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Abstract
Background: Hepatocellular carcinoma (HCC) is a common malignant tumor 
with poor prognosis. Pyroptosis, a type of programmed cell death, regulates 
tumor cell development. However, the role of pyroptosis- related genes (PRGs) in 
HCC and their association with prognosis are unclear.
Methods: We conducted bioinformatics analysis to identify PRGs in The 
Cancer Genome Atlas- Liver Hepatocellular Carcinoma (TCGA- LIHC) patients. 
Consensus clustering classified patients into different subtypes. We used LASSO 
regression to established a pyroptosis subtype- related score (PSRS) related to 
prognosis. OncoPredict identified potential pharmaceuticals based on PSRS.
Results: We found 20 HCC- related PRGs in 335 TCGA- LIHC patients. Consensus 
clustering classified patients into two subtypes. Subtype I had better overall sur-
vival and higher response to anti- PD1 treatment. The prognostic model involving 
20 genes predicted poorer prognosis for high- PSRS group. The model was vali-
dated in two external cohorts. OncoPredict identified 65 potential pharmaceuti-
cals based on PSRS.
Conclusion: Our investigation revealed a correlation between pyroptosis and 
HCC. We established PSRS as independent risk factors for predicting prognosis. 
The study paves the way for using PRGs as prognostic biomarkers and exploring 
personalized therapy for HCC.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided 
the original work is properly cited.
© 2024 The Author(s). Cancer Medicine published by John Wiley & Sons Ltd.

Haisheng Xie, Guanlin Huang, and Haoming Mai contributed equally to this work.  

https://doi.org/10.1002/cam4.70081
www.wileyonlinelibrary.com/journal/cam4
https://orcid.org/0000-0001-7470-5108
mailto:
https://orcid.org/0000-0002-7888-2344
mailto:dekejiang17@smu.edu.cn
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fcam4.70081&domain=pdf&date_stamp=2024-08-09


2 of 16 |   XIE et al.

1  |  INTRODUCTION

Hepatocellular carcinoma (HCC) is the primary form 
of liver cancer, the sixth most common malignancies 
and the fourth leading cause of cancer- related deaths 
worldwide.1 HCC typically develops after prolonged pe-
riods of chronic hepatitis, liver fibrosis, and cirrhosis.2 
HCC has extreme heterogeneity and poor prognosis,3 
with a 5- year survival rate of only 18%.4,5 The current 
prognosis of HCC relies mainly on clinicopathological 
staging frameworks, yet several marker characteristics, 
including TP53 gene mutations and genes associated 
with cellular proliferation, have been identified as sur-
vival predictors.6–8 Therefore, there is an urgent need for 
novel prognostic biomarkers to predict survival and de-
sign personalized treatment strategies for patients with 
HCC.

Pyroptosis is a type of cell death mediated by gas-
dermins and inflammasomes, which occurs in verte-
brates as an innate immune response mechanism.9,10 
Dysregulation of pyroptosis may lead to impaired patho-
gen clearance efficacy, dysfunctional adaptive immune 
response, and tissue damage. Evidence suggests that 
pyroptosis is involved in the onset and progression of 
various human diseases, including malignant tumors. 
Recent studies have shown that chemically- induced py-
roptosis of tumor cells can occur in vitro and in vivo.11 
As pyroptosis may potentially promote cancer progres-
sion by triggering the release of multiple inflammatory 
mediators, including IL- 1 and IL- 18, some research-
ers believe that it is a protumorigenic mechanism.12–14 
Nevertheless, recent researches have validated that ex-
ternally induced pyroptosis exhibits robust antitumor 
activity.15,16

In this study, we investigated the mRNA expression 
of pyroptosis- related genes (PRGs) in 355 patients with 
HCC from The Cancer Genome Atlas (TCGA)- Liver 
Hepatocellular Carcinoma (LIHC) database and classified 
them into distinct pyroptosis subtypes. We further eluci-
dated the relationship between pyroptosis subtypes and 
prognosis, and developed a prognostic model comprising 
20 pyroptosis subtype- related genes. The model's accuracy 
was verified in two external HCC cohorts, demonstrating 

its potential for clinical decision- making in HCC patient 
management. Furthermore, we used integrated analysis 
to scrutinize differences in genomic variations, tumor mi-
croenvironment, and immunogenomic patterns between 
two pyroptosis subtypes. We also identified a novel group 
of potential drug molecules for patients with HCC based 
on PSRS, which may provide more therapeutic options. 
Our study seeks to personalize survival prediction and 
treatment options for patients with HCC through novel 
pyroptosis- based molecular classification and prognostic 
model.

