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Abstract
Hepatocellular carcinoma is a common pathologic and histologic subtype of 
primary liver cancer and a common cause of cancer-related death. The tumor 
microenvironment (TME) is involved in the composition and deterioration of the cancer 
pathological environment and thus understanding the components of the TME of 
hepatocellular carcinoma and the mechanisms involved will aid in the development 
of strategies for inhibiting hepatocellular carcinoma progression and metastasis. 
The spatial transcriptomic data were used to uncover specific cell subclusters 
based on Seurat’s process, followed using Monocle to perform pseudotemporal 
analysis. Spatial gene pathways were analyzed using the gene set variation analysis 
(GSVA) package process, and single-cell sequencing data were processed using 
Seurat. Gene sets were scored using the AddModuleScore approach. Quantitative 
polymerase chain reaction and immunohistochemistry as well as molecular docking 
assays were used to determine the biological effects of S100A6. The tumor tissue 
region revealed a specific subpopulation called cluster 4, which was rich in cancer-
associated fibroblasts, particularly myofibroblasts. GSVA analysis suggested that this 
subpopulation was involved in the epithelial-mesenchymal transition process, and 
Kyoto Encyclopedia of Genes and Genomes analysis uncovered its involvement in 
the composition of extracellular matrix components. Pathological sections of the 
spatial transcriptome revealed that this subpopulation was specifically expressed 
at the tumor’s broad envelope boundary and in stroma-rich locations, as confirmed 
with subsequent sections. The most prognostically relevant gene, S100A6, was 
detected using TCGA sequencing, and expression patterns and tissue locations 
were consistent with the similar trends of this subpopulation. In conclusion, we 
identified subgroups with tissue-specific expression patterns and marker genes that 
are most substantially associated with cancer prognosis, allowing us to gain a more 
comprehensive understanding of the intricate compositional alterations in the TME.

Keywords: Spatial transcriptome; Hepatocellular carcinoma; Multidimensional integrated 
analysis; S100A6

1. Introduction
The majority of primary liver malignancies can be histologically classified as 
hepatocellular carcinoma, which contributes to most of the cancer-related mortalities 
globally. Hepatocellular carcinoma has a rather bad prognosis since it has a great 
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potential to recur and spread, which contributes to its poor 
prognosis. The American Cancer Society projects that 
hepatocellular carcinoma will cause 29,380 deaths in the 
United States by 2023.1

Cancer growth is defined as a process of ongoing 
evolution of tumor and persistent alterations in response 
to external factors.2 This involves the dynamic interaction 
between cancer cells and tumor microenvironment (TME), 
which consists of all non-cancerous cells of the tumor 
with a high concentration of fibroblasts, endothelial cells, 
immune cells, cytokines, and other components.3,4 Cancer-
associated fibroblasts (CAFs) can modify the extracellular 
matrix (ECM) in the TME and support tumor progression 
through the secretion of different growth factors, 
chemokines, and cytokines.5 Given the specific expression 
and heterogeneity of marker genes owned by CAFs across 
various tumor types, their biological significance warrants 
further investigations.6-8

The recent advancements in single-cell and spatial 
transcriptome technologies have enabled us to explore 
TME in diverse dimensions of tissue regions and cell 
subclusters.9,10 A previous study has shown that spatial 
transcriptomes are useful for colorectal cancer research.11 
The present study seeks to identify unique CAF subclusters 
in the liver cancer TME by means of spatial transcriptomics 
and to validate findings using multidimensional multiomics 
data to provide new insights for targeted therapy in liver 
cancer.

2. Materials and methods

2.1. Tissue sectioning and data collection

To investigate the changes in spatial transcriptomes of 
genes in pathological tissue, we first collected data from 
published literature12,13 of pathological tissue section 
samples from one patient (HCC1), including normal 
tissue (HCC1-N), tumor tissue with an intact envelope 
(HCC1-L), and tumor tissue sections with an incomplete 
envelope (HCC1-T). We also gathered additional 
transcriptomic data14 to confirm our findings. The liver 
cancer cohort we utilized was collected from TCGA-LIHC 
and is available for download through the UCSC XENA 
website (https://xena.ucsc.edu/). RNA sequences of single 
cells can be obtained from the TISCH website (tisch.comp-
genomics.org/).15

2.2. Spatial transcriptomic data quality control and 
microenvironment identification in tissue regions

According to the Seurat package’s procedure,16 we 
first performed a quality-control check on the spatial 
transcriptome to eliminate spots that were not in the 

tissue section region and then on the regions with high 
mitochondrial expression before conducting a principal 
component analysis and visualizing them using UMAP 
plots. Using the SPARK package,17 genes with spatially 
high expression patterns were employed as a means for 
distinguishing between malignant and normal tissues. We 
measured the cellular composition of distinct locations 
based on the collection of marker genes (see “Signature 
genes” in Table A1) to better understand the TME.

