the number of migrated cells, whereas
silencing YIPF4 suppressed cell migration (Supplementary Figure
S6). Consistently, the results of CCK-8 assay showed that YIPF4
over-expression promoted cell viability in a time-dependent
manner, while YIPF4 knockdown impaired proliferative capacity
(Supplementary Figure S7). In conclusion, these results suggest that
YIPF4 promotes both proliferation and migration of HCC cells.

Frontiers in Immunology

4 Discussion

HCC exhibits a high degree of heterogeneity, characterized by
diverse morphological features and biological behaviors (39). Clinically,
despite the advancement of early diagnostic technologies, it is often
diagnosed at a late stage due to its asymptomatic onset (40). Current
treatment options, including surgical resection, local ablation, and liver
transplantation remain limited for patients with advanced stages (41).
Although systemic therapies, such as targeted therapy and
immunotherapy, have shown clinical benefits in some patients, the
variability in immune response and the complex TME present major
challenges, necessitating further exploration of novel therapeutic targets
and strategies (42-45). Liver fibrosis, an end-stage liver disease, is
characterized by excessive accumulation of fibrous tissue (46). It not
only disrupts normal liver physiology but also significantly increases
the risk of HCC (47). However, there is still a lack of relevant research
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on fibrosis-related genes and their roles in HCC progression. Thus, key
genes were identified through GEO and TCGA datasets, with YIPF4
further validated by cellular experiments.

In recent years, immunotherapy for HCC has made significant
progress, particularly the application of immune checkpoint inhibitors,
which have shown promising efficacy in certain patients (48). HCC is
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characterized by a highly immunosuppressive microenvironment in
which tumor cells evade immune surveillance through various
mechanisms (49-53). For instance, HCC cells may express PD-LI,
binding to the PD-1 receptor on T cells and suppressing their activity,
thereby escaping immune clearance (54). In addition,
immunosuppressive infiltrating cells, such as regulatory T cells and

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1659404
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Qiao et al. 10.3389/fimmu.2025.1659404
A B intra
intra Endotheliakcels.Tsco.
Teels- .\\
Endoeatects Lico
arocyes 3
r——
importanca
[— 2
B .
SO
P08 1 3 &% 1 3
N Y Predictor
C D oy
Toots e
Ji—
Hacrphages
Importance
Hepstais
k4 1
g :
& . -
ittt Lsco
Endothelialcells Hsco- ”/ / 3
‘/'/
v Predictor
Toats @"‘
/ \\\
\\
Jra— N
Wacrpnages
Importance
RSo—
3 .
& o
E
ottt Lsco
sools
i ] ] ] H | S |
@ H = H H g g "
E ] g § £ H
v ¢ Predictor
FIGURE 12
Spatial modeling of intercellular communication using MISTy. (A, C, E) Heatmaps showing interaction strength across annotated cell types.
(B, D, F) Predicted interaction networks between each cell subgroups for each sample.

tumor-associated macrophages, facilitate tumor progression and
metastasis (55, 56). Therefore, enhancing immunity in HCC requires
not only blocking immune checkpoint pathways, but also addressing
the immunosuppressive components of the TME. Our findings helped
form the foundation for this, and contributed novel insights into HCC
diagnosis, therapies, and prognosis.
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Recent bioinformatics and molecular studies have provided
valuable insights into the genetic and signaling mechanisms
underlying HCC progression (13, 51, 57-63), paving the way for
single-cell and spatial transcriptomic analyses to further dissect
tumor heterogeneity. The advent of single-cell RNA sequencing has
significantly advanced the understanding of the cellular composition
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and gene expression dynamics within the TME (64). It reveals the
heterogeneity and distinct cellular sub-populations present in tumors,
enabling precise characterization and quantification of immune cell
infiltration in tumor tissues (52, 65, 66). Spatial transcriptomics, as an
important advancement in single-cell sequencing, allows precise
localization of gene expression within tissue sections (67, 68). This
technology enables the direct observation of spatial gene expression
patterns, revealing the heterogeneity of tumor tissues, the immune
microenvironment, and intercellular interactions (69). We combined
single-cell RNA sequencing with spatial transcriptomics to validate the
expression patterns of key genes in liver cancer tissues and their
relationships with the TME. It demonstrated that these genes exhibit
distinct spatial expression patterns and are closely associated with HCC
development and immune evasion. This integrated approach enhanced
our understanding of the molecular mechanisms of HCC and provided
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a reliable basis for early diagnosis and targeted therapy. Spatial
transcriptomics further complemented the single-cell analysis by
validating the spatial distribution of fibrosis-related cell clusters and
key genes within HCC tissues. Notably, LUC7L3, CREBI, and YIPF4
were mainly localized in endothelial- and fibrosis-rich regions,
particularly at the tumor-stroma boundary, consistent with the
single-cell findings. Moreover, the integration of MISTy and STlearn
analyses provided additional evidence of cell-cell communication and
spatial trajectories that underlie fibrosis-associated tumor progression.
In addition, our single-cell interaction analysis revealed that endothelial
cells with high fibrosis activity showed enhanced communication with
macrophages via the MIF-CD74 signaling axis. This crosstalk may
promote macrophage activation and TGF- secretion, leading to
endothelial activation, angiogenesis, and extracellular matrix
deposition. These findings suggest that endothelial-macrophage
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FIGURE 14
Spatial trajectory analysis of cellular dynamics using STlearn.

interactions through MIF-CD74 contribute to fibrotic remodeling in
the HCC microenvironment.

