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Abstract

Background Pyroptosis is a form of programmed cell death characterized by inflammasome activation and the release of
inflammatory cytokines, which induce a strong immune response. Unlike apoptosis, pyroptosis can elicit potent immune
stimulation, potentially playing a crucial role in anti-tumor immunity. However, it may also promote tumor progression
by altering the tumor microenvironment and facilitating immune evasion. This study investigates pyroptosis-related
gene expression in hepatocellular carcinoma (HCC), with a focus on identifying key genes that influence prognosis and
tumor microenvironment dynamics.

Methods Single-cell RNA sequencing (scRNA-seq) data from 10 HCC patients were obtained from the GEO database
(GSE149614), along with spatial transcriptomic data and bulk RNA-seq data from TCGA. We performed data processing
and quality control using the Seurat package and applied machine learning techniques, including LASSO regression,
to identify key pyroptosis-related genes. Functional analyses, including Gene Ontology (GO), KEGG, and GSVA, were
conducted to explore biological pathways. Pyroptosis levels were quantified across cell types, and survival analysis was
performed to evaluate prognostic impacts. Cell communication and immune infiltration were also assessed to under-
stand the tumor microenvironment.

Results We identified CHMP4B as a key pyroptosis-related gene in HCC, significantly associated with poor prognosis.
High CHMP4B expression was correlated with shorter overall survival (OS) and disease-free survival (DFS). Functional
enrichment analysis showed that CHMP4B is involved in cell cycle regulation, DNA repair, and cytoskeletal organiza-
tion. Spatial transcriptomics revealed heterogeneous CHMP4B expression in the tumor microenvironment, with higher
levels found in advanced tumor stages. Moreover, high CHMP4B expression was associated with increased infiltration
of immunosuppressive cells, such as monocytes and macrophages, and upregulation of immune checkpoint molecules
(PD-L1, CTLAA4), suggesting its role in promoting immune evasion.

Conclusions Our findings highlight CHMP4B as a critical regulator of pyroptosis in HCC, influencing tumor progression
and immune modulation. High CHMP4B expression may facilitate the development of an immunosuppressive micro-
environment, enabling immune escape and tumor growth. The study underscores CHMP4B’s potential as a prognostic
biomarker and therapeutic target in HCC. However, the limited sample size calls for further validation using larger data-
sets and multi-omics approaches, such as proteomics and metabolomics, to fully elucidate its functional role in HCC
pathogenesis.
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1 Introduction

Liver cancer is one of the most common malignancies worldwide, with particularly high incidence rates in East Asia and
Africa. According to the latest statistics, approximately 900,000 new cases of liver cancer are diagnosed globally each
year, making it a leading cause of cancer-related mortality [1-4]. The primary etiologies of liver cancer include chronic
hepatitis B virus (HBV) and hepatitis C virus (HCV) infections, alcoholic liver disease, non-alcoholic fatty liver disease
(NAFLD), and cirrhosis. Additionally, genetic factors, environmental influences, and lifestyle choices may contribute
to the development of liver cancer. [5]Symptoms of liver cancer include upper abdominal pain, jaundice, and loss of
appetite. Common diagnostic methods include imaging techniques (such as CT and MRI), serum biomarkers (such as
alpha-fetoprotein [AFP]), and liver biopsy. Treatment options for liver cancer range from surgical resection and liver
transplantation to locoregional therapies (such as radiofrequency ablation and transarterial chemoembolization) and
systemic therapies (such as targeted drugs and immunotherapy) [4, 6, 71.

Pyroptosis is a form of programmed cell death closely linked to inflammatory responses. Its mechanisms involve inflam-
masome activation (e.g., NLRP3 inflammasome), caspase-1 activation, and the release of gasdermins and inflammatory
cytokines, such as IL-13 and IL-18 [8]. Unlike apoptosis (which is characterized by a self-destructive process within the
cell) and autophagy (which involves the degradation of intracellular components for cell survival or death), pyroptosis
is distinguished by noticeable cell membrane rupture and robust inflammatory responses. Research has shown that
pyroptosis plays a pivotal role in the development and progression of liver cancer. It not only impacts the survival of liver
cancer cells but also drives changes in the tumor microenvironment by releasing inflammatory mediators, which facilitate
immune evasion and metastasis [9]. Dysregulated expression of pyroptosis-related genes (such as NLRP3, caspase-1,
and IL-1pB) is closely linked to the onset and progression of liver cancer and is associated with poor prognosis [10, 11].

