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Abstract

Background Hepatocellular carcinoma (HCC) is the most common primary liver carcinoma with high lethality. Both
of hepatitis B virus (HBV) and Clonorchis sinensis (C. sinensis) are critical infectious contributors to HCC development.
However, the inter-tumor heterogeneity and tumor microenvironment (TME) of HCC patients with different infectious

background remain largely unknown.

Methods We compiled a cohort of 269 primary HCC patients to assess the clinical impact of C. sinensis and HBV
infections on patient prognosis. Single-cell RNA sequencing (scRNA-seq) and spatial transcriptomic (ST-seq) analyses
were performed on tumor and adjacent normal samples from C. sinensis-associated HCC (CP), and double-infection
HCC (DP) patients. Additionally, we integrated publicly available scRNA-seq and ST-seq datasets from HBV-associated
(HP) patients. Immunofluorescence, immunohistochemistry and in vitro experiments were conducted to validate

inter-tumor heterogeneity among the three HCC subtypes.
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Introduction

Primary liver cancer (PLC) is the third-highest cause of
cancer-related mortality globally [1, 2]. Hepatocellular
carcinoma (HCC) contributes to approximately 85% of
PLC cases worldwide [3], with a 5-year relative survival
rate of roughly 18% [4]. The main etiologies of HCC
include chronic viral hepatitis, nonalcoholic fatty liver
disease, and exposure to aflatoxin ingestions [5]. Hepati-
tis B virus (HBV), as a major risk factor of HCC, is capa-
ble of inducing a chronic and constant infection in host’s
hepatocytes and leading to severe liver dysfunctions [6].
Up to 423 million people worldwide suffer from chronic
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Results C. sinensis infection is significantly associated with poorer prognosis in HCC patients. Multi-omics analyses
revealed distinct inter-tumor heterogeneity in epithelial, immune, and stromal compartments across different HCC
subtypes. Tumor cells in the DP group exhibited more malignant marker expression, higher copy number variation
scores, increased activation of p53 pathway, and worse survival outcomes. Compared with other HCC subtypes,
the TME in DP samples was enriched with SPPT* macrophages, exhausted CD8* T cells and COLTAT* fibroblasts.

In contrast, the CP and HP groups showed higher proportions of M2-like macrophages and ENPP2 liver vascular

endothelial cells, respectively.

Conclusion These findings decipher the cellular signatures and their interactions within the TME, shedding light
on the inter-tumoral heterogeneity driven by different infections, and the development of targeted therapies for

infectious HCC.

Keywords Hepatocellular carcinoma, Hepatitis B virus, Clonorchis sinensis, Single cell RNA sequencing, Spatial

transcriptomics, Inter-tumoral heterogeneity

HBYV infections and are at high risk of developing HCC,
with the majority of cases occurring in Asia and Africa
[7]. Clonorchis sinensis (C. sinensis), commonly known
as the liver fluke, is a food-borne parasite predominantly
found in China, Korea, northern Vietnam, and the Rus-
sian Far East [8]. It is estimated that around 15 million
individuals worldwide are infected with C. sinensis, with
China alone accounting for 13 million cases, particu-
larly in Guangdong and Guangxi provinces [9]. In 2009,
C. sinensis was classified as a Class I carcinogen of chol-
angiocarcinoma (CCA) by the International Agency
for Research on Cancer (IARC) [10]. Moreover, recent
research indicates that C. sinensis significantly influences
the development of HCC [11-13], with infected patients
facing a poorer prognosis than those uninfected [14].

The HCC tumor is characterized by a complex tumor
microenvironment (TME), involving a variety of cellular
components (tumor-infiltrating immune cells and stro-
mal cells), chemokines, and the extracellular matrix [15].
The intricate interplay among these elements is pivotal
for the tumor’s occurrence, progression, and metastasis,
and significantly impacts HCC patient survival and treat-
ment outcomes [16, 17]. For instance, tumor immune
barrier structures formed by the interaction of SPP1*
macrophages and cancer-associated fibroblasts (CAFs)
are linked to the immunotherapeutic efficacy [18]. In
cases of recurrent HCC, an abundance of CD8* T cells
with high KLRB1 expression is associated with a poor
prognosis and tumor advancement [19]. A study by Chen
et al. highlighted how the interaction between GDF15*
cancer cells and dendritic cells suppress the presentation
of tumor-associated antigens, impede T cell activation,
and correlate with a poor prognosis in relapsed HBV-
related HCC [20]. Tumor-associated neutrophils (TANSs),
particularly those enriched in the myeloid-cell-enriched
subtype, are also associated with an unfavorable progno-
sis. The recruitment of macrophages by CCL4* TANs and
the inhibition of T cell cytotoxicity by PD-L1* TANs are
noteworthy mechanisms [21]. However, Current research

on the impact of combined HBV and C. sinensis infec-
tions on HCC development, and how these pathogens
reshape the HCC microenvironment are still unclear,
whether in cellular or spatial dimension. Thus, further
exploration of the TME characteristics and heterogeneity
of HCC subtypes under single or double-infection condi-
tions with these two pathogens, is of pivotal contribute
to improving these patient classification, prognosis, and
treatment.

Advancements in analytical technologies, such as
single-cell RNA sequencing (scRNA-seq), have enabled
the dissection of heterogeneous cellular states and the
identification of transcriptional reprogramming in indi-
vidual cell types [19, 22, 23]. And spatial transcriptomic
sequencing (ST-seq) further allows for the measure-
ment of gene expression patterns across different regions
[24, 25]. The integration of spatial information has been
instrumental in uncovering regional gene expression and
intercellular communication networks uncovered by the
scRNA-seq datasets. Prior studies have utilized these
technologies to elucidate the composition of the HCC
patient ecosystem and to dissect inter- and intra-tumoral
transcriptomic heterogeneity, profiling the cellular states
of various immunosuppressive immune and stromal
cells during the development, metastasis, and treatment
of primary HCC [18, 26]. However, there are few com-
parative analyses among different clinical HCC subtypes
induced by distinct infection factors, such as HBV and C.
sinensis [27, 28], limiting the comprehensive overview of
the multi-faceted heterogeneity present in the infectious-
associated HCC samples’ TME at both the cellular and
spatial levels.

In this study, we have integrated scRNA-seq with ST-
seq methods to establish a multi-dimensional analysis,
providing a comprehensive profile of cellular identities,
TME landscapes, and intercellular interactions in HCC
cases infected by HBV and C. sinensis. As depicted in
Fig. 1A, our HCC cohort involved multiple clinical paired
primary HCC samples and their adjacent liver tissues
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Fig. 1 Single-cell transcriptome landscape of HBV and C. sinensis - associated HCC cases. (A) Workflow of experiment design and HCC sample processing
for scRNA-seq and ST-seq integratived analysis. (B) The UMAP visualization shows the clustering of 138,055 cells from all HCC samples in the scRNA-seq
dataset. Clusters are labeled with cell types and markers, and colored by their inferred cell type. (C) The heatmap shows the expression patterns for marker
genes across different cell types (left panel), and the barplot indicates the cellular-specific enriched biological pathway of each cell type (right panel) in
the HCC datasets. The GO enriched terms were chosen with adjusted P value (corrected using the Benjamini-Hochberg procedure) < 0.05. (D) The UMAP
plot shows the clustering of cells from all samples, colored by HCC subtypes (CP, HP, DP and Normal). (E) Bar plot shows the total cell number of each cell
type, and the pie chart showing the proportion of the seven subpopulation cells in the scRNA-seq dataset. (F) Bar plot shows the percentage of identified
various cell types across groups (CP, HP, DP and Normal)
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from two patients infected solely with C. sinensis (CP)
and five with double-infection of HBV and C. sinen-
sis (DP). The demographic and pathological data of the
seven randomly selected HCC cases are shown in Table
S1. In detail, 13 samples from seven DP and CP patients
underwent a robust scRNA-seq procedure using 10x
Genomics Chromium platform, and four HCC sam-
ples were processed with ST-seq procedure using 10x
Genomics Visium platform. Additionally, we incorpo-
rated 8 scRNA-seq datasets and 6 ST-seq datasets from
HBV-associated (HP) primary HCC patients into our fur-
ther analysis. Specifically, our objectives were to: (1) iden-
tify the representative cellular subtypes across epithelial,
lymphocyte, myeloid and stromal cells; (2) characterize
the altered pathways and their spatial features of TME in
three HCC subtypes; and (3) investigate cell-cell interac-
tion patterns within the TME at both cellular and spatial
dimension. Our results systematically reveal the critical
cellular subpopulation shaping inter-tumor heterogeneity
of different HCC types, dissecting the inter-cellular inter-
actions during HCC development, and provide novel
insights int the design of efficacious therapies for infect-
induced HCC patients.