In this study, we identified fibrosis-related genes associated with
HCC, with a focus on LUC7L3, CREBI, and YIPF4. Although the
role of LUC7L3 in HCC remains poorly understood, existing
evidence implicates it in the pathogenesis of various cancers (37).
LUC7L3 functions as a regulator of RNA splicing and has been
associated with cell proliferation and migration (70). Bioinformatic
analysis and published evidence suggest that LUC7L3 may promote
HCC cell proliferation and metastatic potential, indicating its
possible contribution to tumor progression through regulatory
effects on proliferation, migration, and invasion (37). CREBI is a
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transcription factor broadly involved in the regulation of cell
proliferation, differentiation, and survival. It is significantly up-
regulated in HCC and is associated with poor prognosis and tumor
progression (71). CREB1 promotes HCC cell growth and metastasis
by activating key signaling pathways, including PI3K and MAPK,
thereby underscoring its critical role in tumor progression and
immune evasion (72). YIPF4, a gene implicated in membrane
trafficking, has an unclear role in HCC (73, 74). In our study, we
found that YIPF4 over-expression significantly promoted HCC cell
proliferation and metastasis, as demonstrated by CCK-8, Transwell,
and EdU assays. These findings suggest that YIPF4 may contribute to
HCC progression by modulating key cellular functions. Therefore,
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YIPF4 could represent a therapeutic target for HCC, particularly in
microtubule-targeting treatments, and holds promise for advancing
precision oncology strategies. Notably, LUC7L3 showed a strong
positive correlation with OFDI1, suggesting that aberrant RNA
splicing may be linked to centriole- and cilia-related processes
involved in extracellular matrix remodeling. Conversely, its negative
correlation with HAMP implies potential crosstalk between iron
metabolism and fibrosis-associated transcriptional programs. These
relationships provide mechanistic clues for how fibrosis-related genes
may coordinate tumor progression and immune modulation in HCC.
Although the present study identified key fibrosis-related genes with
important mechanistic and prognostic implications in HCC, it is
important to acknowledge potential heterogeneity across different
disease etiologies. Viral-related HCC (e.g., HBV/HCV) and non-
viral HCC (e.g., NASH, alcohol-related) display distinct immune
microenvironment characteristics and fibrosis patterns, which may
influence the expression and functional roles of genes such as
LUC7L3, CREBI, and YIPF4. Due to dataset limitations, subgroup
analyses stratified by etiology were not feasible in this study. Future
studies incorporating larger cohorts with well-defined etiological
backgrounds are needed to validate the applicability of these
findings across diverse patient populations.

Although our study identified and validated fibrosis-related genes
using single-cell and spatial transcriptomics, certain limitations remain.
Firstly, while the functional roles of key genes were confirmed in cells,
further validation using in animal models is necessary to assess their
therapeutic potential. Secondly, although these genes are implicated in
HCC, their specific molecular mechanisms within the immune
microenvironment of HCC require further investigation. Future
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studies should focus on the interaction between these genes and
immune cells, as well as their roles in immunotherapy. Additionally,
challenges also remain in data interpretation and analysis. Further
optimization of analytical methods is needed to enhance data reliability
and accuracy. In addition, while our functional experiments were
performed using HepG2 and Huh7, two widely used HCC cell
models with distinct biological characteristics, future studies
incorporating additional cell lines may help further validate the
generalizability of these findings. Lastly, the sample size in this study
was limited, and further validation through prospective, large-scale
studies is warranted to confirm these findings. Future studies will
further validate these in silico drug sensitivity predictions through cell-
based assays and pharmacological experiments. This study identified
key genes related to liver fibrosis and HCC through integrated single-
cell and spatial transcriptomic analyses, and revealed their potential
roles in tumor progression and immune evasion. These findings had
important implications and may serve as a basis for the development of
novel therapeutic targets, particularly in the context of immunotherapy.

5 Conclusion

By integrating single-cell and spatial transcriptomic analyses, we
identified fibrosis-related prognostic genes in HCC, among which
YIPF4 played a key role in promoting tumor cell proliferation and
migration. We also elaborated on the role of these prognostic genes
in the tumor immune microenvironment. These findings shed light
on the molecular link between fibrosis and HCC progression,
offering potential targets for therapeutic intervention.
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