Single-cell sequencing technology enables the analysis of gene expression at the single-cell level, offering insights
into cellular heterogeneity and specific gene expression patterns. Compared to traditional bulk cell analysis, single-cell
techniques provide higher-resolution data, allowing for the discovery of differences between cell populations [12].
Current research has primarily focused on the overall role of pyroptosis in liver cancer and its interactions with other
forms of cell death. However, detailed investigations at the single-cell level remain limited. [13] Analyzing the single-cell
expression profiles of pyroptosis-related genes in liver cancer could offer new insights into the mechanisms through
which pyroptosis contributes to tumor development. This research may also identify novel molecular targets for early
diagnosis and personalized therapies, ultimately enhancing patient prognosis and quality of life.

2 Materials and Methods
2.1 Data Sources

The single-cell RNA sequencing data used in this study were obtained from the GEO dataset GSE149614, which includes
sequencing data from 10 HCC patients. We selected two types of samples for analysis: primary tumor tissues and non-
tumorous liver tissues. Additionally, spatial transcriptomics data of HCC tumor tissue were obtained from GSM6177612,
which was derived from a tumor region of primary hepatocellular carcinoma. RNA-seq data for HCC were also down-
loaded from the UCSC Xena platform (https://xena.ucsc.edu/), specifically from the TCGA (The Cancer Genome Atlas)
cohort, comprising sequencing information from 424 samples, along with corresponding survival data for survival analy-
sis. External validation datasets GSE144269, GSE76427, and ICGC_LIRI were also utilized.

2.2 Single-Cell Sequencing Data Processing and Cell Type Identification

After retrieving single-cell sequencing data from 10 tumor samples and 8 normal liver samples, we performed initial
processing using the Seurat package, including quality control, dimensionality reduction, clustering, and visualization. To
ensure the reliability of the sequencing data for further analysis, strict quality control measures were applied: cells with
fewer than 500 or more than 6,000 detected genes, as well as cells with mitochondrial gene content exceeding 20%, were
removed to eliminate empty droplets, doublets, and senescent cells. After normalizing and scaling the data, principal
component analysis (PCA) was performed for dimensionality reduction. To correct for batch effects, the"harmony"package
was applied. Clustering was conducted using the top 20 principal components with a resolution of 0.3, resulting in 17
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cell clusters. Visualization was achieved via UMAP. Preliminary cell type identification was conducted using known cell
markers and the"FindAllIMarkers"function [14].

2.3 Tumor Cell Identification

Tumor cells were identified using the"copykat"package to analyze copy number variations (CNVs). CopyKAT (Copynumber
Karyotyping of Tumors) is a computational tool that integrates Bayesian methods to identify genome-wide aneuploidy
in single cells at a 5MB resolution, distinguishing tumor cells from normal cells. Cells with widespread genome-wide CNV
aberrations (aneuploidy) were classified as tumor cells, while stromal cells and immune cells typically displayed diploid
(2 N) or near-diploid copy number profiles [15].

2.4 Pyroptosis Level Assessment

To quantify pyroptosis levels in different cell types, we utilized a gene set of 52 pyroptosis-related genes and applied
multiple gene set scoring methods, including AddModuleScore, ssGSEA, AUCell, UCell, and singscore. Each method
generated a score for each cell, which was then centralized and standardized. The final score for each cell was obtained
by summing the standardized scores from all five methods. Using multiple scoring approaches reduced error and bias,
providing more comprehensive and robust biological insights. Cells were divided into high- and low-score groups based
on the median score, representing cells with different levels of pyroptosis.

2.5 Enrichment Analysis and Cell-Cell Communication Analysis

To explore the biological functional differences between cells with high and low pyroptosis levels, we performed
Gene Ontology (GO) and KEGG pathway enrichment analysis. The genes used for enrichment were identified by
the"FindMarkers"function, which highlights genes upregulated in high-score cells. Enrichment analysis was performed
using the"clusterProfiler"package, and the results were visualized accordingly. The"GSVA"package was also used, apply-
ing the"HALLMARK"gene sets to identify tumor-related biological processes. For cell-cell communication analysis, we
used the"CellChat"package to simulate and analyze cell signaling networks. CellChat considers gene expression data
and known interactions between signaling ligands, receptors, and co-factors to model intercellular communication [16].

