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1. Abstract
1.1. Objectives: Pyroptosis is a type of  programmed cell death that 
has been discovered and confirmed in recent years, which were char-
acterized by pro-inflammatory and is related to tumor progression, 
prognosis and treatment response. However, the potential roles of  
pyroptosis-related genes (PRGs) in the tumor microenvironment 
(TME) remain unclear. At the same time, in order to understand the 
underlying mechanisms of  liver tumorigenesis and predict the re-
sponse to immunotherapy, our study on the characteristics of  multi-
ple PRG-mediated TME cell infiltration may provide important ideas 
and directions for future research.

1.2. Methods: We characterized PRG changes in 115 liver cancer 
patient (HCC) samples from the genetic and transcriptional domains 
and assessed their expression patterns from the GEO dataset. Then, 
a prognostic model for predicting survival was constructed and its 
predictive ability in HCC patients was validated. Finally, we con-
structed a highly accurate nomogram to improve the clinical applica-
bility of  the prognostic model.

1.3. Results: A prognostic model was constructed and its accura-
cy was determined. Two distinct molecular subtypes were identified, 
and multilayered PRG alterations were found to correlate with the 
clinical features, prognosis, and TME cell infiltration characteristics 
of  patients. The high-risk group had high levels of  Macrophages M2 
and low levels of  T cells CD8. StromalScore, ImmuneScore, ESTI-
MATEScore scores were higher in the low-risk group. Risk scores of  
patients in the three subtypes of  genotyping were positively correlat-
ed with tumor mutational burden.

1.4. Conclusions: Our comprehensive analysis of  PRGs in HCC 

demonstrates their potential roles in tumor-immunity-tumor mi-
croenvironment, clinical features and prognosis. These findings may 
improve our understanding of  PRGs in HCC and provide new di-
rections and avenues for assessing prognosis and developing more 
effective immunotherapy strategies.

2. Foreword

Hepatocellular carcinoma is one of  the most common malignant tu-
mors with strong metastasis and poor prognosis. It is also one of  the 
leading causes of  cancer-related death, and its morbidity and mortal-
ity ranks sixth and fourth in the world, respectively. At present, the 
research on liver cancer mainly focuses on apoptosis, autophagy and 
angiogenesis [1, 2]. In recent years, with the in-depth research on 
the pathogenesis of  liver cancer and the progress of  precision med-
icine and modern molecular biotechnology, the role of  pyroptosis in 
the occurrence, development and treatment of  liver cancer has been 
gradually discovered. Pyroptosis is a pro-inflammatory programmed 
cell death method discovered and confirmed in recent years, which is 
different from any cell death method seen before. Rapid DNA frag-
mentation, cell membrane rupture, and production of  proinflamma-
tory cytokines are hallmarks of  pyroptosis. In other words, pyrop-
tosis has some morphological features of  apoptosis and necrosis at 
the same time [3-5]. Pyroptosis is classified into Caspase-dependent. 
1 of  the classical pyroptotic pathway and Caspase-4/5/11-depend-
ent non-classical pyroptotic pathway [6]. The production of  activated 
Caspase-1 is the key to the process of  pyroptosis. A study report-
ed that 3 cases of  liver cancer and its paired adjacent tissues were 
subjected to immunohistochemistry with Caspase-antibody, and the 
results showed that the expression of  caspase-1 was low in liver can-
cer tissues [7]. Pyroptosis of  liver non-parenchymal cells can lead to 
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severe inflammation and liver fibrosis, manifested by infiltration of  
neutrophils and collagen deposition caused by activated hepatic stel-
late cells [8]. Some studies have also found that in liver cancer tissues 
and liver cancer cell lines, hypoxia-induced high Caspase-1 activity 
and subsequent production of  a variety of  inflammatory factors can 
promote cancer cell invasion and metastasis [9]. It can be seen that 
pyroptosis can not only inhibit tumor cell proliferation, but also form 
a microenvironment that promotes tumor cell growth [10, 11].

