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Abstract

The transcriptional heterogeneity and cellular ecosystem diversity of HCC await further exploration. Single-cell and
bulk RNA sequencing data from HCC cells are analyzed to generate a LASSO model for HCC prognostication. CCK-8,
scratch assay, flow cytometry, and ROS assays are used to validate how TREM1 may affect HCC cell biological
behaviors in vitro. qPCR, western blot analysis, immunohistochemistry, and flow cytometry are applied in a xe-
nograft model to test the effects of TREM1 knockdown on carcinogenesis and the tumor microenvironment. A
single-cell atlas of the multicellular ecosystem comprising 13 cell types in HCC is constructed. On the basis of ligand-
receptor marker genes specifically extracted from the cell populations, a prognostic model is defined and subse-
quently validated in additional clinical cohorts. For the first time, a heterogeneous immune microenvironment is
observed between low- and high-risk patients, primarily involving macrophages, CD4+ T cells, M1 macrophages,
and regulatory T (Treg) cells. Sufficient evidence validates the positive effects of TREM1 on HCC cell proliferation,
migration, and apoptosis. Additionally, TREM1 positively modulates the levels of the proinflammatory cytokines IL-
1B, TNF-0, and MCP-1. TREM1 downregulation alters the proportions of M1 macrophages and Tregs in the tumor
tissue from our HCC xenograft model. Eventually, the Nrf2/Keap1 signaling pathway, which is related to oxidative
stress, is shown to be a key pathway downstream of TREM1 downregulation. In summary, we construct a novel
prognostic model for HCC on the basis of ligand-receptor marker genes and investigate the role of TREM1 in HCC
progression and its impact on the TME.
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Introduction antiangiogenic multikinase agents (sorafenib [2] and lenvatinib [3])
Hepatocellular carcinoma (HCC) is a highly aggressive malignancy have gained approval as first-line systemic therapeutic options for
with a rising incidence globally. The prognosis is still dismal, with unresectable HCCs; other multikinase inhibitors as well as immune
an overall five-year survival rate of 12%-15% [1]. In the past few checkpoint blockade agents against PD-1/PD-L1 have been
years, remarkable progress has been made in treatment regimens: approved as second-line treatments [4]. Nevertheless, unresectable
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HCC patients still face increased unmet medical needs and
unsatisfactory survival outcomes. A tumor is an extremely complex
ecosystem, defined by spatiotemporal relationships between
heterogeneous cell populations composed of malignant, immune,
and stromal cell types [5]. Hence, characterizing the landscape of
the HCC multicellular ecosystem and critical components linked to
tumor progression and immunotherapy is essential.

Using bulk transcriptome approaches, prior research has revealed
that each HCC tumor has its own personalized expression profile
containing diverse transcriptional programs [6]. Despite the
progress in bioinformatics, deconvolution algorithms are unable
to analyze rare cell populations and cell-to-cell interplay, among
other methods. Single-cell RNA sequencing (scRNA-seq) has been
proven to be an efficient tool for characterizing expression data
across numerous cells simultaneously, which enables the genera-
tion of integrated profiles of diverse cell types in tumors under
different biological states or conditions [7]. Recently, scRNA-seq
research has provided unique insights into many aspects of HCC
biology. For example, scRNA-seq reveals the immunosuppressive
landscape and tumor heterogeneity of HBV-related HCC [8]. Single-
cell analysis has revealed that proliferative Proml+ tumor-
propagating cells, as well as their dynamic cellular transitions, are
involved in HCC development [9]. Through single-cell transcrip-
tomic profiling, the landscape of intratumoral heterogeneity and
stemness-associated subpopulations has been revealed in HCC [10].

In the present study, we integrated single-cell and bulk
transcriptome analyses to reveal a novel ligand-receptor-based
prognostic model for HCC and revealed the role of TREM1 in
controlling the malignant behaviors of HCC cells both in vitro and in
vivo. With these insights, our findings revealed that transcriptional
heterogeneity and cellular ecosystem diversity are associated with
HCC prognosis.

Materials and Methods

Single-cell and bulk RNA-seq data acquisition

From the Gene Expression Omnibus, scRNA-seq data from 10 HCC
samples were gathered from the GSE149614 dataset (https:/www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE149614) [11]. This
study also acquired bulk transcriptome data and data on the clinical
traits of 365 HCC patients from The Cancer Genome Atlas-Liver
Hepatocellular Carcinoma (TCGA-LIHC) (https://portal.gdc.cancer.
gov/repository). Two additional clinical cohorts (GSE14520 and
GSE76427) were used to validate the stability of the predictive
model in HCC.

Quality control and preprocessing

The BarcodeRank function of the DropletUtils package was adopted
for detecting the expression of single cells, and empty droplets
without any gene expression were filtered out via the emptyDrops
function [12]. Cells with a number of unique molecular identifiers
(UMIs) < 100 were then removed. Through the calculation of the
QCMetrics function of the Scater package [13], gene expression in
single cells was quantified. Following the criteria of the proportions
of mitochondrial genes > 10% and ribosomal genes > 10%), the cells
were further filtered out.

Data normalization

After filtering, the expression matrix was normalized via the
normalizeData function of the Seurat package [14]. The first 2000
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genes that were highly variable from cell to cell were selected via the
FindVariableFeatures function. After linear scaling of the scRNA-
seq data with the ScaleData function, principal component analysis
(PCA) was carried out on the data for dimensionality reduction
analysis with the RunPCA function. Principal components (PCs)
with larger standard deviations (SDs) were screened for subsequent
analysis.

Cell clustering, annotation, and marker gene
identification

Single cells were clustered using the ‘FindVariableFeatures’ and
‘FindClusters’ functions in the Seurat package. The ‘RunUMAP’
function was implemented to perform dimensionality reduction
through uniform manifold approximation and projection (UMAP)
[15]. In accordance with the known cell markers from CellMarker
2.0 (http://biobigdata.hrbmu.edu.cn/CellMarker) [16], the cell
clusters were annotated. Marker genes were identified using the
‘FindAllMarkers’ function of the Seurat package, adhering to the
criteria of log (fold change) = 0.1, expression proportion in cell
clusters > 0.25, and p < 0.05.

Trajectory analysis

The Monocle tool [17] was employed for trajectory analysis of each
cell cluster. Genes expressed in more than 5% of the cells were
selected. Using the ‘reduceDimension’ function, dimensionality
reduction analysis was implemented, and the cells were clustered
via the ‘clusterCells’ function. Afterwards, DEGs (p value < 0.05)
between clusters were determined through the ‘differentialGeneT-
est’ function. On this basis, dimensionality reduction analysis was
conducted using the DDRTree method. The cells were then ordered
along the trajectory by the ‘orderCells’ function.

Cell cycle analysis

Following the marker genes of the cell cycle [18], the cell clusters
were scored and classified into G1, G2/M and S phases by using the
‘CellCycleScoring’ function in the Seurat package.

Ligand-receptor network analysis

In accordance with known ligand-receptor relationships [19],
known ligand-receptor pairs were downloaded from the DLRP27
(http://dip.doe-mbi.ucla.edu/dip/dlrp/dirp.txt), ITUPHAR28 (http://
www.guidetopharmacology.org/DATA/interactions.csv) and
HPMR29 (http://receptome.stanford.edu/) databases. After map-
ping to the current HGNC symbols, we obtained 469, 371 and 855
ligand-receptor pairs from DLRP, IUPHAR and HPMR, respectively.
An additional 128 orphan ligands and 479 orphan receptors were
also downloaded from HPMR (26 June 2014). The relationship pairs
between receptors and ligands in marker genes of cell types were
determined. Next, a ligand-receptor network was visualized via
Cytoscape software [20].

