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identifies SF3B4 as a hub gene in hepatocellular
carcinoma progression
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Center Hospital, Xi‘an, China were assessed using colony formation, Transwell, and wound healing assays in HepG2

and Huh7 cells.

Results Integrated scRNA-seq and scPagwas analysis identified PKHD1* hepatocytes
as a core HCC subset, showing significantly higher trait relevance scores versus other
subtypes and a positive correlation with HCC (P < 0.05). BayesPrism quantification in the
TCGA-LIHC cohort confirmed that high abundance of PKHD1* hepatocytes correlated
with poor prognosis (P < 0.05), immune microenvironment remodeling (increased CAFs
and MDSCs), and distinct somatic mutation profiles (elevated CTNNB1 and reduced
TP53 mutation rates). SF3B4 was identified as the key gene associated with this subset
via WGCNA and differential expression analysis. SF3B4 was upregulated in HCC tissues
and cells, and its knockdown suppressed proliferation and migration in HepG2 and
Huh? cells.

Conclusion The PKHD1* hepatocyte subset and SF3B4 represent key regulators
of HCC malignancy, offering novel potential targets for prognostic assessment and
targeted therapy.

Keywords Hepatocellular carcinoma, PKHD1* hepatocytes, SF3B4

. ©The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International

D I S Cove r License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material.

You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party

material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material

is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted

use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licens
es/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1007/s12672-026-04501-7
http://crossmark.crossref.org/dialog/?doi=10.1007/s12672-026-04501-7&domain=pdf&date_stamp=2026-2-14

Ma et al. Discover Oncology (2026) 17:461 Page 2 of 23

1 Background

Hepatocellular Carcinoma (HCC) is one of the most common malignant tumors
worldwide, especially in Asia and Africa, where its incidence and mortality rates have
remained persistently high. The pathogenesis of HCC is complex and involves multi-
ple types of risk factors, including chronic viral hepatitis (such as hepatitis B virus and
hepatitis C virus infections), alcoholic liver disease, non-alcoholic fatty liver disease
(NAFLD), and metabolic syndrome [1, 2]. In recent years, with changes in lifestyles
worldwide—such as sedentary behavior, high-fat diets, and dietary structure—the inci-
dence of NAFLD-related HCC has shown a significant upward trend. It has become one
of the important etiologies of HCC and poses a severe challenge to public health security
[2, 3]. Early diagnosis and precise treatment of HCC have long been core challenges in
clinical practice and scientific research. Due to the insidious onset of the disease and the
lack of specific early clinical manifestations, most patients are diagnosed at an advanced
stage. This leads to limited treatment options and poor therapeutic efficacy [4—6]. Cur-
rently, early screening and diagnosis of HCC rely on the combined application of imag-
ing examinations and biomarkers. Computed tomography (CT) and magnetic resonance
imaging (MRI) can clearly display the characteristic blood supply pattern of tumors—
"arterial phase enhancement and venous phase washout"—through dynamic contrast-
enhanced scanning. This pattern provides key evidence for distinguishing HCC from
other liver lesions such as hepatic hemangiomas and hepatic adenomas [7, 8]. Alpha-
fetoprotein (AFP), as a classic HCC biomarker, shows a significant correlation between
its substantially elevated levels and both increased tumor malignancy and poor patient
prognosis [9]. However, the diagnostic sensitivity and specificity of a single biomarker
have limitations. Therefore, the combined detection of multiple biomarkers has become
a key strategy to improve diagnostic accuracy.

Current clinical management of liver cancer emphasizes a multidisciplinary treat-
ment model. Treatment strategies need to be formulated comprehensively based on the
patient’s tumor stage, liver function status, and systemic conditions. These strategies
cover a variety of intervention methods, including surgical treatment (hepatectomy, liver
transplantation), local ablation therapy (radiofrequency ablation, microwave ablation),
transcatheter arterial chemoembolization, systemic targeted therapy (sorafenib, lenva-
tinib), and immune checkpoint inhibitors [2, 10, 11]. However, the existing treatment
system still faces several core limitations. Firstly, chemotherapy resistance mediated by
the tumor microenvironment—such as fibrotic barriers formed by cancer-associated
fibroblasts and infiltration of immunosuppressive cells—limits the long-term efficacy
of local treatments like transcatheter arterial chemoembolization (TACE). Secondly,
the population eligible for targeted therapy is relatively narrow; for example, lenva-
tinib is only effective in some patients with high VEGF expression. Thirdly, the over-
all response rate to immunotherapy is relatively low. Additionally, for the treatment of
advanced hepatocellular carcinoma, although the study by Wang et al. demonstrated
that local £ systemic therapy significantly improved the 5-year overall survival (OS)
rate, long-term OS remains difficult to enhance [12]. These clinical challenges highlight
the urgent need to deeply analyze the molecular mechanisms of liver cancer pathogen-
esis, develop novel diagnostic biomarkers, and identify innovative therapeutic targets.
Additionally, establishing and optimizing early screening systems—such as regular
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ultrasound combined with multi-biomarker detection for high-risk populations—is a
key entry point to improve the prognostic level of the disease.