More and more studies have shown that pyroptosis is involved in 
the remodeling of  the Tumor Microenvironment (TME) [12]. Since 
pyroptosis is highly immunogenic, it induces local infiltration by at-
tracting inflammatory cells followed by local inflammation, thereby 
alleviating immunosuppression and inducing an immune response in 
the TME [13]. At the same time, TME also has potential impact on 
the occurrence and development of  cancer. Under normal condi-
tions, the stroma maintains homeostasis and acts as a barrier to tum-
origenesis. However, when cells become cancerous, the surrounding 
stroma also changes to support tumor progression [14, 15]. Of  the 
published studies, most of  them evaluate only one or a few Pyropto-
sis-Related Genes (PRGs) and cell types, yet the antitumor effect is 
due to numerous genes interacting in a highly coordinated manner. 
Therefore, to understand the underlying mechanisms of  liver tum-
origenesis and predict the response to immunotherapy, our study of  
the characteristics of  multiple PRG-mediated TME cell infiltration 
may provide important ideas and directions for future research.

This study comprehensively assessed the expression profiles of  
PRGs and obtained an overview of  immune infiltration within tum-
ors using two computational algorithms; namely, CIBERSORT and 
ESTIMATE. First, 115 HCC patients were stratified into two discrete 
subtypes according to PRG expression levels. Patients were then di-
vided into three genetic subtypes based on Differentially Expressed 
Genes (DEGs) identified based on the two pyroptotic subtypes. We 
further established a scoring system to predict patient survival and 
characterize the immune status of  PLC, while screening some sensi-
tive chemotherapeutic drugs to accurately predict patient prognosis 
and response to immunotherapy.

3. Materials and Methods
3.1. Data Sources

We downloaded the gene expression (fragments per kilobase, FPKM) 
and clinical relevance of  liver cancer from The Cancer Genome At-
las Program (TCGA) database (https://portal.gdc.cancer.gov/) data. 
Download GEO data from Gene Expression Omnibus (GEO) 
(https://www.ncbi.nlm.nih.gov/geo/). A total of  one GEO HCC 
cohort (GSE 76427) and TCGA cohort were obtained for subse-
quent analysis. We collated and ID-transformed the transcriptome 
data, as well as the clinical data. Meanwhile, the FPKM values ​​of  
TCGA-HCC were converted into Transcripts Per Kilobase Million 
(TPM) using the limma package in R studio software [16]. Finally, a 
total of  115 HCC patients were included in the follow-up analysis, 
and clinical variables included age, gender, survival time, survival sta-

tus, and TNM stage.

3.2. Consensus Cluster Analysis of  PRGs

We retrieved 52 pyroptosis-related genes from previously published 
studies and the MSigDB team (REACTOME_PYROPTOSIS) 
(http://www.broad.mit.edu/gsea/msigdb/) [17, 18]. Consensus 
cluster typing was performed using the ConsensusClusterPlus pack-
age in R studio software, and patients were divided into different mo-
lecular subtypes according to the expression of  pyroptotic cell genes. 
The criteria for typing are based on high correlations within subtypes 
and low correlations between subtypes after typing. At the same time, 
the subgroups after typing were compared by survival analysis. Final-
ly, to investigate differences in PRGs in biological processes, a Gene 
Set Variation Analysis (GSVA) ​​was performed using a marker gene 
set (c2.cp.kegg.v7.4.symbols) derived from the MSigDB database.

3.3. Clinical features and prognosis of  liver cancer in different 
molecular subtypes

To examine the clinical value of  the different subtypes identified by 
consensus clustering, we compared age, sex, and tumor stage between 
the different subtypes. GSVA analysis was also performed to explore 
pathways active in different subtypes. Survival differences between 
subtypes were assessed using Kaplan-Meier curves generated by the 
“survival” and “survminer” packages in the R studio software.

3.4. DEG identification and GO and KEGG enrichment anal-
ysis

DEGs between different pyroptotic subtypes were identified using 
the “limma” and “VennDiagram” packages in the R studio software. 
We set logFCfilter=0.585, and the adjusted P value is <0.05. To fur-
ther explore the potential functions of  differential genes in different 
typing and determine the enrichment of  their functions and path-
ways, we performed GO and KEGG enrichment analysis of  differ-
ential genes using the “clusterprofiler” and “enrichplot” packages in 
R studio software.

3.5. Constructing a Pyroptosis-Related Prognosis

We identified differential genes associated with prognosis using the 
‘limma’ and ‘survival’ packages in R studio software. Then, the dif-
ferential genotypes were genotyped and the survival time of  different 
genotypes was analyzed. Finally, all HCC patients were randomly di-
vided into a train group (n=243) and a test group (n=242) in a ratio 
of  1:1. Based on the prognostic genes associated with pyroptosis, the 
Lasso Cox regression algorithm was used in the R studio software. 
The “glmnet” R package minimizes the risk of  overfitting. Accord-
ing to the median risk score, the train group and the test group were 
divided into low-risk (PRG_score < median) and high-risk (PRG_
score > median) groups, and then survival difference analysis was 
performed and ROC curves were drawn.

