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Abstract
Background  Hepatocellular carcinoma (HCC) is the third leading cause of cancer 
related death, and its molecular mechanisms have not been fully elucidated. This 
study aims to elucidate the molecular mechanisms linking pyroptosis and immune 
microenvironment changes in HCC, with a focus on macrophage polarization and 
inflammatory responses.

Methods  Selected gene expression profiles from the Gene Expression Omnibus 
database, established protein-protein interaction (PPI) networks, and performed 
functional enrichment analysis using databases such as the Kyoto Encyclopedia of 
Genes and Genomes (KEGG). The expression of relevant hub genes was verified by 
immunohistochemistry, real-time quantitative PCR, and Western Blot based on clinical 
tissues. Single-cell identification of HCC cell types and malignant cells, trajectory 
analysis, and intercellular signal communication further analyzed the molecular 
mechanisms between immune cells and liver cells. Bioinformatics combined with 
single-cell analysis to elucidate the immune pyroptosis molecular mechanism that 
underlay the development of HCC.

Results  Molecular biology has identified six pyroptosis hub genes in HCC. The key 
hub genes of immune pyroptosis were validated through immunohistochemistry and 
in vitro experiments. Enrichment analysis shows that intersecting genes are enriched 
in immune responses, chemokine mediated signaling pathways, and inflammatory 
responses. InferCNV and copyKAT accurately predict that malignant cells distribute 
in HCC tissues, and their main malignant cells may be hepatocytes, endothelium and 
epithelial cells. Cell trajectory analysis found that monocyte, macrophage polarization 
could play a first role in HCC. The cellular clustering of single cells revealed the 
infiltration of immune cells, especially the polarization of macrophages, which plays an 
important role. Immunohistochemistry suggests that hub genes such as HMGB1, CYCS, 
GSDMD, IL-1β, NLRP3, and IL18 are the link between macrophage polarization and 
pyroptosis during HCC development.

Conclusions  In summary, the main molecular mechanisms underlying the 
pathogenesis of HCC are related to immune cell infiltration, particularly macrophage 
infiltration polarization that promotes the secretion of inflammatory factors 
leading to hepatocyte pyroptosis. These findings provide novel insights into the 
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1  Introduction
Around the world, hepatocellular carcinoma (HCC) is one of the most common causes 
of cancer-related deaths. Most patients with HCC are only detected in late stages, which 
hinders radical treatments such as liver resection and liver transplantation. Due to the 
delay in treatment, the 5-year survival rate of HCC is only 18% [1–3]. Despite the fact 
that early discovery is linked to enhanced overall survival. HCC not only seriously dam-
ages the physical and mental health of patients, leading to metabolic dysfunction, but 
also imposes a heavy medical and economic burden on society [4]. Both viral and non-
viral factors have been linked to the pathophysiology of HCC. Changes in cellular signal-
ing, persistent inflammation, and tissue remodeling are important contributors leading 
to HCC regardless of the type of injury [5, 6]. An increasing amount of researches to the 
commonality of tumor heterogeneity in HCC, which could account for some variations 
in therapy response and survival outcomes. Therefore, tumor cell heterogeneity plays a 
key role in its pathogenesis, but its specific pathogenesis is not fully understood [7, 8]. 
Cell classification of HCC by molecular and cellular characteristics may help guide bio-
marker discovery and treatment selection. Especially for HCC based on cirrhosis, single-
cell technology in HCC [9].

Pyroptosis is a newly discovered program that plays a crucial role in tumor related 
diseases [10]. At present, most studies believe that cell pyroptosis has a double-edged 
sword effect on the occurrence and development of liver cancer [11]. Research has 
shown that cell pyroptosis can induce rapid death of liver cancer cells, thereby reduc-
ing the risk of tumor deterioration and metastasis [12]. However, during the process of 
cell pyroptosis, cellular contents are also released from the interior of liver cells to the 
exterior, acting as endogenous stimuli to mediate different biological changes in different 
cells within the liver [13]. Not only that, cells in the liver may also have the potential to 
undergo or induce pyroptosis in other cells [14]. Therefore, these subsequent biological 
changes based on cell pyroptosis are also subtly affecting the prognosis of liver cancer 
[15]. The liver is an important immune organ in the human body, containing immune 
cells such as liver macrophages, natural killer cells, and cytotoxic T cells [16]. Among 
them, macrophages in liver tissue and are the first line of defense against cancer cells. 
Under physiological conditions, liver macrophages are highly susceptible to activation 
by endotoxins, complement proteins, and other pathogen related molecular patterns 
through various signaling pathways to exert their phagocytic activity [17]. However, 
when the NLRP3/Caspase-1 pathway inside hepatic macrophages is activated, it will not 
only produce pyroptosis by itself but also increase the sensitivity of cells to endotoxin. 
This process can also cause the body to produce an excessive immune response to aggra-
vate the inflammatory response damage in cancer patients [18].

Pyroptosis is associated with macrophages, cell resistance to pathogens, and trans-
mission to cell, but its role and mechanism in cancer cells are still unclear [19]. Some 
studies have found that pyroptosis-related risk genes can be used to diagnose HCC, pre-
dict the prognosis of HCC, evaluate the infiltration status of immune cells in the tumor 

macrophage-driven pyroptosis pathways in HCC, potentially paving the way for new 
immunotherapeutic strategies.
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microenvironment, and evaluate the efficacy of immunotherapy-guided immunotherapy 
[20]. Epicanin (ICT) is a natural compound derived from the dry leaves of the genus Epi-
medium, with antitumor and immunomodulatory properties. New studies have impli-
cated the caspase1-GSDMD and caspase3-GSDME pathways in pyroptosis triggered 
by ICT. Moreover, ICT promotes pyroptosis in cocultures of HCC-associated cells and 
macrophages and regulates the release of inflammatory cytokines and transformation of 
macrophages into a pro-inflammatory phenotype [21]. Since macrophages monitor the 
hepatic immune response, their pyroptosis surely upsets the immunological homeosta-
sis of the liver and incites a potent immune response [22]. The process of macrophage 
pyroptosis results in the active release of pro-inflammatory cytokines such as IL-1β and 
IL-18. Among these, the pleiotropic pro-inflammatory cytokine IL-1β has the ability to 
increase the inflammatory response by inducing the release of pro-inflammatory cyto-
kines and drawing neutrophils to liver tissue [23, 24]. Membrane swelling, rupture, and 
the release of cellular components such as mitochondrial and nuclear DNA, adenosine 
triphosphate (ATP), high mobility group box-1 (HMGB-1), and pieces of organelles are 
the results of macrophage pyroptosis. These structures from isolated cells can be identi-
fied as Damage Associated Molecular Patterns (DAMPs) once they are discharged into 
the extracellular environment [25]. Through its interactions with cellular receptors, such 
as pattern recognition receptors (PRRs), DAMP triggers pro-inflammatory responses. 
They also cause immunological responses in dendritic and bone marrow cells, which 
controls the activation of innate immune cells and programmed cell death [24]. These 
findings imply that the spectrum of immune cell infiltration by macrophage pyropto-
sis may impact anti-tumor immunity. As a result, HCC and immunological macrophage 
infiltration are strongly associated. By interfering with macrophage pyroptosis, TME can 
be changed to prevent tumor cell proliferation and spread. However, more investigation 
into this intriguing line of inquiry is warranted.