Methods

Collection of information and samples of HCC patients

269 HCC patients of three primary HCC subtypes with
prognosis information, were enrolled at the First Affili-
ated Hospital of Guangxi Medical University and under-
went radical resection from April 2015 to June 2023. The
clinical and follow-up information are summarized in
Table S2. In this study, we used 13 tissue samples from
seven HCC patients, with four samples analyzed for both
scRNA-seq and ST-seq, and the other nine processed by
scRNA-seq exclusively. The diagnosis of HCC was con-
ducted strictly following the Guidelines for the Diagno-
sis and Treatment of Hepatocellular Carcinoma [29].
Two experienced pathologists confirmed the diagnosis
through histology examination.

The inclusion and exclusion criteria for HCC patients
were as follows: Inclusion criteria: (1) Patients who are
undergoing radical surgery for primary treatment for
the first time; (2) Patients with a confirmed pathological
diagnosis of HCC; (3) Patients with complete baseline
and follow-up data. Exclusion criteria: (1) Palliative sur-
gery; (2) Perioperative mortality; (3) Intrahepatic chol-
angiocarcinoma, hilar/extrahepatic cholangiocarcinoma,
metastatic liver cancer, combined HCC-ICC, tumors of
undetermined origin, malignant tumors of other organs;
(4) Recurrent HCC; (5) Underwent neoadjuvant therapy
prior to surgery, such as chemotherapy, radiotherapy,
local treatment, immunotherapy, targeted therapy; (6)
The clinical and pathological data are incomplete. C.
sinensis infection was defined with the presence of at least
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one of the following criteria: (1) A history of residence in
endemic regions of C. sinensis and a record of consuming
raw or undercooked freshwater fish or shrimp, accompa-
nied by at least one of the following clinical findings: (a)
Imaging studies revealing characteristic abnormalities;
(b) A positive result from an enzyme-linked immunosor-
bent assay specific for C. sinensis antibodies. (2) Direct
identification of adult worms or eggs of C. sinensis in the
liver or gallbladder through intraoperative or postopera-
tive pathological examination. (3) Detection of C. sinen-
sis eggs in stool samples via microscopic evaluation [30].
HBYV infection was confirmed by the presence of hepati-
tis B surface antigen in the patient’s preoperative serum
(qualitative) [31].

Single-cell suspension Preparation

Fresh tumor and healthy liver tissues were cut into
1-2 mm? pieces with scissors and digested in a solu-
tion containing 3 mg/ml of collagenase II (Sigma,
C2-28-100MG), 0.5 mg/ml of hyaluronidase (Sigma,
H1115000), and 0.02 mg/ml of DNA enzyme I (Sigma,
DN25-100MG) for 30 min at 37 °C. The enzymatic reac-
tion was then stopped by adding 10 ml of DMEM/F12
complete medium. The digested mixture was filtered
through a 70 pum cell filter, and the filtered suspension
was centrifuged at 4 °C, 50 g for 2 min. The supernatant
was discarded, and 1 ml of pre-cooled 1x Red Blood
Cell Removal Solution was added to resuspend the cells
by gently mixing. The cells were then incubated at 4 °C
for 10 min. After incubation, 10 ml of pre-cooled Wash
Buffer was added to the cells, followed by incubation for
2 min at 4 °C, 300 (Relative Centrifugal Force, RCF). The
supernatant was then removed by blotting. The cells were
incubated again at 4 °C for 10 min, followed by the addi-
tion of 10 ml of pre-cooled Wash Buffer and centrifuga-
tion at 4 °C for 10 min at 300 RCF. The supernatant was
pipetted up, and 5 ml of pre-cooled Wash Buffer was
added. The cells were gently mixed.

Singlet cell capture, library construction, and sequencing

Take an appropriate amount of single cell suspension
and mix it with 0.4% Taipan Blue Stain Solution at a ratio
of 9:1, then use Countess® II Automated Cell Counter
to count the cells and calculate the percentage of viable
cells. Ensure that the percentage of viable cells is >90%
and that the cell concentration is set to the desired con-
centration (not less than 1000 cells/pL). Firstly, cDNA
was digested and broken into fragments of about
200~300 bp, and then PCR amplification was carried
out to obtain the DNA library after the library construc-
tion process of traditional second-generation sequenc-
ing, such as sequencing connector P5 and sequencing
primer R1. Each cell was subjected to 3’ sequencing
using Single-Cell 3’Library and Gel Bead kit V2 (10x
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Genomics, Pleasanton, USA) following the manufactur-
er’s instructions.

Sample Preparation for spatial transcriptomics analysis
Tissues were snap-frozen and embedded with OCT
embedding agent. At low temperature, a 10-um-thick
slice was cut from the tissue block and attached to the
Tissue Optimization Microarray and Library Prepara-
tion Microarray, respectively, using the frozen section
technique. The sections were then fixed with pre-cooled
methanol and stained with hematoxylin-eosin (H&E)
stain. Tissue staining results were obtained by bright-field
microscope to record the tissue morphology and spot
position.

Spatial transcriptome library Preparation and sequencing
Use the library preparation chip to prepare spatial tran-
scriptome libraries. The microarray with bright field
imaging was permeabilized according to the optimal
tissue permeabilization time (18 min), and the tissue
mRNA was released to bind with the captured sequence
on the microarray, reverse transcription to synthesize
c¢DNA fragments and mark the spatial position, and PCR
amplification to synthesize the cDNA biallelic. By dena-
turing the cDNA in alkaline environment, the cDNA
duplex will be released into liquid free environment, and
the cDNA duplex will be used as a template to further
amplify and synthesize a large amount of cDNA. cDNA
will be enzymatically interrupted into a 200-300 bp frag-
ment, and then P5 connector, i5 sample index, read 2, i7
sample index and P7 connector will be used to construct
a standard sequencing library. High-throughput sequenc-
ing was performed on the constructed library using the
dual-end sequencing mode of the Illumina sequencing
platform.

H&E staining

HCC tumor tissue samples were fixed in 4% paraformal-
dehyde for 24 h and then embedded in paraffin. A rotary
microtome sliced the paraffin blocks into 4 pm thick tis-
sue sections. The sections were dewaxed in xylene twice
for 5-10 min each. The sections were gradually rehy-
drated with serial ethanol concentrations of 100%, 95%,
85%, 75%, and 0% for 3 min each. Sections were stained
with hematoxylin staining solution for 2 min, washed
with distilled water to remove excess dye, differentiated
in differentiation solution for 3 min, and rinsed twice
with tap water for 2 min each time. The sections were
placed in eosin staining solution for 1 min, washed with
distilled water for 3 s, and dehydrated quickly. Tissue
dehydration and transparency were achieved by immers-
ing the samples in 75%, 85%, 95%, and 100% ethanol for
2-3 s each, followed by 100% ethanol for 1 min and clear-
ing in xylene twice for 1 min each. Finally, the samples
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were sealed with neutral gum sealed. The sections were
observed under a microscope.

Immunofluorescence (IF) staining

Histological evaluation of hepatocellular carcinoma sam-
ples was performed by fixing, dehydrating in sucrose,
and embedding in OCT. Immunofluorescence staining
was carried out for each sample. The tissue sections were
baked, fixed, and closed using microwave-induced anti-
gen repair with EDTA solution (ZSGB-BIO, ZLI-9079).
Primary antibodies including N-cadherin (Proteintech,
22018-1-AP), Vimentin (Proteintech, 10366-1-AP), p21
(Proteintech, 10355-1-AP), p53 (Servicebio, GB12626-
100), CD68 (Servicebio, GB113150), MRC1 (Servicebio,
GB115273), SPP1 (NOVUS, NB110-89062SS), CD8A
(Servicebio, GB12068), PDCD1 (Abcam, ab52587), CD4
(Abcam, ab288724) and FOXP3 (Servicebio, GB112325)
were used. After incubation with secondary antibod-
ies (HRP-anti-rabbit IgG, Alexa Fluor 488 Labeled Goat
Anti-Rabbit IgG, Alexa Fluor 488 Labeled Goat Anti-
Mouse IgG, or HRP-anti-mouse IgG), the cell nuclei
were stained with DAPI and anti-fluorescence attenuat-
ing reagent was added. Images were scanned using Nikon
Eclipse C1 or ZEISS Axio Imager M2p.