Intratumor Heterogeneity (ITH) refers to the significant differences existing among
different cells within the same tumor at multiple levels, including genetics, epigenetics,
transcriptome, proteome, and immune microenvironment. It is reflected not only in
the diversity of biological characteristics of tumor cells themselves but also involves the
complex interactions between immune cells (such as CD8 + T cells and tumor-associated
macrophages), stromal cells (such as cancer-associated fibroblasts), and the vascular
system in the Tumor Microenvironment (TME) [13, 14]. As one of the core biological
characteristics of liver cancer, intratumor heterogeneity plays a decisive role in tumor
evolution (e.g., subclonal selection), treatment resistance (e.g., enrichment of targeted
drug-resistant subpopulations), and prognostic evaluation. It is also a key reason for the
significant individual differences in clinical treatment effects [13, 14]. ITH of liver cancer
is a key factor affecting its clinical treatment efficacy and prognostic judgment. As the
main pathological subtype of liver cancer, HCC exhibits significant heterogeneous char-
acteristics in terms of histological features, genomic variations, transcriptional regula-
tion, and epigenetic modifications [15]. This multi-level heterogeneity directly leads to
differences in the biological behaviors of tumor cells (such as proliferation, invasion, and
metastasis abilities) and their responses to treatment, which in turn affects the clinical
outcomes of patients [16, 17]. At the epigenetic level, DNA methylation and copy num-
ber variation (CNV) are important drivers of liver cancer heterogeneity. Studies have
shown that significant changes in DNA methylation and CNV already exist in the early
precancerous stage of liver cancer, and these changes exhibit different patterns in regen-
erative nodules (RNs) and dysplastic nodules (DNs) [18]. For instance, RNs with high-
frequency epigenetic changes typically exhibit low CNV. This indicates that different
nodules have differences in epigenetic and genetic components, and these differences
collectively drive the progression of the disease [19]. Furthermore, epigenetic heteroge-
neity is also closely associated with the proliferative capacity and clinical characteristics
of liver cancer. For example, Ki67 staining shows that nodules with a high epigenetic
progression score exhibit stronger proliferative capacity [20]. Single-cell RNA sequenc-
ing (scRNA-seq) has demonstrated unique technical advantages and application value
in revealing liver cancer heterogeneity. Firstly, through high-throughput sequencing and
data analysis, scRNA-seq can classify cells in liver cancer tissues into different subsets
and uncover the molecular characteristics of these subsets. For example, studies have
identified multiple subtypes in liver cancer cells, and these subtypes exhibit significant
differences in gene expression, metabolic pathways, and signaling pathways [21]. These
differences may be closely related to tumor invasiveness, metastatic potential, and sensi-
tivity to treatment. Through single-cell analysis, researchers can identify key genes and
pathways that drive tumor progression, providing a basis for the development of tar-
geted therapeutic strategies [22]. Secondly, scRNA-seq can also deeply analyze the com-
position and functional status of immune cells in the liver cancer microenvironment.
Immune cells in the liver cancer microenvironment, such as T cells, B cells, and mac-
rophages, play important roles in tumor immune escape and immunotherapy. Through
single-cell sequencing, researchers can identify the activation status, functional charac-
teristics of different immune cell subsets, as well as their interactions with cancer cells
[21]. Given the high heterogeneity of HCC, current clinical treatment strategies are
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gradually moving toward individualized treatment guided by multi-omics integrated
analysis [23].

This study adopts a systematic multi-omics integration analysis strategy. By integrat-
ing single-cell transcriptome sequencing data, genome-wide association study (GWAS)
data, and bulk transcriptome sequencing data, it aims to accurately identify the core
hepatocyte subsets in HCC and deeply analyze the mechanisms underlying their asso-
ciation with patients’ clinical prognosis, tumor immune microenvironment characteris-
tics, and somatic mutation profiles. Based on the above findings, the study will further
screen the key genes regulating HCC progression and verify them through in vitro cell
function experiments (such as cell proliferation assays and Transwell invasion assays).
This work intends to provide a theoretical basis and experimental foundation for the
development of early diagnostic biomarkers and the screening of precise therapeutic tar-

gets for liver cancer. The specific research technical route is shown in Fig. 1.

2 Methods

2.1 Cell culture and tissue sample acquisition

The hepatocellular carcinoma (HCC) cell lines HepG2 (RRID: CVCL_0027) and nor-
mal liver cell line LO2 (RRID: CVCL_1D04) were purchased from Shanghai Enzyme
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Research Biotechnology Co., Ltd. (Shanghai, China), while the HCC cell line Huh-7
(RRID: CVCL_0336) was obtained from Wuhan Procell Life Science & Technology
Co., Ltd. The HEK-293 T cell line was provided by Abcell. The HepG2 cell line was cul-
tured in high-glucose DMEM medium (Gibco, USA) supplemented with 1% penicillin/
streptomycin (Beyotime Biotechnology, Shanghai, China) and 10% fetal bovine serum
(Procell, Wuhan, China). The LO2, HEK-293 T, and Huh-7 cell lines were cultured in
MEM medium (Gibco, USA) with 1% penicillin/streptomycin (Beyotime Biotechnol-
ogy, Shanghai, China) and 10% fetal bovine serum (Procell, Wuhan, China). All cell lines
were maintained in a constant temperature incubator at 37 °C with 5% CO,. Normal
liver tissue (n=10) and HCC tumor tissue (n=10) samples were collected from Xian
International Medical Center. The experimental protocol of this study was approved by
the Ethics Committee of Xi'an International Medical Center, and informed consent was

obtained from all participants.