Although many studies have elucidated the role of pyroptosis-related genes in HCC, 
and more researches have identified the involvement of macrophages in the molecu-
lar mechanisms of HCC, few studies have linked macrophage regulation of pyroptosis, 
especially in the development of HCC. Therefore, the aim of our present study was to 
clarify the molecular mechanism by which macrophage polarization process regulates 
pyroptosis leading to HCC occurrence. Bioinformatic analysis based on transcriptome 
sequencing can screen out the key genes for pyroptosis in the process of HCC develop-
ment through numerous genes, and initially predict the signaling pathways and biologi-
cal processes of related genes. Single-cell sequencing-based analysis, on the other hand, 
can clarify the mechanism of the role of immune cells in the process of HCC and related 
cells in hepatocarcinogenesis from the cellular direction. Meanwhile, based on single-
cell data, trajectory analysis and cell-to-cell communication analysis can provide insights 
into the relevant roles of various cells. Finally, the joint analysis of predicted pyroptosis 
genes with single-cell data can reveal the molecular mechanisms of hub genes regulating 
related cells from a new perspective.

Therefore, in this study, we will use bioinformatic analysis combined with single-cell 
analysis to systematically elucidate the immune-cell infiltration in the development of 
HCC, and further clarify the related immune-cell pyroptosis and potential molecular 
mechanisms of HCC by relevant gene enrichment analysis.
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2  Materials and methods
2.1  Based on bulk RNA material information analysis

2.1.1  Differential gene analysis

The data set, GSE461 was downloaded from Gene Expression Omnibus (GEO). The gene 
expression profile of RNA levels in liver cancer tissue and adjacent tissues was measured 
using the GPL4133 sequencing platform [26]. Used Sangerbox ( version 3.0)’s simple 
tSEN dimensionality reduction analysis to perform dimensionality reduction grouping 
on the data [27], and used the “limma” tool for differential gene analysis. The threshold 
for differential genes was set to the absolute value of log2 fold change | log2FC |>1.2 and 
P.value < 0.05. Positive numbers indicate upregulation of differentially expressed genes 
(DEGs). Similarly, | log2FC |<1.2 and P.value < had a value of 0.05, with negative num-
bers indicating downregulation of DEGs [28, 29]. Used volcano and heatmap to display 
the results of differential gene expression.

2.1.2  Identification of pyroptosis characteristic genes in HCC

From literature and MSigDB database, pyroptosis related genes were obtained from the 
database GSEA | MSigDB (gsea-msigdb.org), and liver cancer pyroptosis characteristic 
genes were obtained by taking the intersection of pyroptosis genes and GSE46408 dif-
ferentially expressed genes using the online intersection tool Venny plot [30]. Using the 
R package survival, we integrated survival time, survival status and gene expression data, 
assessed the prognostic significance of each gene using the cox method, constructed 
KM survival curves, and then plotted forest plots using the ggforest function [31, 32]. In 
order to further discover prognostic genes for HCC, forest pattern maps were used for 
predicting pyroptosis related genes. Finally, the intersection of pyroptosis characteristic 
genes in HCC and pyroptosis related genes in forest pattern maps was taken to obtain 
the pyroptosis hub genes involved in HCC [33, 34]. Enrichment analysis of pyroptosis 
hub genes in HCC using KEGG and Reactome to explore the potential molecular mech-
anisms underlying its pathogenesis [34–36].

2.1.3  Construction of a hub gene network for HCC

PPI network analysis was carried out on the pyroptosis hub genes implicated in HCC of 
species, which was limited to Homo sapiens with a confidence level > 0.4, using a string 
database ( http://string-db.org/ Cytoscape (version 3.9.1) was used to build the PPI ​n​e​
t​w​o​r​k [37, 38]. To determine the interactions between the important apoptotic genes 
involved in the development of HCC, use the co expression analysis module of the string 
database. Lastly, export these genes’ molecular 3D structures from the string database 
for further verification.

2.2  Single cell analysis based on ScRNAseq

2.2.1  Data preprocessing

The sample data was downloaded from the GEO database, and this analysis included 2 
cases of liver cancer tissue from dataset GSE125449 and 2 cases of normal liver tissue 
from dataset GSE136103 [39, 40]. All data processing was done using BioBean (Zhejiang 
ICP No. 2023020822) (Sheng-Xin-Dou-Ya-Cai) sprout analysis tools, (Sheng-Xin-Dou-
Ya-Cai) sprout analysis tools, an online analysis software and platform for single-cell 
analysis. After obtaining the data, select the single-cell analysis tool and import 10 x 
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genomics data. This tool uses the Percentage Feature Set function in the Seurat pack-
age of R language to calculate mitochondrial content and rRNA content, and analyzes 
the relationship between mitochondrial content and ncount (UMI), nFeature (number 
of genes) through correlation analysis. The mitochondrial content is set within 10%, the 
nFeature number is within 4000, and the dimensional reduction PC value is 10. After 
data quality control, there are still many miscellaneous cells and excess cell fragments. 
Set cell filtering criteria based on quality control data. Based on the tsne/UMAP map of 
the distribution of each sample cell after cell filtration, the Harmony tool for batch pro-
cessing was selected [41].

2.2.2  Cell clustering and annotation

To use principal component analysis (PCA) for dimensionality reduction, we employed 
2000 highly variable genes. Then use Seurat’s random neighbor embedding (t-SNE) algo-
rithm, the “FindNeighbors” and “FindClusters” (resolution = 0.1) functions to select the 
best cluster for visualization. Finally, the “SingleR” package, marker gene markers, and 
literature review were used to annotate cells from different subgroups.

After the first clustering, it was found that there were several types of cell populations 
with insufficient clustering and several identical feature groups. Therefore, these spe-
cial cell populations were extracted again for secondary subgroup analysis and defini-
tion. The best clusters was selected for visualization using the Seurat’s random neighbor 
embedding (t-SNE) algorithm, “FindNeighbors” and “FindClusters” (resolution = 0.1) 
functions. Finally, the “SingleR” package combined with literature search to annotate the 
cells of the subpopulation.