2.3. Tumor regional subgroup clustering analysis 
and microenvironmental mapping identification

We re-clustered the tumor locations, collected data 
for scale, performed an analysis with the function 
RUNPCA, and then used UMAP and T-SNE to display 
our subgroup distribution. The tool FindAllMarkers was 
used to determine the top five highly variable genes of the 
subgroup, and violin plots were used to display the marker 
genes of certain cells, such as inflammatory CAFs (iCAFs) 
and myofibroblastic CAFs (myoCAFs).

2.4. Pseudotime series analysis of tumor tissue 
development

The Monocle package18 was used to conduct pseudotime 
analysis of sub-tumor tissue areas to explore the 
differentiation of distinct subgroups through time, with a 
focus on the expression patterns of highly variable genes 
and marker genes linked with the epithelial-mesenchymal 
transition (EMT) process.

2.5. Analysis of spatial gene enrichment pathways 
and biological pathways

Using the gene set variation analysis (GSVA) package’s 
ssGSEA method,19 we investigated the highly active 
signaling pathways in the tumor location. Furthermore, 
using the Sanger Assistant website (http://vip.sangerbox.
com/essay.html), we performed Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analysis of the gene set 
function and mapped the gene coordinates identified from 
tissue sections to a two-dimensional coordinate system 
using the function SpatialPlot (“Sequencing coordinate” 
Supplementary File).

2.6. Scoring and multidimensional joint validation 
of TME-enriched gene sets

We identified cluster 4 as a subgroup enriched in active 
TME and obtained a set of 56 genes by searching for high-
variance genes in cluster 4 and adjusting the absolute value 
of log2FC to be >1 and the P-value to be <0.01, which 
we termed the “spatial tumor microenvironment gene 
set” (STME). Using the AddModuleScore function of the 
Seurat package, we scored the gene set in additional slices 
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to confirm our findings. We mapped gene sets to single-
cell datasets by TISCH, one with the immune-treated 
GSE125449 dataset and the other without GSE16635.

2.7. Identification of TME-related genes with 
differential prognosis and spatial expression patterns

Survival curves and receiver operating characteristic (ROC) 
curves were generated using the survival package and the 
survminer package (https://www.bioconductor.org/). 
Univariate Cox analysis was used to identify prognosis-
related genes. Intersection with differential genes was used 
to calculate the correlation between genes, and finally, the 
most significant gene, S100A6, was identified and displayed 
using the SpatialFeaturePlot function.

2.8. Quantitative reverse-transcription polymerase 
chain reaction (qRT-PCR)

Human hepatocellular carcinoma cell lines (Huh-7, 
HepG2, MHCC-97L) and human normal hepatocyte lines 
(LO-2) were purchased from Platzer Biologics. Trizol 
(500 μL) was added to the cell or tissue sample. A  total 
of 100 μL chloroform were added to a 1.5 mL Eppendorf 
tube spiked with Trizol, shaken for mixing, and then let to 
stand for 5 min before centrifugation at 4°C for 10 min at 
12,000  rpm. The upper colorless and clear aqueous layer 
were aspirated from the spun tube and transferred into 
another clean 1.5 mL Eppendorf tube. An equal volume of 
isopropanol was added, followed by mixing through gentle 
inversion of the tube. The tube was left to stand for 10 min 
before centrifugation at 4°C for 10 min at 12,000 rpm. After 
centrifugation, a gelatinous precipitate was seen on the 
wall or bottom of the tube; the supernatant was removed 
carefully and the pellet was kept for further experiments. 
On washing with 1 mL of 75% ethanol (in DEPC-treated 
water preparation), the RNA pellet was then centrifuged 
at 4°C and 7000  rpm for 5  min; after the centrifugation 
process, the supernatant was removed as much as 
possible. Twenty-five microliter of DEPC-treated water 
was added to all tubes to fully dissolve the RNA; the RNA 
solution samples were then stored at −80°C. The reverse 
transcription reaction solution was prepared separately, 
and the cDNA was immediately experimented synthesized 
and then stored at 4°C. The S100A6 primer sequences are 
as follows: forward, 5’-CTGACTTCAACAGCGACACC-3’ 
and reverse, 5’-GTGGTCCAGGGGTCTTACTC-3’. 
GAPDH was used as a standardized control gene. The 
GAPDH primer sequences are as follows: forward, 
5’-AGCAGACATTGACCTCACCA-3’ and reverse, 
5’-CCTCTATGGGCCCGAATCTT-3’. The melting 
amplification curves of the experiments and the raw data of 
the experiments are presented in the Supplementary File.