2.6 Patient Infiltration and Prognosis Analysis Based on High- and Low-Score Cells

To evaluate patient immune infiltration based on high- and low-score pyroptotic cells, we identified marker genes of
these cells and performed ssGSEA scoring on TCGA data. Patients were classified into high- and low-infiltration groups,
and Kaplan-Meier (K-M) survival curves were plotted to compare survival differences. The"survival"and"survminer"pack
ages were used to generate K-M curves for overall survival, progression-free survival, disease-free survival, and disease-
specific survival [16].

2.7 Spatial Transcriptomics Deconvolution Analysis

Spatial transcriptomics data were processed using the"Seurat"package, with mitochondrial and ribosomal genes excluded
during quality control, while preserving data from all spots. Data were normalized using the"SCTransform"function and
PCA was applied for dimensionality reduction, followed by clustering based on the top 20 principal components, yield-
ing seven cell clusters. The"scMetabolism"package was used to infer metabolic activity for each cell cluster within the
spatial transcriptomics data, employing built-in gene sets covering 85 KEGG pathways and 82 Reactome terms, using
the VISION algorithm for scoring. To overcome the resolution limitations of spatial transcriptomics and fully leverage
spatial information, we applied deconvolution analysis using the"spacexr"package for RCTD deconvolution. Annotated
single-cell data were used for deconvolution of spatial transcriptomics, allowing for the inference of cell type probabili-
ties for each sequencing spot. Cells with high- and low-pyroptosis scores were also included in the analysis to compare
pyroptosis levels across spatial regions [17].
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Fig. 1 Cell type identification and pyroptosis level assessment.A: Violin plot showing sample characteristics after quality control of sin-
gle-cell data, with the top chart showing the number of detected genes and the bottom chart showing the proportion of mitochondrial
genes.B: PCA plot showing cell distribution across different samples after removing batch effects.C: UMAP of clustered cell groups after
dimensionality reduction, showing 17 groups.D: Results of cell type identification.E: UMAP showing the distribution of cells in different
groups.F: Heatmap of cell count values.G: Display of cell type identification results, showing the distribution and number of each cell type
in different groups.H: Bar plot showing cell proportions.l: Bubble chart of gene set scoring results.J: Violin plot of differential score analysis
between tumor and normal group cells
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2.8 Expression and Prognosis Analysis of Key Pyroptosis-Related Genes

Differential expression analysis of key pyroptosis-related genes was performed using TCGA data, and results were validated
using GEO data. Six significantly differentially expressed pyroptosis-related genes were then used to score bulk RNA-seq data,
dividing patients into high- and low-score groups for survival analysis. ssGSEA was employed for scoring, and Kaplan-Meier
curves were plotted to compare the prognostic impact of these genes. External datasets from GEO and ICGC were also used
for validation. In the spatial transcriptomics data, we analyzed the expression of key pyroptosis genes, comparing expres-
sion levels across normal cells, mixed cells, and malignant cell regions, and assessed correlations with various cell types. To
further filter genes with prognostic significance in liver cancer, Lasso regression was performed using the glmnet package
with ten-fold cross-validation, selecting the optimal model coefficients and genes.

2.9 Prognostic and Clinical Correlation Analysis of CHMP4B

For the key pyroptosis gene CHMP4B, we performed subgroup differential expression analysis using clinical information from
TCGA. Prognostic value of CHMP4B was assessed using TCGA and external validation datasets. Enrichment analysis, immune
infiltration analysis, and spatial transcriptomics data were also incorporated into the study of CHMP4B.

2.10 Cell Culture and Transient Transfection

The human hepatocellular carcinoma cell lines HepG2 and Huh7 (GeneChem, Shanghai) were cultured in high-glucose DMEM
medium (Gibco) supplemented with 10% fetal bovine serum (FBS, Gibco), 100 U/mL penicillin, and 100 pg/mL streptomycin
(Thermo Fisher Scientific). All cells were maintained in a humidified incubator at 37 °C with 5% CO, (Thermo Forma) and the
medium was changed regularly to maintain cell viability.

For transient transfection experiments, cells were seeded in 6-well plates at a confluence of 50%—70%. After 24 h of cell
attachment, siRNA or overexpression plasmid transfections were performed using Lipofectamine 3000 transfection reagent
(Invitrogen). Cells were collected 48 h post-transfection for subsequent experiments.