2.2 Transfection

All plasmids were purchased from Synbio Technologies (Suzhou, China). For lentiviral
packaging, the pXPax2 plasmid, which encodes essential viral packaging components,
and the pMD2.G plasmid, which provides the vesicular stomatitis virus glycoprotein
(VSV-QG) envelope for pseudotyping, were co-transfected with the target transfer plas-
mid (directed against the SF3B4 gene) into HEK293T cells to produce lentiviral particles.
Following lentiviral transduction, the target cells (HepG2 and Huh7 cells) underwent
puromycin selection. The optimal puromycin concentration was predetermined via a
kill curve assay to ensure complete elimination of non-transduced cells. The transduced
HepG2 and Huh7 cells were cultured in puromycin-containing medium for 7-14 days to
establish stable polyclonal cell populations. Finally, successful integration of the target
gene into the cell genome was verified by measuring SF3B4 transcript levels using RT-
qPCR and/or detecting SF3B4 protein expression via Western blot analysis.

2.3 Quantitative Real-Time PCR (RT-gPCR)

Total RNA was extracted from HepG2 and Huh7 cells (including the siSF3B4-2 knock-
down group, siSF3B4-1 knockdown group, and Ctrl control group) and HCC tissue
samples. For cell samples, total RNA was extracted directly using TRIzol reagent (Invit-
rogen, USA) according to the manufacturer's instructions. For HCC tissue samples, the
tissues were first thoroughly homogenized by grinding in liquid nitrogen or using a tis-
sue homogenizer, followed by RNA extraction with TRIzol reagent (Invitrogen, USA),
strictly adhering to the manufacturer’s protocol. Subsequently, reverse transcription
was performed using a Reverse Transcription Kit (TOYOBO, Osaka, Japan) with the
extracted total RNA from both cells and tissues as the template to synthesize comple-
mentary DNA (cDNA).

RT-qPCR analysis was carried out using the ChamQ SYBR qPCR Master Mix kit
(Vazyme, Nanjing, China) on a LightCycler 96 real-time PCR system (Roche, Germany).
The expression levels of the target genes in all cell and HCC tissue samples were nor-
malized to the endogenous control gene Beta-actin rRNA. All primers were purchased
from Sangon Biotech (Shanghai, China). The relative expression level of SE3B4 mRNA,
normalized to Beta-actin rRNA, was calculated using the 2 - AACT method for unified
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analysis of both cell and tissue sample data. Detailed information for all primers is pro-
vided in Table 1.

2.4 Western Blot

To detect the expression levels of SF3B4 protein in human hepatocellular carcinoma
(HCC) tissue samples and in HepG2 and Huh7 cell lines, sample lysates were prepared
as follows. Cell samples were directly lysed on ice for 30 min using RIPA lysis buffer
(supplemented with protease inhibitors) with repeated pipetting to ensure complete
lysis. HCC tissue samples were first ground into a powder in liquid nitrogen, then
homogenized on ice in RIPA lysis buffer (containing protease inhibitors) and lysed for
an additional 30 min. After lysis, the samples were centrifuged at 12,000 xg and 4 °C for
15 min, and the resulting supernatant was collected as the total protein extract. The pro-
tein concentration of all samples was measured using a Nanodrop One spectrophotom-
eter (Thermo Fisher, USA) to standardize the loading amount.

The quantified protein samples were mixed with 5x SDS loading buffer at a 4:1 ratio
and denatured at 95 °C for 10 min. Subsequently, 30 pg of protein per lane was loaded
and separated by electrophoresis on a 10% SDS-PAGE gel (80 V for the stacking gel and
120 V for the separation gel). After electrophoresis, proteins were transferred from the
gel to a nitrocellulose membrane (Pall, Port Washington, NY, USA) using the wet trans-
fer method under constant current of 300 mA for 90 min in an ice bath. Following trans-
fer, the membrane was blocked with 5% skim milk (prepared in TBST buffer) at room
temperature for 2 h to prevent non-specific binding.

After blocking, the membrane was incubated overnight at 4 °C with the following pri-
mary antibodies: anti-SF3B4 antibody (Proteinch, Cat# 85,663—5-RR, dilution 1:5000)
and anti-GAPDH antibody (Abways, Cat# Ab0037, dilution 1:10,000) as the loading con-
trol. The next day, the membrane was washed three times for 10 min each with TBST
buffer at room temperature on a shaker. It was then incubated with HRP-conjugated
goat anti-rabbit or goat anti-mouse secondary antibody (dilution 1:5000) at room tem-
perature for 1 h. After incubation, the membrane was washed again three times for
10 min each with TBST buffer. Finally, the blots were developed, and images were cap-
tured using a gel imaging system for band intensity analysis.