2.9. Immunohistochemistry and molecular docking 
experiments

Immunohistochemistry images were acquired from the 
Human Protein Atlas database (https://www.proteinatlas.
org/). The antibody numbers used are Antibody CAB040549 
and Antibody CAB002601. To assess the binding energies 
and interaction patterns between drug candidates/small 
molecules and their targets, information about their 
molecular structures was obtained from PubChem (https://
pubchem.ncbi.nlm.nih.gov/). 3D coordinates of the S100A6 
protein and the drug sorafenib were downloaded from the 
protein database (http://www.rcsb.org/). We first prepared 
the protein and ligand files by converting all protein and 
molecule files to PDBQT format, removing all water 
molecules, and adding polar hydrogen atoms in silico. The 
grid boxes were centered to cover the structural domains of 
each protein and to accommodate free molecular motion. 
The docking pocket was set as a 30 Å × 30 Å × 30 Å square 
pocket with a grid point distance of 0.05  nm. Molecular 
docking studies were performed by Autodock Vina 1.2.2 
(http://autodock.scripps.edu/) for model visualization.

2.10. Statistical analysis

All statistical analyses were performed using R language 
version  4.2.0, and P < 0.05 were deemed statistically 
significant for all comparisons.

3. Results

3.1. Landscape of the microenvironment in the 
tumor tissue region

We performed a quality control check on sections of 
HCC1-L patients with intact tumor envelope areas, 
which were observed to have high characteristics in the 
tumor region, and a preliminary descending grouping 
into four subgroups (Figure  1A). The SPARK package 
found differentially expressed genes with significant 
spatial patterns of regional expression. APOE, CRP, 
and other cancer-related genes were also identified 
(Figure  1B). Sections of tumor tissue and normal tissue 
were distinguished and separately visualized in terms of 
area annotation (Figure  1C). When tumor and normal 
tissue were scored for cell content using specific gene 
sets, we discovered that tumor tissue contained much 
larger amounts of immune cells than normal tissue, 
particularly CD4+ and CD8+ T cells, among others. 
Furthermore, we found that the tumor tissue had more 
M1-type macrophages than the normal tissue (Figure 1D). 
The main function of M1 macrophages is to phagocytose 
tumor cells, whereas anti-inflammatory M2 macrophages, 
such as tumor-associated macrophages, promote tumor 
growth and invasion.20
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3.2. Identification of a subpopulation of spots rich 
in TME

We produced six spot subgroups by clustering the tumor area 
again, and their distribution is displayed in the image, with 
cluster 4 being enriched in the boundary region of the tumor 
(Figure 2A). Similarly, we assessed the cellular enrichment of 

the subgroups and discovered that cluster 4 was enriched in 
myCAFs and iCAFs, as well as macrophages, cell types which 
are associated with cancer spread and immune response 
(Figure 2B). The heat map depicts the highly variable marker 
genes in each subpopulation, where cluster 4 exhibited a high 
expression of myCAF marker genes ACTA2, COL1A1, and 
other fibroblast marker genes, and we used violin plots to 

Figure 1. Spatial transcriptomic data quality control and spot cell subpopulation annotation. (A) Quality control and preliminary dimensionality reduction 
clustering of spatial transcriptomic data. (B) Expression regions of spatially highly variable genes such as APOE, CRP, and APOA1. (C) Spatial annotation 
of pathological tissue sections. (D) Visualization of cell types based on signature score.
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better analyze the expression patterns of each marker gene 
in the subpopulation (Figure 2C and D). Our findings show 
that cluster 4, which is linked with fibroblasts, may have a 
role in cancer dissemination and progression.