2.2.3  Identification of malignant cells in HCC

The microenvironment of tumors is made up of both malignant and non-malignant 
cells, and malignant cells usually have widespread chromosomal abnormalities. To find 
evidence of extensive chromosomal copy number changes in somatic cells, such as the 
addition or deletion of large chromosomal segments or complete chromosomes, Infer-
CNV is utilized to examine tumor scRNA data [42]. InferCNV infers chromosomal 
variations by comparing gene expression intensity at different locations of the tumor 
genome with a set of reference normal cells. Like inferCNV, CopyKAT is a technique 
for inferring tumor cell CNV. The idea is also to use single-cell transcriptome data to 
deduce a cell’s chromosome ploidy, which allows one to determine if the cell is diploid 
or aneuploid—that is, whether it is a tumor or a normal cell [43]. This time, InferCNV 
and copyKAT were used to identify malignant cells in the sample tissue and assess the 
degree of tissue malignancy. The single cell expression matrix file, cell type file, and 
gene location information file on chromosome were obtained after preliminary single 
cell clustering screening. InferCNV analysis was performed by gene filtering, logarith-
mic transformation, centrocyte setting and adjusting the reference cells after importing 
the three files into the online analysis tool. Similarly, after importing the parameter files, 
copyKAT firstly normalized the gene expression and stabilized its variance, automati-
cally found diploid cells as normal cells, and for each abnormal cell, used MCMC to find 
its CNV breakpoints and obtained segments. finally, the copyKAT results were obtained.
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2.2.4  Analysis of cell development trajectory

Single cell pseudo temporal analysis is an analytical tool used to study single-cell RNA 
Seq data, revealing cellular heterogeneity, function, and developmental processes. 
Monocle 2 uses a simple, unbiased, and highly scalable statistical program to select cell 
populations with trajectory progression characteristics [44]. Then, it employed a class 
of manifold learning algorithms aimed at embedding a main image in high-dimensional 
single-cell RNA seq data. The selected cells for secondary clustering are mapped accord-
ing to their cell types, with each point representing a cell. Pseudotime represents the 
calculated developmental time, with smaller values indicating that the cell is at the 
beginning of development and larger values indicating that the cell is closer to the end 
of development. State represents the developmental status of cells, with smaller values 
indicating early development. Similarly, after clustering, the obtained expression matrix 
file, cell type file, and gene location information file on chromosomes were imported, 
genes related to biological processes were identified by Monocle 2’s R package, differ-
entially expressed genes were selected, MST was constructed with DDRTree, cells were 
projected onto MST, and pseudo-times were calculated recursively by MST.

CytoTACE is a tool for inferring cell differentiation trajectories based on single-cell 
expression matrices. CytoTACE packages are used for secondary clustering and cell tra-
jectory analysis. Here, a CytoTACE score is calculated to measure the state of cell dif-
ferentiation. In addition, CytoTracy can further label target genes in cells at different 
developmental stages, thus selecting the key apoptotic genes involved in the develop-
ment of HCC for trajectory prediction.

2.2.5  Cell to cell communication

In multicellular organisms, communication between cells is frequently facilitated by 
cytokines and membrane proteins, which serve to control biological activity and main-
tain the organism’s effective and organized functioning. Among these, intercellular 
communication mediated by receptor ligands is essential for coordinating a range of 
biological activities, including illness, differentiation, and development. Cell communi-
cation analysis infers the interactions between different cells by analyzing the expres-
sion and pairing of receptors and ligands in different cell types. The sample data were 
downloaded from the GEO database, and the dataset for this communication was two 
liver cancer tissues in GSE125449 and two normal liver tissues in GSE136103.Used bio-
informatics bean sprouts cell communication analysis function for cell communication 
analysis of HCC. Finally, the communication signals between the important cells were 
selected for the analysis [45].

2.2.6  Joint analysis of bioinformatics and single-cell sequencing

Single cell technology can not only identify specific cell types present in different tissues, 
but also further identify the expression of different regulatory factors and target genes in 
different cells. Based on transcriptome sequencing, the key apoptotic genes involved in 
HCC were obtained and analyzed in combination with single cells to further validate the 
expression and potential molecular mechanisms of related genes in different cells. Using 
single-cell analysis tools, the distribution of different cell types in different sample tis-
sues was at first identified. Secondly, the different cell distributions and expression levels 
of the focal pyroptosis genes involved in the occurrence of HCC in secondary clustering 
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were identified. R language package was used to draw UMAP and violin expression 
maps of specific gene expression. Human Protein Expression Profile (THPA) Database 
(https://www.proteinatlas.org/) We summarized and aggregated the expression of ​c​o​m​
m​o​n human proteins in different tissues and cells, and searched for the key apoptotic 
genes involved in HCC in this database to obtain the expression of related proteins in 
liver cancer tissues and cells, further verifying our specific gene expression results [46].

2.2.7  Validation of core genes in clinical samples

To validate the aforementioned analysis results, we obtained consent from the patients 
and their families, and received approval from the Ethics Committee of the Affili-
ated Traditional Chinese Medicine Hospital of Southwest Medical University (Nos. 
YJ-KY2024048). During the surgery, we collected cancerous and adjacent non-cancerous 
tissues from the patients. The exclusion criteria were as follows: (1) history of radiother-
apy or chemotherapy; (2) diabetes or cardiovascular diseases; (3) patients who declined 
to comply with the study protocol. Prior to use, each sample was rapidly stored in liq-
uid nitrogen. The ages of the patients ranged from 42 to 63 years, with a mean age of 
50.4 years. The male-to-female ratio was 1:1, and the relevant tumor staging and survival 
information are presented in Supplementary Table S1.

2.2.8  Immunohistochemistry (IHC) staining

The sections were hydrated with gradient ethanol and dewaxed with xylene. Subse-
quently, the slides were treated with hydrogen peroxide to inhibit endogenous peroxi-
dase activity, and goat serum was used to prevent nonspecific binding sites. After that, 
the proper volume of primary antibody was added, and it was kept at 4 °C for the entire 
night. The samples were stained with diaminobenzidine and counterstained with hema-
toxylin on the second day after being treated for 30 min at room temperature with the 
secondary and tertiary antibodies. After that, pictures stained with immunohistochem-
istry were captured using an upright microscope. Primary and secondary antibodies 
were obtained from Thermo Fisher Scientific, located in China. The primary antibody 
is diluted with diluent at a ratio of 1:500, and the corresponding secondary antibody 
is diluted at a ratio of 1:1000. Impact Acquisition with Leica DM3000 & DM3000 LED 
Biomicroscope.