2.5 Colony formation assay

In the colony formation assay, HepG2 and Huh7 cells in the logarithmic growth phase
were first trypsinized, collected, and washed twice with PBS. The cells were then resus-
pended in DMEM medium supplemented with 10% fetal bovine serum (FBS), and
the cell density was adjusted using a hemocytometer. Subsequently, HepG2 cells were
seeded at a density of 1 x 10? cells per well and Huh7 cells at 1.2 x 10* cells per well into
6-well plates. Each well contained 2 mL of DMEM medium with 10% FBS. The plates
were gently shaken to ensure even cell distribution and then placed in a humidified

Table 1 The primer information for gPCR in this study

Gene name Primer name Primer sequence

SF3B4 Primer F GAGGCCCTCTCCCTCAGTAA
Primer R TTTGCCCCAAGGAGCTACAG

Beta Actin Primer F GAGAGGGAACTCGTGCGTGAC

Primer R CATCTGCTGGAAGGTGGACA
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incubator at 37 °C with 5% CO,. The culture medium was replaced with fresh medium
every three days to maintain optimal growth conditions.

After 14 days of continuous culture, when visible cell colonies had formed, the assay
was terminated. The medium was carefully aspirated from each well, and the cells were
gently washed twice with PBS to remove residual medium. Next, the cells were fixed
with 4% paraformaldehyde for 30 min at room temperature. After fixation, the fixative
was removed, and the wells were washed twice with PBS. The cells were then stained
with 0.1% crystal violet solution (Solarbio, Beijing, China) for 20 min at room tempera-
ture, protected from light. Following staining, the plates were rinsed gently with deion-
ized water until excess dye was removed and air-dried in an inverted position. Finally,
colonies containing more than 50 cells were observed and counted under a standard
light microscope. The number of colonies and the colony formation rate were calculated
for each group to evaluate the impact of SF3B4 knockdown on the clonogenic ability of
HepG2 and Huh?7 cells.

2.6 Transwell migration assay

The Transwell migration assay was performed using 24-well Transwell chambers (Corn-
ing, NY, USA, Cat. #3422). HepG2 and Huh7 cells in the logarithmic growth phase were
first trypsinized, collected, and washed twice with PBS. The cells were resuspended in
serum-free DMEM medium, and the cell density was adjusted to 1.5 x 10° cells/mL using
a hemocytometer.

Subsequently, 0.2 mL of the cell suspension (containing 3x10* cells per well) was
added to the upper chamber of the Transwell insert. The lower chamber was filled with
0.6 mL of DMEM medium supplemented with 10% FBS, which served as a chemoat-
tractant to induce cell migration. The Transwell chamber was carefully placed into the
24-well plate to avoid air bubbles and incubated at 37 °C with 5% CO, for 36 h.

After incubation, the Transwell chamber was removed. The medium in the upper
chamber was discarded, and the chamber was gently washed twice with PBS. Non-
migrated cells on the upper surface of the membrane were carefully wiped off using a
sterile cotton swab. The cells on the lower surface of the membrane were then fixed with
4% paraformaldehyde for 30 min at room temperature. After fixation, the fixative was
removed, and the membrane was washed twice with PBS. Staining was performed with
0.1% crystal violet solution (Solarbio, Beijing, China) for 20 min at room temperature,
protected from light. After staining, the chamber was rinsed gently with deionized water
to remove excess dye and air-dried in an inverted position.

Finally, the migrated cells on the lower side of the membrane were observed and pho-
tographed under an optical microscope (20 x objective). Cells in five randomly selected
fields were counted, and the average number of migrated cells per group was calculated
to evaluate the effect of SF3B4 knockdown on the migratory ability of HepG2 and Huh?7
cells.

2.7 Wound healing assay

The wound healing assay was used to evaluate the migratory ability of HepG2 and Huh7
cells. Cells from each group in the logarithmic growth phase were first trypsinized
with 0.25% trypsin, collected, and resuspended in DMEM medium (Gibco, USA) con-
taining 10% FBS. The cell density was adjusted to 1 x 10° cells/mL, and 2 mL of the cell
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suspension was seeded into each well of a 6-well plate. The plate was then incubated at
37 °C with 5% CO, until the cells reached 90-95% confluence.

After the cells formed a confluent monolayer, a sterile 200 uL pipette tip was used to
create a straight, uniform scratch vertically through the center of each well. The plate
was gently washed 2-3 times with PBS to remove dislodged cells and debris. Subse-
quently, 2 mL of serum-free DMEM medium was added to each well to eliminate the
influence of growth factors present in serum, thereby assessing only cell migration. The
plate was returned to the incubator for continued culture.

Images of the scratched area were captured at 0 h and 24 h using an inverted opti-
cal microscope (Olympus, Japan). Three fixed fields of view per well were selected and
marked to ensure the same regions were observed at each time point. The average
wound width at each time point was measured using Image]J software. The cell migration
rate was calculated using the following formula: Migration rate (%) = [(0 h wound width-
wound width at a given time point) / 0 h wound width] x 100%. By comparing the migra-
tion rates among the different groups, the impact of SF3B4 knockdown on the migratory
ability of HepG2 and Huh7 cells was analyzed.

2.8 Bioinformatics analysis

The dataset GSE282701 was downloaded from the Gene Expression Omnibus (GEO)
database (https://www.ncbi.nlm.nih.gov/geo/). It contains single-cell transcriptome data
from 3 paracancerous tissues and 3 HCC tissues. Transcriptome data, somatic mutation
data, and clinical data for 374 HCC samples and 50 paracancerous control tissues from
the TCGA-LIHC project were downloaded from The Cancer Genome Atlas (TCGA)
database. Samples with incomplete survival information or a survival time of less than
30 days were excluded during survival analysis and model construction. GWAS sum-
mary data for liver cancer (ID: bbj-a-158) were downloaded from IEU-OpenGWAS
(https://gwas.mrcieu.ac.uk/), which included 1,866 liver cancer cases and 195,745
healthy controls.