Least absolute shrinkage and selection operator
(LASSO) analysis

Patients from the TCGA-LIHC dataset were randomized into the
discovery set or test set at a 7:3 ratio. On the basis of the marker
genes obtained from the ligand-receptor network, as well as bulk
transcriptome profiling and clinical information, feature genes were
selected from the discovery set using the ‘glmnet’ approach [21].
The risk score was computed using the transcript levels and
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coefficients of the feature genes. Univariate Cox regression analysis
of the feature genes associated with patient survival was conducted.
The patients were classified into low- or high-risk subgroups on the
basis of the median risk score. Kaplan-Meier curves for overall
survival (OS) or disease-free survival (DFS) were plotted using the
‘survival” package, with the log-rank test used to estimate survival
differences. Receiver operating characteristic (ROC) curves were
also constructed. The repeatability of the LASSO model was verified
in both the test set and the total set. In addition, the risk score was
compared across diverse clinical traits.

Gene set enrichment analysis (GSEA) or single-sample
GSEA (ssGSEA)

With the hallmark gene sets obtained from the Molecular Signatures
Database as the reference [22], the hallmark enrichment score was
computed using GSEA [23] or ssGSEA [24]. The infiltration scores of
28 immune cells were estimated using ssGSEA.

Cell culture and transfection

HuH-7 and Hep3b HCC cells were purchased from Procell Life
Science & Technology Co., Ltd. (Wuhan, China). The cells were
cultivated in Dulbecco’s modified Eagle’s medium (DMEM; cat. no.
21969035; Gibco, Grand Island, USA) supplemented with 10% fetal
bovine serum (FBS; Gibco) and penicillin-streptomycin (100 pg/mL,
P078; Sigma-Aldrich, St Louis, USA) in a humidified environment
with 5% CO, at 37°C.

Small interfering RNAs (siRNAs) targeting TREM1 (si-TREM1)
and scrambled siRNAs (normal control, NC) were acquired from
Sangon Biotech (Shanghai, China). The sequences of the siRNAs
that generated efficient knockdown were as follows: si-TREM1-1:
5-GGAUCAUACUAGAAGACUATT-3'; si-TREM1-2: 5-GGUCAUUU
GUACCCUAGGCTT-3'"; and si-Control: 5-UUCUCCGAACGUGUCA
CGUTT-3'. The cDNA encoding TREM1 was amplified and
subcloned and inserted into the pcDNA3.1 plasmid (Invitrogen,
Carlsbad, USA), with the empty plasmid pcDNA3.1 serving as
a control. The plasmids were transfected into cells via Lipofecta-
mine 2000 (Invitrogen) in accordance with the manufacturer’s
protocols.

Real-time reverse transcription polymerase chain
reaction (QRT-PCR)

Total RNA was extracted with an RNAiso Plus kit (Takara, Dalian,
China). cDNA was synthesized via the PrimeScript RT reagent kit
(Takara). The primers were shown as follows: TREMI, 5'-
GAACTCCGAGCTGCAACTAAA-3’ (forward), 5'-TCTAGCGTG
TAGTCACATTTCAC-3' (reverse); IL-1B, 5-ATGATGGCTTATTA
CAGTGGCAA-3' (forward), 5-GTCGGAGATTCGTAGCTGGA-3’ (re-
verse); TNF-a, 5'-CCTCTCTCTAATCAGCCCTCTG-3' (forward), 5'-
GAGGACCTGGGAGTAGATGAG-3' (reverse); MCP-1, 5'-CAGCCA
GATGCAATCAATGCC-3’ (forward), 5-TGGAATCCTGAACCCA
CTTCT-3' (reverse); and GAPDH, 5-ACAACTTTGGTATCGTGGA
AGG-3' (forward), 5-GCCATCACGCCACAGTTTC-3' (reverse). The
transcript levels were detected using the ABI 7500 Fast Real-Time
PCR system (Foster City, USA). Relative gene expression was
measured using the 2-24Ct method.

Scratch assay
The cells were inoculated in a 6-well plate and grown to confluence.
The cell monolayer was scraped with a sterile 10-uL pipette tip,

washed twice with PBS, and then cultured in serum-free DMEM.
Images of the scratches were recorded at 0 h and 24 h under a light
microscope (Nikon, Tokyo, Japan).

Reactive oxygen species (ROS) measurement
Intracellular ROS were measured using the fluorescent dye 2,7-
dichlorofluorescence diacetate (DCFH-DA; Sigma-Aldrich). Fluor-
escence images were acquired under a confocal laser scanning
microscope (Nikon).

Immunoblotting

The cells were lysed with radioimmunoprecipitation assay buffer
plus 1% protease inhibitors for half an hour on ice. The extracted
proteins were subjected to sodium dodecyl sulfate-polyacrylamide
gel electrophoresis, followed by transfer to a PVDF membrane
(Millipore, Billerica, USA). After being blocked, the membrane was
incubated with primary antibodies against Nrf2 (1:500; ab137550;
Abcam, Cambridge, UK), Keapl (1:2000; ab227828; Abcam), or
GAPDH (1:10,000; ab181603; Abcam), as well as a horseradish
peroxidase-conjugated anti-rabbit secondary antibody. Proteins
were detected using Pierce™ ECL Western blotting substrate
(Sigma-Aldrich ). The images were processed and analyzed using
ImageJ software.

Xenograft assay

BALB/c-Nude mice (6-8 weeks old, female, weighing approximately
20-25g, SPF grade) were purchased from Changzhou Cavins
Laboratory Animal Co. Ltd. [SCXK(SU)2021-0013; Changzhou,
China]. HuH-7 cells with stable knockdown of TREMI1 were
cultured in DMEM supplemented with 20% FBS, 100 U/mL
penicillin, and 100 pg/mL streptomycin in a cell culture incubator
with 5% CO, at 37°C. The cells were digested with trypsin when
they reached 80%-90% confluence in the culture dish. After
centrifugation at 200 g, the supernatant was discarded. The cells
were washed with PBS and resuspended in PBS, and the cell
concentration was adjusted to 2 x 10° cells/mL. A xenograft model
was then established. Six mice were allocated to each experimental
group. Following disinfection with iodophor, a 1-mL syringe was
used to aspirate 0.2 mL of the mixed cell suspension (NC/si-TREM1-
1/si-TREM1-2) at a density of 2 x 10° cells/mL. The needle of the
syringe was inserted through the animal’s skin and moved to the
injection site to slowly inject the cell suspension. Thirty days after
the operation, all the mice were euthanized, and the tumor tissues
from each group were excised by autopsy for subsequent experi-
mental tests.

Establishment of an orthotopic liver cancer mouse
model

A total of 25 pL and 1 x 107 HuH-7-luc cells were directly injected
into the livers of BALB/c-Nude mice through an incision in the skin,
and the wounds were sutured promptly, followed by anti-
inflammatory treatment. Six mice were assigned to each experi-
mental group.

Flow cytometry

The cells were collected by centrifugation at 300 g for 5 min, and the
supernatant was discarded. The cells were resuspended twice with
pre-cooled PBS and centrifuged again at 300 g for 5 min. Then,
300 pL of binding buffer was added to re-suspend the cells. For
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Annexin V-FITC labelling, 5 uL of Annexin V-FITC was added and
mixed gently, after which the cells were incubated for 15 min at
room temperature in the dark. For PI labelling, 10 pL of PI stain was
added, the mixture was mixed gently, and the cells were incubated
for 10 min at room temperature, ensuring that light exposure was
avoided. Antibodies against CD68-PE (566386; BD Biosciences,
Franklin Lakes, USA), F4/80-PE (ab105156; Abcam), CD11c-APC
(ab210306; Abcam), CD4-FITC (ab269349; Abcam) and Foxp3-PE
(ab210231; Abcam) were used to label different cell types. Finally,
the cells were analyzed by flow cytometry with a FACScan flow
cytometer (BD Biosciences).