2.2.9  Real-time quantitative PCR analysis

Sangon Biotech was responsible for the design and synthesis of gene primer sequences 
(Sangon Biotech, China). Primer sequences for each gene are listed in Table 1. Total RNA 
was extracted using an RNA extraction kit (#AM2071; InvitrogenTM) following tissue 
homogenization. Complementary DNA was obtained using a Primary QuickScript™ 

Table 1  The primer sequences used for PCR amplification
Gene Forward primer sequence Revere primer sequence
HMGB1 CGGACAAGGCCCGTTATGAA GAGGAAGAAGGCCGAAGGA
CYCS ATCTGGGGAGAGGATACACTG AAGTCTGCCCTTTCTTCCTTC
GSDMD GATGGGCAGATACAGGGCAG CCAGGTGTTAGGGTCCACAC
IL1B CCAGGGACAGGATATGGAGCA TTCAACACGCAGGACAGGTA
NLRP3 GATCTTCGCTGCGATCAACA GGGATTCGAAACACGTGCATT
IL18 GACCAAGTTCTCTTCATTGACC AGATAGTTACAGCCATACCTC
GAPDH GCACCGTCAAGGCTGAGAAC TGGTGAAGACGCCAGTGGA

https://www.proteinatlas.org/
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RT Reagent Kit with gDNA Eraser (#AM2071; Invitrogen). SYBR Green qPCR mix 
(#A46012; Applied Biosystems) was used forRT-qPCR on a 7500 Real-Time PCR Sys-
tem (Thermo Fisher Scientific, Waltham, MA, USA) for 40 cycles. GAPDH was used as 
the reference gene, and the relative expression levels of each gene compared to GAPDH 
were calculated using the 2−ΔΔCT method.

2.2.10  Western blot

Following three rounds of cold phosphate-buffered saline (PBS) washing for each batch 
of samples, tissues were pulverized in liquid nitrogen and proteins were extracted 
using high-efficiency RIPA lysis buffer (R0010, Solarbio). With a BCA protein assay kit 
(PC0020, Solarbio), the total protein content was determined. After that, the samples 
were heated for five minutes at 95  °C to denature the proteins. After being separated 
using 10% SDS-PAGE, a 20 µg protein sample was transferred to a PVDF membrane. The 
membrane was incubated in non-fat milk for 1 h to block nonspecific binding, followed 
by overnight incubation at 4  °C with primary antibodies against NLRP3 (IMMUNO-
WAY, 1:800, Item No. MA5-32255), IL18 (IMMUNOWAY, 1:1000, Item No.PA5-79477), 
GSDMD (IMMUNOWAY, 1:800, Item No. PA5-116815), IL-1β (IMMUNOWAY, 1:1200, 
Item No. P420B), CYCS (IMMUNOWAY, 1:800, Item No. MA5-11674), HMGB1 
(IMMUNOWAY, 1:1000, Item No. MA5-17278), and GAPDH (IMMUNOWAY, 1:5000, 
Item No. 39-8600). Subsequently, they were incubated with the corresponding second-
ary antibodies. All antibodies were purchased from Thermo Fisher. Chemiluminescent 
substrates (Invitrogen) were used to visualize the immunoblots, and quantification was 
performed using Image Lab 3.0 software.

2.3  Statistical analysis

GraphPad Prism 9.0 was used for the statistical analysis. The data are shown as histo-
grams of the means from three or more separate experiments, plus or minus the stan-
dard error of the mean (SEM) values. The t-test was used to compare two groups when 
the samples were normally distributed; non-parametric tests were used in other cases. 
ANOVA was utilized to compare samples from several groups in a one-way fashion. The 
Tukey method was utilized to conduct comparisons between the two groups; a statisti-
cally significant result is indicated by *P < 0.05, and a high level of significance is indi-
cated by **P < 0.01.

2.4  Result

2.4.1  Results of differential gene analysis based on different groups

After extracting sample data from the GEO dataset, 12 specimens, 6 liver cancer tis-
sues, and 6 adjacent tissues were included. The gene expression profiles of the sample 
tissues are presented in Supplementary Table S2. Simple tSEN dimensionality reduction 
analysis showed significant differentiation between HCC samples and adjacent samples, 
which is instructive for the identification of pyroptosis-related differential genes in HCC 
(Fig.  1A). 4725 DEGs were found among 19,712 genes in the study comparing cancer 
samples to control samples, with 3943 genes being upregulated and 782 genes being 
downregulated (Supplementary Table S3, Fig. 1B, C).
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2.5  Screening of genes with characteristic features of pyroptosis

57 genes related to cell pyroptosis were obtained from literature and MSigDB data-
base (Supplementary Table S4). The intersection of cell pyroptosis related genes and 
GSE46408 sample tissue differentially expressed genes was obtained through Venny plot, 
resulting in 17 intersecting pyroptosis characteristic genes (Fig. 2A). Forest pattern anal-
ysis further screened 15 genes related to pyroptosis, which has a certain effect on the 
prognosis of liver cancer (Supplementary Table S5, Fig. 2B, C). Finally, the genes in the 
forest pattern map were intersected with the genes associated with liver cancer necro-
sis, resulting in significant liver cancer necrosis hub genes (Supplementary Table S6, 
Fig. 2D). The KEGG results showed that the occurrence of liver cancer is closely related 
to signaling pathways such as Necroptosis, Cytosolic DNA sensing pathway, Pyroptosis 
multiple species, Hematotoxic cell line, NF kappa B signaling pathway, Autophagy ani-
mal, Hepatis C, Hepatis B, MAPK signaling pathway, and pathways in cancer. The results 

Fig. 1  Limma differential analysis: A Simple tSEN dimensionality reduction analysis shows significant differences 
between liver cancer samples and adjacent samples. B Volcanic map of differentially expressed genes in GSE46408 
samples, with green triangles indicating downregulated genes and red triangles indicating up-regulated genes, 
and black origins indicating no significantly different genes. C Heat map of differentially expressed genes in 
GSE446408 samples, with blue indicating downregulation and red indicating upregulation
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of the Reactome showed that the occurrence of liver cancer was closely associated with 
signaling pathways such as.

Pyroptosis, Regulated Necrosis, Interleukin 1-Processing, Programmed Ceekk deATH, 
Interleukin 1-Family Signaling, Signaling-Byinterleukins, Interleukin-18-Signaling, and 
The-NLRP3-Inflammasome (Fig. 2E, F).