The scRNA-seq dataset GSE282701 was analyzed using the standard workflow in the
R package "Seurat". Cells with fewer than 200 or more than 6000 detected genes, and
those where mitochondrial genes accounted for more than 10% of the counts, were fil-
tered out. The R package "harmony" was used to reduce batch effects between samples.
The top 2000 highly variable genes were identified using the FindVariableFeaturesfunc-
tion. Principal Component Analysis (PCA) was employed for dimensionality reduction.
Marker genes were identified using the FindMarkersfunction with its default parame-
ters. Cell subpopulations were annotated using the "SingleR" package.

scPagwas employs a multi-gene regression model to prioritize a set of trait-associated
genes and identify trait-relevant cell subpopulations by integrating pathway activity
scores derived from scRNA-seq data with GWAS summary statistics. In this study, the R
package "scPagwas" was used to identify key cell subpopulations in liver cancer.

BayesPrism, a cutting-edge Bayesian model-based method, effectively integrates
scRNA-seq data as a reference to deconvolve bulk RNA-seq data, enabling the inference
of posterior distributions for cell type proportions and gene expression. This study uti-
lized the R package "BayesPrism" to project the cell subtypes identified from the HCC
scRNA-seq data onto the bulk RNA-seq data from the TCGA-LIHC project and to score
each cell subtype.
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Limma (Linear Models for Microarray Data) is a method for differential expression
analysis based on generalized linear models. Here, we used the R package limma (ver-
sion 3.40.6) to perform differential analysis to identify differentially expressed genes
(DEGs) between different comparison groups and the control group. Genes with an
absolute fold change > 2 and an adjusted p-value < 0.05 were defined as DEGs. The results
were visualized using the R package "ggplot2", presented as volcano plots and heatmaps.

The R package WGCNA was used to construct co-expression networks. First, sample
clustering was performed to check for potential outliers. Second, an automatic network
construction function was used to build the co-expression network. The soft-threshold-
ing power [} was calculated using the pickSoftThresholdfunction to which the co-expres-
sion similarity was raised to calculate adjacency. Third, hierarchical clustering and the
dynamic tree cut function were applied to detect modules. Fourth, gene significance and
module membership were calculated, and modules were correlated with the trait (cell
abundance). Gene information from relevant modules was extracted for further analysis.

2.9 Statistical analysis

For comparisons between two groups, either the Student's t-test or the Mann—Whitney
U test was used, depending on whether the data followed a normal distribution. Com-
parisons among more than two groups were performed using the Kruskal-Wallis test.
Correlation analyses were conducted using Spearman's rank correlation. Survival analy-
sis was carried out using the Kaplan—Meier method with the log-rank test, along with
univariate Cox proportional hazards regression. All statistical analyses were performed
using R software. A P-value of less than 0.05 was considered statistically significant
(P<0.05, P<0.005, P<0.001, ns: P >0.05).

3 Results
3.1 scRNA-seq analysis identifies heterogeneity of hepatocytes in HCC
To better understand the immune microenvironment landscape of hepatocellular carci-
noma (HCC) at the single-cell level, we performed an analysis of public scRNA-seq data
(Fig. 2). A total of 22 distinct cell clusters were identified across the control and HCC
groups (Fig. 3A). Following annotation, these clusters were classified into 10 major cell
subtypes: natural killer (NK) cells, T cells, endothelial cells, monocytes, macrophages,
neutrophils, hepatocytes, B cells, tissue stem cells, and smooth muscle cells (Fig. 3B).
Subsequently, hepatocytes were extracted for further sub-clustering analysis. This
analysis identified 9 distinct hepatocyte subpopulations across the two groups (Fig. 3C).
Based on the expression of established marker genes, these subpopulations were anno-
tated and designated as follows: FBP1-positive hepatocytes, ABCB11-positive hepa-
tocytes, DLK1-positive hepatocytes, CYP3A4-positive hepatocytes, PKHD1-positive
hepatocytes, CD74-positive hepatocytes, TUBA1B-positive hepatocytes, CCL4-positive
hepatocytes, and FKBP5-positive hepatocytes (Fig. 3D).

3.2 scPagwas analysis identifies PKHD1 + hepatocytes as a core hepatocyte subpopulation
in HCC associated with patient prognosis

Subsequently, we performed an scPagwas analysis by integrating GWAS summary data
to calculate the trait relevance score (TRS) for each epithelial cell subtype. The results
revealed that among these nine hepatocyte subtypes, PKHD1 + hepatocytes exhibited a
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significantly higher TRS (Fig. 3E). Bootstrap analysis further confirmed a positive asso-
ciation between PKHD1 + hepatocytes and HCC (Fig. 3F and G, P <0.05). These findings
suggest that PKHD1 + hepatocytes represent a potential core cell subpopulation in HCC.
We then quantified the proportions of the nine hepatocyte subtypes, identified from
the scRNA-seq data, within the TCGA-LIHC dataset using the BayesPrism algorithm
(Fig. 4A). Subsequently, we divided them into high- and low-hepatocyte score groups
based on the median score of each hepatocyte subtype. The results showed that the pro-
portions of FBP1-positive hepatocytes, ABCB11-positive hepatocytes, DLK1-positive
hepatocytes, and CYP3A4-positive hepatocytes were decreased in the HCC group. Con-
versely, the proportions of PKHD1-positive hepatocytes, CD74-positive hepatocytes,
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TUBA1B-positive hepatocytes, and CCL4-positive hepatocytes were increased in the
HCC group (Fig. 4B, P <0.05).