2  |  MATERIALS AND METHODS

2.1 | Acquisition of multiomic data of 
patients with HCC

The current study utilized multiomic data from three 
HCC cohorts, namely TCGA- LIHC,17 LIRI- JP,18 and 
CHCC- HBV.19 All transcriptome data were obtained 
through RNA sequencing, while genomic variations 
data were obtained through whole genome sequenc-
ing. TCGA- LIHC cohort data were acquired from the 
Genomic Data Commons (GDC) website (https:// 
portal. gdc. cancer. gov/ , accessed on 12 December 
2022). LIRI- JP cohort data were obtained from the 
International Cancer Genome Consortium (ICGC) por-
tal (https:// dcc. icgc. org/ proje cts/ LIRI-  JP, accessed on 
27 March 2019). CHCC- HBV cohort data were acquired 
from The National Omics Data Encyclopedia (NODE) 
website (https:// www. biosi no. org/ node, accessed on 20 
May 2021), and clinical data was obtained from the ref-
erence.19 Finally, after excluding patients with incom-
plete clinical information, 335 patients were obtained 
from TCGA- LIHC, 233 patients from LIRI- JP, and 159 
patients from CHCC- HBV.

2.2 | PRGs selection

PRGs were selected from various sources. First, a group 
of PRGs were extracted from relevant literatures.16,20–23 

2018Z005; Grant for Recruited Talents 
to Start Scientific Research from 
Nanfang Hospital, and the Outstanding 
Youths Development Scheme of 
Nanfang Hospital at Southern Medical 
University, Grant/Award Number: 
2017J001; Postdoctoral Science 
Foundation of China, Grant/Award 
Number: 2022M711508

K E Y W O R D S

hepatocellular carcinoma, multiomic analysis, prognosis model, pyroptosis subtype

 20457634, 2024, 15, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cam

4.70081, W
iley O

nline L
ibrary on [25/08/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://dcc.icgc.org/projects/LIRI-JP
https://www.biosino.org/node


   | 3 of 16XIE et al.

Second, the Gene Ontology (GO) database (http:// geneo 
ntolo gy. org/ ) was also applied to obtain PRGs, using the 
keyword “pyroptosis.” Third, the Molecular Signature 
Database v7.4 (MSigDB) was utilized to download an ad-
ditional PRGs (Reactome pyroptosis). All PRGs from the 
above three sources included for further study are sum-
marized in Table S1.

2.3 | Identification of PRGs with 
differential expression

TCGA- LIHC cohort was investigated for genes showing 
distinct expressions between tumor and non- tumor tis-
sues. The “DESeq2” R package was used, with a thresh-
old of |log2Foldchange (log2FC) | > 0.1 and false discovery 
rate (FDR) <0.05, and instances with insufficient gene ex-
pression data were excluded.

2.4 | Detection of the PRGs- based 
molecular categorization of TCGA- LIHC 
patients

To classify the TCGA- LIHC patients into distinct mo-
lecular subtypes based on differentially expressed PRGs 
(DEPRGs), we employed an unsupervised consensus clus-
tering approach. This approach utilized the k- means al-
gorithm, implemented through the ConsensusClusterPlus 
package.24 The process of consensus clustering was metic-
ulously designed to ensure robustness and reproducibility 
of the resulting subtypes.

Specifically, the clustering was conducted over 1000 
bootstrap iterations, with each iteration randomly sam-
pling 80% of the patient data. This bootstrapping approach 
enhances the stability and reliability of the clustering 
outcomes. To determine the most appropriate number of 
clusters (i.e., molecular subtypes), we relied on a compre-
hensive evaluation of several metrics:

1. The relative change in area under the CDF Curves: This 
metric evaluates the rate of change in cluster stability 
as the number of clusters increases. A smaller rate of 
change suggests a more stable cluster configuration.

2. The proportion of ambiguous clustering (PAC) 
Algorithm: PAC quantifies the degree of uncertainty 
or ambiguity in assigning samples to clusters. A lower 
PAC value indicates clearer distinction between 
clusters.

3. Consensus heatmap analysis25: By visualizing the con-
sensus matrix as a heatmap, we assessed the cluster-
ing's consistency. The heatmap provides a qualitative 

measure of the clustering quality, where distinct blocks 
of high consensus indicate well- defined clusters.

By integrating these methods, we determined the opti-
mal number of molecular subtypes rooted in pyroptosis- 
related gene expression patterns among TCGA- LIHC 
patients. This comprehensive and systematic approach 
ensures that the molecular categorization is robust, repro-
ducible, and reflective of underlying biological differences 
associated with pyroptosis in liver cancer.