Immunohistochemical staining (IHC)

For tissue sections, they were baked, fixed, and anti-
genic repair was performed using EDTA. Immunohisto-
chemistry was carried out using the Universal two-step
Test Kit (Mouse/Rabbit Enhanced Polymer test sys-
tem) (ZSGB-BIO, PV9000). Briefly, sections were incu-
bated with a 1:100 dilution of HepPar-1 (ZSGB-BIO,
ZM-0131), ARG-1 (Proteintech, 16001-1-AP), GPC-3
(Proteintech, 30021-1-AP), NOTCH4 (Signalway Anti-
body, 37195), COL1A1 (Bioss, bs-10423R) or ENPP2
(Signalway Antibody, 42644) overnight at 4 °C, followed
by incubation with goat anti-rabbit for 20 min at room
temperature. Sections were incubated with DAB (ZSGB-
BIO, ZL19018) for 6—8 min, re-stained with hematoxy-
lin, dehydrated and mounted. Images were scanned with
EVOS FL Auto Imaging System.

scRNA-seq data processing

We subjected the raw scRNA-seq data from HCC cases
to demultiplexing, alignment against the GRCh38 (ref-
erence genome; Download from10x Genomics website)
and counting using Cell Ranger toolkit (version 6.0.1)
provided by 10x Genomics. We quantified the number of
unique molecular identifiers (UMIs) and genes for each
cell. The resulting gene-cell matrix underwent further
quality control and preprocessing using Seurat package
(version 4.0.5) [32], with default parameters unless oth-
erwise stated. We performed data filtration to eliminate
low-quality cells that expressed fewer than 200 genes or



Chen et al. Molecular Cancer (2026) 25:3

had more than 500 unique molecular identifiers (UMIs).
Cells with a mitochondrial proportion within the range
of less than 20% were excluded (Table S3). The remaining
data were normalized and scaled using the SCTransform
function and subjected to principal component analy-
sis (PCA) using the RunPCA function on the matrix for
evaluating the embedding were the similarity as those
used for clustering. The Harmony algorithm (version
0.1.0) [33] was employed to minimize the potential batch
effects on the gene-cell-barcode count matrices and facil-
itate unsupervised embedding for the multiple single-cell
datasets. For visualization, we utilized the uniform mani-
fold approximation and projection (UMAP) algorithm
with Seurat’s RunlUMAP function for non-linear dimen-
sionality reduction (ratio =0.8) of each dataset, arranging
single cells in a two-dimensional space. We used various
cell-type-specific makers and the unsupervised cluster-
ing results generated by the FindClusters function for cell
identification.

Spatial transcriptomics data processing

Using the 10x Genomics Loupe Browser (version 6.0.0)
software, we first manually removed the spots associ-
ated with defected or incomplete tissues in the slides to
generate the corresponding position corrected file (.json)
for each slide in the subsequent analysis. In addition, we
integrated 6 public ST-seq datasets of HCC tumor tissue
as HP group for further analysis [24]. The Space Ranger
(version 1.0.0) package was used to process the raw
sequencing data. For each slide, the raw gene-spot matri-
ces were imported into a Seurat object. Genes expressed
in less than 3 spots were filtered out for subsequent anal-
ysis. After filtering, ST datasets were merged and vari-
ance-stabilized using SCTransform function with 3000
variable features. PCA was performed to reduce dimen-
sionality of data using RunPCA function, retaining the
top 40 components based on the inspection of the Elbow-
Plot function. Clustering was performed using the SNN
algorithm using FindNeighbors and FindClusters func-
tions (resolution =0.8) and visualized UMAP using Run-
TUMAP function. For spots type annotation, we applied
the AddModuleScore function, we evaluated spots’ mod-
ule scores based on the cellular marker genes listed in the
previous report [34] and scRNA-seq dataset.

Multimodal intersection analysis (MIA)

MIA package [35] infers the enrichment of identifi-
able cell types in a targeted tissue region by conduct-
ing a hypergeometric test to assess the extent of overlap
between spatial region-mapped genes and cell-type-spe-
cific genes identified by single-cell data. Based on the
cell type and gene expression information of the single
cell dataset, we applied the MIA package to use the test
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values to assess the enrichment level of various cell types
in the ST-seq dataset.

Identification of differential expression genes

The Seurat’s FindAllMarkers function was used to
detected markers for each cluster with the parameters:
log-scaled change=0.25; min.pt=0.25, only.pos=TRUE.
We conducted differential expression analysis between
two groups using the Seurat’s FindMarkers function
to identify the DEGs (Wilcoxon Rank-Sum test; the
threshold: |log-scaled fold change| > 0.25, adjusted P
value <0.05). The marker genes or DEGs per group were
enriched for Gene Ontology (GO) function using the
clusterProfiler toolkit (version 4.0.2) in R [36].

Gene set variation analysis (GSVA)

To explore the pathway activities of tumor cells and clus-
ter spots, GSVA package (version 1.38.2) [37] was imple-
mented to quantify the signature activities of 50 hallmark
pathways from MSigDB database [38]. Furthermore, dif-
ferential pathways between groups were identified using
the limma package (version 3.46.0), with statistical sig-
nificance defined by an adjusted P-value <0.05.

Inference of copy number variations from single-cell data
We subject the gene-cell count matrix from the inte-
grated Seurat Objects as input to InferCNV package
(version 1.12.0) [39, 40]. We applied inferCNV’s Cre-
atelnfercnvObject function with the recommended cutoff
value of 0.1, to infer the CNV profiles across each chro-
mosome of the tumor cells in comparison to control cells.
For normal cells, we sampled both immune cells and
stromal cells as the reference. All tumor epithelial cells
were input as inquiry group. Other settings were set as
defaults.

CD8* T exhausted cells' state inference through trajectory
analysis

To detect the cell status of the lymphocyte in the HCC
TME, we conducted the pseudotime analysis using the
Monocle 2 package [41] that describe multiple fate deci-
sions within an unsupervised manner to infer the cell
differentiation trajectory of CD8" T exhausted cells. We
created a CellDataSet object with the default parameter.
After dimension reduction and cell ordering, the cell tra-
jectory was reconstructed as the cell progresses through
the differences in heterogeneity across groups under
study. We performed the branched expression analysis
modeling (BEAM) using the BEAM function to analyze
the branch point as well as cluster the results, with GO
analysis subsequently applied to each cluster. The trajec-
tory was visualized by each group and pseudotime using
plot_genes_branceed_heatmap function.
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Cell functional scores definition

The Seurat’s AddModuleScore function on R tool was
utilized to calculate functional scores for describing the
functional characterizes of each cell cluster. For epithe-
lial cells, liver cancer stem cell-related genes were defined
as in [27]. As for T cells, regulation-related and exhaus-
tion-related genes were previously described in [42]. For
macrophages, the genes for pro-inflammation score and
anti-inflammation score were extracted from our pre-
defined sets, including Tuf, Cd163, Mrcl, Cd68, 1l1b, 1110.

Cellular communications

We employed CellChat R package (version 1.4.0) [43]
to detect significant ligand-receptor (L-R) pairs within
HCC cases of each origin. The expression matrix and
target cell subtypes for Normal, CP, HP and DP groups
were initially input into CellChat, and merged into an
integrated object via mergeCellChat function, then the
differential number of interactions between tumor and
normal groups were calculated by netVisual_diffinterac-
tion function. We identified the differentially expressed
pathways of CP versus (vs.) Normal, HP vs. Normal and
DP vs. Normal groups by rankNet function, and visual-
ized the intercellular connections using netVisual_bubble
function. Besides, the significance scores of key L-R pairs
in spatical location were visualized by Ir_result_plot func-
tion using stLearn toolkit (version 0.4.0).

Survival analysis

RNA-seq from The Cancer Genome Atlas (TCGA) and
clinical cases of liver hepatocellular carcinoma (LIHC)
were used to evaluate the prognostic effects of gene sets
derived from specific cell states. Briefly, DEGs among
Normal, CP, HP and DP epithelial cells were used to cal-
culate GSVA scores, then divided into high/low groups
based on score’s quartile. The survival curves were com-
pared using log-rank tests by survfit function of survival
package (version 3.5-3). Besides, we applied coxph func-
tion to calculate hazard ratio (HR) of macrophages based
on cluster-specific DEGs’ scores, and visualized via ggfor-
est function.

Cell culture

The human HCC cell lines HepG2 and HepG2.2.15, and
the human monocyte cell line THP-1, were obtained
from authenticated cell culture repositories. HepG2.2.15,
which carries the complete HBV genome and sta-
bly expresses and replicates HBV in culture, and the
HepG2 cell line were cultured in Dulbecco’s Modified
Eagle’s Medium (DMEM) supplemented with 10% fetal
bovine serum (FBS) and 1% penicillin-streptomycin.
G418 (500 pg/mL) was added to the HepG2.2.15 cul-
ture for selection. THP-1 cells were cultured in RPMI-
1640 medium (Gibco) supplemented with 0.5 mM
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B-mercaptoethanol (Merck, M6250), 10% FBS, and 1%
penicillin-streptomycin to maintain exponential growth.
To generate macrophages, THP-1 cells were seeded
in 6-well plates and treated with 200 nM PMA (MCE,
HY-18739) for 48 h to induce differentiation into macro-
phages. For the macrophage-HCC cell co-culture, a con-
ditioned medium-based approach was employed. Briefly,
the culture medium from HepG2 and HepG2.2.15 cells
(either treated or untreated with CSESPs) was collected,
centrifuged at 3000 rpm for 10 min, and the supernatant
was filtered through a 0.22 pm sterile filter to obtain the
conditioned medium. The macrophages were then cul-
tured in this conditioned medium for 48 h.