Survival analysis indicated that the proportions of FBP1-positive hepatocytes,
ABCBI11-positive hepatocytes, PKHD1-positive hepatocytes, and TUBA1B-positive
hepatocytes were associated with HCC patient prognosis. Specifically, a higher propor-
tion of FBP1-positive hepatocytes was associated with better patient prognosis, whereas
higher proportions of ABCB11-positive hepatocytes, PKHD1-positive hepatocytes, and
TUBAI1B-positive hepatocytes were associated with poorer prognosis (Fig. 4C, P <0.05).
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3.3 PKHD1 +hepatocyte proportion is associated with the HCC immune microenvironment

and somatic mutations

We subsequently performed differential gene expression analysis between HCC samples
with high and low PKHD1 + hepatocyte scores. The results revealed 3,650 upregulated
genes and 1,479 downregulated genes in the high-score group compared to the low-
score group (Fig. 5A). Further analysis showed that, relative to the low-score group, the
high-score group exhibited significantly lower proportions of FBP1-positive hepatocytes,
ABCBI11-positive hepatocytes, DLK1-positive hepatocytes, and CYP3A4-positive hepa-
tocytes, but significantly higher proportions of CD74-positive hepatocytes, TUBA1B-
positive hepatocytes, CCL4-positive hepatocytes, and FKBP5-positive hepatocytes
(Fig. 5B). Assessment of the HCC immune microenvironment using the ESTIMATE
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algorithm indicated a significantly higher Immune Score in the high PKHD1 + hepato-
cyte score group compared to the low-score group (Fig. 5B).

We further investigated the association between PKHDI +hepatocytes and the
immune microenvironment in HCC patients. Compared to the low PKHD1 + hepato-
cyte abundance group, the high-abundance group showed increased scores for CAFs
(Cancer-Associated Fibroblasts), CD8+T cells, MDSCs (Myeloid-Derived Suppressor
Cells), and IEN-y, but decreased Dysfunction, MSI (Microsatellite Instability), and TIDE
(Tumor Immune Dysfunction and Exclusion) scores (Fig. 6A), suggesting a significant
link between PKHD1 + hepatocytes and the immune microenvironment.

Somatic mutation analysis was performed on the available mutation data from 335
samples. TP53 was the most frequently mutated gene in HCC, with a mutation rate
of 28%, followed by CTNNB1 (25%), with Missense_Mutation being the predominant
mutation type for both (Fig. 6B, C). The frequencies of TP53, TG, IDH1, and TAFIL
mutations were lower in the high PKHD1 + hepatocyte abundance group compared to
the low-abundance group, whereas the CTNNB1 mutation frequency was higher in the
high-abundance group (Fig. 6D and E).

3.4 Identification of SF3B4 as a core gene associated with PKHD1 + hepatocytes

Given the potential important role of PKHD1 + hepatocytes in HCC, this study aimed
to identify core genes associated with this cell population. Differential expression
analysis revealed 8,636 upregulated genes and 1,659 downregulated genes in HCC tis-
sues compared to adjacent non-tumor tissues (Fig. 7A). Weighted Gene Co-expres-
sion Network Analysis (WGCNA) clustered genes from the TCGA-LIHC dataset into
16 co-expression modules based on their expression profiles (Fig. 7B, C). Correlation
analysis indicated that the Blue module was significantly positively correlated with both
the PKHD1 + hepatocyte proportion (cor=0.66) and HCC status (cor=0.38) (Fig. 7C,
p<0.05).

The Blue module contained 2,876 genes. Taking the intersection of these 2,876 genes,
the 8,636 genes upregulated in HCC tissues from the bulk transcriptome analysis, and
the marker genes specific to PKHD1 + hepatocytes from the single-cell data yielded 12
candidate genes: GLS, DDX39B, SF3B4, ACBD6, SUCO, ANXAZ2, SIPA1L3, CBFA2T2,
SOX4, SOX9, DNAH14, and LAMCI1 (Fig. 7D).

Survival analysis showed that high expression of GLS, SE3B4, ACBD6, SUCO, ANXA2,
CBFA2T2, SOX4, DNAH14, and LAMC1 was associated with poor prognosis in HCC
patients (Fig. 8A). Univariate Cox analysis indicated that 11 of these 12 genes (all except
DDX39B) were risk factors for poor patient prognosis (Fig. 8B). Subsequent multivariate
Cox analysis of these 12 genes demonstrated that SF3B4 and ACBD6 were independent
prognostic factors. Notably, after adjustment in the multivariate model, ACBD6 transi-
tioned from being a high-risk factor to a low-risk factor (Fig. 8C). Therefore, we selected
SF3B4 as the primary focus for further investigation in this study.