3.6. Correlation and drug susceptibility analysis of  molecular 
subtypes and TME in HCC

The levels of  immune cells in different subtypes of  HCC were de-
termined using the single-sample gene set enrichment analysis (ssG-
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SEA) algorithm. To explore whether there is a difference in the ther-
apeutic effect of  drugs in high- and low-risk groups, we calculated 
the half-inhibitory concentration (IC50) values ​​of  drugs commonly 
used in the treatment of  HCC using the “pRRophetic” package in R 
studio software.

3.7. Building a Nomogram Scoring System

Predictive nomograms were developed using the “rms” package in 
R studio software with clinical characteristics and risk scores. In the 
nomogram scoring system, each variable is matched with a score, and 
the total score is obtained by adding the scores of  all variables for 
each sample. Calibration plots of  nomograms were used to describe 
predicted values ​​between predicted 1-, 3-, and 5-year survival events 
and actual observed outcomes.

3.8. Statistical Analysis

All statistical analyses were performed using R version 4.1.2 and P 
less than 0.05 was considered statistically significant.

4. Result
4.1. Genetic and Transcriptional Alterations of  PRGs in HCC

This study included 52 pyroptosis-related genes, and summarized and 
analyzed the incidence of  somatic mutations in these 52 PRGs. Fig-

ure 1A shows that among 364 samples, 157 (43.13%) had mutations 
in PRG. Among them, TP53 had the highest mutation frequency of  
30%, followed by NLRP2 (2%) and NLRP3 (2%). We found the fol-
lowing 30 PRGs (SCAF11, PJVK, GSDMA, GPX4, CASP9, CASP6, 
IL1A, GSDME, CYCS, CHMP4B, CHMP4A, CHMP3, CHMP2A, 
CASP5, CASP1, BAK1, GZMA, TNF, TIRAP, PYCARD, NOD1, 
NLRP1, IL6, AIM2, IRF1, IL1B, IL18, CHMP7, CHMP4C and 
CHMP2B) without any mutations. We continued to explore changes 
in cellular copy number in these PRGs, and Figure 1B shows the 
increase and loss of  copy number variation frequency in PRGs. We 
found copy number changes in all 52 PRGs, among which

GSDMC, AIM2, GSDMD, CHMP6 all have increased copy number 
variation, while CASP9, HMGB1, IRF2, GASP3, GPX4 and TP53 
all had reduced copy number variation. In Figure 1C, the location of  
CNV alterations in PRGs on their respective chromosomes is shown. 
In Figure 1D, we found that both copy number increased genes and 
copy number decreased genes were up-regulated in liver cancer sam-
ples, and most genes were differentially expressed in normal and tu-
mor tissues. It can be seen that the link between copy number var-
iation and liver cancer is not very strong, but PRGs generally have 
significant differences between normal and liver cancer tissues, indi-
cating the potential impact of  PRGs in liver tumor formation.

Figure 1: Genetic and transcriptional alterations of  PRGs in HCC. (A) Mutation frequencies of  52 PRGs in 115 patients from the TCGA cohort. (B) 
Frequency of  CNV gain and loss in PRG. (C) Location of  CNV alterations in PRGs on 23 chromosomes. (D) Expression distribution of  52 PRGs between 
normal and HCC tissues. PRG, pyroptosis-related gene; HCC, liver cancer; TCGA, The Cancer Genome Atlas; CNV, copy number variant
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4.2. Identification of  Pyroptotic Subtypes in PLC

The HCC cohort (GSE76427) used in this study has a total of  115 
patients, we used the “survival” and “limma” packages in R studio 
software to analyze the prognostic value of  PRG in 115 HCC pa-
tients, P<0.05 was considered statistically significant significance. 
Figure 2A shows the co-expression relationship between genes, and 
it can be seen that GSDME, CHMP4B, CHMP3, BAK1 and NOD2 
are high-risk genes strongly associated with prognosis. We also found 
that there is a negative correlation between NLRP6 and multiple 
genes, which may provide a certain direction for future research on 
the prognosis of  liver cancer. To further study the expression charac-
teristics of  PRGs in HCC patients, we used the “ConsensusCluster-
Plus” package in R studio software to classify HCC patients accord-