Preparation CSESPs

The second intermediate host of C. sinensis, Pseudoras-
bora parva, was obtained from Hengzhou, Guangxi,
where natural metacercarial infection was confirmed.
To isolate the parasites, fish tissues were enzymati-
cally digested using a simulated gastric fluid contain-
ing 0.5% pepsin, 1% HCl, and 0.9% NaCl, incubated at
37 °C for 12 h. Adult male Sprague-Dawley rats, sup-
plied by the Laboratory Animal Center of Guangxi Medi-
cal University, were housed under conditions adhering
to NIH guidelines for ethical animal use (Approval No.
202410011). Each rodent received an oral inoculation of
150 metacercariae, which were manually isolated under
microscopic guidance.

After an 8-week infection period, the animals were
humanely sacrificed under anesthesia. Adult flukes were
then harvested from the biliary tracts and incubated in
PBS at 37 °C with 5% CO, supplementation. Following
a 6-hour incubation period, the culture supernatant was
centrifuged at 12,000 g (4 °C, 10 min) to obtain C. sinensis
excretory-secretory products (CSESPs). The supernatant
was filtered through a 0.22 pum membrane and cryopre-
served at -80 °C. Protein quantification was performed
using the BCA method.

quantitative polymerase chain reaction (qPCR)

Total RNA was isolated using TRIzol reagent following
the standard protocol recommended by the manufac-
turer. For quantitative analysis of gene expression, qPCR
was carried out with 2x Universal Blue SYBR Green
qPCR Master Mix (Servicebio) according to the estab-
lished procedures. The housekeeping gene GAPDH was
used as an endogenous reference to normalize the data.
All oligonucleotide primers employed in this study were
commercially synthesized by Sangon Biotechnology Ltd.,
with their exact nucleotide sequences provided in Table
S4.
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Statistical analysis

We performed statistical analysis using the software in R
package and GraphPad Prism (version 8). Data are pre-
sented as mean + SEM as stated from at least three inde-
pendent experiments. To assess intergroup differences,
either Student’s t-test (for normally distributed data) or
the Mann-Whitney U test (for non-parametric distribu-
tions) was applied. For multi-group comparisons, one-
way ANOVA was performed, supplemented by post
hoc analyses (LSD test or Games-Howell adjustment,
as appropriate). P value<0.05 indicates a statistically
significant.

Results

CP and DP patients exhibit poorer prognosis in the HCC
cohort

To assess the clinical implications of C. sinensis infection
on the prognosis of HCC patients, we compiled a cohort
of 269 primary HCC patients underwent radical sur-
gery with available prognostic information. There were
33 cases in CP, 129 cases in HP, 90 cases in DP, and 17
cases in double-negative for both C. sinensis and HBV.
In the case of primary HCC patients, the median overall
survival (OS) was 79.4 months in HBV-negative vs. 80.67
months in HBV-positive (P=0.7648), the median OS was
73.38 months in C. sinensis- positive vs. 85.17 months
in C. sinensis-negative (P=0.0014), the OS was 75.11
months in CP vs. 84.54 months in HP vs. 68.32 months
in DP (P=0.0189) (Fig. S1 A-C). These results indicated
that C. sinensis infection is significantly linked with HCC
patients’ poorer prognosis, with those having double-
infection (DP) faring worse than those with single infec-
tions (CP and HP).

To determine whether C. sinensis could serve as an
independent prognostic predictor of OS, we performed
a univariate Cox regression analysis. As shown in Fig. S1
D, with HP as reference, C. sinensis was found to be sig-
nificantly associated with OS [Hazard ratio (HR)=2.97,
95% (Confidence Interval, CI)=1.331-6.60, P=0.0078].
Subsequently, C. sinensis, along with age, sex, and Bar-
celona Clinic Liver Cancer (BCLC) stage, were included
in a multivariate Cox regression analysis. This analysis
confirmed that C. sinensis still serve as an independent
prognostic predictor after adjusting for other confound-
ing factors (HR=2.782, 95% CI=1.211-6.39, P=0.0159,
Fig. S1 E).

Single-cell transcriptomic profiling of CP, HP, and
DP-infected HCC patients

Here, we obtained and integrated the scRNA-seq datas-
ets from all 21 samples (including 8 HP, 2 CP, 5 DP, and 6
Normal, respectively), and obtained a total of high-qual-
ity 138,055 cells with stringent quality control (Fig. S2 A,
Table S3). We integrated these cells into a normalized
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and un-batched dataset and further subjected them to
PCA for dimensional reduction, which resulted in 33
distinctive clusters as visualized in UMAP (Fig. S2 B).
According to the expression levels of canonical marker
genes [27], those cells were annotated into seven major
cell types, including epithelial cells (Epithelial, KRT8"),
T cells and natural killer cells (T/NK, CD3D*NKG7*),
B cells (CD79A"); macrophages (Macro, CD86%) and
neutrophils (Neutro, SI00A9%); endothelial cells (Endo,
PECAM1") and fibroblast (Fibro, RGS5") (Fig. 1B, Fig. S2
Q).

Moreover, we identified the significantly differen-
tially expressed genes (DEGs) for each cell type (P_val_
adj<0.05, and avg_log,FC >0.25) and subjected them to
Gene Ontology (GO) enrichment analysis. The repre-
sentative cellular biological processes highly correlated
with the cell identities, such as oxidative phosphorylation
in Epithelial, leukocyte mediated cytotoxicity in T/NK
(Fig. 1C). Interestingly, we found extensive intratumoral
heterogeneity, as shown by the mixed representation
of intra- and inter-patient cells by UMAP (Fig. 1D, Fig.
S2D). Both of carcinoma and non-carcinoma cells might
contribute to the observed HCC intratumoral heteroge-
neity, which is similar with the observation in breast can-
cer and lung cancer [44, 45].

Among these cell types, we observed that the dataset
predominantly consisted of T/NK (n=59,024, 42.75%)
and Epithelial (n=34,033, 24.65%) (Fig. 1E). This result
also revealed that the tumor-derived Epithelial, Macro
and stromal cells (Endo and Fibro) have relatively higher
proportions in comparison to Normal group (Fig. 1F).
We also observed distinct prevailing cell types for each
group, such as Epithelial in HP, and T/NK in DP group
(Fig. S2E).

Spatial transcriptomic landscape of CP, HP, and DP-infected
HCC samples

We concurrently conducted ST-seq analysis using the
10x Genomics Visium platform for the fresh HCC tissues
from both the CP and DP cohorts. Additionally, we also
incorporated 3 Normal and 3 HP-derived samples from
public Visium datasets for further comparative analysis at
spatial dimension (Fig. 1A) [24]. Collectively, we obtained
spatial transcriptomes across 32,072 spots from 10 slides
(Fig. S3A). The spots’ number ranges from 1,061 in the
T0422 to 4,733 in the HCC_2T sample (Fig. S3B). These
dataset were integrated into a normalized, un-batched
dataset comprising 14 distinct spot clusters (CO to C13)
that spanned various group types and samples (Fig. 2A-B,
Fig. S3C). To profile the spatial transcriptomic alteration
of various cell types identified in the scRNA-seq data-
set, we assigned main spots’ identities such as Epithelial,
Endo, and Macro to the spots in our consolidated ST-seq
dataset. However, given the limited resolution of Visium