2.5 | Gene set variation analysis (GSVA)

To analyze significantly enriched molecular pathways 
of pyroptosis subtypes, the GSVA package was used.26 
Furthermore, differential analysis of enrichment scores 
for Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathways was conducted with the limma package,27 iden-
tifying KEGG pathways with |log2FC| > 0.2 and FDR <0.05 
as the most differentially enriched pathways between py-
roptosis subtypes.28

2.6 | The immunogenomic features of 
TCGA- LIHC patients

Based on the gene expression profiles of TCGA- LIHC sam-
ples, we analyzed 29 immune- associated gene sets which 
represented the comprehensive immune activity of tumors, 
encompassing the types, functionalities, and molecular path-
ways of tumor infiltrating immune cells.29 Single- sample 
gene- set enrichment analysis (ssGSEA) was used for quan-
tification of immune gene sets' enrichment.26

2.7 | Development and validation of the 
pyroptosis subtype- based prognostic model

To distinguish the differentially expressed genes (DEGs) 
between the pyroptosis subtypes, we examined the TCGA- 
LIHC cohort using the “DESeq2” R package, ensuring 
FDR <0.05 and |log2FC| > 1. We evaluated the predictive 
significance of DEGs in the cohort using random forest Cox 
regression analyses. Univariate Cox regression analyses 
with a p- value cutoff of 0.2 were then employed to assess 
the prognostic significance. We employed the LASSO- Cox 
regression model with the glmnet package to screen the can-
didate genes and construct a predictive model. This process 
identified the key pyroptosis subtype- related genes (PSRGs) 
for predicting prognosis in patients with HCC. The risk 
score, denoted as “pyroptosis subtype- related score (PSRS),” 
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was then computed in the TCGA- LIHC cohort. The PSRS 
score was calculated using the following formula:

Patients with HCC were classified into the high- 
PSRS and low- PSRS groups using the median PSRS, 
and the difference in overall survival (OS) between the 
two groups was analyzed. To validate the findings, the 
patients with HCC in LIRI- JP and CHCC- HBV data-
sets was also analyzed, where the formula was utilized 
to compute the PSRS score in these cohorts. Patients 
with HCC were then classified into high- PSRS and 
low- PSRS categories based on the median risk score, 
and their OS rates were compared. Receiver operating 
characteristic (ROC) curves were generated using the 
“timeROC,” “survminer” and “survival” R packages. To 
determine whether the PSRS serves as an independent 
prognostic factor, both univariate and multivariate Cox 
regression analyses were performed, taking into ac-
count covariates such as age, gender, grade, stage, and 
alpha- fetoprotein (AFP).

2.8 | Construction of nomogram and 
calibration curves

The nomogram was constructed to predict individual sur-
vival probability using the “RMS” package. We also gen-
erated calibration curves to predict the 1- , 3- , and 5- year 
survival rates of patients with HCC.

2.9 | Drug sensitivity analysis

Using the oncoPredict package of R software, the sensi-
tivity score of each small molecular compound was com-
puted for every patient in the high- PSRS and low- PSRS 
groups.

2.10 | Statistical analyses

The study employed the independent Student's t- test 
and Chi- squared test for continuous and categorical 
data, respectively, to conduct pairwise comparisons 
across groups. The Mann–Whitney U- test was used to 
evaluate gene expression, immune cell infiltration, and 
immune pathway activation between nontumor and 
tumor tissues, while the Kruskal–Wallis test was used 
for comparisons across multiple groups. R 4.1.3 was 
used for all statistical analyses, and a two- tailed p- value 
of less than 0.05 was considered statistically significant 

unless stated otherwise. Odds ratios (ORs), hazard ra-
tios (HRs), and 95% confidence intervals (CIs) were re-
ported when necessary.

3  |  RESULTS

3.1 | Identification of differentially 
expressed PRGs in TCGA- LIHC patients

The study's workflow is shown in Figure 1. First, 33 PRGs 
were extracted from previous researches.16,20–23 Besides, 
27 and 27 genes were identified respectively in the GOBP_
PYROPTOSIS and REACTOME_PYROPTOSIS gene sets. 
After the removal of duplicated genes from the three 
gene sets, 61 genes were defined as PRGs (Figure  2A). 

PSRS score =
∑n

k−1
Xk × Yk (X : coefficients,Y : gene expression level)

F I G U R E  1  The flowchart of our research process.
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The expression of these 61 PRGs were evaluated in non- 
tumor and tumor samples in the TCGA- LIHC dataset. By 
the criteria of FDR <0.05 and |log2FC| > 0.5, 20 DEPRGs 
were identified. Among them, 14 genes were upregulated, 
while 6 genes were downregulated in TCGA- LIHC sam-
ples, as demonstrated by volcano plots and heatmaps 
(Figure 2B,C).