2.6  Protein analysis of liver cancer necrosis hub genes

By taking the intersection of genes in the forest model map and the characteristic genes 
of liver cancer necrosis, six significant liver cancer necrosis hub genes were obtained, 

Fig. 2  Characteristics of gene apoptosis: A intersection diagram of differentially expressed genes and cell pyrop-
tosis genes in GSE46408 sample tissues. B Forest pattern diagram of pyroptosis related genes in GSE46408 sample 
tissues. C K-M survival curve of forest pattern prediction diagram. D Intersection of genes and pyroptosis charac-
teristic genes in forest pattern diagram, KEGG analysis chord diagram of E-junction pyroptosis genes, F. Reaction 
analysis chord diagram of junction pyroptosis genes
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including NLRP3, IL18, GSDMD, IL-1β, CYCS, and HMGB1. To clarify the potential 
association of six genes, a protein-protein interaction network diagram was constructed 
using PPI (Fig. 3A). The results showed that the six hub genes were closely related, and 
further co expression analysis showed that GSDMD, IL18, NLRP3, and HMGB1 were 
significantly co expressed in the hub genes (Fig. 3B). Based on this, we downloaded the 
3D pattern structure diagrams of these four hub genes (Fig. 3C-F). The pattern diagram 
shows the chemical molecular structure of the relevant hub genes, which is instructive 
for the subsequent study of in-depth protein target or treatment point. This could also 
provide direction for subsequent studies.

Fig. 3  Protein analysis of liver cancer necrosis hub genes: A Hub gene protein mapping, B Hub gene co expression 
pattern diagram, C 3D structural pattern diagram of GSDMD, D 3D structural pattern diagram of IL18, E NLRP3 3D 
structural pattern diagram, F 3D structural pattern diagram of HMGB1
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2.6.1  Grouping and definition of single cells

After preliminary processing of single-cell sample data, both the expression point map 
and violin plot of cell RNA suggest the need for further cell filtration (Fig S1). Set nFea-
ture-RNA and nCount-RNA to be less than 4000, percent.mt and percent.Ribo to be less 
than 0.1, select 10 PCs, and use the Harmony batch removal tool to remove miscella-
neous cells and excess cell debris. After filtering, the miscellaneous cells and excess cell 
debris are effectively removed (Figure S2).

By using the R language package to perform marker gene labeling on single-cell data 
after batch removal, we obtained the marker genes for all cells (Supplementary Table 
S7). Through marker gene classification, we obtained 11 cell subgroups. Using the sin-
gleR package combined with literature search to classify subgroups, the distribution of 
marker genes in different cell populations was marked along the linear tree axis, and the 
TOP5 marker gene point maps showed the significantly expressed genes in different sub-
groups (Fig. 4A, B). Based on singleR and TOP5 marker genes, we define the distribution 
of cell populations from 0 to 10 as NK_cell, Monocyte, T-cell: CD4+_ effector_memory, 
Hepatocytes, Endothelialcells, Tissue_stem-cells, B-cell, Epithelialcells, Hepatocytes, 
T-cell: gamma delta, Hepatocytes (Fig.  4C, D). Among them, the 0 cell group signifi-
cantly aggregated and had a large number of cells, while group 1 aggregated 4 tissue 
samples. Groups 3, 8, and 10 were all defined as Hepatocytes. Therefore, we extracted 
these cell groups again for secondary clustering analysis. After the secondary cell clus-
tering definition, the UMAP plot showed that a total of 8 cell subgroups were clustered, 
and based on singleR and TOP5 marker genes, subgroups 0 to 7 were defined as macro-
phage M1, macrophage M0, Hepatocytes, Hepatocytes, Monocyte, Hepatocytes, macro-
phage M2, and Hepatocytes, respectively (Fig. 4E, F).

2.7  Identification of malignant cells

Cancer tissue is often deformed due to infiltration of malignant cells, so we believe 
that the number of malignant cells in liver cancer tissue is increasing. We preliminarily 
believe that the UMAP distribution cells in the two liver cancer samples have a higher 
proportion of malignant cells. Therefore, we used InferCNV and copyKAT to iden-
tify malignant cells in the sample tissues (Fig. 5A). Group 0 NK cells belong to normal 
sample tissue cells, and the UMAP plot shows no significant infiltration of other tis-
sue sample cells in Group 0. Therefore, we used Group 0 cells as normal reference cells 
for InferCNV analysis. The InferCNV plot showed that all other cell subsets exhibited 
malignant lesions (Fig. 5B). Further copyKAT analysis accurately identified the signifi-
cant expression of malignant cells in two liver cancer tissue samples, and the cell group-
ing UMAP map showed that these malignant cells may be Hepatocytes, Endothelial 
cells, and Epithelial cells (Fig. 5C-E). Therefore, InferCNV and copyKAT accurately pre-
dicted the distribution of malignant cells in liver cancer tissues, and the main malignant 
cells may be liver cells, endothelial cells, and epithelial cells.

2.7.1  Cell trajectory analysis

Based on the analysis of single-cell secondary atlas definition, immune cells such as 
0, 1, 4, and 6 play an important role in the occurrence and progression of liver cancer. 
We conducted cell trajectory analysis on these immune cells. In Fig. 6A, the black dots 
represent differentially expressed genes selected based on the classification of four cell 
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populations and used for subsequent monocle 2 analysis; Fig.  6B shows the tsne plot 
of cell clustering distribution in principal components, where different colors represent 
branches with different cell fates. Group 1 in red represents macrophage M1, green rep-
resents macrophage M0, light blue represents monocytes, and purple represents macro-
phage M0; In the survival state diagram of cell clustering distribution, value 1 represents 
the early developmental stage, and value 3 represents the late developmental stage 
(Fig. 6C). In the time-series diagram of cell clustering distribution, the intensity of colors 
indicates the sorting of cells based on pseudo time values. Time series analysis revealed 
that monocytes are early developing cells that gradually develop into macrophages over 
time, and then differentiate into M1 and M2 macrophages. This developmental process 
is consistent with the developmental trajectory of monocytes/macrophages, indicat-
ing that the pseudo temporal analysis of monocyte 2 is correct (Fig. 6D). In addition, to 
validate the liver cancer necrosis hub genes identified through bioinformatics analysis, 

Fig. 4  Cell Grouping: A Single cell marker gene TOP5 significantly expressed gene point map, B Single cell marker 
gene distribution tree map, C Single cell UMAP sample tissue distribution, D Single cell sample grouping UMAP 
map, E Secondary clustering sample grouping UMAP map, F Secondary clustering sample marker gene TOP5 
significantly expressed gene point map
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we conducted CytoTracy trajectory analysis. The results showed that these genes were 
significantly expressed in all four cell populations. Among them, HMGB1, CYCS, and 
GSMDM are positively correlated, while IL-1β, IL18, and NRRP3 are negatively corre-
lated (Fig. 6E). We can infer from the proportion of cell clusters and the developmen-
tal trajectory of monocytes 2 that the light blue cell cluster in the upper left corner of 
the CytoTracy diagram is monocytes, the yellow cell cluster in the middle is M0 macro-
phages, the light red cell cluster in the upper right corner is M1 macrophages, and the 