Chen et al. Molecular Cancer

(2026) 25:3

Page 9 of 22

A
Clléssﬂ Group type  Spot types (main)
s eCP itheli
oC1 vt (@] Esdlhellal
eC2 e DP o
eC3 © Normal |®|Macro
& °C4 sampleid  |©|Tcells
| °C5 o T0525 (7B cells
o ® C6
E: °ST  ohcoar [eRece
2 0S8 ehcCr  (@]Unknow
°Clo  ®HCCaT
oC11  eToI18
° 012 © T0422
oCi5 ®HCCIIN
@ HCC 2N
UMAP_1 UMAP_1 UMAP_1 ® HCC_4N
B D
Normal | HCC_1N CP | T0525 HP | HCC_1T Spatial cluster
TR Hepatocytes
g = [ NK cells
< Neutro
o g | mali
£ ; | Malignancy
£ cDC
g % Macro
§ A Mono
g MsC
@ Fibro
;g Endo
T cells
e
l’f" |" g l l . B cells
c
=3 ' ' —_
3 J.. !" '“mmp " g Epithelial
° ’ Hl | L ) I ¥
g ; 1 < RBCs
s Y Bcells
i x
«;" lm | l‘ l 'l" i Endo
3 iy u,.,,, L g Fibro
"J ! ““ "“ @ TINK
% Macro
N
c S eutro
E:
3 <
5 = Endo
H Fibro
g H B cells
z 3 TINK
3 2 Macro
& Neutro
E TK2 TF sPP2 | MT-ND1 | cvP3as | swarzo | HBa1 | Anxas | cieB | mvie | Nexr | saar | wric | oM SIS PPPN R 0‘30»90\"0000
£ | HMeer | ccre | cmF | MT-ND3 | cyp2et |HSD17B13| HBA2 | GSN | co74 vm | NRP1 | sasz | wmrix | PLcez
S (ocuntD1| IFITT | PARVA | MT-cO2 | ADH1B |sT3cAL2| HBB | TciRG1 |HLA-DRA| TAGLN | mPPs | cre | mTiF | snTB2 Module score Module score Enriched score
E | f2arz | neaps | LRre32 | MTcos | mTnp2 |~ a1 | vames | cees | Has | Fna | Hesi | mex | mTim | eLs - —————
3 | Akr181 | sicens | cep1sz | MT-cor | cveser | smcs | Topr | masez | temw | FeLnt | ewisr | FLir | sic2zat| otupes ) . | a
o Min Max Min Max Min Max
E F
100% 100%
§ 75% § 75% Spot types (main)
€ € [@]Epithelial
5 E | |Endo
5 50% 5 50% |®|Macro
E E (@] T cells
£ £ | |Bcells
1 11 1 =
© 5% * 5% . = @] Unknow
Spot types (main) 0% . . . . 0% IIIIIIIIII
Epithelial | ® |Macro B cells @Unknow Q Q Q N IR PV IS TR SR
N
E Endo E T cells E RBCs ‘;o@ ¢ x 2 ‘(\oo ;po;oo /«°°’ «Qi\oo % oo‘boo S

Fig. 2 Spatial transcriptome atlas of CP, HP, and DP-infected HCC samples. (A) The UMAP plots show the unsupervised clustering of ST spots, grouped by
clustering id, group types, samples id, and assigned spot types, respectively. (B) The H&E staining (top panel) and the corresponding spatial annotation of
spot types (bottom panel) of HCC_TN (Normal group), Normal T0525 (CP group), HCC_1T (HP group), and T0118 (DP group), scale bar =1 mm. (C) Marker
genes of each cluster of the main spot types. Some marker genes are of specific cell types were highlight in red. (D) The heatmap show the module score
of cell types based on classical cell type markers (top panel) and cellular module of cell types (middle panel), and MIA enriched scores (bottom panel)
across each spatial cluster in the ST-seq dataset. (E) The pie charts show the spot numbers and relative proportion of various spot types in the ST-seq
dataset. (F) The bar plots show the relative proportion of spot types among various groups (left panel) and samples (right panel) in the ST-seq dataset



Chen et al. Molecular Cancer (2026) 25:3

(55 pm/spot), some regions of the HCC sample such as
the immune cell infiltrating region might encompass
numerous cells and various cell types. Thus, we employed
multiple approaches to evaluate the accuracy and gain a
more nuanced understanding of spot identities.

Firstly, we performed DEGs analysis for each cluster
(P_val_adj<0.05 and avg_log,FC>0.25), revealing that
the main cellular type exhibited a high specificity of cellu-
lar marker expression pattern (Fig. 2C). For instance, ele-
vated expression level of C1QB and CD74 in the cluster8
(assigned as Macro), and SAAI and SAAZ2 in the clusterll
(assigned as Epithelial). Secondly, we evaluated cellular
module scores of spots within the ST-seq dataset, lever-
aging the cellular DEGs profiled in our scRNA-seq data-
set (Fig. 1C) and cellular marker list reported in Ho et al’s
study [27]. To further explore the cellular composition of
various spot types, we also performed MIA method to
the ST-seq dataset [35]. Both of cellular module and MIA
scores of various cellular labels could be mapped concor-
dantly to the spots’ identities (Fig. 2D). For instance, we
observed Macro (main), and Epithelial (main) spots have
high specificity of the corresponding cellular types in
the enrichment results. This high degree of consistency
across various annotation methods, underscores the reli-
ability of our spot identity assignments, despite the lack
of single-cell resolution with Visium.

In total, we compiled a pre-annotated ST-seq data-
set including seven main spot types: Epithelial (55.79%),
Endo (6.55%), Macro (5.59%), T cells (4.91%), B cells
(9.72%), RBCs (7.12%), and Unknow (10.33%) (Fig. 2E).
We further assessed the spot proportion of each sample
and found a similar proportional distribution among the
different groups and samples (Fig. 2F). This comprehen-
sive dataset lays the foundation for a deeper investigation
into the spatial divergence of cellular distribution and the
activity of enriched pathways.

Dissecting inter-heterogeneity of epithelial cell across
diverse HCC groups

We proceeded to dissect the heterogeneity of the Epithe-
lial within HCC by conducting a multimodal investiga-
tion. An unsupervised re-clustering analysis was applied
to compare the epithelial profiles across various sample
and group types. HCC tumor-epithelial cells mainly
aggregated based on their group type and sample origin,
with only a scattering of Normal-derived cells evident
in our analysis, underscoring the pronounced inter- and
intra-group heterogeneity (Fig. 3A). The cellular number
of Epithelial ranges from 257 in the CP group to 19,293 in
the HP group, reflecting the diverse composition within
each group (Fig. S4A). We also observed higher corre-
lation coefficients in the expression patterns of the Epi-
thelial among the three HCC subtypes compared to the
Normal group (Fig. S4B).
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Utilizing HCC-associated markers, we characterized
distinct expression patterns in HCC epithelial cells, par-
ticularly in the DP group. a-fetoprotein (AFP) [46], Glyp-
ican-3 (GPC3) [47], and arginase-1 (ARG-1) genes were
elevated in the DP-derived Epithelial, while Hepatocyte
Paraffin 1(Hep par-1/carbamoyl phosphate synthetase I,
CPS1) in Epithelial of CP group were expressed higher
level than other subtypes (Fig. 3B). These marker expres-
sion patterns were further validated by IHC analysis (Fig.
S4C).

To further explore the genomic heterogeneity of Epi-
thelial from the three HCC groups relative to the Nor-
mal group, the alterations of chromosomal-scale CNV
among the Epithelial were assessed via InferCNV method
[39, 40]. Similar CNV patterns, such as duplications in
chromosomes 1+, 7+, and 19+, were observed. Notably,
DP-derived Epithelial displayed distinct chromosomal
variations, including duplications in chromosomes 9+,
10+, and 22+, with significantly elevated CNV scores
compared to other groups (Fig. 3C, Fig. S4D). Moreover,
we evaluated the liver hepatocellular carcinoma (LIHC)
and immune surveillance scores of Epithelial across 4
group types, finding that HCC Epithelial (especially in
HP and DP) exhibited higher LIHC and lower immune
surveillance scores than the Normal group (Fig. S4E-F).
Notably, survival analysis revealed that patients in the DP
group had significantly poorer overall survival compared
to the other two HCC groups (P=0.045) in the LIHC
cohort of TCGA dataset (Fig. 3D, Fig. S4G).

To uncover the transcriptomic shifts of Epithelial
across different group types, we subsequently con-
ducted DEGs analysis for each different group type (P_
val_adj<0.05 and avg log,FC=>0.25), followed by GO
enrichment analysis. As for the GO enriched pathways,
pathways such as epithelial cell migration and endothelial
cell migration were up-regulated in the CP-derived Epi-
thelial, oxidative phosphorylation and electron transport
chain in the HP-derived Epithelial, as well as viral gene
expression and protein localization to endoplasmic retic-
ulum in the DP-derived Epithelial. These results highlight
the heterogeneity of three HCC group types in biological
processes’ activity (Fig. S4H-]).

Furthermore, using human hallmark gene sets, we per-
formed GSVA upon Epithelial of four groups and deter-
mined the group-type specific up-regulated pathways via
Limma (P_val_adj<0.05 and log,FC >0), and evaluated
the concordance of up-regulated and/or down-regulated
hallmark pathways from three HCC groups compared
with the Normal group (Fig. 3E). There were several met-
abolic pathways such as bile acid metabolism and fatty
acid metabolism commonly up-regulated between HP
and DP groups, and the up-regulation of epithelial mes-
enchymal transition (EMT) between CP and HP groups.
Notably, we identified that Epithelial from the DP group
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up-regulated pathways including p53 pathway, NOTCH
signaling, and hypoxia, which indicates that DP group-
derived Epithelial might harbor higher malignancy com-
pared with other HCC group types. On the contrary, we
noticed that the down-regulated immune response-asso-
ciated pathways such as TNF-a signaling via NF-xB and
inflammatory response among three groups compared
with the Normal group, indicating the inhibitory immune
response of Epithelial from HCC groups.