3.2 | Functional enrichment analysis

To better understand the functions of the DEPRGs, GO and 
KEGG analyses were conducted using the clusterProfiler 
package.30–32 The GO enrichment analysis indicated that 
the DEPRGs were primarily associated with the regula-
tory processes that control interleukin- 1 beta production, 
inflammasome complex, and phosphatidylserine bind-
ing, etc (Figure  S1A). Furthermore, the KEGG analysis 

demonstrated that these DEPRGs participated in a variety 
of biological processes, including NOD- like receptor sign-
aling pathway, necroptosis, apoptosis, etc (Figure  S1B). 
These results suggest that DEPRGs are involved in numer-
ous biological pathways beyond pyroptosis.

3.3 | Identification of two pyroptosis 
subtypes characterized by distinct survival 
outcomes, functional annotations, and 
clinical features

The expression patterns of 20 DEPRGs in TCGA- LIHC 
patients were analyzed using unsupervised consensus 
clustering to explore a new molecular characterization. 
Based on the relative change in the area under the CDF 
curve, the PAC algorithm, and the consensus heatmap, 
the optimal number of clusters was determined to be 

F I G U R E  2  Differentially expressed pyroptosis- related genes between HCC tissues and normal tissues. (A) pyroptosis- related genes 
detected from three parts. (B) Volcano plot indicates pyroptosis- related genes, with red dots indicating high expression and blue dots 
indicating low expression. (C) Heatmap of differentially expressed pyroptosis- related genes, with red indicating high expression, blue 
indicating low expression.
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6 of 16 |   XIE et al.

two (k value = 2) (Figure  3A–C). All patients with HCC 
were classified into two subgroups: Pyroptosis Subtype 

(PS) I (228 patients, 68.1%) and PS II (107 patients, 31.9%) 
(Figure 3D). The results of K–M survival analysis showed 
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that PS I patients had significantly enhanced OS com-
pared to those in the PS II group (HR = 0.473, log- rank 
p = 3.006 × 10−4) (Figure 3E). The median OS time of pa-
tients in the PS I group was longer than that of the PS II 
group (6.73 vs. 3.37 years). Univariate and multivariate 
Cox regression analyses were conducted to assess the 
prognostic significance of PS and various clinicopatholog-
ical variables.33 The results of these analyses showed that 
the PS was significantly correlated with OS in the TCGA- 
LIHC cohort (Table  1), demonstrating that the PS is an 
independent prognostic factor.

Furthermore, GSVA was carried out to gain insight 
into the molecular pathways and underlying mechanisms 
associated with the pyroptosis subtypes of TCGA- LIHC 
patients. Thirty- six molecular pathways that were differ-
entially enriched were identified, comprising of 22 path-
ways positively correlated with PS I while 14 pathways 
positively associated with PS II (Figure 3F). PS I tumors 
were primarily correlated with the biosynthesis of unsat-
urated fatty acids, peroxisome function, fatty acid metabo-
lism, and the PPAR signaling pathway, while PS II tumors 
were mostly associated with the cell cycle, DNA replica-
tion, mismatch repair, and spliceosome function.

Subsequently, a comparison of the demographic and 
clinicopathological characteristics of TCGA- LIHC pa-
tients between the PS I and II groups was also conducted 
(Table 2). The distribution of OS status, tumor grade, and 
AFP level were all markedly different between the two 

subtypes. However, there was no significant difference 
in the age, gender, tumor stage, Child- Pugh classification 
grade, and fibrosis Ishak score distribution of patients 
with HCC between the two subtypes.

3.4 | The pyroptosis subtypes possessed 
distinct somatic mutation pattern

Previous studies have investigated the role of genomic 
alterations in influencing tumor immunity and immune 
infiltration profiles.34,35 Hence, somatic mutational analy-
sis was conducted to explore the distinct genomic varia-
tions between the two pyroptosis subtypes and revealed 
specific highly mutated genes in each pyroptosis subtype 
(Figure  4A,B). TP53 was the most frequently mutated 
gene in PS II (34%), whereas CTNNB1 was the most com-
monly mutated gene in PS I (25%). The somatic mutation 
analysis also identified three differentially mutated genes 
out of 13 genes after merging the top 10 mutated genes 
from each subtype. TP53 mutations were more frequent 
in the PS II cohort compared to the PS I cohort (34% vs. 
24%; p = 8.662 × 10−2), which is similar to the findings of 
RYR1 and CSMD1 mutations. The frequencies of RYR1 
(11% vs. 5%; p = 9.142 × 10−2) and CSMD1 (11% vs. 3%; 
p = 5.943 × 10−3) mutations in the PS II group were signifi-
cantly higher than those in the PS I group (Figure 4C).