3.3. Temporally distinct marker gene expression 
trends revealed by pseudotime series analysis

The developmental trajectory of the subgroup was 
revealed by pseudotemporal analysis, and we discovered 

that the previously identified cluster 4 was at the most 
advanced stage of development, demonstrating the 
higher degree of malignancy of cluster 4 and being more 
consistent with previous findings (Figure  3A and B). 
Furthermore, we discovered that the myCAF cell marker 
gene CDH11 and other genes connected to EMT were all 
strongly expressed in cluster 4 and steadily increased over 
time (Figure  3C-E). This is also supported by the heat 
map results (Figure 3F).

Figure 2. Tumor microenvironment and highly variable genes in tumor subclusters. (A) Results of regional re-clustering of tumor tissues. (B) Map of 
differences in cell content among different subgroups located in the tumor area. (C) Top five significant marker genes for each subgroup of tumors. 
(D) Visualization of marker gene expression in myofibroblasts and immune-associated fibroblasts.
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3.4. Analysis of pathways and functionally active 
spatial gene sets

We discovered that oxidative stress was prevalent in the 
overall region, but the MYC pathway and the angiogenic 
pathway were more active in cluster 4, indicating that 
cluster 4 has an important role in tumor spreading 
(Figure  4A). Furthermore, we represented the route 
activity as two-dimensional coordinates by substituting 

the coordinate information with the original position 
of the section, and these pathways were likewise 
enriched in the tumor’s marginal envelope region with 
the maximum overlap with the position of cluster 4 
(Figure 4B-D). KEGG analysis revealed four subgroups 
of gene enrichment pathways where ECM-receptor 
interaction pathway (Figure 4E), lending credence to our 
conclusion.

Figure 3. Temporal differentiation trajectory of tumor tissue subclusters. (A and B) The order of the developmental differentiation trajectory of subclusters 
over time, with cluster 4 positioned at a late stage. (C-E) Trends in the expression of CDH11, RGS5, ACTA2, and other signature proteins in various 
subgroups over time. (F) Heat map of highly variable gene expression.
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3.5. Integration of different dimensions of 
histological data to validate cell types and 
enrichment regions determined by gene sets

By defining log2FC with absolute values larger than 1 and 
P < 0.01, we established a group of genes most substantially 
related with cluster 4 called STME. We discovered 
that the genes were more commonly expressed among 

fibroblastic tissues by scoring normal sections and tumor 
sections with unclear tumor areas from the same patient 
(Figure 5A and B). Furthermore, by evaluating the single-cell 
dataset, we found that our gene ensemble was enriched in 
fibroblasts, consistent with the spatial transcriptome findings, 
and in the immunotherapy dataset, patients receiving PDL1 
immunotherapy had lower gene scores (Figure 5C and D).

Figure  4. Analysis of gene function and biological pathway enrichment and activity. (A) Spatial gene set variation analysis, where MYC pathway 
and epithelial-mesenchymal transition pathway were significant in cluster 4. (B-D) Mapping the degree of variation in spatial signaling pathways by 
transforming spatial tissue slice information through a two-dimensional coordinate system. (E) Analysis of the Kyoto Encyclopedia of Genes and Genomes 
pathway in cluster 4.

d

c

b

a

e

https://dx.doi.org/10.36922/cp.1917


Cancer Plus Research from a spatial transcriptome perspective

Volume 5 Issue 4 (2023)	 8� doi: 10.36922/cp.1917

3.6. Identification of prognosis-related STME genes 
and expression patterns

In the TCGA cohort, we identified genes associated 
with prognosis through univariate Cox analysis of the 
STME gene set, and we demonstrated with ROC curves 
and survival curves that the scores could be used to 
evaluate the overall survival of patients: the higher the 
score, the shorter the survival of patients. In addition, 
the ROC curves indicated a higher efficacy of our 
gene set (Figure  6A, B, D, and E). S100A6 was strongly 
correlated with the TME score in the TCGA cohort 
(Figure  6F-I), and to confirm the expression pattern of 

S100A6 gene, we selected additional sections to visualize 
its expression region in additional patients, and it was 
evident that S100A6 was significantly expressed in the 
marginal region of the tumor and in the fibroblastic tissue 
(Figure 6C, J, and K). Therefore, S100A6 may serve as a 
marker gene for activated fibroblasts and cancer regions.