In parallel, we subset the Epithelial spots from our ST-
seq dataset and evaluated the module scores of EMT
and p53 pathway. We found that the activation of EMT

pathway in the CP and HP samples, andp53 pathway in
the DP samples (Fig. 3F). Moreover, IF staining demon-
strated that epithelial cells were co-localize with N-Cad-
herin and Vimentin protein expressions in the CP and
HP samples, with higher expression level than that in the
DP group. By contrast, we found the elevated expression
level of p53 and p21 in the DP group than other two HCC
subtypes (Fig. 3G).

To further validate the pathway activity of Epithelial,
we conducted an in vitro experiment to investigate the
double-infection effects of C. sinensis and HBV upon
activation in malignant cells (HepG2 and HepG2.2.15).
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Specifically, we detected the activation of EMT and p53
signaling pathways in malignant cells following treat-
ment with 100 pg/ml of CsESPs, as assessed by qPCR.
Our findings demonstrated significant up-regulation of
VIM (encoding Vimentin) expression in both CP and
HP groups. Notably, increased expression levels of TP53
(encoding p53) and P21 (encoding p21) were observed
specifically in the DP group (Fig. 3H-I). Collectively,
these results indicate the heterogeneity of Epithelial
across different HCC subtypes at HCC-related marker
pattern, genomic alteration, survival state, and activated
pathways.

Revealing the tumor-associated macrophage cells across
different HCC groups

Previous studies have also expanded our understanding
of the crucial role of myeloid cell during HCC occur-
rence, development, and metastasis [19, 23]. In our sin-
gle-cell dataset, we performed re-clustering analysis on
myeloid cells and identified a total of 16 cell subgroups
with unique expression signatures, including seven
Macro subgroups (termed as Macrol-7: SPPI* Macro,
DAB2* Macro, TREM2 + Macro, CD163* Macro, CXCL9*
Macro, MT1G* Macro, and APOH" Macro), three Neu-
tro subgroups (Neutrol-3), three from dendritic cells
(DC1-3) with elevated CLEC9A, CLEC10A and LAMP3
expression, one proliferative cells (Cycling) with high
MKI67 expression, and two monocytes (Monol-2)
(Fig. 4A-B). As for Macro subtypes, we observed that
Macrol, Macro2, and Macro3 were characterized with
high expressions in SPP1, DAB2, and TREM?2 expression,
respectively. Next, we found that Macro2 with a M2-like
signature (CD163*MRC1") were primarily observed in
the CP group, Macro3 with higher TREM2 expression in
the HP group. Interestingly, Macrol with SPPI expres-
sion, which have been reported as the tumor-associated
macrophages (TAMs) in driving tumor development,
were predominant in the DP group. Cellular proportion
analysis underscore the complexity of myeloid immune
landscape within HCC cases (Fig. 4C).

Notably, Macrol from the DP group uniquely exhib-
ited the elevated expression of genes SPPI and IL1B,
suggesting that SPP1" macrophages serve as a crucial
cell population in shaping TME features of DP (Fig. 4D).
Furthermore, we performed hazard analysis to evaluate
the clinical relevance of three Macro subgroups (Macrol,
2 and 3) in the TCGA LIHC cohort (n=374). We found
that SPPI* Macrol was associated with a significantly
higher hazard ratio (HR=3.087, P=0.0271) compared to
the other subgroups, indicating that the higher score of
Macrol subgroup associated with the poorer prognosis
in HCC patients (Fig. 4E).

To evaluate the spatial distribution of three Macro sub-
groups across different subgroups, we performed DEGs
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analysis to generate module gene list for each subgroup
from the scRNA-seq dataset, than we evaluate the mod-
ule score of these three Macro subgroups across differ-
ent HCC samples in the ST-seq dataset. In agreement
with the enrichment results in the scRNA-seq data-
set, we found that DP sample exhibited the distribution
of Macrol subgroup with elevated enrichment scores,
while samples in CP and HP showed increased Macro2
and Macro3 signature scores and spatial distribution,
respectively (Fig. 4F). Furthermore, we applied IF stain-
ing to validate the distributed predominance of Macrol
(marked by CD68'SPP1*) and Macro2 (marked by
CD68*MRC1*) subgroups across three HCC subtypes,
finding that the proportional distributions corresponding
to their respective subtypes’ origin (Fig. 4G). To investi-
gate the impact of C. sinensis and HBV double-infection
on macrophage polarization, we developed an in vitro
co-culture model. Our results revealed that tumor cells
treated with CsESPs promoted macrophage polarization
toward an M2-like phenotype, as evidenced by elevated
expression of CD206 and ARG-1. Furthermore, SPP1
expression was significantly increased in CsESPs-treated
HepG2.2.15 cells group (Fig. 4H-J). Taken together, both
of scRNA-seq and ST-seq datasets, along with the IF
and in vitro examination, uncover the heterogeneity of
myeloid cell in HCC subtypes, especially the enrichment
of SPP1* TAMs in DP group.

Identification of the distribution of CD8* T exhausted cells
within the TME

The corpus of existing literature has substantially illu-
minated the indispensable role of lymphocytes in the
etiology, progression, and metastatic cascade of HCC.
Our scRNA-seq analysis has delineated fifteen lympho-
cyte subtypes, encompassing a spectrum of seven CD4"*
cell subgroups (CD4_Na, CD4" T naive cell; CD4_Tml,
CD4" memory type 1 cell; CD4_Tm2, CD4* memory
type 2 cell, CD4_TF, transcription factor T cell; CD4_
Treg, CD4" regulatory T cell; CD4_Tth, CD4" follicular
helper T cell, CD4_Cyc, CD4" cycling cell) and four CD8*
T cell subtypes (CD8_Tem, CD8 effector memory T cell;
CD8_Temra, CD8" recently activated effector memory T
cell; CD8_Tex, CD8" exhausted T cell; CD8_Cyc, CD8*
cycling cell), NK cells, and three B cell subtypes (Bn, B
naive cell; Bm, B memory cell; Plasma, plasma cell) based
on cell-specific and canonical marker genes, identified
through their distinct and canonical molecular signa-
tures (Fig. 5A-B). Quantitative assessment of cellular
proportions discerned congruence between the CP and
Normal cohorts, in stark contrast to the divergent pro-
files observed in the HP and DP groups. This observation
underscores the heterogeneity of the immune landscape
within the TME of HCC cases. Notably, the HP and DP
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groups were characterized by an enriched representation  co-inhibitory genes, such as TIGIT, surpassing the lev-
of the CD8_Tex and CD4_Treg subtypes (Fig. 5C). els observed in other cohorts. The DP-derived group

Profiling of gene expression within the CD4_Treg also demonstrated heightened expression of co-inhib-
subgroup of the DP group revealed an up-regulation itory genes, including HAVCR2, LAG3, and BTLA (Fig.
of cytotoxic/effector genes, exemplified by GNLY, and S5A). The CD8_Tex subgroup across all HCC cohorts
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exhibited significantly elevated scores for tumor-infil-
trating CD8 exhaustion compared to the Normal group.
Among them, DP group-derived CD8_Tex cells have the
highest exhaustion scores within our scRNA-seq dataset
(Fig. 5D).

To further elaborate the transcriptomic dynamic of
CD8_Tex cells among different groups, we utilized the
Monocle algorithm [41] to create a pseudotime trajec-
tory among four group types, creating two separate paths
branchl (indicating cell fatel) and branch2 (indicating
cell fate2). According to the pseudotime analysis, we
observed CD8_Tex cells from the CP and Normal groups
distributed at the beginning part of the trajectory, and
DP-derived CD8_Tex cells mainly located in the middle
part (cell fate 2), while HP-derived CD8_Tex cells were
mainly located in the end segment of trajectory (cell fate
1) (Fig. S5B). After that, we performed BEAM analysis
to reveal the transcriptomic alteration of CD8_Tex cell
along with the two branches, finding that CD8_Tex in cell
fate2 up-regulated immunosuppression-associated sig-
nals while CD8_Tex in cell fatel up-regulated pathways
such as regulation of antigen processing and presentation
and T cell differentiation (Fig. S5C). Taken together, our
results indicated that CD8_Tex cells might exert critical
role in reshaping the exhaustive TME in the DP group.

To investigate this at spatial dimension, we also evalu-
ated the CD8 exhausted scores of T/NK spots and found
that DP group-derived spots exhibited higher scores than
that of the other groups in the ST-seq dataset, in agree-
ment with the result of scRNA-seq analysis (Fig. 5E).
We also observed that samples in HP (HCC_1T) and DP
(T0118) spatially expressed higher spatial intensity and
level of CD8_Tex related markers such as LAG3, PDCD1,
and FOXP3 (Fig. 5F). Moreover, IF staining substantiated
the predominance of CD8A/PDCD1-positive cells within
DP group samples (Fig. 5G). These results suggesting that
potential cellular infiltration of CD8_Tex contributes to
the immunosuppressive TME in both HP and DP groups.