CCK-8 assay

We adhered to the instructions provided in the CCK-8 kit manual
(C0038; Beyotime Biotechnology, Shanghai, China) as follows.
First, 10 pL of the CCK8 solution was added to each well. The plate
was subsequently incubated in the incubator for 1 h. Afterwards,
the absorbance at 450 nm was measured using an enzyme-linked
immunosorbent assay (ELISA) plate reader (Tecan Group Ltd.,
Mannedorf, Switzerland,).

Immunohistochemistry

The frozen sections were washed 3 times with PBS, heated to
boiling at high heat, and then reduced to low heat for 20 min. The
sections were naturally cooled, washed 3 more times with PBS,
placed in a 3% H,0, solution, and incubated at room temperature
for 10 min to block endogenous peroxidase. The sections were
subsequently washed 3 times with TBS for 5 min each time, shaken
dry, and then blocked with 5% BSA for 20 min. After being washed
3 times with PBS, 50 uL of the diluted anti-Ki-67 antibody (1:100;
MCE, Monmouth Junction, USA) was added to each section to cover
the tissues, and the sections were incubated at room temperature
overnight at 4 °C. The sections were then washed 3 times with PBS
and incubated in a 3% H,0, solution for 10 min. The PBS solution
was removed, and 50 pL of secondary antibody from the corre-
sponding species was added to each section and incubated at room
temperature for 50 min. After washing with PBS, 50 uL of freshly
prepared DAB solution was added to each section, and the sections
were rinsed with distilled water. The sections were stained with
hematoxylin for 25s, rinsed with running water for 5 min, and
washed with distilled water for 1 min. Finally, the sections were
immersed in xylene for a few minutes, air-dried, and sealed with
drops of neutral gum before being photographed with a microscope
(IX71; Olympus, Tokyo, Japan).

Transwell assay

The cell migration assay was carried out using 8-um polycarbonate
transwell filters (Corning). Matrigel (BD Biosciences) was thawed
overnight at 4°C. On the following day, 150 uL of the Matrigel
solution was added to each well of a 24-well plate. Subsequently,
the plates were incubated at 37 °C for 30 min. After that, the cells
were treated with clotrimazole for 24 h. Then, HCC cells were
seeded into the upper chamber, and DMEM medium supplemented
with 10% FBS was added to the lower chamber. The plate was
incubated for another 24 h. After incubation, noninvading cells
were carefully wiped off. The invading cells were fixed with
paraformaldehyde for 15 min, stained with crystal violet for 15 min,
and counted under a microscope at 200x magnification. The number
of invading cells in six randomly selected fields was determined.
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Statistical analysis

Data were evaluated using R packages (version 3.5.1) or GraphPad
Prism software (version 9.0.1). Comparisons between two groups
were performed using Student’s t test, the Wilcoxon test, or the chi-
square test. Comparisons between > 3 groups were conducted via
one- or two-way analysis of variance (ANOVA). Pearson’s or
Spearman’s test was used for correlation analysis. P< 0.05 was
considered statistically significant.

Results

A single-cell atlas of the multicellular ecosystem in HCC
We initially collected single-cell RNA sequencing (scRNA-seq) data
from hepatocellular carcinoma (HCC) for further evaluation. After
quality control and preprocessing (Supplementary Figure S1A-E),
as well as data normalization (Supplementary Figure S2A-E), single
cells were clustered into 19 distinct cell clusters (Figure 1A).
Following cell annotation, 13 cell populations were identified,
comprising cancer stem cells (n = 2256), liver stem cells (n=1149),
progenitor cells (n=1976), mucosal cells (n=1544), CD4* T cells (n
=6137), CD8* cytotoxic T cells (n = 3187), regulatory T (Treg) cells
(n=2540), plasma cells (n=1910), naive B cells (n=1253),
regulatory B cells (n=1557), natural killer cells (n=1678),
macrophages (n=7555), and M1 macrophages (n=779) (Figure
1B). Figure 1C illustrates the top 10 marker genes of each cell
population. Additionally, the top marker for each population is
presented (Figure 1D). Among the cell populations, macrophages
and CD4* T cells, along with their major subgroups, M1 macro-
phages and regulatory T (Treg) cells, respectively, were selected as
the key cell subgroups for subsequent analysis.

Cell cycle distribution and trajectory analysis of key cell
populations

The cell cycle phase of each cell population was scored on the basis
of the expression of marker genes (Figure 1E). The distribution of
cells in the G1, G2/M, and S phases revealed remarkable
heterogeneity across each cell population (Figure 1F). Most of the
key cell populations predominantly remain in the Gl phase,
followed by the S and G2/M phases. Notably, G1-phase macro-
phages presented the highest cell count among all the phases.

To further investigate cell differentiation, we then determined the
pseudotime of various cell populations. Using the Monocle tool, we
conducted differential gene testing and branched expression
analysis modelling, the results of which are presented in Supple-
mentary Tables S2 and S3. As shown in Figure 2, both macrophages
and CD4+ T cells, as well as their major subgroups, exhibited clearly
distinct patterns of pseudotime trajectories and gene expression.
The pseudotime trajectories for each cell population are included in
Supplementary Figure S3.

Establishment of a novel HCC prognostic model based
on ligand-receptor-mediated multicellular network

By taking advantage of the known ligand-receptor relationships
involving the marker genes of each cell type, we constructed a
ligand-receptor-mediated multicellular network (Figure 3A). It was
found that cancer stem cells occupied the center of the network.
Consequently, we identified five cancer stem cell-based interactions
with macrophages, CD8* cytotoxic T cells, natural killer cells, and
plasma cells and matched 33 ligand-receptor marker genes,
including ANPEP, BAAT, CDI14, CD163, CD24, CD33, CD40,
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Figure 1. A single-cell atlas of the multicellular ecosystem of HCC (A) UMAP of the cell clusters based on the scRNA-seq data. (B) Cell
annotation in accordance with the known marker genes. (C) Heatmap depicting the top 10 marker genes in each cell population. (D) UMAP plot
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Figure 3. The depiction of a ligand-receptor-mediated multicellular network and generation a ligand-receptor-based prognostic model for HCC
(A) Cell-cell interaction network based upon ligand-receptor pairs. (B) The cancer stem cell-based ligand-receptor network. (C,D) Determination of
the appropriate lambda value and coefficients of the ligand-receptor genes by LASSO analysis. (E) Distribution of the risk score across the TCGA-
LIHC cohort. (F) Univariate Cox regression results for the feature genes associated with HCC survival. (G) Alive or dead status according to the risk
score. (H) Disease-free status or recurrence/progression status according to the risk score. (I) OS probability of low- or high-risk patients in the
discovery set. (J) DFS probability of low- or high-risk patients in the discovery set.