F I G U R E  3  Identification of two pyroptosis subtypes with distinct survival outcomes and functional annotations. (A) Consensus 
clustering matrix for k = 2, which was the optimal cluster number. (B) CDF curves of the consensus score from k = 2 to 6. (C) The relative 
change in the area under the CDF curve from k = 2 to 6. (D) The heatmap of the expression patterns of 20 DEGs, with red indicating high 
expressions and blue indicating low expressions. The upper columns were the pyroptosis subtype of patients with HCC. (E) Kaplan–Meier 
survival analysis exhibited significantly better OS in patients with Pyroptosis Subtype I. (F) Heatmap illustrated the enrichment scores of 
36 differentially enriched molecular pathways evaluated by GSVA analysis between Pyroptosis Subtypes I and II. Yellow represented high 
enrichment scores, and blue represented low enrichment scores.

TCGA- LIHC(n = 260)

Univariate analysis Multivariate analysis

HR (95% CI) p- value HR (95% CI) p- value

Age (older vs. young) 1.66 (1.00–2.77) 0.052 1.67 (0.98–2.84) 0.059

Gender (female vs. 
male)

1.49 (0.89–2.47) 0.127 1.30 (0.77–2.22) 0.329

Grade (G3/G4 vs. G1/
G2)

1.51 (0.91–2.5) 0.113 1.28 (0.76–2.17) 0.357

Stage (stage III/IV vs. 
stage I/II)

1.44 (0.82–2.55) 0.205 – –

AFP (≥400 vs. <400) 0.89 (0.49–1.61) 0.691 – –

PS (II vs. I) 2.13 (1.29–3.50) 0.003 2.11 (1.26–3.54) 0.005

Note: All statistical tests were two sided. Bold type means significant.
Abbreviations: AFP, alpha- fetoprotein; CI, confidence interval; HR, hazard ratio; PS, pyroptosis subtype.

T A B L E  1  Univariate and multivariate 
cox proportional hazards analysis of 
clinicopathological variables and PS 
for overall survival in the TCGA- LIHC 
cohort.
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3.5 | Construction of a prognostic model 
using PRGs in the training set

As shown in Figure 5A, we filtered 1869 DEGs in the two 
pyroptosis subtypes, using the “DESeq2” R package, with 
a threshold of |log2FC| > 1 and FDR <0.05. We preserved a 
set of 90 characteristic genes after screening them further 

through the random forest algorithm. We filtered out 47 
of the 90 genes with a P- value of less than 0.2 through 
univariate Cox regression analysis. Subsequently, we con-
structed a pyroptosis- related prognostic model involving 
20 genes through LASSO regression (Figure 5B,C).

This method allowed us to derive coefficients for 
each of the PRGs, thus constructing the PSRS. The 

T A B L E  2  Demographics and clinicopathological features of HCC patients in the TCGA- LIHC cohort.

Variables p- valuePS I (n = 228) PS II (n = 107)

Age (years) 60.3 ± 13.6 59.3 ± 12.1 0.244

Gender - - 0.373

Male 147 (64.5%) 75 (70.1%)

Female 81 (35.5%) 32 (29.9%)

OS status - - 1.162 × 10−3

Alive 166 (72.8%) 58 (54.2%)

Dead 62 (27.2%) 49 (45.8%)

Child- Pugh classification grade - - 0.674

A 148 (90.2%) 66 (93.0%)

B 16 (9.8%) 5 (7.0%)

C 1 (−) 0 (−)

NA 63 (−) 36 (−)

Tumor stage - 0.745

Stage I 115 (55.3%) 51 (49.5%)

Stage II 50 (24.0%) 27 (26.2%)

Stage III 40 (19.2%) 24 (23.3%)

Stage IV 3 (1.4%) 1 (1.0%)

NA 20 (−) 4 (−)

Grade - - 3.384 × 10−3

G1 37 (16.4%) 10 (9.5%)

G2 116 (51.6%) 43 (41.0%)

G3 68 (30.2%) 44 (41.9%)

G4 4 (1.8%) 8 (7.6%)

NA 3 (−) 2 (−)

Fibrosis Ishak Score - - 0.101

0—No fibrosis 56 (37.3%) 16 (29.1%)

1,2—Portal fibrosis 20 (13.3%) 11 (20.0%)