ing to the expression levels of  52 PRGs with a consensus clustering 
algorithm (Figure 2B). The results show that k=2 seems to be the 
best choice for classifying the whole cohort into A and B subtypes, 
and PCA analysis also shows that the samples of  subtype A and sub-
type B can be divided according to the expression of  pyroptosis-re-
lated genes (Figure 2C). In Figure 2D we then performed a survival 
analysis, unfortunately we found no significant difference in survival 
prognosis between subtype A and subtype B, but it can be seen that 
the survival rate of  subtype A was higher than that of  subtype B dur-
ing the first 5 years. In addition, we revealed significant differences in 
PRG expression and clinical characteristics by comparing the clinical 
characteristics of  the two subtypes of  HCC. Figure 2E shows that 
most pyroptosis-related genes are generally high in subtype A by age, 
sex, and tumor status. state of  expression.

Figure 2: Clinical and biological characteristics of PRG subtypes and two different sample subtypes, divided by the same cluster. (A) Interactions 
between PRGs in HCC. The lines connecting the PRGs represent their interactions, and the thickness of the lines represents the strength of the 
association between the PRGs. Green and magenta represent negative and positive correlations, respectively. (B) Consensus matrix heatmap defining 
two clusters (k = 2) and their associated regions. (C) PCA analysis revealed significant differences in transcriptomes between the two isoforms. (D) 
Univariate analysis showing 52 PRGs associated with survival time. (E) Differences in clinical features and PRG expression levels between the two 
different subtypes. PRG, pyroptosis-related gene; HCC, liver cancer; PCA, principal component analysis
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4.3. Characteristics of  the tumor microenvironment in different 
subtypes

Figure 3A shows that we through enrichment analysis GSVA, A 
subtypes active path has the following MATURITY_ONSET_DIA-
BETES_OF_THE_YOUNG, OLFACTORY_TRANSDUCTION, 
ARGININE_AND_PROLINE_METABOLISM, PEROXISOME, 
FATTY_ACID_METABOLISM, BUTANOATE_METABOLISM, 
GLYCINE_SERINE_AND_THREONINE_METABOLISM, 
PPAR_SIGNALING_PATHWAY, PRIMARY_BILE_ACID_BI-
OSYNTHESIS, RETINOL_METABOLISM, DRUG_METAB-
OLISM_CYTOCHROME_P450, TYROSINE_METABOLISM 
HISTIDINE_METABOLISM. Active pathways in subtype B are 
NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY, LEISH-
MANIA_INFECTION, FC_GAMMA_R_MEDIATED_PHAGO-
CYTOSIS, T_CELL_RECEPTOR_SIGNALING_PATHWAY, 

B_CELL_RECEPTOR_SIGNALING_PATHWAY, PATHO-
GENIC_ESCHERICHIA_COLI_INFECTION KEGG_ENDO-
CYTOSIS. To further investigate the role of  PRG in HCC patients, 
we evaluated the correlation between the two subtypes and 23 hu-
man immune cell subsets in each HCC sample, as can be seen in 
Figure 3B, the two subtypes were mostly associated with immune 
cells Significant differences exist in the presence of  infiltration. The 
invasiveness of  Eosinophilna in subtype A was significantly higher 
than that in subtype B, while in Activated.B.cellna, Activated.CD4.T.
cellna, Activated.CD8.T.cellna, Activated.dendritic.cellna, Gamma.
delta.T .cellna, Immature..B.cellna, Immature.dendritic.cellna, MD-
SCna Macrophagena, Mast.cellna, Natural.killer.T.cellna, Natural.kill-
er.cellna, lasmacytoid.dendritic.cellna, Regulatory.T.cellna, T Among 
.follicular.helper.cellna, Type.1.T.helper.cellna, Type.17.T.helper.cell-
na Type.2.T.helper.cellna, the B subtype was significantly higher than 
the A subtype.