Profiling the inter-tumor microenvironment heterogeneity
of stromal cells

The primary stromal cellular components including
hepatic stellate cells (HSCs), fibroblasts, and endothelial
cells (Endo), are responsible for producing the extracel-
lular components of TME [48, 49]. To investigate the
stromal cell composition and their heterogeneity in dif-
ferent HCC types, we re-clustered and annotated stro-
mal cells in the scRNA-seq dataset, forming four Endo
subtypes (liver sinusoidal Endo [LSEC, FCN3*CRHBP'];
liver vascular Endo clusterl [LVEC_C1, VWF'CLU'C
XCL12*], LVEC_C2 [VWF'SPRYI*'RGCC'], LVEC_C3
[ENPP2*VWF'TTR"]) and two Fibro subtypes (Fibro_C1
[FABP4*ADIRF*] and Fibro_C2 [COL1A2*COL3AI1*CO
L1AI"]) (Fig. 6A-B). We further determined the cellular
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proportion of stromal cell subgroups in the four group
types. LSEC cells were predominantly enriched in Nor-
mal, while LVEC_C2 were mainly presented in the CP
group. LVEC_C3 and Fibro_C2 subtypes were enriched
in the HP and DP groups (Fig. 6C).

Ectonucleotide pyrophosphatase-phosphodiesterase 2
(ENPP2) has been reported as a novel factor to the patho-
genesis of liver fibrosis and cancer [50-52]. By integrating
bioinformatic analysis and IHC experiment, we evaluated
the expression levels of ENPP2 among stromal cells, find-
ing that LVEC_C3 subtype from the DP and HP groups
exhibits higher expression level of ENPP2 (Fig. 6D-F).
This result was consistent with the elevated expression
levels observed in patients during hepatitis C virus infec-
tion [53] and increased activity in chronic hepatitis B
[54]. Based on DEGs for each subtype, GO enrichment
analysis revealed that LVEC_C2 and LVEC_C3 subtypes
up-regulated pathways such as extracellular matrix orga-
nization, and cell-cell junction organization, while the
regulation of cell-matrix adhesion was preferentially up-
regulated in Fibro_C2 (Fig. 6G). These findings suggested
that the potential cellular interactions between LVEC_
C3, Fibro_C2, and other cells within TME of HCC cases.

In the ST-seq datasets, we primarily evaluated the
module scores of cell subtypes (LVEC_C3 and Fibro_C2)
among stromal spots, finding that HP-derived and DP-
derived stromal spots have higher level of Fibro_C2 and
LVEC_C3 scores, respectively (Fig. 6H). At spatial dimen-
sion, stromal spots exhibit higher module score of LVEC _
C3 subtype in the DP group, in contrast to other groups,
consistent with the scRNA-seq dataset’s finding (Fig. 6I).

Cell-cell interaction relationship among the different
groups
As mentioned earlier, our analysis results suggested the
potential co-localization and cellular interaction among
various cell types such as Macro, T cells and Fibro sub-
types. To better understand how HCC affects cell-cell
communication within the different HCC groups, we
conducted L-R analysis via CellChat to evaluate cellu-
lar interaction strength in the scRNA-seq dataset. We
initially predicted the interaction numbers within each
group, inferring a total of 1,978 L-R pairs mediating
interactions. Among these pairs, DP group has the high-
est interaction count (n=605), while HP group has the
lowest count (#=300), indicating that the complicated
inter-cellular communication patterns (Fig. 7A). Further-
more, we found the comparison of DP vs. Normal groups
contained a stronger interaction strength among key
cell subtypes, including Epithelial, CD8_Tex, CD4_Treg,
LVEC_C3, Fibro_C2, Macrol, Macro2, and Macro3,
compared to other group comparisons (Fig. 7B).

Next, we investigated the critical pathways mediat-
ing L-R pairs among these cell subtypes within the four



Chen et al. Molecular Cancer (2026) 25:3
A B
Stromal cell o [N Ao o Oq’
A
: PV
FCN3
CRHBP
CTSL
~ CLEC4G
o' FCGR2B
< Cell subtype VWE
=
H @ Lsec oLy
® wvec_ct ATP13A3
@ LEc_c2 cxcL2
@ wec_cs SPRY1
@ Fibro_C1 RGCC
@ Fibro_C2 PLVAP
DUSP1
BHLHE40
ENPP2
¢ TR
APOA2
APOC1
~ FABP4
o' ADIRF
% : RGS5
Group type TAGLN
®cr ACTA2
@ +r COL1A2
®or COL3A1
COL1A1
. Normal ‘
.
Min Max
UMAP_1
G
Go enriched pathways
triglyceride metabolic process .
toll-like receptor signaling pathway | e
lati f tricti .
regulation of vasoconstriction Count
regulation of plasma lipoprotein particle levels ° o e 10
regulation of lipid transport . : %g
regulation of cell-matrix adhesion o @ 40
regulation of blood coagulation o o . ® 50
regulation of angiogenesis| ¢ © ® ®© o @
. . . -log10P
pattern recognition receptor signaling pathway { e
mesenchyme development]{ e o @ o o ?g
extracellular matrix organization e o o 0 O 10
cell-cell junction organization o o 5
cell-cell junction assembly o o
blood vessel endothelial cell migration o o o
é//() o 0\0 O'Lo 0‘50 9'\ 09‘1/
NV S LIS
é‘o \\’\‘o K2 &S
H N
Stromal (main) spots Percent
Fibro G2 Expressed
ibro_C2 | © o [ ] ° ® 100
Module score
LVEC_C3 -| © o (&) [
T T T T
Normal CcP HP DP /Q‘p Q,Q Q‘p N

Page 16 of 22

C
Celluar proportion (%)
WILSEC
BILVEC_C2
MiFibro_C1
0 25 50 75 100
D ENPP2 E ENPP2
g 5 4
- 3 c
N s '% 2
g |- 202
= °i &
=} g a1
w 0
[ e ——
CP  HP DP Normal
UMAP_1
F

1<
a

e
w

Relative expression
=
o

CP HP DP
LVEC_C3 module score Fibro_C2 module score

HP | HCC1T CP | T0525

DP | T0O118
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groups. Comparing with the Normal group, we identified
several overlapping up-regulated differential pathways in
three HCC groups, including NECTIN, TIGIT, ANGPT,
and PD-L1(Fig. 7C). Of note, we observed up-regulated
pathways associated with NOTCH and COLLAGEN in

both CP and DP groups (Fig. 7C). The up-regulation of
NOTCH pathway in the DP group was consistent with
the GSVA results in the Epithelial cell part (Fig. 3E).
After removing the insignificant L-R pairs, we pro-
ceeded to determine 6 L-R pairs among these subtypes
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across different groups (Fig. 7D). Among these interactive
pairs, we observed the up-regulation of CD274-PDCD1
pair form Epithelial cell to CD8_Tex, and COL1A1-CD44
pair was significantly up-regulated between Fibro_C2
with CD8_Tex, and Macrol, respectively. Furthermore,
we performed correlation analysis between immune
module scores (CD8_Tex and Macrol) with the stro-
mal module scores (LVEC_C3 and Fibro_C2) among
stromal spots, finding the relative higher correlations

coefficient between Macrolwith LVEC_C3 (R=0.81) and
Fibro_C2 (R=0.88) (Fig. 7E. To further evaluate the key
roles of these pathways and L-R pairs, we evaluate DLL4-
NOTCH4 and COL1A1-CD44 using the ST-seq slides
of three HCC group types via stLearn toolkit (Fig. 7F).
Compared with the sample of CP group, we observed the
spatially enhanced scores these two L-R pairs in the sam-
ples from the HP and DP groups, locating at the cellular
distribution of Epithelial and Fibro_C2 groups. We also
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Inter-tumor heterogeneity and immunosuppressive landscape across different HCC subtypes
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applied IHC assay to verify the heterogeneous activation
of the NOTCH and COLLAGEN pathways among differ-
ent HCC groups (Fig. 7G). Hence, we profiled the cellular
interaction among various cell types that shaping TME of
various HCC group types through L-R crosstalk.

Discussion

Here, our study enables characterization of tissue hetero-
geneity through the identification and spatial visualiza-
tion of different cell types within single-/double-infected
HCC. C. sinensis infection has emerged as an impera-
tive carcinogen for HCC in a growing number of Asian
countries [11]. Previous researches have provided evi-
dence that C. sinensis infection can result in CCA and
is associated with a poorer prognosis for HCC [14, 55].
However, the cellular and (or) spatial features of TME of
HCC patients with different infected pentagons includ-
ing HBV and C. sinensis, remains to be evaluated. Several
studies have investigated the immune microenviron-
ment landscape of HBV-associated HCC [27, 56], but
most studies have focused only on HBV-associated HCC
(HP), without cross-comparing with C. sinensis (CP) or

double-infection of C. sinensis and HBV-associated HCC
(DP). Although the immunosuppressive TME was con-
tinuously reported, the potential molecular and cellu-
lar mechanisms during the development of HCC cases
inflected by distinct pathogens need to be further illus-
trated. Our multi-omics analysis revealed significant
inter-tumor heterogeneity in Epithelial, immune and
mesenchymal subgroups across different HCC subtypes.
By identifying transcriptional reprograms and and reca-
pitulating the heterogeneous TME occurring in human
HCC, we revealed the diverse immune microenviron-
ment in single-/double-infected HCC (Fig. 8).