CD63, CD68, CD6Y, CD81, CD86, CD9, CSFIR, CXCL10, CXCL2, IL7R, ITGAM, ITGAX, KLRB1, LAMP2, LGALS3, PECAM1, TLR2,
CXCL9, FCGRI1A, FCGR2A, FCGR2B, FCGR3A, GPC3, GPNMB, TNFSF10, and TREM1 (Figure 3B).
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We then defined a ligand-receptor-based signature for HCC
prognostication. All of the ligand-receptor marker genes were
included in the LASSO analysis. We randomized the TCGA-LIHC
cohort into discovery and test sets at a ratio of 7:3 (Supplementary
Table S1). With a minimum lambda value of 0.0469, eight feature
genes (BAAT, CD24, CD33, CD40, CD68, ITGAX, KLRBI1, and
TREM1) were identified in the discovery set (Figure 3C,D). The
risk score was calculated using the following formula: risk score =
(-9.34 x 10~°) x BAAT + 0.000283442 x CD24 + 0.070615579 x
CD33 + 0.000299925 x CD40 + 0.024149562 x CD68 + 0.001050096 x
ITGAX + (-0.049868764) x KLRBI1 + 0.015595402 x TREM1 (Figure
3E). Patients were classified into low- or high-risk subgroups on the
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basis of the median risk score. Among the feature genes, BAAT,
CD24, CD33, CD68, KLRB1, and TREM1 exhibited notable associa-
tions with patient survival (Figure 3F). More deceased and
recurrent/progressive patients were observed in the high-risk
subgroup (Figure 3G,H). Additionally, high-risk individuals had
shorter overall survival (OS) and disease-free survival (DFS)
durations (Figure 3LJ), and ROC curves confirmed the favorable
predictive performance (Supplementary Figure S4A,B).

The stability of our prediction model was then validated. As
expected, high-risk individuals exhibited poorer OS, with relatively
high area under the curve (AUC) values in both the test set and the
entire TCGA-LIHC cohort (Figure 4A,B and Supplementary Figure
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Figure 4. Verification of the repeatability of the risk score and its connections with clinicopathologic traits

(A,B) OS probability of low- or high-

risk patients in the test set and the total TCGA-LIHC cohort. (C,D) OS probability of low- or high-risk patients in two additional clinical cohorts
(GSE14520 and GSE76427). (E-l) Differences in the risk score according to diverse clinicopathologic parameters. Significant differences between

different groups were evaluated using one-way ANOVA.
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S4C,D). Two additional clinical cohorts (GSE14520 and GSE76427),
which compared tumor and adjacent non-tumor tissues from HCC
patients, were also utilized for validation. The significantly higher
OS rates and meaningful AUCs confirmed the reliability and
repeatability of the LASSO model (Figure 4C,D and Supplementary
Figure S4E,F).

Functional assessments of the ligand-receptor-based
model of HCC

We therefore compared the following clinicopathologic traits
between the high-risk and low-risk groups. Pathologic staging
determines the extent of cancer in patients following surgery. The
cancer grade is very helpful in assessing the speed of cancer growth
and the likelihood of cancer spreading. The TNM staging system is
also widely used in clinics to measure the size and extent of the
primary tumor, the number of nearby lymph nodes that have
cancer, and whether the cancer has metastasized. Advanced
pathologic stage, grade, and T, N, or M status were associated with
a higher risk score (Figure 4E-I), partly explaining the shorter
survival duration for high-risk patients.

Next, we identified the differences in functional gene expression
between the two risk groups. Gene set enrichment analysis (GSEA)
and single-sample GSEA (ssGSEA) demonstrated that E2F targets,
the G2M checkpoint, and MYC targets vl were markedly activated
in high-risk samples, with prominent activation of xenobiotic
metabolism and bile acid metabolism in low-risk samples (Figure
SA-C). Additionally, BAAT, CD24, CD33, CD40, CDG6S8, ITGAX,
KLRB1, and TREM1 were strongly associated with hallmark
pathways (Figure 5D). Positive interactions included the inflam-
matory response, IL-2-STATS signaling, and TNF-a signaling via
NF«B. The negative interactions included oxidative phosphoryla-
tion, bile acid metabolism, and others.

We also compared the heterogeneous immune microenviron-
ments between low- and high-risk patients. Activated CD4+* T cells,
immature and activated dendritic cells, central memory CD4* and
CD8* T cells, effector memory CD8* T cells, immature B cells,
myeloid-derived suppressor cells, natural killer T cells, regulatory T
cells, T follicular helper cells, and type 2 T helper cells displayed
increased activity in the high-risk subgroup, with decreased activity
of eosinophils and type 17 T helper cells (Figure 6A,B), revealing
the heterogeneous immune microenvironment between subgroups.
In addition, BAAT was negatively associated with most immune cell
types, whereas CD24, CD33, CD40, CD68, ITGAX, KLRB1, and
TREM1 exhibited positive interactions with most of the immune
components mentioned above (Figure 7C). Compared with that of
other genes, the role of TREM1 in the progression of HCC remains
less explored. Hence, we further selected TREM1 to investigate its
role in HCC both in vitro and in vivo.

TREM1 controls malignant behaviors and affects the
TME of HCC

The biological significance of TREM1 was further experimentally
verified. TREM1 expression was notably downregulated by specific
siRNAs or upregulated by their overexpression plasmids in HuH-7
and Hep3b cells (Figure SE,F). The scratch assay results demon-
strated the impaired migration capacity of TREMI-silenced HCC
cells (Figure 5G,H). Conversely, TREM1 upregulation increased
migration. These data indicate that TREM1 might be responsible for
HCC cell migration. The proliferation ability was then analyzed

using the CCK8 assay. As shown in Figure 7A, the viability of HuH-7
and Hep3b cells transfected with TREM1 siRNA was significantly
lower than that of the NC (negative control) group. Conversely, the
viability of Huh-7 and Hep3b cells transfected with the TREM1
overexpression plasmid was significantly greater than that of the
empty vector group. The impact of TREM1 on cell apoptosis was
also tested. Flow cytometry revealed that TREMI silencing clearly
increased the rate of apoptosis in HuH-7 and Hep3b cells, whereas
TREMI1 overexpression had the opposite effect (Figure 7B,C).

We then explored the anticarcinogenic effects of TREM1 down-
regulation in a xenograft model. HuH-7 cells stably transfected with
NC or si-TREM1 were subcutaneously injected into BALB/c-Nude
mice on the left or right side of the body. Both the tumor weight and
volume were significantly decreased in the si-TREM1 group (Figure
7D-F). qPCR and western blot analysis results revealed that,
compared with those in the NC group, both the mRNA and protein
expression levels of TREM1 were significantly lower in the tumor
tissues of mice in which TREMI was stably knocked down (Figure
7G,H). The results of immunohistochemistry also revealed a
significant reduction in Ki-67 expression in the tumor tissues of
TREMI-knockdown mice compared with those of the NC group,
indicating that the knockdown of TREM1 can drastically reduce the
proliferation of hepatocellular carcinoma cells (Figure 7).

We further investigated whether the TME could be affected by
TREM1, as shown in the bioinformatics results (Figure 6A-C).
Inflammation has long been proven to affect the immune micro-
environment in tumorigenesis. In terms of inflammatory responses,
the levels of the proinflammatory cytokines IL-1f, TNF-a, and MCP-
1 were markedly decreased by the suppression of TREM1 in HuH-7
and Hep3b cells (Figure 6D-I). Conversely, in TREM1-overexpres-
sing cells, the levels of these proinflammatory cytokines were
elevated. To assess the impacts on the immune microenvironment,
we selectively measured the changes in key cell populations in the
tumor tissue from our xenograft model via flow cytometry.
Compared with those in the NC group, the proportions of MO
macrophages and CD4+ T cells in tumor tissues changed slightly
after the knockdown of TREMI, while the proportion of M1
macrophages increased significantly (Figure 8A-F). Instead, the
proportion of Treg cells in tumor tissues in which TREM1 was
downregulated was significantly lower (Figure 8G,H). This finding
was not completely consistent with the results of the bioinformatics
analysis (Figure 6C). Considering the complexity of the TME, more
sophisticated experiments and advanced techniques are needed to
elucidate how the changes in inflammatory responses caused by
TREMI1 are responsible for alterations in the immune microenvir-
onment.