3.7. Biological experimental validation and 
molecular docking analysis

To assess the true expression differences of S100A6, 
we performed immunohistochemical experiments for 
analysis. Immunohistochemical data showed that S100A6 

Figure 5. Validation of findings with additional pathology sections and single-cell sequencing data. (A) Visualization of subgroup expression with blurred 
tumor region boundaries. (B) Visualization of subgroup gene expression in normal tissues. (C and D) Validation of gene scores based on data from 
immunotherapy cohorts of single cells. Higher STME scores in endothelial and fibroblast subpopulations were detected. 
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expression was higher in tumor tissues than in normal 
tissues and was mostly located in the stromal region 
(Figure  7A and B). In addition, qRT-PCR results also 
showed that S100A6 expression was significantly higher 
and varied across the three cell lines of hepatocellular 
carcinoma (Figure 7C). To evaluate the targeting effect of 
the available first-line therapeutic agents on the biomarkers 
we screened, we performed molecular docking assays. The 
hydrophobic pocket of the S100A6 target was successfully 
occupied by five drug candidates. For S100A6, sorafenib 

has a low-binding energy of −7.982, indicating highly 
stable binding (Figure 7D and E).

4. Discussion
The physiological status of the TME is intimately related 
to cancer progression. Despite tumor heterogeneity, 
comparable characteristics of the TME maturation 
environment of epithelial-derived malignancies can be 
detected. Genetic alterations in tumor cells contribute to 
hypoxia and oxidative stress in the microenvironment, 

Figure 6. Identification of marker genes that are most significantly associated with the tumor microenvironment and have prognostic roles. (A and B) 
Scoring of tumor microenvironment-associated gene sets that have a prognostic role. (C-F) The S100A6 gene was differentially expressed across different 
tissues and had a prognostic effect, with significance in the entire gene set. (G-I) S100A6 had a significant positive relationship with tumor microenvironment 
score. (J and K) S100A6 was highly expressed in tumor tissue and located in fibroblasts, with a close association with tumor stromal composition.
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causing alterations in the ECM, reactions from 
surrounding stromal cells (fibroblasts), and immune 
cell responses, which then stimulate angiogenesis and, 
eventually, tumor cell spread and invasion.21,22 With the 
development of spatial transcriptomic technology, we can 
now visualize gene expression patterns on slices as well as 
the tissue regions of expression to better understand the 
TME. This is a significant advantage over single-cell and 
bulk transcriptome sequencing, allowing for the visible 
recognition of spatial transcriptomic differences.

In this investigation, we included three separate 
sections of normal tissue from the same patient, as well as 
tissue with intact tumor envelope boundaries and tissue 
with ambiguous tumor envelope boundaries. Through a 
more thorough exploration of gene expression patterns 
in various disease processes, we were able to define tumor 
region structure by pinpointing spatially highly variable 
genes and descending clusters. The tumor tissue areas 
were infiltrated with immune cells to a greater extent 
and possessed larger amounts of M1-type macrophages. 
It has been reported that M1-type macrophages had an 
inhibitory effect on tumor metastasis,23,24 which may be 

one of the reasons for the intact tumor envelope in the 
patient, showing a high immune response and active 
macrophage function to inhibit cancer invasion and 
metastasis. In our re-clustering of tumor locations, we 
discovered a distinct cell subpopulation cluster 4, which 
expresses the fibroblast marker gene COL1A1 as well 
as the myofibroblastic cancer cell marker ACTA2 and 
MYL9. It also has greater M2 macrophage subpopulation 
expression. MyoCAFs cells have been shown to connect 
with immunological inflammatory cells to promote cancer 
spread,25,26 and CAFs have been shown to interact with 
tumor-associated macrophages to decrease the value added 
of natural killer cells,27 which are similar with the behavior 
we discovered. To further investigate the developmental 
trajectory of each subpopulation, we discovered that 
cluster 4 was more malignant at the most advanced stage 
of development and was located in the border region of 
the section, where the temporal expression trends of CAF 
marker genes also supported our conclusion that cluster 
4 is indicative of a unique genotype and was expressed at 
the tumor’s border stromal region. When we visualized the 
coordinates of Subgroup 4, we found that they were located 
at the very edge of the complete tumor envelope, and from 
Figure 4C and D, we found that the pathways associated 
with tumor invasion and metastasis were also enriched 
here and highly overlapped with Subgroup  4. Therefore, 
we suggest that cluster 4 may play a role aiding in tumor 
invasion. The integrity of the tumor fiber envelope in the 
border region of primary hepatocellular carcinoma is 
closely related to the spatial heterogeneity of tumor cells 
and the distribution of their surrounding stromal cells 
and immune cells. An intact fibrous envelope composed 
mainly of fibroblasts and endothelial cells may serve as a 
barrier to immune cell infiltration.