2.11 Quantitative Real-Time PCR (qRT-PCR)

To determine the mRNA expression levels of CHMP4B in hepatocellular carcinoma cells, total RNA was extracted from HepG2
and Huh?7 cells using TRIzol reagent (Invitrogen) according to the manufacturer’s instructions. RNA quality was assessed
using a NanoDrop 2000 (Thermo Fisher Scientific) to ensure an A260/A280 ratio between 1.8 and 2.0. The RNA was reverse-
transcribed into cDNA using PrimeScript RT Master Mix (Takara). Subsequently, gqRT-PCR was performed on an ABI 7500
Real-Time PCR system. The PCR reaction mixture had a total volume of 20 yL, containing 10 pL of SYBR Green Master Mix
(Takara), 1 L of cDNA template, 0.5 pL of forward primer for CHMP4B (10 uM), 0.5 uL of reverse primer for CHMP4B (10 uM),
and 8 pL of RNase-free water. The PCR conditions were as follows: initial denaturation at 95 °C for 30 s, followed by 40 cycles
of denaturation at 95 °C for 5 s and annealing/extension at 60 °C for 30 s. GAPDH was used as the internal reference gene.
The primer sequences were as follows: CHMP4B forward primer: 5-AGTCCCTGACAGCTTCTCCG-3'; CHMP4B reverse primer:
5-CTGGTGCTTTGATGTCCTGGA-3" The relative expression levels were calculated using the 2A-AACt method and subjected
to statistical analysis.

2.12 Statistical Analysis
Statistical analyses were conducted using R 4.2.2 and its associated packages. For continuous variables, the non-parametric

Wilcoxon rank-sum test was used to assess relationships between groups. Spearman correlationanalysis was used to test
correlation coefficients. A significance threshold of P< 0.05 was set for all statistical analyses.
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Fig.2 Hepatocyte analysis.A: UMAP of cells with high and low scores, with red representing high pyroptosis level cells and green represent- »
ing low pyroptosis level cells.B: Bar plot of cell proportions.C: Divergent bar chart of GSVA enrichment results for Hallmark gene sets, with
pathways enriched in low-score cells on the left and pathways enriched in high-score cells on the right.D: Bar chart of GO enrichment analy-
sis results.E: Bar chart of KEGG enrichment analysis results.F: Bar plot comparing communication frequency and intensity.G: Bar plot com-
paring communication pathways.H: Heatmap of communication pathway intensity.l: Scatter plot showing signal reception and transmission
intensities of cells.J: UMAP showing copy number variation, with red indicating polyploid cells (i.e., tumor cells).K: GSEA enrichment results
for KEGG gene sets, with nucleotide metabolism on top and ribosome on the bottom.L: Bar plot showing cell proportions, with malignant
cells on the left and non-malignant cells on the right.M: KM curves of overall survival, disease-specific survival, disease-free survival, and
progression-free survival in high- and low-infiltration groups.N: Violin plot showing differential expression of pyroptosis-related genes in
hepatocytes

3 Result
3.1 Single-Cell Quality Control

In this study, we obtained single-cell transcriptomic data from the GEO database (dataset GSE149614). Initially, we per-
formed data quality control on all single-cell samples. To eliminate the influence of senescent cells, red blood cells, and
cells with high mitochondrial content, we quantified relevant quality metrics, including UMI counts and the percentage
of mitochondrial and hemoglobin gene expression (Fig. 1A). Batch effects were removed using the Harmony package to
ensure that observed differences were purely biological in nature (Fig. 1B). After dimensionality reduction and cluster-
ing, a total of 61,776 cells passed quality control and were clustered into 16 groups, which were visualized using UMAP
(Fig. 1Q). Cell clusters were named based on marker gene expression and upregulated genes (Fig. 1D), with tumor and
normal groups showing distinct distribution patterns (Fig. 1E), as well as mRNA density differences (Fig. 1F).

The distribution of all cell types in the tumor and normal groups is shown (Fig. 1G, H), with a bar chart indicating a
significant decrease in immune cell content and an increase in hepatocyte proportions in the tumor group. To identify
pyroptosis-related cell clusters, we scored all cells based on pyroptosis-related gene expression and compared differ-
ences between normal and tumor samples (Fig. 11, J). The results indicated significant variations in pyroptosis levels.

3.2 Pyroptosis Characteristics in Hepatocytes within the Tumor Microenvironment

Hepatocytes are the main component of the liver cancer tumor microenvironment. We divided hepatocytes into high
and low pyroptosis score groups (Fig. 2A) and found that hepatocytes in the tumor group exhibited higher pyroptosis
characteristics compared to the normal group (Fig. 2B). To explore heterogeneity between the two groups, we performed
a GSVA analysis to identify functional differences between high and low pyroptosis score hepatocytes (Fig. 2C).