Finally, we explored the key downstream pathways affected by
TREM1 knockdown. Most previous efforts have focused on
inhibiting the NF-«B signaling pathway, which mitigates inflam-
matory responses [25,26]. However, the pathways associated with
oxidative stress have been much less investigated in HCC, not to
mention their correlation with TREM1. Therefore, we measured the
intracellular ROS levels via DCFH-DA. Consequently, significantly
increased ROS generation was observed in TREM1-silenced HuH-7
and Hep3b cells (siRNA group) compared with that in the NC group
(****P < 0.0001; Figure 9A-C). In contrast, compared with empty
vector treatment, TREM1 overexpression attenuated the production
of intracellular ROS (****P < 0.0001; Figure 9A-C). Nrf2 and Keapl
act as key mediators of oxidative stress [27]. Nrf2 activity was
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significantly lower, whereas Keapl activity was clearly greater in (**P<0.01 and ****P<0.0001, siRNA group vs si-NC group;
TREMI-knockdown HuH-7 and Hep3b cells than in control cells Figure 9D-I). The opposite results for Nrf2 and Keap1 activity were
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Figure 6. Heterogeneity in the tumor immune microenvironment between low- and high-risk patients and experimental verification of the
significance of TREM1 in tumor immunity  (A,B) Comparison of the infiltration of diverse immune components in the low- and high-risk TCGA-
LIHC subgroups. (C) Heatmap of the connections of BAAT, CD24, CD33, CD40, CD68, ITGAX, KLRB1, and TREM1 with immune infiltration. Blue,
negative connection; red, positive connection. (D-F) The levels of IL-18, TNF-o, and MCP-1 in HuH-7 cells transfected with specific siRNAs or TREM1
overexpression plasmids. (G-l) The levels of IL-1B, TNF-a, and MCP-1 in Hep3b cells transfected with specific sSiRNA or TREM1 overexpression
plasmids. ¥*P<0.05, **P<0.01 vs si-NC; ***P<0.001, ****P<0.0001 vs empty vector.
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Figure 7. The carcinogenic effects of TREM1 in vitro and in vivo (A) Viability of Hub-7 and Hep3b cells with TREM1 knockdown or over-
expression. (B) Flow cytometry showing the rate of apoptosis in TREM1-silenced or TREM1-overexpressing HCC cells. (C) Histogram summarizing
the apoptosis rate under the circumstances mentioned in (B). (D) Representative tumor tissues isolated from xenograft mice injected with HuH-7
cells stably transfected with normal control (NC) or TREM1 siRNA (si-TREM1) are shown. (E,F) The tumor weights (E) and volumes (F) are
summarized. (G,H) Relative mRNA expression (G) and protein expression (H) of TREM1 in the tumor tissues of the mice described in (D) onday 30.
() Representative immunohistochemistry images of Ki-67 expression under the same circumstances as in (D,E). A histogram summarizing the
positive staining of Ki-67 is also presented. Six mice were included in each experimental group. **P<0.01 vs NC; “P< 0.05, *P< 0.01 vs vector.
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Figure 8. TREM1 controls malignant behaviors and affects the TME of HCC  (A) Representative bioluminescent photographs of orthotopic liver
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Figure 9. TREM1 protects HCC cells against oxidative stress (A-C) The production of intracellular ROS in HuH-7 and Hep3b cells transfected
with specific siRNAs or TREM1 overexpression plasmids. Scale bar: 20 um. (D-F) Nrf2 and Keap1 expressions in HuH-7 cells transfected with a
specific siRNA or TREM1 overexpression plasmid. (G-I) Nrf2 and Keap1 expressions in Hep3b cells transfected with specific siRNAs or TREM1
overexpression plasmids. *P< 0.05, **P< 0.01, ****P < 0.0001 vs si-NC; *P< 0.05, “**P< 0.0001 vs empty vector.

Zhang et al. Acta Biochim Biophys Sin 2025



Ligand-receptor prognostic signature and TREM1-driven HCC malignancy via single-cell/bulk analysis 15

observed in TREM1-overexpressing cells (*P<0.05 and ****P<
0.0001, TREM1 group vs empty vector group; Figure 9D-I). Taken
together, these findings indicate that TREM1 has a protective role in
HCC cells against oxidative stress.

Discussion

In this study, we combined single-cell and bulk transcriptome
analysis to establish a ligand-receptor-based signature for HCC
prognostication and validated the impact of TREM1 on HCC
progression. A single-cell landscape of the multicellular ecosystem
in HCC, comprising cancer stem cells, liver stem cells, progenitor
cells, mucosal cells, CD4* T cells, CD8* cytotoxic T cells, Treg cells,
plasma cells, naive B cells, regulatory B cells, natural killer cells,
macrophages, and M1 macrophages, was first described, thus
revealing the diversity of the cellular ecosystem in HCC.

These cell populations closely interact via ligand-receptor pairs.
This work defined a ligand-receptor-based signature for HCC
prognostication composed of BAAT, CD24, CD33, CD40, CDG68,
ITGAX, KLRB1, and TREM1. HCC often presents high levels of
histological, transcriptomic, and other variations among individual
patients, leading to clinical behaviors and therapeutic responses.
For the prolongation of HCC patient survival, it is highly necessary
to consider such heterogeneity in clinical management as well as to
discover the molecular pathways that determine the differentiation
of major HCC variations. In this study, cell proliferation pathways
(E2F targets, the G2M checkpoint, and MYC targets v1) were found
to exhibit notable activation in high-risk individuals, indicating
increased proliferation levels in this population. The liver is an
extremely dynamic metabolic organ that plays a critical role in bile
acid synthesis, xenobiotic metabolism, etc. [28]. Remarkable
activation of xenobiotic metabolism and bile acid metabolism was
observed in low-risk individuals.

In addition to TREM1, there is ample evidence that other genes
with a ligand-receptor-based signature for HCC prognostication
participate in the development of HCC. For example, BAAT, which
mediates primary bile acid synthesis and bile acid conjugation, has
been proven to be overexpressed in glutamine synthetase-positive
Tsumura-Suzuki obese diabetic-derived HCC tumors [29]. CD24 has
been shown to be involved in multiple aspects of HCC [30]. On the
one hand, CD24 may result in sorafenib resistance through the
activation of autophagy in HCC [31]. On the other hand, CD24
upregulation is correlated with undesirable survival after surgical
resection [32] or adjuvant trans-arterial chemoembolization treat-
ment [33]. Moreover, CD33 is associated with an increased risk of
HCC among chronic hepatitis B-infected individuals [34]. Myeloid-
derived suppressor cells are important for immunosuppression, and
their surrogate biomarker, CD33, is related to aggressive tumor
phenotypes and short survival durations [35]. Studies have also
shown that activated CD40 can improve the immunomodulatory
ability of dendritic cells toward gastrointestinal tumors [36]. CD40
ligand-overexpressing dendritic cells are capable of inducing HCC
suppression via the activation of innate and acquired immunity
[37]. Another signature, CD38, has also been proven to participate
in immunosuppressive adenosinergic signaling, and an increased
proportion of CD38* cells within the immune microenvironment is
predictive of the anti-PD-1/PD-L1 therapeutic response in HCC [38].
Furthermore, crosstalk between CD68 and GAS6 in fibroblasts may
trigger the recruitment and polarization of macrophages in HCC
[39]. Compared with those in primary tumors, CD8* T cells in

recurrent HCC tumors appear to overexpress KLRB1 and exhibit an
innate-like low cytotoxic status [40].