We primarily evaluated the specific enrichment and
features of epithelial cells across different HCC subtypes,
finding tumor cells in DP expressing higher levels of AFP
and GPC3. AFP is a diagnostic marker for the detection
of HCC. Previous research has reported that AFP was
not only strongly associated with malignant characteris-
tics, such as resistance to drug cytotoxicity in HCC, but
facilitating the immune escape of HCC [57]. Addition-
ally, the tumor cells in DP shown the high expression
levels of cancer stem cell (CSC)-related marker (CD24
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and ANPEP). Liver CSCs were associated with stimu-
lating tumor growth and therapy resistance via shaping
an immunosuppressive TME [58]. Moreover, epithelial
cells from the DP have higher CNV scores with duplica-
tion in chromosomes 9+, 10+, and 22+. Survival analysis
based on TCGA database revealed that higher DP tumor
cell scores were associated with poor prognosis in HCC
patients. We further revealed the distinct patterns of
activated hallmark signaling of Epithelial across of each
group. We found that epithelial cells from the CP and HP
groups exhibited up-regulated pathways of EMT-related
signaling, indicating the activation of EMT enhanced
the complexity of cellular heterogeneity by altering their
plasticity [59, 60]. Notably, epithelial cells in DP group
were also marked by the specifically activated pathways
of P53, NOTCH, hypoxia, and PI3K-AKT-mTOR, sug-
gesting that these malignant epithelial might be more
aggressive compared with other HCC subtypes. Previous
studies have shown that upregulation of EMT and P53
signaling pathways promotes metastasis and progression
of HCC [61, 62]. A previous study shown that abnormal
activity of p53 signaling was identified as causing overex-
pression of AFP in HCC samples [63], and the transition
from epithelial to mesenchymal through the activation
of PI3K-Akt/Hypoxia-related signaling strengthened the
tumoral angiogenesis and metastasis in HCC [64]. Our
results reveal the heterogeneity of Epithelial across differ-
ent HCC subtypes at marker pattern, genomic alteration,
survival state, and activated pathways.

The HCC patientss TME is composed of various
immune and stromal cells, such as T lymphocytes [65],
TAMs [66], CAFs [67]. The complicate interplay among
various cellular and molecular factors shapes the immu-
nosuppressive TME, contributing to the dysfunction
and exhaustion of T lymphocytes and immune evasion
of tumor cells [23, 68-70]. Interestingly, we found DP-
derived cases have an enriched proportion of SPP1" mac-
rophages (Macrol) expressing pro-inflammatory factors
(CD68 and IL1B). It was reported that SPP1* macrophage
was defined as a novel biomarker for the tumor-promot-
ing macrophage derived by monocytes, which was asso-
ciated with immunosuppression via interacting with T
lymphocytes [71]. A recent study on HCC indicated the
co-location of SPP1* macrophages and tumor cell exac-
erbate the hypoxia TME [72]. SPP1* macrophages played
a role in preventing T cells from infiltrating the tumor
region and were linked to a poorer prognosis [73], consis-
tent with the higher hazard ratio of SPP1" macrophages
in patients. Therefore, specifically targeting SPP1" mac-
rophages have the potential to reduce their immunosup-
pressive capabilities and promote T cell function, so as to
improve the therapeutic effects for DP subgroups.

As for the lymphocytes, our multi-omics dataset
revealed a different composition of T lymphocyte across
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different groups, finding the prevalence of CD4_Treg
and CD8_Tex in both HP and DP groups compared with
those from other two groups. CD8_Tex exhibits dimin-
ished effector function and increased expression levels of
inhibitory factors (PD-1/TIGIT), which significantly lim-
its the anti-tumor immune response of CD8" T cells [74,
75]. Notably, both of dataset and experiment indicated
the enrichment of CD8_Tex subgroup in the DP samples,
with higher CD8 exhausted score across HCC subtypes.
Pseudotime analysis further demonstrated that CD8_Tex
cells were primarily differentiated as two branches based
on their group-derived origins, represented by different
enriched pathways. For example, GO analysis revealed
the negative regulatory of immune process of CD8_Tex
cells in the DP group, suggesting that patients in the DP
group were characterized an immunosuppressive TME
than other HCC subtypes, and these patients might have
potential benefit upon immunotherapy in targeting CD8_
Tex cells.

Multiple studies suggested the rapidly proliferating
tumor cells and sophisticated cellular interaction com-
monly shape the immunosuppressive TME [76-79]. In
cellular crosstalk analysis, both of scRNA-seq and ST-seq
results revealed the high possibility of cellular interac-
tion between Fibro_C2 and CD8_Tex via COL1A1-CD44
L-R pair, and Macrol and LVEC_C3 via DLL4-NOTCH4
L-R pair, suggesting that these cellular interactions con-
tribute to the formation of immunosuppressive TME.
These key L-R pairs also help shape TME heterogeneity
among CP, HP and DP. COL1Al, as a key component
of extracellular matrix, contributes to various biological
processes, including cell migration, angiogenesis, and
matrix remodeling and tumor adhesion [80-82]. These
processes are largely mediated through ECM-associated
receptors such as CD44, and integrins [83]. Additionally,
DLL4-NOTCH signaling nurtures the self-renewal of
cancer stem-like cells [84]. It also interacts with signal-
ing pathways such as PI3K, EGFR, and MMP-9, which
are closely linked to tumor invasion, proliferation, and
metastasis [85, 86].

Our findings provided comprehensive insights into
molecular and pathological properties that imparted eco-
system differences in HCC subtypes, and could be possi-
ble targets of immunotherapy for single-/double-infected
HCC patients. On one hand, the molecular typing-guided
precision intervention is recommended for the character-
istic signaling pathway abnormalities of epithelial cells in
HCC of different infection types. For patients in the DP
group with activation of the p53 signaling pathway, p53's
function restoration therapy can be prioritized; while
patients in the CP/HP groups are suitable for therapeu-
tic strategies targeting the EMT process to inhibit tumor
metastasis. On the other hand, the SPP1" macrophage
enrichment phenomenon characteristic of the DP group
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suggests that the tumor microenvironment of this sub-
type is characterized by significant immunosuppression.
The combined application of macrophage reprogram-
ming strategies with PD-1/PD-L1 inhibitors was sug-
gested to potentially enhance immunotherapy response
by reversing the immunosuppressive microenvironment.
Notably, the prevalence of CD8_Tex cells in HCC groups
provides a theoretical basis for the application of immune
checkpoint inhibitors. In particular, the combination reg-
imen of PD-1 inhibitors combined with TIM-3 inhibitors
or LAG-3 inhibitors is recommended for DP patients,
which is expected to significantly enhance therapeutic
efficacy through multi-targeted blockade of T-cell inhibi-
tory signaling.

This study has several limitations. Firstly, a major tech-
nical limitation of our ST-seq dataset is the lack of sin-
gle-cell resolution, with each spot capturing transcripts
from 10 to 200 cells according to tissue types [87, 88].
The challenge might complicate the incorporation of
current approaches with cell-cell interactions at spatial
dimension [88]. Secondly, our study mainly revealed the
characteristics of the TME of HCC cases with differ-
ent infection types, but we didn’t enroll patients under-
went treatment to further evaluate the heterogeneity in
response to clinical therapy. Thirdly, the findings about
feature or biomarkers in our study, such as the predomi-
nant cellular subgroup, activated pathways, is warrant
further validation in HCC cohort with larger number of
clinical cases of different HCC subtypes. Finally, we here
conducted integrated analysis to profile the divergence
of transcriptomic pattern of the composition within the
HCC TME, while the heterogeneity of these elements in
genomics, proteomics, and epigenomics of different HCC
subtypes, were still need to be further explored.

In summary, we comprehensively analyzed the cellular
features, spatial landscapes, and intercellular interactions
of different HCC cases infected with HBV and C. sinen-
sis. By comparing three different infection types of HCC,
we identified the heterogeneity of the tumor microenvi-
ronment, transcriptomics diversity, and tumor-associ-
ated pathway activity of different HCC subtypes, as well
as the patterns of cellular interactions within the TME.
These findings not only deepen the understanding of the
heterogeneous multicellular ecosystem in different infec-
tion types of HCC, but also provide an important refer-
ence for the establishment of a precise treatment system
based on molecular typing.
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