GO enrichment analysis revealed that high pyroptosis score hepatocytes showed increased levels of programmed
cell death and vacuole fusion (Fig. 2D). KEGG pathway analysis indicated that these hepatocytes were more active in
thyroid cancer and Salmonella infection pathways (Fig. 2E). In terms of cell communication, we assessed the intensity
of communication and receptor-ligand interactions, showing higher communication scores in the high pyroptosis
group (Fig. 2F). Additionally, we evaluated the input-output signaling of cell communication, finding that high
pyroptosis hepatocytes had more robust communication and signal output characteristics (Fig. 2G, H, I).

Figure 2] displays a group of highly aberrant cells identified via the copykat method, which we classified as cancer cells.
Further KEGG enrichment analysis of cancer cells with varying pyroptosis levels revealed that nucleotide metabolism and
ribosome pathways were enriched with the most differential genes (Fig. 2K). A subsequent analysis of cell proportions
indicated that pyroptosis features were more pronounced in tumor cells (Fig. 2L). Survival curves showed that patients
with high pyroptosis levels had shorter overall survival (OS) and progression-free survival (PFS) compared to those with
lower pyroptosis (Fig. 2M). To further explore the prognostic impact of pyroptosis in liver cancer, we analyzed pyroptosis
gene expression levels, revealing that most pyroptosis-related genes were upregulated in tumor tissues (Fig. 2N).

survival, disease-free survival, and progression-free survival in high- and low-infiltration groups.N: Violin plot
showing differential expression of pyroptosis-related genes in hepatocytes.
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Fig.3 B cell analysis.A: UMAP of cells with high and low scores, with yellow representing high pyroptosis level cells and blue representing
low pyroptosis level cells.B: Bar plot of cell proportions.C: Divergent bar chart of GSVA enrichment results for Hallmark gene sets, with path-
ways enriched in low-score cells on the left and pathways enriched in high-score cells on the right.D: Bar chart of GO enrichment analysis
results.E: Bar chart of KEGG enrichment analysis results.F: Bubble chart showing expression levels of genes related to B cell functions.G:
Violin plot showing differential expression of pyroptosis-related genes in B cells.H-K: KM curves of overall survival, disease-specific survival,
disease-free survival, and progression-free survival in patients with high and low infiltration
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Fig.4 T/NK cell analysis.A: UMAP of cells with high and low scores, with red representing high pyroptosis level cells and yellow representing
low pyroptosis level cells.B: Bar plot of cell proportions.C: Divergent bar chart of GSVA enrichment results for Hallmark gene sets, with path-
ways enriched in low-score cells on the left and pathways enriched in high-score cells on the right.D: Bar chart of GO enrichment analysis
results.E: Bar chart of KEGG enrichment analysis results.F: Bubble chart showing expression levels of genes related to T/NK cell functions.G-
J: KM curves of overall survival, disease-specific survival, disease-free survival, and progression-free survival in patients with high and low
infiltration.K: Violin plot showing differential expression of pyroptosis-related genes in T/NK cells

3.3 Pyroptosis Characteristics of B Cells in the Tumor Microenvironment

To explore pyroptosis characteristics in B cells within the liver cancer tumor microenvironment, we divided B cells
into high and low pyroptosis score groups (Fig. 3A). B cells in the tumor group exhibited higher pyroptosis levels
compared to the normal group (Fig. 3B). To investigate the heterogeneity between the two groups, we performed a
GSVA analysis to examine functional differences between high and low pyroptosis B cells (Fig. 3C).
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Fig.5 Spatial transcriptomic metabolic analysis and deconvolution analysis.A: UMAP of clustering results after dimensionality reduction.B:
Dimensionality reduction clustering plot of spatial transcriptomic slices.C: Bubble chart of metabolic pathway activity intensity.D-F: Heat-
maps of oxidative phosphorylation, glycolysis, and fatty acid metabolism intensities.G: Bubble chart showing expression levels of key pyrop-
tosis-related genes in spatial transcriptomic data.H: Deconvolution analysis incorporating high and low pyroptosis levels, showing the pri-
mary probability of cell types.l: Deconvolution analysis incorporating high and low pyroptosis levels, showing the secondary probability of
cell types.J: Image showing the most probable cell type for each spot based on cell type probability