The present work also provides rich evidence for how TREM1
affects HCC cells. Bioinformatics analysis revealed that high
expression of TREM1 is related to poor prognosis in patients with
HCC [41]. Previous research has reported that pharmacological
inhibition or silencing of TREMI restrains HCC cell metastasis [42]
and that silencing of TREMI in macrophages can mitigate the
migratory capacity of HCC cells [43,44]. We further observed that
TREM1 actively modulated HCC migration and proliferation,
accompanied by a decreased level of apoptosis. Similar to previous
studies, TREM1 upregulated the proinflammatory cytokines IL-1p,
TNF-0, and MCP-1 and resulted in an inflammatory response in
HCC cells [45]. TREM1 upregulated the proinflammatory cytokines
IL-1B, TNF-a, and MCP-1 and resulted in an inflammatory response
in HCC cells. There also appear to be different kinds of possible
downstream pathways of TREMI, including the positively interact-
ing inflammatory response, IL-2-STATS signaling, and TNF-a
signaling via NF-kB, and negatively interacting pathways such as
oxidative phosphorylation and bile acid metabolism. Studies have
shown that TREMI knockdown inhibits the NF-«kB signaling
pathway to attenuate inflammatory responses [25,26]. We focused
on the less investigated pathways related to oxidative stress. We
discovered that upregulation of TREM1 helps HCC cells fight against
oxidative stress by lowering intracellular ROS generation and
mediating Nrf2/Keapl signaling. Therefore, HCC cells with high
levels of TREM1 may continue to thrive and become a serious threat
to neighboring healthy tissues.

Currently, increasing attention is being given to changes in the
tumor microenvironment (TME) for cancer treatment. The TME
comprises mainly tumor cells, their surrounding immune and
inflammatory cells, and other cellular and non-cellular components.
Immune infiltration is essential for the heterogeneity of the TME,
which may lead to the formation of well-known tumor-infiltrating
lymphocytes (TILs) that play a critical role in antitumor immunity
[46]. However, long-term inflammation can also give rise to tertiary
lymphoid structures (TLSs), a double-edged sword in tumorigenesis
and metastasis [47]. Therefore, unravelling how these components,
especially the immune microenvironment, may react in cancers,
including HCC, is highly important. Previous research has reported
the enrichment of central memory T cells (TCMs) in early tertiary
lymphoid structures (E-TLSs) in HCC and assessed the relationships
between chronic HBV/HCV infection and T-cell infiltration and
exhaustion [11]. In addition to bioinformatics analysis of the
heterogeneity of the immune microenvironment between patients
in two risk groups, our present work also investigated the impact of
TREMI1 on key cell populations in the tumor tissue of a xenograft
model. Traditionally, a significant increase in the proportion of M1
macrophages may represent increased proinflammatory responses
[48]. However, we cannot exclude the possibility that the M2 type
would also increase, thus breaking the M1/M2 balance to induce
anti-inflammatory responses as a result. Moreover, the number of
Treg cells dramatically decreased in tumor tissue with TREMI
knockdown. According to previous studies [49], this may thus
enhance antitumor immune responses. Considering the complexity
and dynamicity of the immune microenvironment, many more
explorations are worth performing in the future, from the bench to
the bedside.

Despite the breadth of our findings, there are certain limitations in
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this work. For example, there are currently many models for HCC
with much higher AUC values. However, few studies have
combined single-cell and bulk RNA sequencing data. Additionally,
the marker genes in those studies appear to share more narrowly
defined functions, such as autophagy [50], cuproptosis [51] and T-
cell depletion [52]. Our present research screened out marker genes
by establishing a rather general network, although the AUC values
were relatively unsatisfactory. In addition, in-depth experiments are
still needed to further prove the importance of TREM1 in HCC
pathogenesis. Finally, real-world validation of the prognostic value
of TREM1 expression is relatively lacking, although a previous
study revealed that high TREMI1 expression is significantly
correlated with increased recurrence and poorer survival in HCC
patients [45]. We also plan to test both the prognostic and treatment
value of TREM1 in our clinical cohorts in the future.

Overall, this work depicted the single-cell landscape of the HCC
ecosystem and proposed a ligand-receptor-based signature for HCC
prognostication on the basis of single-cell and bulk expression
analysis. Through experimental verification, we demonstrated that
TREM1 may play a crucial role in controlling the malignant
behaviors of HCC cells and may be a potential therapeutic target.

Supplementary Data
Supplementary data is available at Acta Biochimica et Biophysica
Sinica online.

Funding

This work was supported by the grant from the Clinical Research
Center for Hepatopathy and Intestinal Diseases of Fujian Province
(No. 2023GBYJ-YL-1).

Conflict of Interest
The authors declare that they have no conflict of interest.

References

1. Zhu Y, Chen M, Xu D, Li TE, Zhang Z, Li JH, Wang XY, et al. The
combination of PD-1 blockade with interferon-a has a synergistic effect on
hepatocellular carcinoma. Cell Mol Immunol 2022, 19: 726-737

2. Qin S, BiF, Gu S, Bai Y, Chen Z, Wang Z, Ying J, et al. Donafenib versus
sorafenib in first-line treatment of unresectable or metastatic hepatocel-
lular carcinoma: a randomized, open-label, parallel-controlled phase II-III
trial. J Clin Oncol 2021, 39: 3002-3011

3. Nair A, Reece K, Donoghue MB, Yuan WV, Rodriguez L, Keegan P, Pazdur
R. FDA supplemental approval summary: lenvatinib for the treatment of
unresectable hepatocellular carcinoma. Oncologist 2021, 26: e484-e491

4. Kang YK, Chen LT, Ryu MH, Oh DY, Oh SC, Chung HC, Lee KW, et al.
Nivolumab plus chemotherapy versus placebo plus chemotherapy in
patients with HER2-negative, untreated, unresectable advanced or
recurrent gastric or gastro-oesophageal junction cancer (ATTRACTION-
4): a randomised, multicentre, double-blind, placebo-controlled, phase 3
trial. Lancet Oncol 2022, 23: 234-247

5. Schneider KM, Mohs A, Gui W, Galvez EJC, Candels LS, Hoenicke L,
Muthukumarasamy U, et al. Imbalanced gut microbiota fuels hepatocel-
lular carcinoma development by shaping the hepatic inflammatory
microenvironment. Nat Commun 2022, 13: 3964

6. LiuY, Zhuo S, Zhou Y, Ma L, Sun Z, Wu X, Wang XW, et al. Yap-Sox9
signaling determines hepatocyte plasticity and lineage-specific hepato-
carcinogenesis. J Hepatol 2022, 76: 652-664

7. Joanito I, Wirapati P, Zhao N, Nawaz Z, Yeo G, Lee F, Eng CLP, et al.

Zhang et al. Acta Biochim Biophys Sin 2025

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Single-cell and bulk transcriptome sequencing identifies two epithelial
tumor cell states and refines the consensus molecular classification of
colorectal cancer. Nat Genet 2022, 54: 963-975

Ho DWH, Tsui YM, Chan LK, Sze KMF, Zhang X, Cheu JWS, Chiu YT, et
al. Single-cell RNA sequencing shows the immunosuppressive landscape
and tumor heterogeneity of HBV-associated hepatocellular carcinoma. Nat
Commun 2021, 12: 3684

Zhou L, Yu KH, Wong TL, Zhang Z, Chan CH, Loong JH, Che N, et al.
Lineage tracing and single-cell analysis reveal proliferative Proml+
tumour-propagating cells and their dynamic cellular transition during
liver cancer progression. Gut 2022, 71: 1656-1668