Fig. 5  Identification of malignant cells: A distribution of single-cell samples in different tissues, with circles indicat-
ing possible malignant cells, B InferCNV malignant cell prediction results, 0 cells indicating normal cells, and the rest 
of the cell population showing malignant lesions. C copyKAT malignant cell prediction heatmap, D CopyKAT malig-
nant cell prediction UMAP map, with red circles representing malignant cells and blue circles representing normal 
cells. The data shows that malignant cells are mainly expressed in two cases of liver cancer tissues. E The cell group-
ing of malignant cells shows that these malignant cells may be Hepatocytes Endothelial_cells、Epithelial_cells
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dark red cell cluster in the lower right corner is M2 macrophages. The CytoTracy trajec-
tory of HMGB1 shows that it is mainly distributed in M0 macrophages, while the Cyto-
Tracy trajectory of CYCS shows that it is mainly distributed in M0 macrophages and M2 
macrophages. The CytoTracy trajectories of GSDMD are mainly distributed in M2 mac-
rophages, IL-1β are mainly distributed in M0 macrophages, IL18 are mainly distributed 
in monocytes, M0 macrophages, and NRRP3 are mainly distributed in M0 macrophages 
(Fig. 6F-K). Collectively, these results indicate that focal death hub genes are involved in 
the regulation of various immune cells, especially macrophage polarization processes. 

Fig. 6  Cell Trajectory Analysis: A scatter plot of pseudo temporal analysis data screening, B principal component 
expression plot of pseudo temporal analysis, C survival status plot of pseudo temporal analysis, D temporal devel-
opmental trajectory plot of pseudo temporal analysis, E expression correlation values of pyroptosis hub genes in 
CytoTRACE trajectory analysis, F CytoTRACE trajectory expression plot of HMGB1, G CytoTRACE trajectory expres-
sion plot of CYCS, H CytoTRACE trajectory expression plot of GSDMD, I IL18 CytoTRACE trajectory expression plot, J 
NLRP3 CytoTRACE trajectory expression plot, K IL-1β CytoTRACE trajectory expression plot.’
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Therefore, we believe that the link between macrophages and pyroptosis genes is a new 
direction for the development and prognosis of HCC.

2.7.2  Analysis of intercellular communication in cells

Inter cellular communication provides us with assistance in understanding the interac-
tions between different cells. Figure 7A shows the communication connections between 
all cell populations, while Fig. 7B shows the communication connections between each 
type of cell population and other cells. The thicker the line, the tighter the communica-
tion between cells. From Fig.  7B, it can be seen that the communication connections 
between cell populations 4, 5, 7, and 8 are relatively close, and these cells correspond 

Fig. 7  Cell communication analysis: A all intercellular communication diagrams of cell subpopulations, B com-
munication connections between different cell subpopulations and other cells, C MIF signaling pathway network, 
D MIF signaling pathway network heatmap, E MIF signaling pathway network receptor information, F VEGF signal-
ing pathway network, G VEGF signaling pathway network heatmap, H VEGF signaling pathway network receptor 
information
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exactly to Hepatocytes, Endotheliales, Epitheliales, and Tissue stem cells. Therefore, we 
found that the communication between these malignant cells exacerbates the occur-
rence of liver cancer. Further exploration of the MIF signaling pathway network and 
VEGF signaling pathway network revealed the potential mechanisms underlying their 
malignant transformation. The MIF signaling pathway network showed significant com-
munication between C3 and C8 Hepatocytes and C0 NK cells, C1 monocytes, and C2 
T cells (Fig. 7C, D). According to ligand information, CD74 is the main marker of mac-
rophage migration inhibitory factor. Furthermore, we discovered that the two ligand 
receptor pairings (L-R pairs) that have the greatest influence on the MIF signaling 
pathway are MIF - (CD74 + CXCR4) and MIF - (CD74 + CD44). Tumor cells exhibited 
a considerable increase in the expression of receptors CXCR4 and CD74, suggesting 
that the MIF signaling pathway is activated in malignancies (Fig. 7E). The VEGF signal-
ing pathway network showed C4 Endothelial cells and C3 Hepatocytes, C5 Tissue Stem 
Cells, C7 Epithelial Cells, and C8 Hepatocytes have strong communication, and VEGF 
- (VEGFA + VEGFR) is the ligand receptor pair (L-R pair) that contributes the most to 
the MIF signaling pathway, indicating that the VEGF signaling pathway is activated in 
tumors (Fig. 7F-H).

2.7.3  Bioinformatics and single cell combined analysis

The distribution maps of different cells in different sample tissues show that NK cells 
and monocytes are mainly distributed in normal liver tissue, Hepatocytes, Endothelial 
cells, Epithelial cells, and Tissue stem cells are mainly distributed in liver cancer tissues 
(Fig. 8A, B). Based on the secondary clustering distribution and violin plot of six hub 
genes, HMGB1, CYCS, and GSDMD were significantly expressed in all cell populations 
from 0 to 7, while IL-1β and NLRP3 were mainly expressed in monocytes, M0 macro-
phages, M1 macrophages, M2 macrophages, and IL18 was mainly expressed in mono-
cytes and M0 macrophages (Fig. 8C-I). In summary, inflammatory factors such as IL-1β, 
NLRP3, and IL18 are mainly regulated by monocytes/macrophages, which is closely 
related to the early inflammation of pyroptosis.

2.8  Hub gene immunohistochemistry and cellular localization

The human protein expression profile database provides immunohistochemical analysis 
and subcellular localization of hub genes in liver cancer-related cells. HMGB1 immu-
nohistochemistry showed that it was mainly expressed in liver cells, and the samples 
were from patients with liver fibrosis. CYCS immunohistochemistry showed that it was 
mainly expressed in liver cells and bile duct cells, and the samples were from patients 
with liver fibrosis. GSDMD immunohistochemistry showed expression in the main bile 
duct cells, and the samples were from patients with liver fibrosis. IL-1β HE sections 
showed expression in major liver cells and fibroblasts (HE staining, no immunohisto-
chemical data found). NLRP3 immunohistochemistry shows that it is mainly expressed 
in liver cells and bile duct cells. IL18 immunohistochemistry showed that it was mainly 
expressed in bile duct cells (Fig S3 A-F).