Figure 3: Correlation of  tumor immune cell microenvironment with two HCC subtypes. (A) GSVA analysis of  biological pathways between two different 
isoforms, where red and blue represent high- and low-expressing pathways, respectively. (B) Abundance of  23 infiltrating immune cell types in the two HCC 
subtypes. GSVA, Gene Set Variation Analysis;
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4.4. Isotyping of  differentially expressed genes

To explore the underlying biological behavior of  each pyroptosis 
type, we identified 2724 pyroptosis type-related DEGs using the 
“VennDiagram” and “limma” packages in R studio software (Figure 
4A), and performed GO and KEGG enrichment analysis. In Figure 
4B, GO analysis indicated that the differential genes associated with 
these pyroptotic subtypes were significantly enriched in immune-re-
lated biological processes. In Figure 4C, KEGG enrichment analysis 
showed enrichment in immune- and cancer-related pathways such as 
Cytokine−cytokine receptor interaction. These results suggest that 
pyroptosis plays an important role in the immune regulation of  the 
tumor microenvironment. Then we used the “survival” and “limma” 
packages in R studio software to analyze the differential genes to find 

the differential genes related to prognosis. To further verify this regu-
latory mechanism, we then performed differential genotyping, using 
a consensus clustering algorithm to classify patients into 3 genomic 
subtypes based on prognostic genes, genotype A, genotype B, and 
genotype C (Figure 4D). Then we performed genotyping survival 
analysis using the “survival” and “survminer” packages in R studio 
software. The Kaplan-Meier curve showed a significant difference 
in survival among the three types, with type B having the best prog-
nosis while type C had the worst prognosis (Figure 5A). At the same 
time, it can be seen in Figure 5B that type C generally presents a high 
expression state in age, gender and tumor status. Figure 5C followed 
by differential analysis of  genotyped pyroptosis genes, we found that 
pyroptosis-related genes generally had significant differences among 
the 3 subtypes.

Figure 4: DEG-based genotyping. (A) The resulting differential genes. (B, C) GO and KEGG enrichment analysis of  DEGs in two pyroptotic subtypes. (D) 
Consensus matrix heatmap defining three clusters (k = 3) and their associated regions. DEGs, differentially expressed genes; GO, Gene Ontology; KEGG, 
Kyoto Encyclopedia of  Genes and Genomes;
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Figure 5: DEG-based genotyping. (A) Kaplan-Meier curves of  survival for the two genotypes (log-rank test, p < .001). (B) Relationship between clinical 
features and the two genotypes. (C) Differences in the expression of  52 PRGs between the two genotypes.

4.5. Constructing a pyroptosis-related prognosis

The construction of  the prognostic model is based on the expres-
sion of  pyroptotic genes in different subtypes. All HCC patients 
were randomly divided into a train group (n=243) and a test group 
(n=242) at a ratio of  1:1, and Lasso regression and COX model were 
constructed based on the prognostic genes associated with pyrop-
tosis (Figure 6A). According to the results of  multivariate Cox re-
gression analysis, the formula of  the prognostic model is as follows: 
Risk Score = (-2.0158* MEI1 expression) + (0.4515* FHL3 expres-
sion) + (0.4732* DYNLT1 expression) + (0.3184* VRK2 expres-
sion) + (0.6452* TRIM21 expression) + (-0.4061* KLF2 expression) 
+ (-0.1471* PLGLA expression) + (0.1561* GAGE2A expression) 
+ (0.2109* SLC1A7 expression) + (-0.0986* TRIM55 expression). 
Based on the median risk score, the train and test groups were divid-
ed into low-risk (PRG_score < median) and high-risk (PRG_score > 
median) groups, respectively.

In Figure 6B, the patient distribution for two pyroptotic subtypes, 
three genetic subtypes, and two prognostic model groups is shown. 
First, the samples were divided into two subtypes (subtype A and 
subtype B) according to the expression of  pyroptotic cell genes, and 
then the two subtypes were analyzed for differential genes and relat-
ed differential genes were found. The expression levels of  differen-
tially expressed genes were classified to obtain subtype A, subtype B 
and subtype C. Finally, survival analysis was performed on the dif-