High pyroptosis score B cells showed enhanced protein localization and regulation of protein secretion (Fig. 3D,
E). To assess the functional impact of different pyroptosis levels in B cells, we compared functional gene expression
across various pyroptosis scores (Fig. 3F). Additionally, we analyzed pyroptosis gene expression levels in liver cancer
tissues, revealing that most genes were upregulated in tumor tissues (Fig. 3G). Survival curves indicated that patients
with high pyroptosis B cells had shorter OS and PFS compared to the low-pyroptosis group (Fig. 3H-K).
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3.4 Pyroptosis Characteristics of T/NK Cells in the Tumor Microenvironment

T/NK cells play a critical role in the immune system by recognizing and eliminating pathogens, virus-infected cells,
and tumor cells. We divided T/NK cells into high and low pyroptosis score groups. T/NK cells in the tumor group
exhibited higher pyroptosis characteristics compared to the normal group (Fig. 4A, B). To explore functional differ-
ences between the two groups, we conducted a GSVA analysis (Fig. 4C), which showed significant upregulation of
pathways related to oxidative stress and immune responses in the high pyroptosis group.

GO and KEGG enrichment analyses (Figs. 4D, E) revealed that T/NK cells with high pyroptosis scores were signifi-
cantly enriched in pathways related to cell cycle regulation, p53 signaling, and DNA replication. Immune-killing-
related genes were more highly expressed in the high-pyroptosis group (Fig. 4F), where patients with high pyroptosis
T/NK cells exhibited poorer prognosis. Several pyroptosis-related functional genes, such as CHMP2 A and BAX, showed
significant expression differences between normal and tumor tissues (Fig. 4G), suggesting that pyroptosis may play a
crucial role in tumor progression. Survival analysis revealed significant differences in OS, DSS, PFS, and DFS between
patients with high and low pyroptosis T/NK cells (Figs. 4H-K).

3.5 Spatial Transcriptomic Analysis of Pyroptosis Characteristics

To further investigate pyroptosis characteristics in liver cancer, we conducted deconvolution analysis on spatial tran-
scriptomic data. Spatial transcriptomic sequencing data of HCC tumor tissue were downloaded from GSM6177612,
with the tissue slices originating from primary hepatocellular carcinoma. After dimensionality reduction and cluster-
ing, seven cell clusters were visualized using UMAP (Fig. 5A). Spatial distribution of all cell clusters is shown in Fig. 5B.

Metabolic differences were assessed for each cluster, showing higher metabolic activity in clusters 0, 1, and 2
(Fig. 5C). We also analyzed the spatial levels of glycolysis and oxidative phosphorylation pathways in different regions
(Fig. 5D-F). Furthermore, pyroptosis-related gene scoring was performed at the spatial level (Fig. 5G), and deconvolu-
tion analysis projected single-cell annotations onto spatial spots (Fig. 5H, I), displaying the primary and secondary
probabilities of different pyroptosis levels for each spot (Fig. 5J).

3.6 Transcriptomic Analysis of Key Pyroptosis Genes

Differential expression analysis of key pyroptosis genes between tumor and normal samples was conducted using
TCGA and GEO data (Fig. 6A). ssGSEA scoring indicated elevated pyroptosis levels in tumor samples compared to
normal tissues (Fig. 6B, G, H). To refine the impact of pyroptosis at different tumor stages, we also analyzed and dis-
played pyroptosis score differences among patients at different clinical stages (Fig. 6C-F).

In spatial transcriptomic data, malignant cells, mixed cells, and normal cells were identified, with the pyroptosis
scores of each cell type shown (Fig. 61). By analyzing the Spearman correlation between pyroptosis-related gene
AUC scores and microenvironmental components, we further confirmed the key role of pyroptosis in liver cancer
(Fig. 6J). GO enrichment analysis of high- and low-pyroptosis score patients revealed potential factors influencing
prognosis (Fig. 6K, L).

3.7 Machine Learning Identification of Prognostic Genes

Using machine learning, we identified pyroptosis-related genes that influence prognosis and survival in liver cancer
patients. The LASSO regression model identified key genes such as CHMP2 A and CHMP4B (Fig. 7A, B). Survival analysis
using TCGA data showed that high expression of these genes was associated with worse outcomes in OS, DFS, and
DSS, with low-expression groups having better prognosis (Fig. 7C).