GSVA analysis of the spatial transcriptome revealed 
that the oxidative stress pathway was significantly activated 
in almost all tumor locations, but only four subclusters 
possessed active EMT and MYC pathways. Previous 
studies have revealed complex crosstalk between the MYC 
pathway and EMT.28-30 Results from KEGG analysis and 2D 
coordinate information also demonstrate the high activity 
of our gene set in the ECM and cancer-related pathways. 
We used AddModuleScore to map the cluster 4 gene set to 
normal tissues and tumor tissues with incomplete borders 
and discovered that they were strongly expressed in the 
border stromal region and that single-cell sequencing 
had superior precision. Our gene set was more highly 
expressed in the fibroblast subpopulation and scored lower 
in immunotherapy patients, corroborating our hypothesis 
that the gene set has higher expression in the fibroblast and 
stromal regions, although additional research is needed to 
corroborate this result.

Figure  7. Biological experimental validation and molecular docking. 
(A and B) Immunohistochemical analysis: The left panel shows the overall 
view and the right one shows the view in local magnification. (C) Results 
of qRT-PCR experiments on cell lines. (D and E) Schematic diagrams 
of molecular docking, ball-and-stick model of S100A6 and sorafenib 
binding, and molecular model.
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We employed the TCGA cohort for in-depth 
analysis to determine the marker gene with the highest 
confidence. Using univariate Cox analysis, we discovered 
prognosis-related genes, and by considering intersections 
with TCGA differentially expressed genes and based 
on gene interactions, we identified the most significant 
gene, S100A6 (S100 calcium-binding protein A6), 
which was shown to be connected with prognosis by 
survival curve analysis. Previous studies have reported 
that S100A6 promotes proliferation and migration in 
hepatocellular carcinoma and gastric cancer,31-34 but 
there are few studies on the relationship between S100A6 
and hepatocellular carcinoma fibroblasts. Previous 
single-cell sequencing studies demonstrated that the 
SMA (ACTA2) and S100A6 genes, which are stably 
expressed, can be employed as myofibroblast markers.35 
We confirmed this with spatial transcriptomic data 
analysis and additional sections, and we showed for the 
1st  time that the S100A6 expression is localized to the 
tumor tissue’s border stromal region, demonstrating 
the stability of spatial transcriptome technology and 
the high accuracy of single-cell transcriptome. Finally, 
S100A6 is heavily engaged in the makeup of the complex 
TME and is strongly connected with CAFs,36 suggesting 
that it could be used as a therapeutic target to slow down 
cancer growth.

To further validate our findings, we performed 
experimental validation of the cell lines and found that 
the expression of S100A6 was significantly higher in the 
hepatocellular carcinoma cell lines, especially in the Hepg2 
cell line than in the normal group, signifying that the deeper 
immunohistochemical staining results in the cell stromal 
region are consistent with our spatial transcriptomic data. 
The molecular docking37 assay allowed us to screen the 
binding ability of the existing first-line therapeutic agent 
sorafenib38 for our target, suggesting certain implications 
for clinical translation.

This study has several limitations. For example, the 
accuracy of the spatial transcriptome analysis cannot 
be as precise as that of a single-cell analysis, because the 
former involves 10 – 20 cells inside a single spot. Therefore, 
multidimensional validation is needed, in addition to 
applying greater cohort and idle slice data to validate our 
findings.

5. Conclusion
Our investigation revealed a unique TME profile in 
hepatocellular carcinoma, as well as the interactions among 
CAF subclusters using spatial transcriptome combined 
with single-cell and multidimensional histology, providing 
promising reference for future studies.
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Table A1.  Signature genes of indicated cell types

Cell type Genes

Hepatocytes HAMP, CYP1A2, APOF, CYP3A4, C9, ADH4, SLC22A1, CYP2A6, HGFAC, CYP2C8, CYP2E1, RDH16, SPP2, 
UROC1, AFM, PCK1, F9, CYP4A11, SERPINA11, APOA5, CYP8B1, SLC10A1