2.9  Validation of hub genes in hepatocellular Cancer

To further validate the aforementioned results, we employed RT-qPCR, immunohis-
tochemistry, and Western blot to examine the expression of key genes (NLRP3, IL18, 
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GSDMD, IL-1β, CYCS, and HMGB1) in HCC and paracancerous tissue (PC). We col-
lected cancerous and PC from 10 patients who underwent curative hepatectomy at The 
Affiliated Traditional Chinese Medicine Hospital, Southwest Medical University. Part of 
the samples was used for immunohistochemistry, while the remainder was used for pro-
tein and RNA extraction for Western blot and RT-qPCR analyses. The RT-qPCR results 
indicated that the expression levels of pyroptosis-related genes NLRP3 (**P < 0.01), 
IL18 (**P < 0.01), GSDMD (*P < 0.05), IL-1β (**P < 0.01), CYCS (*P < 0.05), and HMGB1 

Fig. 8  Distribution of cell populations and hub genes: A heatmap of different cell populations in different tis-
sues, B UMAP map of different cells in different tissues, C UMAP distribution of GSDMD in the cell population of 
secondary clustering, D UMAP distribution of NLRP3 in the cell population of secondary clustering, E IL-1β UMAP 
distribution in the cell population of secondary clustering. F The UMAP distribution of IL18 in the cell population 
of secondary clustering, the UMAP distribution of G CYCS in the cell population of secondary clustering, the UMAP 
distribution of H HMGB1 in the cell population of secondary clustering, and the violin expression map of I hub 
genes in the cell population of secondary clustering
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(**P < 0.01) were significantly elevated in HCC tissues compared to PC tissues (Fig. 9B). 
The results of immunohistochemical staining and Western blot analyses were consistent 
with those of RT-qPCR; significant upregulation of NLRP3, IL18, GSDMD, IL-1β, CYCS, 
and HMGB1 was detected in HCC tissues (Fig. 9A-C, Figure S3G). These findings pre-
liminarily validated our previous analyses.

3  Discussion
Particularly HCC, liver cancer ranks fourth in the world for cancer-related mortality and 
is the sixth most frequent cancer globally, placing a heavy load on health care systems. 
Between 85% and 90% of all initial liver malignancies are HCCs [47]. Even with improve-
ments in adjuvant therapy, liver transplantation, and surgery, the survival rate for people 
with HCC is still not good enough [48]. Thus, it is still essential to clarify the molecu-
lar causes of HCC and find novel treatment targets [24]. A significant concentration of 

Fig. 9  Validation of Hub Genes in Hepatocellular Cancer (A) Immunohistochemical staining images of cancerous 
and paracancerous tissue(PC) from HCC patients, with a scale bar of 200 μm (n = 3). B Expression of hub gene 
mRNA (n = 10). NLRP3 (**P < 0.01) vs. PC, IL18 (**P < 0.01) vs. PC, GSDMD (*P < 0.05) vs. PC, IL-1β (**P < 0.01) vs. PC, 
CYCS (*P < 0.05) vs. PC, and HMGB1 (**P < 0.01). C Differences in hub gene protein levels between HCC and PC 
(n = 3)
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macrophages has been seen in HCC liver tissue and mouse models, suggesting that liver 
macrophages play a complex role in the pathophysiology of HCC. These macrophages 
suppress anti-tumor immunity because they support tumor growth [49]. Liver macro-
phages secrete pro-angiogenic factors, which together stimulate tumor growth, during 
the evolution of HCC. These factors include transforming growth factor-β (TGF-β), vas-
cular endothelial growth factor (VEGF), and platelet-derived growth factor (PDGF) [50]. 
Pyroptosis is a type of programmed cell death linked to inflammation that contributes 
to the growth of tumors in two distinct manners. On the one hand, pyroptosis induc-
tion can stop tumor cells from proliferating and migrating. On the other side, an inflam-
matory tumor microenvironment (TME), which promotes tumor growth, might result 
from overactivation of pyroptosis. GSDMD-mediated cell pyroptosis in HCC can acti-
vate tumor-infiltrating macrophages, promoting phagocytosis and anti-tumor immu-
nity [51]. It’s interesting to note that GSDMD in HCC shows distinct signs of immune 
cell infiltration. The majority of GSDMDs have a negative correlation with macrophages 
and a positive correlation with B cells, neutrophils, and dendritic cells. It can be seen 
that the tumor immune microenvironment, especially macrophages, is closely related to 
the occurrence and development of cell pyroptosis, but further exploration is needed 
in HCC. Thus, by combining single-cell technology with bioinformatics, we were able 
to uncover the mechanism of action of pyroptosis and macrophages in HCC, offering 
direction for the clinical diagnosis and therapy of HCC.

In this study, we analyzed gene expression between liver cancer tissue and normal tis-
sue adjacent to the cancer using the GEO database, and obtained six HCC related pyrop-
tosis hub genes HMGB1, CYCS, GSDMD, IL-1β, NLRP3, and IL18. Through enrichment 
analysis, it was determined that the occurrence of HCC is closely associated with sig-
naling pathways such as Necroptosis, Pyroptosis multiple species, NF kappa B signaling 
pathway, Autophagy animal, Hepatitis C, Hepatitis B, Pyroptosis, Interleukin-18-Signal-
ing INTERLEUKIN_18_SIGNALING, and The-NLRP3-Inflammasome. Through sin-
gle-cell sequencing data, we found that the main infiltrating cells in liver cancer tissue 
include NK-cell, Monocyte, T-cell: CD4 + effector memory, Hepatocytes, Endothelial-
cells, Tissue_stem-cells, B-cell, Epithelial-cells, Hepatocytes, T-cell: gamma delta, mac-
rophage M1, macrophage M0, macrophage M2. As for HCC itself, it is mainly related to 
the inflammatory processes of Endothelial cells, Tissue stem cells, Epithelial cells, and 
Hepatocytes. Regarding the tumor immune microenvironment, it is mainly related to 
the differentiation and function of NK-cell, Monocyte, T-cell: CD4 + effector_memory, 
macrophages. The identification of malignant cells further confirms the close relation-
ship between these cells and the progression of cancer. Further analysis of cell trajecto-
ries revealed that polarization of monocytes and macrophages first plays a role in HCC. 
In addition, key apoptotic targets such as HMGB1, CYCS, GSDMD, IL-1β, NLRP3, and 
IL18 regulate macrophage polarization and affect HCC. Inter cellular communication 
indicates that the MIF and VEGF signaling pathways are activated in HCC tumors.