Ho DWH, Tsui YM, Sze KMF, Chan LK, Cheung TT, Lee E, Sham PC, et al.
Single-cell transcriptomics reveals the landscape of intra-tumoral hetero-
geneity and stemness-related subpopulations in liver cancer. Cancer Lett
2019, 459: 176-185

Lu Y, Yang A, Quan C, Pan Y, Zhang H, Li Y, Gao C, et al. A single-cell
atlas of the multicellular ecosystem of primary and metastatic hepatocel-
lular carcinoma. Nat Commun 2022, 13: 4594

Lun ATL, Riesenfeld S, Andrews T, Dao TP, Gomes T, Marioni JC.
EmptyDrops: Distinguishing cells from empty droplets in droplet-based
single-cell RNA sequencing data. Genome Biol 2019, 20: 63

McCarthy DJ, Campbell KR, Lun ATL, Wills QF, Hofacker I. Scater: pre-
processing, quality control, normalization and visualization of single-cell
RNA-seq data in R. Bioinformatics 2017, 33: 1179-1186

Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating single-cell
transcriptomic data across different conditions, technologies, and species.
Nat Biotechnol 2018, 36: 411-420

Becht E, McInnes L, Healy J, Dutertre CA, Kwok IWH, Ng LG, Ginhoux F,
et al. Dimensionality reduction for visualizing single-cell data using
UMAP. Nat Biotechnol 2019, 37: 38-44

Hu C, Li T, Xu Y, Zhang X, Li F, Bai J, Chen J, et al. CellMarker 2.0: An
updated database of manually curated cell markers in human/mouse and
web tools based on scRNA-seq data. Nucleic Acids Res 2023, 51: D870~
D876

Qiu X, Mao Q, Tang Y, Wang L, Chawla R, Pliner HA, Trapnell C.
Reversed graph embedding resolves complex single-cell trajectories. Nat
Methods 2017, 14: 979-982

Kowalczyk MS, Tirosh I, Heckl D, Rao TN, Dixit A, Haas BJ, Schneider
RK, et al. Single-cell RNA-seq reveals changes in cell cycle and
differentiation programs upon aging of hematopoietic stem cells. Genome
Res 2015, 25: 1860-1872

Ramilowski JA, Goldberg T, Harshbarger J, Kloppmann E, Lizio M,
Satagopam VP, Itoh M, et al. A draft network of ligand-receptor-mediated
multicellular signalling in human. Nat Commun 2015, 6: 7866

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin N,
et al. Cytoscape: a software environment for integrated models of
biomolecular interaction networks. Genome Res 2003, 13: 2498-2504
Engebretsen S, Bohlin J. Statistical predictions with glmnet. Clin Epigenet
2019, 11: 123

Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M, Mesirov JP, Tamayo
P. The molecular signatures database hallmark gene set collection. Cell
Syst 2015, 1: 417-425

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, Paulovich A, et al. Gene set enrichment analysis: a knowledge-based
approach for interpreting genome-wide expression profiles. Proc Natl
Acad Sci USA 2005, 102: 15545-15550

Hanzelmann S, Castelo R, Guinney J. GSVA: Gene set variation analysis
for microarray and RNA-Seq data. BMC BioInf 2013, 14: 7

Nguyen TTT, Yoon HK, Kim YT, Choi YH, Lee WK, Jin M. Tryptophanyl-


https://doi.org/10.1038/s41423-022-00848-3
https://doi.org/10.1200/JCO.21.00163
https://doi.org/10.1002/onco.13566
https://doi.org/10.1016/S1470-2045(21)00692-6
https://doi.org/10.1038/s41467-022-31312-5
https://doi.org/10.1016/j.jhep.2021.11.010
https://doi.org/10.1038/s41588-022-01100-4
https://doi.org/10.1038/s41467-021-24010-1
https://doi.org/10.1038/s41467-021-24010-1
https://doi.org/10.1136/gutjnl-2021-324321
https://doi.org/10.1016/j.canlet.2019.06.002
https://doi.org/10.1038/s41467-022-32283-3
https://doi.org/10.1186/s13059-019-1662-y
https://doi.org/10.1093/bioinformatics/btw777
https://doi.org/10.1038/nbt.4096
https://doi.org/10.1038/nbt.4314
https://doi.org/10.1093/nar/gkac947
https://doi.org/10.1038/nmeth.4402
https://doi.org/10.1038/nmeth.4402
https://doi.org/10.1101/gr.192237.115
https://doi.org/10.1101/gr.192237.115
https://doi.org/10.1038/ncomms8866
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1186/s13148-019-0730-1
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1186/1471-2105-14-7

Ligand-receptor prognostic signature and TREM1-driven HCC malignancy via single-cell/bulk analysis 17

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

tRNA synthetase 1 signals activate TREM-1 via TLR2 and TLR4.
Biomolecules 2020, 10: 1283

Zhang J, Jiang H, Li M, Ding L. Knockdown of triggering receptor
expressed on myeloid cells 1 (TREM1) inhibits endoplasmic reticulum
stress and reduces extracellular matrix degradation and the apoptosis of
human nucleus pulposus cells. Exp Ther Med 2022, 24: 607

Yang J, Hua Z, Zheng Z, Ma X, Zhu L, Li Y. Acteoside inhibits high
glucose-induced oxidative stress injury in RPE cells and the outer retina
through the Keap1/Nrf2/ARE pathway. Exp Eye Res 2023, 232: 109496
He F, Antonucci L, Yamachika S, Zhang Z, Taniguchi K, Umemura A,
Hatzivassiliou G, et al. NRF2 activates growth factor genes and down-
stream AKT signaling to induce mouse and human hepatomegaly. J
Hepatol 2020, 72: 1182-1195

Takahashi T, Deuschle U, Taira S, Nishida T, Fujimoto M, Hijikata T,
Tsuneyama K. Tsumura-Suzuki obese diabetic mice-derived hepatic
tumors closely resemble human hepatocellular carcinomas in metabo-
lism-related genes expression and bile acid accumulation. Hepatol Int
2018, 12: 254-261

Huang LR, Hsu HC: Cloning and expression of CD24 gene in human
hepatocellular carcinoma: a potential early tumor marker gene correlates
with p53 mutation and tumor differentiation. Cancer Res 1995, 55: 4717~
4721

LuS, Yao Y, Xu G, Zhou C, Zhang Y, Sun J, Jiang R, et al. CD24 regulates
sorafenib resistance via activating autophagy in hepatocellular carcinoma.
Cell Death Dis 2018, 9: 646

Yang XR, Xu Y, Yu B, Zhou J, Li JC, Qiu SJ, Shi YH, et al. CD24 is a novel
predictor for poor prognosis of hepatocellular carcinoma after surgery.
Clin Cancer Res 2009, 15: 5518-5527

Wei X, Zhao L, Ren R, Ji F, Xue S, Zhang J, Liu Z, et al. MiR-125b loss
activated HIF1a/pAKT loop, leading to transarterial chemoembolization
resistance in hepatocellular carcinoma. Hepatology 2021, 73: 1381-1398
Tsai TY, Huang MT, Sung PS, Peng CY, Tao MH, Yang HI, Chang WC, et
al. SIGLEC-3 (CD33) serves as an immune checkpoint receptor for HBV
infection. J Clin Invest 2021, 131: 141965

Liu M, Zhou J, Liu X, Feng Y, Yang W, Wu F, Cheung OKW, et al.
Targeting monocyte-intrinsic enhancer reprogramming improves immu-
notherapy efficacy in hepatocellular carcinoma. Gut 2020, 69: 365-379
Sadeghlar F, Vogt A, Mohr RU, Mahn R, van Beekum K, Kornek M,
Weismiiller TJ, et al. Induction of cytotoxic effector cells towards
cholangiocellular, pancreatic, and colorectal tumor cells by activation of
the immune checkpoint CD40/CD40L on dendritic cells. Cancer Immunol
Immunother 2021, 70: 1451-1464