3,4—Fibrous speta 17 (11.3%) 9 (16.4%)

5—Nodular formation and 
incomplete cirrhosis

4 (2.7%) 5 (9.1%)

6—Established cirrhosis 53 (35.3%) 14 (25.5%)

NA 78 (−) 52 (−)

AFP - - 9.113 × 10−5

<400 157 (84.0%) 53 (61.6%)

≥400 30 (16.0%) 33 (38.4%)

NA 41 (−) 21 (−)

Abbreviations: AFP, alpha- fetoprotein; NA, not available; OS, overall survival; PS, pyroptosis subtype.
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formula for calculating the PSRS for each patient 
is as follows: PSRS = (−0.026 × IGFALS expression 
level (exp.)) + (0.096 × HAVCR1 exp.) + (0.151 × STAC 
exp.) + (0.167 × SMOX exp.) + (0.114 × GAL exp.) + (0.002 
× GAGE1 exp.) + (0.158 × TFDP3 exp.) + (0.234 × RNF186 
exp.) + (0.079 × P2RY6 exp.) + (0.122 × GCG exp.) + (0.555 
× DAW1 exp.) + (−0.332 × SIRPG exp.) + (0.072 × PRAC2 
exp.) + (0.069 × NELL1 exp.) + (0.038 × MSC exp.) + (0.001 
× MACIR exp.) + (1.437 × LOXHD1 exp.) + (0.092 × EPO 
exp.) + (0.122 × PYDC1 exp.) + (−0.047 × PPARGC1A 
exp.). This formula provides a PSRS for each patient in 
the TCGA- LIHC dataset. We subsequently categorized 
the entire cohort into two groups based on the median 
value of the PSRS. This resulted in a high- PSRS group 
(n = 167) and a low- PSRS group (n = 168), enabling us 
to compare prognostic outcomes between these two co-
horts more effectively (Figure 5D). The high- PSRS group 
showed higher mortality incidence and shorter OS time 
compared to the low- PSRS group (Figure  5E,F). The 
ROC analysis indicated that the accuracy of OS prog-
nostics was 0.777 at 1 year (95% CI 0.731–0.824), 0.824 at 
3 years (95% CI 0.790–0.858), and 0.747 at 5 years (95% 
CI 0.695–0.800) (Figure 5G). These findings suggest that 
our model shows high accuracy in predicting prognosis 
in the training set.

3.6 | Validation of the prognostic model 
in the test sets

To assess the accuracy of the prognostic model we de-
veloped, we applied the identical formula to calculate 
PSRS in 233 patients with HCC from the LIRI- JP cohort. 
Based on the median PSRS, 117 patients were catego-
rized into the low- PSRS group, and 116 patients into the 
high- PSRS group (Figure  S2A). The high- PSRS group 

demonstrated higher mortality incidence and shorter 
OS time than the low- PSRS group (Figure S2B,C), which 
was consistent with the result of the training set. The 
ROC analysis revealed that the prognostic accuracy of 
OS was 0.727 at 1 year (95% CI 0.665–0.788), 0.663 at 
2 years (95% CI 0.607–0.719), and 0.716 at 3 years (95% 
CI 0.662–0.771) (Figure  S2D). Similarly, we computed 
PSRS for 159 patients with HCC from the CHCC- HBV 
cohort using the same formula as in the training set. 
Based on the median PSRS, 79 patients were categorized 
into the low- PSRS group, while the remaining 80 pa-
tients were placed in the high- PSRS group (Figure S3A). 
The patients in the high- PSRS group had higher mor-
tality incidence and shorter OS time than those in the 
high- PSRS group (Figure S3B,C), which was consistent 
with the observations made in the training set. The ROC 
analysis demonstrated that the prognostic accuracy of 
OS was 0.716 at 1 year (95% CI 0.654–0.778), 0.680 at 
2 years (95% CI 0.633–0.726), and 0.606 at 3 years (95% 
CI 0.554–0.658) (Figure S3D). These results further con-
firm the accuracy of our established prognostic model.