ferential genes, and the differential genes related to prognosis were 
found to construct a prognostic model (high-risk group and low-risk 
group). We then performed a differential analysis of  risk scores and 
found significant differences in risk scores between pyroptotic geno-
types. Subtype B had a higher risk score than subtype A (Figure 6C). 
Figure 6D shows that in geneCluster, there are also significant dif-
ferences between the three subtypes, with the B subtype having the 
lowest risk score and the C subtype having the highest risk score. Pa-
tients were divided into low-risk (PRG_score <median) and high-risk 
(PRG_score >median) groups according to the median risk score. In 
Figure 6E, we then performed a differential analysis of  risk, it can be 
seen that most genes have significant differences in the expression of  
high and low risk groups and except for these genes (GZMB, IL18, 
IL6 and GZMA), other cell pyroptosis All related genes were highly 
expressed in the high-risk group. In Figure 7, Kaplan-Meier survival 
curves show that overall survival was significantly improved in low-
risk patients compared with high-risk patients. Finally, we plotted the 
risk curve (Figure 8B1-2), and as the risk score increased, so did the 
number of  patients who died. At the same time, six high-risk genes, 
FHL3, DYNLT1, VRK2, TRIM21, GAGE2A, and SLC1A7, can be 
obtained. The expression of  these genes increases with the increase 
of  the risk score; the four genes MEI1, KLF2, PLGLA, and TRIM55 
increase with the risk of  an increase in the score decreases its expres-
sion.
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Figure 6: Construction of  a prognostic model in the training set. (A) Model for lasso regression. (B) Sankey diagram of  the distribution of  subtypes in 
groups with different risk and survival outcomes. (C) Differences in risk scores between genotypes. (D) Differences in risk scores between pyroptosis sub-
types. (E) Differential analysis of  pyroptosis genes in high and low risk groups

Figure 7: Kaplan-Meier analysis of  survival between two groups
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Figure 8: Risk curves between the two groups. In the three graphs, the risk gradually increases from left to right. Consists of  Risk Score, Survival Time, and 
Risk Heatmap.

4.6. Correlation analysis of  immune infiltration and tumor mi-
croenvironment

We performed the CIBERSORT algorithm to assess the associa-
tion between genes involved in model construction and immune cell 
infiltration content. As shown in the scatter plots (Figures 9A and 
9B), patient risk scores were positively correlated with Macrophages 
M2 and negatively correlated with T cells CD8. Then the differen-
tial analysis of  the tumor microenvironment was performed (Figures 
9C). StromalScore, ImmuneScore, and ESTIMATEScore were sig-
nificantly different in the high and low risk groups, and the Stro-
malScore, ImmuneScore, and ESTIMATEScore were higher in the 
low risk group. Finally, we also evaluated the relationship between 10 
genes in the proposed model and immune cell abundance. In Figure 
9D, we observed that most immune cells were significantly associated 
with 2 genes (DYNLT1, MEI1).

4.7. Correlation analysis of  tumor mutation and drug sensitiv-
ity

There is increasing evidence that patients with high TMB may benefit 

more from immunotherapy due to their higher numbers of  neoan-
tigens [19-21]. In the correlation scatterplot (Figure 10A), the risk 
scores of  patients in the three subtypes of  genotyping were posi-
tively correlated with tumor mutational burden. Next, we analyzed 
the changes in the distribution of  somatic mutations between the 
high and low risk groups. The top five mutated genes in the high 
and low risk groups were TP53, CTNNB1, TTN, MUC16, and ALB, 
respectively (Figure 10B and 10C). Compared with low-risk patients, 
CTNNB1, TTN, MUC16, and ALB mutation frequencies were sig-
nificantly higher in high-risk patients, however, the exact opposite 
was observed with regard to TP53 mutation levels. Finally, we select-
ed chemotherapeutic drugs currently commonly used to treat tumors 
to assess the sensitivity of  low-risk and high-risk populations to these 
drugs. In Figure 11, we looked for drug names with significant differ-
ences in drug sensitivity between high and low risk groups. The IC50 
values ​​of  Sorafenib, Doxorubicin, Embelin, Epothilone.B, Gemcit-
abine, JNK.Inhibitor.VIII, Obatoclax.Mesylate, Shikonin, Thapsi-
gargin were significantly lower in high-risk patients. IC50 values ​​were 
significantly higher for Temsirolimus, Roscovitine and Lenalidomide.
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Figure 9: TME and checkpoint assessment between the two groups. (A) Correlation between risk score and immune cell type. (B) Correlations between 
risk scores and immune and stromal scores. (D) Correlation between immune cell abundance and ten genes in the proposed model. TME, tumor microen-
vironment

Figure 10: Analysis of  risk scores in HCC. (A) Spearman correlation analysis of  risk score and TMB. (B, C) Waterfall plots of  somatic mutation signatures 
established with high and low risk scores. Each column represents an individual patient. The bar graph above shows TMB, and the numbers on the right 
represent the mutation frequency for each gene. The bar graph on the right shows the proportion of  each variant type. TMB, tumor mutational burden
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Figure 11: Relationship between risk score and chemosensitivity.