Recent studies have shown that HMGB1 is up-regulated in human rectal cancer, 
breast cancer, cervical cancer, lung cancer and other malignant tumors, which is closely 
related to the occurrence, growth, invasion and metastasis of tumors, and can be used 
as a serum marker to provide reference value for tumor progress and prognosis evalua-
tion [52]. A prerequisite for cellular angiogenesis in HCC has been found to be RAGE, 
whereas HMGB1 is thought to be a pro-angiogenic factor that causes colon carcinoma 
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to produce VEGF. Given that RAGE is one of HMGB1’s receptors, this obliquely implies 
that HMGB1 may use RAGE to generate angiogenesis in HCC [53]. This time, we found 
increased expression of HMGB1 in HCC by immunohistochemistry, tissue proteins and 
RNA, which directly indicates that HMGB1 is a risk factor for HCC. And in single-cell 
expression, HMGB1 was also expressed in various immune cells and hepatocytes, which 
again established that HMGB1 contributes to the hepatic microenvironment and the 
development of HCC. Research has shown that dysregulation of key proteins involved 
in GSDMD, IL-1β, and NLRP3 pyroptosis may lead to the occurrence and development 
of various human diseases, particularly malignant tumors [54]. Zhang et al.‘s work dem-
onstrated that mifepristone reduces HCC cell growth by pyroptosis that is dependent on 
BAX-caspase-GSDME, and that the ROS-MEK-ERK1/2 pathway is involved in pyropto-
sis regulation [55]. Similar research by Yu et al. previously demonstrated that GSDME 
can promote ROS/JNK/Bax mitochondrial cell pyroptosis pathways and caspase-3/-9 
activation in lobaplatin-mediated cell pyroptosis [56]. Our investigation revealed that 
patients in high-risk groups (liver cancer tissue) not only had cell necrosis but also an 
accumulation of immune-suppressive cells including macrophages, T cell regulators 
(Tregs), T cell CD4+, and cancer-related endothelial cells. It is commonly accepted that 
the infiltration of macrophages in TME results in an immunosuppressive milieu and 
treatment resistance, both of which are frequently linked to unfavorable prognoses and 
outcomes [54]. Fatty liver and ECM deposition can result from inflammation associ-
ated with chronic liver disease. Fibrous scars will eventually build up and cause cirrho-
sis if they are not treated, which will result in HCC. The primary constituents of the 
tumor microenvironment are tumor-associated macrophages, which are highly mallea-
ble and can differentiate into M1 and M2 phenotypes, which is crucial for the advance-
ment of HCC. TLR2 ligands in HCC have been shown to decrease NF-κB activity and 
increase M2 macrophage polarization. Additional investigation reveals that HMGB1 
generated from HCC promotes the development of HCC by inducing M2 polarization 
via the TLR2/NOX2/autophagy axis [17]. Furthermore, angiogenesis is a key aspect of 
the growth of tumors. Studies have demonstrated that lncRNA CRNDE can stimulate 
M2 polarization and angiogenesis; its mechanism involves upregulating the expression 
of proteins associated to angiogenesis, including JAK1, STAT6, AKT1, and others [57]. 
In conclusion, M1 macrophages perform antigen presentation, pathogen removal, and 
anti-tumor activities. They also provide protection against viral hepatitis and parasite-
induced HCC. On the other hand, M2 macrophages can efficiently treat liver illnesses 
mostly brought on by inflammatory damage, exhibit anti-inflammatory properties, and 
aid in wound healing. In our cell trajectory analysis, it also clearly shows that mono-
cytes, M1 macrophages play a role in early cancer defense, and as cancer advances, M2 
macrophages gradually appear and play anti-inflammatory effects. These studies directly 
demonstrate the polarization of M1 to M2 in macrophages in HCC, consistent with 
existing studies in general. The present study reveals that macrophage polarization in 
the micro-environment of HCC is characterized by a dynamic temporal sequence: early 
monocytes/M1-type resist tumors through pro-inflammatory responses (e.g., IL-12 
secretion), whereas macrophages are gradually converted to M2-type with the activa-
tion of TLR2/HMGB1 signaling and metabolic reprogramming mediated by the STAT6/
AKT1 pathway to form an immune-suppressive ecosystem. This polarization dynam-
ics is synergistic with the “inflammation-cancer” process and is spatially heterogeneous 
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(e.g., M2 enrichment in the hypoxic core). To address this mechanism, targeting TLR2/
STAT6 pathway inhibitors, blocking HMGB1, or combining with PD-1 therapies can 
reverse M2 polarization, while modulation of lncRNA CRNDE or metabolic microenvi-
ronment (e.g., lactate/MCT1) can enhance anti-tumor immunity. Future development of 
spatiotemporal-specific drug delivery systems and balancing the double-edged effects of 
M1/M2 are needed to achieve precise interventions.

The late stage of hepatocyte pyroptosis, accompanied with the release of inflamma-
tory factors such as IL-1 β and IL-18, is central to the deterioration of hepatocyte cells. 
Our preliminary experiments also found the expression of the related proteins in HCC. 
KEGG signaling analysis showed that inflammatory factors released by hepatocyte 
pyroptosis enhanced the activation of signaling pathways such as NF- κ B, apoptosis, 
and MAPK in hepatocytes and macrophages, thus further promoting the inflammatory 
response. Meanwhile, single-cell analysis suggests that the release of proinflammatory 
factors can recruit mononuclear macrophages in vivo, leading to a more severe inflam-
matory response and ultimately massive hepatocyte death. Moreover, several studies 
have shown that there is a reciprocal regulation between macrophage polarization and 
pyroptosis. Therefore, we believe that the regulation of macrophage polarization and 
pyroptosis in hepatocytes will be a new therapeutic direction. In this study, we also have 
some deficiencies and challenges. First, the number of samples verified for clinical tis-
sues is limited, so the credibility of the data needs to be improved. Among them, we only 
verified the key hub genes, and the mechanism of the related signaling pathways needs 
many experiments to prove. Of course, this study is still of clinical significance. First of 
all, we initially found that pyroptosis-related memory and immune cells, especially mac-
rophages, are one of the pathogenesis of HCC, which will provide a direction for future 
clinical research.

4  Conclusion
In conclusion, we initially found the disease molecular mechanism of HCC, and the main 
molecular mechanism of the pathogenesis process is immune cell infiltration, especially 
macrophage polarization promotes inflammatory factor secretion leading to pyropto-
sis. We finally speculate that hub genes such as HMGB1, CYCS, GSDMD, IL1B, NLRP3 
and IL 18 are the links for the development of macrophage polarization and pyroptosis 
during HCC, and we will further elucidate the roles of these genes, including functional 
experiments (e.g., in vitro macrophage-pyroptosis assays) in future work.

[.
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