3.7 | Independent prognosis analysis of 
PSRS and clinical characteristics

We conducted a comparative analysis of the PSRS among 
various clinicopathological characteristic groups in 
TCGA- LIHC patients. Figure S4A shows a positive corre-
lation between the PSRS and grade (p = 1.256 × 10−4) and 
stage (p = 8.174 × 10−5), while no significant difference 
was observed in the other four groups (age, gender, Child- 
Pugh grade, and AFP). To evaluate the potential of PSRS 
and clinical features as independent prognostic factors, 
we performed univariate and multivariate analyses. The 
results of the univariate independent prognosis analysis 

F I G U R E  4  Comparisons of somatic variations between Pyroptosis Subtypes I and II. Waterfall plots showed the top 10 mutated in 
Pyroptosis Subtypes I (A) and II (B). (C) Most differentially mutated genes between HCC pyroptosis subtypes in TCGA- LIHC cohort.
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10 of 16 |   XIE et al.

showed a significant correlation between age, gender, 
grade, and PSRS with the OS (Figure S4B). Moreover, the 
multivariate independent prognosis analysis revealed that 
the PSRS could independently predict the prognosis of 
TCGA- LIHC patients (p < 0.001) (Figure S4C).

3.8 | Construction of nomogram and 
calibration curves

To offer physicians with a better quantitative method 
to predict the prognosis of the patients with HCC, we 

F I G U R E  5  Construction of a risk prognostic model based on pyroptosis subtype- related genes in the TCGA cohort. (A) Volcano plot 
indicates pyroptosis- related genes, with red dots indicating high expression and blue dots indicating low expression in Pyroptosis Subtype 
II. (B) LASSO regression of the 20 OS- related genes. (C) Cross- validation for tuning the parameter selection in the LASSO regression. (D) 
The patients were equally divided into two groups according to the threshold of the median PSRS. Blue represents the low- PSRS group. 
Red represents the high- PSRS group. (E) Survival status of patients with HCC in high and low PSRS groups. Blue represents survival. Red 
represents death. (F) Kaplan–Meier curves showing the OS of patients in the high- PSRS and low- PSRS groups. (G) The predictive efficiency 
of the PSRS was verified by the ROC curve.
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established a nomogram model that combined demo-
graphic and clinical variables including age, gender, 
tumor grade, tumor stage, and PSRS based on TCGA- 
LIHC patients. According to Figure  6A, the PSRS 
emerged as a significant factor among various demo-
graphic and clinical variables in the prognostic model. 
Calibration curves demonstrated that the prognostic 
model had a significant correlation with the actual 

survival data of TCGA- LIHC patients (Figure  6B–D). 
Our nomogram model demonstrated significantly su-
perior performance in comparison to traditional prog-
nostic scoring systems, with consistently high areas 
under the ROC curve (AUC) values for 1, 3, and 5 years 
(Figure  6E–G). Thus, our study underscores that the 
nomogram model using PSRS provides an accurate pre-
diction of the OS of patients with HCC.

F I G U R E  6  Nomogram to predict survival probability of TCGA- LIHC patients. (A) Nomogram combining PSRS with pathologic 
features. Calibration plots for predicting 1-  (B), 3-  (C), 5- year (D) OS of patients. 1-  (E), 3-  (F), 5- year (G) ROC curves for prediction of 
survival by nomogram model, the PSRS, and other variables (age, gender, grade).
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3.9 | Functional annotations in the 
high- PSRS and low- PSRS groups

GSVA enrichment analysis was conducted separately in 
the high-  and low- PSRS groups in both the training and 
validation sets. Our findings revealed that in the training 
set, the low- PSRS group had enriched pathways such as 
beta- alanine metabolism, valine, leucine and isoleucine 
degradation, propanoate metabolism, fatty acid metabo-
lism, limonene and pinene degradation, glycine, serine, 
and threonine metabolism, and primary bile acid biosyn-
thesis (Figure S5A). Likewise, similar enriched pathways 
were also observed in the low- PSRS group in the valida-
tion set (LIRI- JP and CHCC- HBV). Furthermore, the 
high- PSRS group showed enriched pathways in DNA rep-
lication, cell cycle, and mismatch repair (Figure S5B,C).

3.10 | Analysis of the tumor 
microenvironment in the high- PSRS and 
low- PSRS groups

We conducted ssGSEA on 29 immune signatures related 
to PSRS in TCGA- LIHC patients to investigate the under-
lying mechanisms. Among these, 14 signatures exhibited 
differential enrichment. Particularly, six anti- tumor sig-
natures, including effector cells, effector cell traffic, NK 
cells, T cells, Th1 signature, and antitumor cytokines, 
were significantly enriched in the low- PSRS group. 
Conversely, eight pro- tumor signatures, including granu-
locyte traffic, myeloid cells traffic, protumor cytokines, 
cancer- associated fibroblasts, matrix, matrix remodeling, 
angiogenesis, and tumor proliferation rate, were highly 
enriched in the high- PSRS group (Figure  S6). The find-
ings suggest that the low- PSRS group mainly displayed 
a higher abundance in anti- tumor signatures, while the 
high- PSRS group exhibited increased enrichment in pro- 
tumor signatures. These results may offer insights into 
the differential prognosis associated with PSRS in TCGA- 
LIHC patients.