Gonzalez-Carmona MA, Lukacs-Kornek V, Timmerman A, Shabani S,
Kornek M, Vogt A, Yildiz Y, et al. CD40ligand-expressing dendritic cells
induce regression of hepatocellular carcinoma by activating innate and
acquired immunity in vivo. Hepatology 2008, 48: 157-168

Ng HHM, Lee RY, Goh S, Tay ISY, Lim X, Lee B, Chew V, et al.
Immunohistochemical scoring of CD38 in the tumor microenvironment
predicts responsiveness to anti-PD-1/PD-L1 immunotherapy in hepato-

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

cellular carcinoma. J Immunother Cancer 2020, 8: e000987

Yang F, Wei Y, Han D, Li Y, Shi S, Jiao D, Wu J, et al. Interaction with
CD68 and regulation of GAS6 expression by endosialin in fibroblasts
drives recruitment and polarization of macrophages in hepatocellular
carcinoma. Cancer Res 2020, 80: 3892-3905

Sun 'Y, Wu L, Zhong Y, Zhou K, Hou Y, Wang Z, Zhang Z, et al. Single-cell
landscape of the ecosystem in early-relapse hepatocellular carcinoma. Cell
2021, 184: 404-421.e16

Wu X, Cai B, Lu W, Fu Y, Wei B, Niu Q, Su Z, et al. HBV upregulated
triggering receptor expressed on myeloid cells-1 (TREM-1) expression on
monocytes participated in disease progression through NF-Kb pathway.
Clin Immunol 2021, 223: 108650

Ren L, Qiao G, Zhang S, Zhang Z, Lv S. Pharmacological inhibition or
silencing of TREM1 restrains HCC cell metastasis by inactivating TLR/
PI3K/AKT signaling. Cell Biochem Biophys 2024, 82: 2673-2685

Chen M, Lai R, Lin X, Chen W, Wu H, Zheng Q. Downregulation of
triggering receptor expressed on myeloid cells 1 inhibits invasion and
migration of liver cancer cells by mediating macrophage polarization.
Oncol Rep 2021, 45: 37

Huang S, He L, Zhao Y, Wei Y, Wang Q, Gao Y, Jiang X. TREM1+ tumor-
associated macrophages secrete CCL7 to promote hepatocellular carcino-
ma metastasis. J Cancer Res Clin Oncol 2024, 150: 320

Duan M, Wang ZC, Wang XY, Shi JY, Yang LX, Ding ZB, Gao Q, et al.
TREM-1, an inflammatory modulator, is expressed in hepatocellular
carcinoma cells and significantly promotes tumor progression. Ann Surg
Oncol 2015, 22: 3121-3129

Brummel K, Eerkens AL, de Bruyn M, Nijman HW. Tumour-infiltrating
lymphocytes: From prognosis to treatment selection. Br J Cancer 2023,
128: 451-458

Le J, Kulatheepan Y, Jeyaseelan S. Role of toll-like receptors and nod-like
receptors in acute lung infection. Front Immunol 2023, 14: 1147480
Mosser DM, Hamidzadeh K, Goncalves R. Macrophages and the
maintenance of homeostasis. Cell Mol Immunol 2021, 18: 579-587

Wu X, Zhou Z, Cao Q, Chen Y, Gong J, Zhang Q, Qiang Y, et al.
Reprogramming of Treg cells in the inflammatory microenvironment
during immunotherapy: a literature review. Front Immunol 2023, 14:
1268188

Shen S, Wang R, Qiu H, Li C, Wang J, Xue J, Tang Q. Development of an
autophagy-based and stemness-correlated prognostic model for hepato-
cellular carcinoma using bulk and single-cell RNA-sequencing. Front Cell
Dev Biol 2021, 9: 743910

Yang C, Guo Y, Wu Z, Huang J, Xiang B. Comprehensive analysis of
cuproptosis-related genes in prognosis and immune infiltration of
hepatocellular carcinoma based on bulk and single-cell RNA sequencing
data. Cancers 2022, 14: 5713

Chi H, Zhao S, Yang J, Gao X, Peng G, Zhang J, Xie X, et al. T-cell
exhaustion signatures characterize the immune landscape and predict
HCC prognosis via integrating single-cell RNA-seq and bulk RNA-
sequencing. Front Immunol 2023, 14: 1137025

Zhang et al. Acta Biochim Biophys Sin 2025


https://doi.org/10.3390/biom10091283
https://doi.org/10.3892/etm.2022.11544
https://doi.org/10.1016/j.exer.2023.109496
https://doi.org/10.1016/j.jhep.2020.01.023
https://doi.org/10.1016/j.jhep.2020.01.023
https://doi.org/10.1007/s12072-018-9860-3
https://pubmed.ncbi.nlm.nih.gov/7553654/
https://doi.org/10.1038/s41419-018-0681-z
https://doi.org/10.1158/1078-0432.CCR-09-0151
https://doi.org/10.1002/hep.31448
https://doi.org/10.1172/JCI141965
https://doi.org/10.1136/gutjnl-2018-317257
https://doi.org/10.1007/s00262-020-02746-x
https://doi.org/10.1007/s00262-020-02746-x
https://doi.org/10.1002/hep.22296
https://doi.org/10.1136/jitc-2020-000987
https://doi.org/10.1158/0008-5472.CAN-19-2691
https://doi.org/10.1016/j.cell.2020.11.041
https://doi.org/10.1016/j.clim.2020.108650
https://doi.org/10.1007/s12013-024-01377-8
https://doi.org/10.3892/or.2021.7988
https://doi.org/10.1007/s00432-024-05831-1
https://doi.org/10.1245/s10434-014-4191-7
https://doi.org/10.1245/s10434-014-4191-7
https://doi.org/10.1038/s41416-022-02119-4
https://doi.org/10.3389/fimmu.2023.1249098
https://doi.org/10.1038/s41423-020-00541-3
https://doi.org/10.3389/fimmu.2023.1268188
https://doi.org/10.3389/fcell.2021.743910
https://doi.org/10.3389/fcell.2021.743910
https://doi.org/10.3390/cancers14225713
https://doi.org/10.3389/fimmu.2023.1137025

	Single-cell and bulk transcriptome analysis unveils a �ligand-receptor-based signature for prognostication and reveals that TREM1 controls the malignant behaviors of hepatocellular carcinoma
	Introduction
	Materials and Methods
	Single-cell and bulk RNA-seq data acquisition
	Quality control and preprocessing
	Data normalization
	Cell clustering, annotation, and marker gene identification
	Trajectory analysis
	Cell cycle analysis
	Ligand-receptor network analysis
	Least absolute shrinkage and selection operator (LASSO) analysis
	Gene set enrichment analysis (GSEA) or single-sample GSEA (ssGSEA)
	Cell culture and transfection
	Real-time reverse transcription polymerase chain reaction (qRT-PCR)
	Scratch assay
	Reactive oxygen species (ROS) measurement
	Immunoblotting
	Xenograft assay
	Establishment of an orthotopic liver cancer mouse model
	Flow cytometry
	CCK-8 assay
	Immunohistochemistry
	Transwell assay
	Statistical analysis

	Results
	A single-cell atlas of the multicellular ecosystem in HCC
	Cell cycle distribution and trajectory analysis of key cell populations
	Establishment of a novel HCC prognostic model based on ligand-receptor-mediated multicellular network
	Functional assessments of the ligand-receptor-based model of HCC
	TREM1 controls malignant behaviors and affects the TME of HCC

	Discussion