3.5 SF3B4is upregulated in HCC and promotes HCC progression

The Mann—Whitney U test was employed to compare the expression levels of SF3B4 in
HCC and adjacent non-tumor tissues within the TCGA-LIHC dataset. The results indi-
cated a significant upregulation of SF3B4 in the HCC group (Fig. 9A). Consistent with
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this, results from qPCR and Western blot analysis confirmed the significant upregula-
tion of SF3B4 at both the mRNA and protein levels in HCC tissues (Fig. 9B, C).
scRNA-seq analysis indicated that SF3B4 expression was predominantly localized to
PKHD1-positive hepatocytes (Fig. 9D, E). To further investigate the impact of SF3B4
on HCC progression, we established stable cell lines with SF3B4 knockdown (Fig. 10A,
B). The colony formation assay demonstrated that downregulation of SF3B4 expres-

sion led to a decrease in the proliferative capacity of HCC cells compared to the control

group (Fig. 10C). Furthermore, Transwell migration and wound healing assays showed
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Fig. 7 Screening of PKHD1* hepatocyte-associated genes via differential expression analysis and WGCNA. A Vol-
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that suppressing SF3B4 expression resulted in reduced migratory ability of HCC cells
(Fig. 10D, E). Collectively, these results indicate that SF3B4 is upregulated in HCC and

promotes its progression.

4 Discussion
By integrating single-cell transcriptome sequencing, GWAS data, and bulk transcrip-
tome data, this study systematically identified, for the first time, the PKHD1 + hepato-
cyte subpopulation as a core regulatory subset within the heterogeneity of HCC. We
further discovered that the SF3B4 gene serves as an independent prognostic factor asso-
ciated with this subpopulation. Subsequent in vitro experiments confirmed that SF3B4
promotes HCC progression by enhancing tumor cell proliferation and migration. These
findings not only address a gap in the functional annotation and regulatory mechanisms
of hepatocyte subtypes in liver cancer but also provide a new theoretical foundation and
a potential therapeutic target for the precise subtyping, prognostic assessment, and tar-
geted therapy of HCC.

The high heterogeneity of HCC is a critical bottleneck leading to poor treatment
response and unfavorable prognosis. As the core functional cells within the tumor
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for the candidate genes

tissue, the diversity of hepatocyte subtypes and their regulatory roles in disease pro-
gression have been a major focus of research [24]. Existing studies utilizing single-cell
transcriptomics have revealed the presence of multiple hepatocyte subtypes with dis-
tinct metabolic features and proliferative capacities within HCC tissues. However, these
investigations have primarily focused on characterizing the molecular profiles of these
subtypes and have yet to identify a "functional core subtype" with direct relevance to
clinical prognosis and the immune microenvironment [25, 26]. The protein fibrocystin/
polyductin, encoded by the PKHD1 (Polycystic Kidney and Hepatic Disease 1) gene,
plays a critical role in various cellular functions, particularly in the development and
functional maintenance of the kidneys and liver. In recent years, studies have revealed
that mutations in PKHDI1 are not only associated with polycystic kidney disease but
also play significant roles in the initiation and progression of various cancers [27]. In
colorectal cancer (CRC), PKHD1 is identified as one of the frequently mutated genes,
alongside APC, TP53, and KRAS. Studies have shown that the expression of PKHD1 is
regulated by the Wnt/B-catenin signaling pathway, which is frequently dysregulated in
CRC progression. Analysis of 3702 colon cancer samples revealed that PKHD1 muta-
tions are significantly associated with increased tumor mutational burden (TMB),
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elevated microsatellite instability (MSI), and reduced chromosomal instability (CIN)
scores [28]. Furthermore, PKHD1 has also been shown to be associated with tumor pro-
gression in intrahepatic cholangiocarcinoma (ICC). For instance, knockdown of PKHD1
significantly enhanced the proliferation, migration, and invasion abilities of ICC cells by
activating the Notchl pathway and the expression of epithelial-mesenchymal transition
(EMT)-related proteins [29]. These findings reveal the complex regulatory mechanisms
of PKHDL1 in various cancers, providing a theoretical foundation for developing targeted
therapeutic strategies against PKHD1 and its associated pathways.