Malignancy SPINK1, GPC3, AKR1B10, TOP2A, REG3A, CAP2, UBE2C, MDK, LCN2, AURKA

T cells CD3D, CD3E, CD3G

B cells CD19, MS4A1, CD79A

NK cells NCAM1, KLRF1, NCR1, KLRC1

Myeloid cells ITGAX, CD33, CEACAM8, CD68, CD163

Fibroblasts COL1A2, FAP, PDPN, DCN, COL3A1, COL6A1, COL1A1

Endothelial cells CLDN5, PECAM1, CD34, FLT1, VWF, ENG, CDH5

CD8+ T-cells CD8A, CD8B

CD8+ Tcm CD8A, CD8B, CTSW, GZMK, IL2RB, SH2D1A, GPR171, CRTAM, USP36, TMEM30B

CD8+ Tem DHX8, GZMH, GZMK, LAG3, ZAP70, COLQ, RGS9, CXCR6, PVRIG, PYHIN1

CD4+ T-cells CD2, CD3D, CD3E, CD3G, CD5, CD7, CD27, CD40LG, CTLA4, GOLGA4, TRAF1, CD96, ICOS, GPR171, TRAT1, 
FOXP3, SIRPG, RIC3

Tregs CCR4, CCR8, CTLA4, GPR25, IL2RA, KCNA2, LAIR2, HS3ST3B1, MCF2L2, FOXP3

CD4+ naive T-cells CD27, CLC, CTSW, DNAJB1, RBL2, HAUS3, ANKRD55, ZNF394, CHMP7

CD4+ memory T-cells CD28, CD40LG, CCR4, CTLA4, GPR15, GZMA, GZMK, HMGB2, PDCD1, RBL2, CD226, GPR171, TRAT1, 
UBASH3A, ARHGAP15

CD4+ Tcm CD40LG, CCR4, CCR8, CTLA4, DAB1, ERN1, GPR15, DNAJB1, KRT1, POU6F1, TPO, CDC14A, TRADD, DLEC1, 
ICOS, TRAT1, FXYD7, FBXL8, SIRPG, SLC4A5, ANKRD55, OBSCN

CD4+ Tem CD40LG, CCR6, KLRB1, LTK, MCF2L2, GALNT8, TRAT1

cDC CD1A, CD1B, CD1C, CD1E, CD80, CD86, FCER1A, GFRA2, CCL13, CCL17, CLEC10A, CD209, KCNK13

iDC ALOX15, F13A1, CCL13, CCL17, CCL18, CCL23, CCL24, CD209

aDC C1QA, C1QB, CD80, FPR3, HLA-DQA1, IL12B, CCL13, CCL17, CCL19, CCL22

Monocytes AIF1, CYBB, FCAR, FCN1, MNDA, CFP, S100A12, CD163, CLEC5A, TREM1, RETN, FOLR2, MS4A6A, LILRA5

Macrophages CHIT1, CYP19A1, HK3, MSR1, VSIG4, CLEC5A, ADAMDEC1, DNASE2B

Macrophages M1 ITGAM, CD68, FCGR3A, FCGR2A, FCGR1A, CD80, CD86, HLA-DRB5, TLR4, TNF, IL1A, IL1B, IL12, IL12A, 
IL12B, IL6, NOS2

Macrophages M2 ITGAM, CD68, CD163, MRC1, IL10, TGFB1, IDO1, IL8, CCL2

Neutrophils CLC, CSF3R, FCGR3B, FPR2, HBB, CXCR2, S100A12, P2RY13, TREM1

MSC HTR7, MMP17, PLA2G5, CDKL5, PKD2L1, ADAMTS12, ZNRF4, CTRB2

Lymphatic endothelial cells FLT4, HYAL2, CLEC1A, SOX18, ROBO4, CXorf36, MYCT1, KANK3

Microvascular endothelial cells ACVRL1, CETP, RANGAP1, SELE, TIE1, CLDN5, VWF, HYAL2, EIF2B2, TNFSF18, LYVE1, ARHGEF15, CLEC1A, 
ROBO4, CXorf36, MMRN2, KANK3

Abbreviations: Tcm: Central memory T cell; Tem: Effective memory T cell; Treg: Regulatory T cell; cDC: Conventional dendritic cell; 
iDC: Interdigitating dendritic cell; aDC: Active dendritic cell; MSC: Mesenchymal stem cell.
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