A nomogram model combining CHMP2 A, CHMP4B, age, and gender was constructed to predict 1-year, 3-year,
and 5-year survival probabilities, and its accuracy was validated with a calibration curve (Fig. 7D, E). Risk ratio analy-
sis indicated that high expression of CHMP2 A and CHMP4B was closely related to poor prognosis (Fig. 7F). Further
analysis showed that CHMP4B expression was significantly higher in tumor tissues than in normal tissues, and its

@ Discover



Analysis
Discover Oncology (2025) 16:834 | https://doi.org/10.1007/512672-025-02421-6

Fig. 6 Expression and prognosis analysis of key pyroptosis-related genes.A: Violin plot of differential expression of key pyroptosis-related »
genes in TCGA and GEO datasets.B: Violin plot of ssGSEA scoring results.C: Line chart of score changes in patients with different clinical
stages.D: KM curve for patients with high and low pyroptosis risk groups.E: KM curve for patients in the GEO external validation set with
high and low pyroptosis risk groups.F: KM curve for patients in the ICGC external validation set with high and low pyroptosis risk groups.G:
Identification of malignant, mixed, and normal cells in spatial transcriptomic data.H: Activity landscape of key pyroptosis-related genes in
microregions.l: Differences in AUC scores of key pyroptosis-related genes in malignant, mixed, and normal microregions under spatial tran-
scriptomic resolution.J: Spearman correlation of pyroptosis key gene AUC scores with microenvironment components.K: GO enrichment
analysis for patients in high and low pyroptosis groups.L: GSEA enrichment of Hallmark gene sets in high and low pyroptosis groups

expression increased as liver cancer progressed (Fig. 7G-J). Meta-analysis further confirmed the prognostic value of
CHMP2 A and CHMP4B across various survival metrics (Fig. 7L).

3.8 CHMP4B Expression and Immune Infiltration

We further explored the relationship between CHMP4B expression, immune infiltration, prognosis, and functional enrich-
ment in liver cancer. Survival analysis (Fig. 8A, B) indicated that high CHMP4B expression was associated with significantly
shorter OS and poorer prognosis. Spatial transcriptomic analysis (Fig. 8C) revealed heterogeneous CHMP4B expression in
the tumor microenvironment. Immune infiltration analysis (Fig. 8D) showed that high CHMP4B expression was correlated
with increased infiltration of immune cells, such as monocytes, macrophages, and T cells. Correlation analysis (Fig. 8E-G)
further demonstrated that high CHMP4B expression was positively correlated with immune checkpoint molecules (e.g.,
PD-L1, CTLA4), suggesting its role in promoting immune evasion.

Gene correlation analysis (Fig. 8H) and tumor microenvironment analysis (Fig. 8l) supported the finding that immune-
suppressive cells were more prevalent in the high CHMP4B expression group. Functional enrichment analysis (Fig. 8J,
K) indicated that high CHMP4B expression was closely associated with pathways involved in cell cycle, DNA repair, and
cytoskeletal organization. These results suggest that high CHMP4B expression is not only linked to poor prognosis in
liver cancer patients but may also promote cancer progression by regulating immune suppression and the tumor micro-
environment, making it a potential therapeutic target and prognostic biomarker.

3.9 Validation of CHMP4B expression by experiment

The Fig. 9 results showed that CHMP4B expression levels were significantly higher in liver cancer tissues compared to nor-
mal liver tissues. Both the HepG2 (p <0.05) and the Huh7 (p <0.01) exhibited statistically significant differences. Analysis
using GraphPad Prism software indicated that CHMP4B expression was upregulated in liver cancer tissues, suggesting
its potential role in liver cancer development and progression. Experimental data were presented as mean + standard
error (Mean £ SEM), and differences between groups were statistically analyzed using one-way ANOVA, with p < 0.05
considered statistically significant. In conclusion, the qRT-PCR results suggest that CHMP4B expression is significantly
increased in liver cancer tissues and may play an important role in the progression of liver cancer.