Through scPagwas analysis integrating single-cell data with GWAS-based genetic
susceptibility information, this study revealed for the first time that the PKHD1* hepa-
tocyte subpopulation exhibits a significantly higher TRS (Trait Relevance Score) com-
pared to other hepatocyte subtypes and shows a positive correlation with HCC. Further
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quantification in the TCGA-LIHC cohort using BayesPrism confirmed that a high abun-
dance of this subtype is significantly associated with poorer patient prognosis (P <0.05).
Moreover, variations in its abundance are closely linked to immune microenvironment
remodeling—specifically, increased infiltration of cancer-associated fibroblasts (CAFs)
and myeloid-derived suppressor cells (MDSCs) was observed in the high-abundance
group. This suggests that PKHD1*hepatocytes may contribute to unfavorable prognosis
by attenuating anti-tumor immune activity [30-32]. This finding transcends the limita-
tions of traditional studies that merely describe subtype differences, defining PKHD1*
hepatocytes as a "prognosis-associated core subtype" and providing a cell-level marker
for prognostic stratification in HCC. Furthermore, this study revealed a significant
association between the abundance of PKHD1*hepatocytes and the somatic mutation
profile in liver cancer: the high-abundance group showed a decreased frequency of
TP53 mutations but an increased frequency of CTNNB1 mutations. TP53 is the most
frequently mutated tumor suppressor gene in HCC. Its mutations not only impair its
tumor-suppressive function but may also confer gain-of-function (GOF) properties
that promote cancer progression [33]. This association suggests that the enrichment of
PKHD1* hepatocytes may be linked to the mutational evolutionary pathway of hepa-
tocellular carcinoma—potentially by suppressing TP53 mutation-associated malignant
proliferation pathways or by maintaining a "low-malignancy phenotype" in hepatocytes
through CTNNB1-regulated differentiation pathways. This provides a new perspective
for deciphering the interactive mechanisms between HCC mutations and the evolu-
tion of cellular subtypes. After establishing the central role of the PKHD1* hepatocyte
subpopulation, this study employed WGCNA co-expression analysis, differential gene
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intersection screening, and multivariate Cox regression to ultimately identify SF3B4 as
the core regulatory gene associated with this subtype. As a core subunit of the U2-type
spliceosome, SF3B4 plays a key role in regulating gene expression and alternative splic-
ing [34]. In HCC, the expression level of SF3B4 is significantly upregulated and is
closely associated with tumor proliferation and metastasis [35]. Studies have revealed
that SF3B4 promotes HCC cell proliferation and inhibits apoptosis through its interac-
tion with TRIM28 and SETD5, indicating that SF3B4 functions not merely as a splicing
factor in HCC but also facilitates tumor progression by regulating gene expression and
alternative splicing events [36]. Furthermore, SF3B4 shows potential for the early diag-
nosis of HCC. Integrated analysis of transcriptomic and clinicopathological data from
multi-stage HCC tissues identified SF3B4 as a biomarker for early-stage HCC. It can be
detected in precancerous lesions, and its diagnostic performance surpasses that of com-
monly used HCC diagnostic markers [37]. This finding provides a new direction for the
early detection of HCC and may improve patient survival rates. In terms of treatment,
the overexpression of SF3B4 is closely associated with HCC cell survival and tumor pro-
gression. Through genome-wide CRISPR screening, SF3B4 has been identified as an
essential survival gene in HCC, and the splicing landscape it regulates reveals its critical
role in HCC cell survival and tumor progression [38]. Moreover, the expression of SF3B4
is associated with increased DNA copy number, and this overexpression is significantly
correlated with poor prognosis in HCC, suggesting that SF3B4 may promote HCC pro-
gression through DNA copy number amplification [39]. This study provides multidi-
mensional evidence confirming that SF3B4 is upregulated in HCC tissues and promotes
HCC progression. Unlike previous research, these findings establish for the first time a
regulatory link between SF3B4 and a core hepatocyte subtype (PKHD1*) in liver cancer,
and validate its clinical value as a dual "gene-cell" target—serving not only as a molecular
marker for prognostic assessment but also as a potential therapeutic target for interven-
ing in the malignant phenotype associated with PKHD1* hepatocytes.

The findings of this study hold significant implications for clinical practice in HCC.
Firstly, in terms of prognostic assessment, the combination of PKHD1* hepatocyte abun-
dance and SF3B4 expression levels can serve as a "cellular-molecular” dual biomarker,
addressing the limitations of traditional markers like AFP and imaging evaluations. For
instance, in AFP-negative cases or early-stage micro-HCC, detecting SF3B4 expression
and PKHD1* hepatocyte proportions could refine prognostic stratification. It is worth
mentioning that combining SF3B4, PKHD1* hepatocytes with other imaging indica-
tors, such as microvascular invasion, may serve as a better strategy for future prognostic
prediction [40]. Secondly, regarding treatment strategies, the pro-oncogenic function of
SFE3B4 suggests its potential as a novel therapeutic target. Future research could explore
combining SF3B4 inhibitors with existing therapies (e.g., TACE, PD-1 inhibitors), par-
ticularly for high-risk patients with high SF3B4 expression and low PKHD1* hepatocyte
abundance. Such strategies may suppress malignant phenotypes and enhance responses
to immunotherapy.

However, this study has limitations: (1) In vitro validationwas limited to two HCC
cell lines (HepG2 and Huh?7), lacking verification in other subtype-specific models. The
absence of in vivo experiments (e.g., xenograft tumor formation in nude mice) neces-
sitates further animal studies to confirm SF3B4’s tumor-promoting role; (2) The clini-
cal tissue sample size was relatively small, potentially introducing bias. Expanding
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multi-center cohorts is critical to validate SF3B4’s expression patterns and prognostic
value; (3) The specific molecular pathways through which SF3B4 regulates PKHD1*
hepatocyte functions and HCC progression remain unclear. Future research needs to
further explore the regulatory mechanisms of SF3B4 expression in the PKHD1 + sub-
population. Elucidating these mechanisms will provide precise targets for future
interventions.

5 Conclusion

This study, focusing on the heterogeneity of HCC, employed an integrated multi-omics
strategy to identify for the first time the PKHD1*hepatocyte subpopulation as a progno-
sis-associated core subtype. We established SF3B4 as an independent prognostic factor
and oncogene linked to this subtype, and preliminarily elucidated its associations with
the immune microenvironment and somatic mutations. These findings not only enhance
the understanding of the "cell-gene—immune" regulatory network underlying HCC het-
erogeneity but also provide translatable targets for precise prognostic assessment and
targeted therapy, offering new research directions to overcome current therapeutic bot-
tlenecks in HCC.
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