4.8. Nomogram to predict patient survival

Considering the inconvenient clinical application of  the risk score in 
predicting survival of  HCC patients, a nomogram including the risk 
score and clinical parameters was established to predict the survival 
rate of  1, 3, and 5 (Figure 12A). It can also be seen in Figure 12B 

that the model we constructed has high accuracy in predicting the 1, 
3, and 5-year survival of  patients. Predictors included risk score and 
patient stage. The results of  our AUC experiments on the nomogram 
model (Figure 12C1-3) show that in the training set and test set, the 
accuracy of  patient survival at 1, 3, and 5 years is high.
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Figure 12: Construction and validation of  the nomogram. (A) Nomogram used to predict 1-, 3-, and 5-year survival of  CRC patients in the training set. (B) 
Calibration curves for nomograms used to predict and test 1-, 3-, and 5-year survival in the GSE 76427 set. (C1-3) ROC curves used to predict the 1-, 3-, and 
5-year ROC curves in the GSE 76427 set.

5. Discuss
Most of  the previous studies only evaluated the role of  one or a few 
pyroptosis-related genes in anti-tumor, however, the anti-tumor ef-
fect is carried out by many genes in a highly coordinated manner [22]. 
The antitumor effect mediated by the combined action of  multiple 
PRGs has not yet been fully elucidated. The results of  this study re-
veal the overall alteration of  PRGs in HCC at the transcriptional and 
genetic levels. We identified two distinct molecular subtypes based on 
52 PRGs. Subtype A was found to have a higher survival rate than 
subtype B during the first 5 years. Comparing the clinical features of  
the two subtypes revealed significant differences in PRG expression 
and clinical features, most of  the pyroptosis-related genes were gen-
erally highly expressed in subtype A in age, gender, and tumor sta-
tus. There are also significant differences between the two subtypes 
in the tumor microenvironment, including NOD_LIKE_RECEP-
TOR_SIGNALING_PATHWAY, LEISHMANIA_INFECTION, 
FC_GAMMA_R_MEDIATED_PHAGOCYTOSIS, T_CELL_
RECEPTOR_SIGNALING_PATHWAY, B_CELL_RECEPTOR_
SIGNALING_PATHWAY and other pathways. Most of  the two 
subtypes also had significant differences in immune cell infiltration, 
and the infiltration of  Eosinophilna in subtype A was significantly 
higher than that in subtype B. In Activated.CD4.T.cellna, Gamma.
delta.T.cellna, Immature..B.cellna, Mast.cellna, Natural.killer.T.cellna, 

T.follicular.helper.cellna, B subtype is obvious higher than subtype 
A. Meanwhile, we identified three genotypes based on the DEG be-
tween the two pyroptotic subtypes.

Our findings suggest that PRG may serve as a predictor for assess-
ing clinical outcomes and immunotherapy response in HCC patients. 
Therefore, we constructed a stable and effective prognostic model. 
Through our validation, patients showed significantly different clin-
icopathological features, prognosis, TME, MSI, and drug sensitivity 
in low-risk and high-risk groups. Except for these genes (GZMB, 
IL18, IL6 and GZMA), other pyroptosis-related genes were highly 
expressed in the high-risk group. The high-risk group also had poor-
er survival and prognosis. Finally, we also obtained 6 high-risk genes, 
FHL3, DYNLT1, VRK2, TRIM21, GAGE2A, and SLC1A7, and the 
expression of  these genes increased with the increase of  risk score; 
four low-risk genes, MEI1, KLF2, PLGLA, and TRIM55 Its expres-
sion decreased with increasing risk score. In the differential analysis 
of  the tumor microenvironment, we found that the StromalScore, 
ImmuneScore, and ESTIMATEScore were significantly different in 
the high- and low-risk groups, and the StromalScore, ImmuneScore, 
and ESTIMATEScore were higher in the low-risk group. Published 
studies have indicated that immunoscore-based assessment of  prog-
nostic value can provide additional evidence for the biological basis 
of  immunotherapy [23, 24]. In the study of  tumor mutation burden, 
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we analyzed the changes in the distribution of  somatic mutations 
between high and low risk groups. The top five mutated genes in the 
high and low risk groups were TP53, CTNNB1, TTN, MUC16, and 
ALB, respectively. Compared with low-risk patients, CTNNB1, TTN, 
MUC16, and ALB mutation frequencies were significantly higher in 
high-risk patients, however, the exact opposite was observed with 
regard to the mutation levels of  TP53. Previous studies have report-
ed a negative role of  TP53 mutations in tumor immunotherapy re-
sponse and are associated with immunogenicity and tumor immune 
microenvironment characteristics [25, 26]. Pyroptosis induces local 
inflammation by attracting inflammatory cells, thereby alleviating im-
munosuppression and inducing an immune response in the TME. 
Under normal conditions, TME plays a role in homeostasis for tu-
mor stroma maintenance and acts as a barrier to tumorigenesis. But 
when cells become cancerous, the surrounding stroma also changes 
to support tumor progression [14]. It can be seen that the tumor mi-
croenvironment plays a key role in the occurrence and development 
of  liver cancer. GSVA enrichment analysis showed that subtype B 
was significantly enriched in several immune fully activated pathways, 
including NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY, 
T_CELL_RECEPTOR_SIGNALING_PATHWAY and B_CELL_
RECEPTOR_SIGNALING_PATHWAY. T and B cell receptor sig-
naling pathways are significantly enriched in subtype B, and subtype 
B shows better survival and prognosis than subtype A, suggesting 
that T and B cells are involved in the immune defense of  liver cancer 
play an important role. This is similar to previous findings that T and 
B cells play a crucial role in the immune defense of  HCC [27]. Finally, 
by integrating prognostic models and tumor staging, we established 
quantitative nomograms that further improved performance and fa-
cilitated the use of  prognostic models. This prognostic model can be 
used for the prognosis stratification of  liver cancer patients, which is 
helpful to better understand the molecular mechanism of  liver can-
cer, and may provide new directions and ideas for future targeted 
immunotherapy.