4 Discussion

Pyroptosis is a form of programmed cell death that has been extensively studied in recent years. It is characterized by the
activation of inflammasomes and caspase family proteins, leading to membrane rupture and the release of intracellular
contents, which triggers a strong inflammatory response [18, 19]. Unlike apoptosis, which is typically associated with
minimal immune stimulation, pyroptosis induces a more potent immune response, potentially playing a crucial role in
anti-tumor immunity. However, pyroptosis is not limited to anti-tumor effects; in certain contexts, it may also promote
tumor development [20, 21]. Tumor cells, by regulating pyroptosis-related genes, can alter the tumor microenvironment,
facilitating immune evasion and even enhancing tumor aggressiveness. Through machine learning-based analysis, we
identified CHMP4B as a key pyroptosis-related gene in hepatocellular carcinoma (HCC). Survival analysis revealed that
high CHMP4B expression is significantly associated with poor prognosis in HCC patients, particularly in terms of overall
survival (OS) and disease-free survival (DFS) [22]. Pyroptosis-related genes, through inflammasome activation, trigger
a cascade of inflammatory reactions that can impact immune cell behavior within the tumor microenvironment. While
inflammation typically aids in clearing tumor cells, chronic inflammation in the tumor microenvironment may selectively
activate immunosuppressive cells and molecules, thereby promoting tumor growth and progression [22].
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Fig.7 Prognostic model related to pyroptosis.A: Ten-fold cross-validation results.B: Lasso regression coefficient path plot.C: KM curves for
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Fig.8 Prognosis analysis of CHMP4B gene.A: KM curve of patient groups based on CHMP4B expression levelsB: KM curve of patient
groups in the GEO external validation set based on CHMP4B expression levels.C: Heatmap of CHMP4B expression levels in spatial tran-
scriptomic slice data.D: Heatmap of correlations between CHMP4B expression levels and immune cell infiltration.E-G: Correlation plots of
CHMPA4B expression levels with infiltration levels.H: Divergent bar chart of correlation between CHMP4B expression levels and immune cell
infiltration.l: Heatmap of genomic alterations.J: Ridge plot of GSEA enrichment results for GO gene sets.K: Bar chart of KEGG enrichment
analysis results

High CHMP4B expression was closely associated with the infiltration of immunosuppressive cells (e.g., monocytes,
macrophages, and T cells) in the tumor microenvironment. It also correlated positively with the expression of immune
checkpoint molecules (e.g., PD-L1, CTLA4), suggesting that CHMP4B may establish an immunosuppressive environment
that supports tumor survival and growth by triggering abnormal inflammatory responses. Additionally, CHMP4B may
promote immune evasion, further driving tumor progression. Spatial transcriptomics analysis revealed heterogene-
ous CHMP4B expression in the tumor microenvironment, while functional enrichment analysis showed that this gene
is involved in various tumor-related biological processes and signaling pathways, including cell cycle regulation, DNA
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repair, and immune modulation. Moreover, CHMP4B expression increased with tumor stage progression, indicating its
crucial role in advanced HCC. Collectively, these findings suggest that CHMP4B plays a pivotal role in HCC prognosis,
immune evasion, and tumor progression, making it a potential target for clinical applications [23].0ur functional enrich-
ment analysis demonstrated that CHMP4B overexpression was significantly associated with pathways related to the cell
cycle. This finding indicates that pyroptosis-related genes may play a key role in regulating tumor cell proliferation and
division [24]. Aberrant activation of pyroptosis genes can disrupt cellular homeostasis, potentially driving rapid tumor cell
growth and malignant transformation. Specifically, CHMP4B may regulate membrane dynamics and intracellular vesicle
trafficking, thereby influencing cell cycle regulation and enhancing the proliferative capacity of tumor cells. Furthermore,
CHMP4B is closely related to cytoskeleton-associated biological processes, which may suggest its role in tumor cell migra-
tion and invasion. Pyroptosis gene activation may alter tumor cell morphology and promote cytoskeletal reorganization,
enhancing the invasiveness and metastatic potential of cancer cells. This mechanism may explain why patients with
high CHMP4B expression exhibit poorer clinical outcomes, especially in late-stage cancers, where CHMP4B expression
is significantly elevated, highlighting its critical role in maintaining the malignant phenotype of tumors [25, 26].

Despite revealing the critical impact of pyroptosis on HCC, our study has some limitations. First, the limited sample
size may affect the generalizability of our results. We look forward to future studies involving larger sample sizes and
single-cell data from different databases to provide a more comprehensive analysis of the impact of pyroptosis on the
HCC tumor microenvironment. Additionally, future research should incorporate multi-omics approaches, such as prot-
eomics and metabolomics, to further elucidate the functional role of CHMP4B and provide a more holistic understanding
of its impact on HCC [27-29].

5 Conclusions

Our findings highlight CHMP4B as a critical regulator of pyroptosis in HCC, influencing tumor progression and immune
modulation. High CHMP4B expression may facilitate the development of an immunosuppressive microenvironment,
enabling immune escape and tumor growth. The study underscores CHMP4B's potential as a prognostic biomarker and
therapeutic target in HCC. However, the limited sample size calls for further validation using larger datasets and multi-
omics approaches, such as proteomics and metabolomics, to fully elucidate its functional role in HCC pathogenesis.
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