In this study, a pattern of  pyroptosis characterized by immune ac-
tivation (subtype B) was associated with high risk, and the infiltrat-
ing immune cells in subtype B were Macrophages M2. Tumor-as-
sociated macrophages are divided into two major phenotypes: M1 
macrophages (suppressing cancer progression) and M2 macrophages 
(promoting cancer progression) [28]. In the present study, the high-
risk group had higher levels of  M2 in macrophages, which are immu-
nosuppressive and contribute to matrix remodeling to favor tumor 
growth. Previous studies have shown that loss of  M2 polarization 
is associated with reduced long-term inflammation and regeneration 
following liver injury [29]. This may provide new ideas for future 
immunotherapy. In the differential analysis of  the tumor microen-
vironment, we found that the StromalScore, ImmuneScore, and ES-
TIMATEScore were significantly different in the high- and low-risk 
groups, and these scores were higher in the low-risk group. Finally, 
we also evaluated the relationship between 10 genes in the proposed 
model and immune cell abundance and found that most immune cells 

were significantly associated with these 2 genes (DYNLT1, MEI1). 
Further research on these two genes may provide new directions for 
tumor immunotherapy. Finally, we selected the chemotherapy drugs 
currently commonly used in the treatment of  tumors and found that 
in high-risk patients, the IC50 of  Sorafenib, Doxorubicin, Embelin, 
Epothilone.B, Etoposide, Gemcitabine, JNK.Inhibitor.VIII, Oba-
toclax.Mesylate, Shikonin, Thapsigargin value is significantly lower. 
Among the above sensitive drugs, only Sorafenib [30] has a long his-
tory of  clinical application. Research on other drugs may be able to 
find more new immune drugs for the treatment of  liver cancer. IC50 
values ​​were significantly higher for Temsirolimus, Roscovitine and 
Lenalidomide. The discovery of  these drugs may provide new ideas 
and directions for future immunotherapy of  liver cancer. This study 
has several limitations. First, all analyses were performed only on data 
from public databases. Therefore, large-scale prospective studies and 
additional in vivo and in vitro experimental studies are required to 
confirm our findings. Furthermore, in most datasets, data on some 
important clinical variables such as surgery, neoadjuvant chemother-
apy, and chemoradiotherapy were not available for analysis, which 
may have affected the immune response and prognosis of  pyroptotic 
status.

7. Conclusion
Our comprehensive analysis of  pyroptotic genes reveals their broad 
regulatory mechanisms that affect tumor-immunity-tumor microen-
vironment and prognosis. We also identified an important role for 
PRG in targeted therapy and immunotherapy. These findings high-
light the important clinical significance of  PRG and may provide new 
ideas for guiding future personalized immunotherapy strategies for 
HCC patients.
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