3.11 | Evaluating the therapeutic 
response in the high- PSRS and 
low- PSRS groups

Using the oncoPredict algorithm on Genomics of Drug 
Sensitivity in Cancer (GDSC) database, we estimated 
chemotherapeutic response through half- maximal in-
hibitory concentration (IC50) data for TCGA- LIHC pa-
tients with high and low PSRS. Our findings identified 
65 small molecular compounds with significantly dif-
ferent responses between the two groups (Table  S2). 

Among these, the top four with lowest p values be-
tween high- PSRS and low- PSRS were Dasatinib_1079, 
IAP_5620_1428, SB505124_1194, and TAF1_5496_1732 
(Figure S7A–D). Our findings suggest these small molec-
ular compounds as potential agents for treating patients 
with HCC, with IAP_5620_1428, SB505124_1194, and 
TAF1_5496_1732 being more effective in low- PSRS tu-
mors, and Dasatinib_1079 better suitable for high- PSRS 
tumors. Further analysis is necessary to determine the ef-
ficacy of these compounds as HCC treatment agents. In a 
word, our results provide potential molecular chemother-
apy compounds for patients with HCC.

4  |  DISCUSSION

Our study aimed to explore pyroptosis subtypes based 
on PRGs and establish a prognostic model to predict 
the prognosis of patients with HCC. In recent years, the 
search for prognostic markers and prognostic models of 
HCC has garnered significant research attention.36–40 
These models present prognostic implications that 
would largely benefit patients with HCC for the predic-
tion of the prognosis. Consistent with previous studies, 
the prognostic model we have formulated has shown 
commendable efficacy in predicting the prognosis of pa-
tients with HCC.

In our study, we analyzed the expression of 61 genes, 
reported in the literature and databases as PRGs, in HCC 
and non- tumor samples of the TCGA- LIHC dataset. The 
results indicated that 20 of these PRGs exhibited differ-
ential expression. Then, we applied consensus cluster-
ing, a widely used unsupervised clustering method,41 to 
stratify TCGA- LIHC patients based on the expression 
of 20 DEPRGs. Furthermore, we compared the clinico-
pathological parameters to establish the relationship be-
tween pyroptosis subtypes and clinical characteristics. 
Our results suggest that PS II subtype patients exhibited 
a significantly higher level of PRGs expression, poorer 
prognosis.

Our study of the signaling pathways related to the 
two subtypes of pyroptosis in HCC reveals potential 
mechanisms that contribute to their differing progno-
ses. Specifically, in the PS I subtype, the activation of 
pathways such as the PPAR signaling pathway high-
lights its significant involvement in the regulation of 
liver metabolism. Dysregulation of PPARα and PPARγ 
has been strongly associated with the development of 
HCC. PPARγ has been identified as a tumor- suppressor 
gene in hepatocarcinogenesis, exerting its inhibitory ef-
fects on tumor cell growth through mechanisms such 
as suppression of cell proliferation, induction of G2/M 
arrest, and promotion of apoptosis.42 Activation of the 
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peroxisome pathway has been associated with a more 
favorable prognosis for patients with HCC, with stud-
ies indicating that individuals with low peroxisomal 
function, particularly those with HCV- related HCC, are 
at increased risk of adverse clinical outcomes.43 On the 
other hand, the PS II subtype exhibits activation of path-
ways related to cell cycle regulation, DNA replication, 
mismatch repair, and spliceosome function. The dys-
regulation of cell cycle regulation is frequently associ-
ated with the uncontrolled growth of HCC cells. Studies 
have shown a correlation between the autophagic deg-
radation machinery and the cell- cycle regulator cyclin 
D1 in the pathogenesis of HCC tumors.44 Additionally, 
the upregulation of MCM7, a crucial component in 
DNA replication initiation, is predominantly detected 
in HCC tumors and is strongly associated with unfavor-
able prognostic outcomes in patients with HCC.45 These 
results are consistent with our own findings, indicating 
that distinct activation and inhibition of pathways may 
contribute to the prognostic differences between the two 
pyroptosis subtypes, warranting further exploration of 
the underlying mechanisms of gene expression within 
these pathways.

To facilitate the distinction between the two pyropto-
sis subtypes in clinical practice, we developed a novel 
prognostic model for patients with HCC using the 20 
most important PSRGs. Furthermore, the model was 
further validated in two external cohorts. Additionally, 
we performed comprehensive analyses on the model 
scores (PSRS) and elucidated drug sensitivity analyses 
between the high- PSRS and low- PSRS groups. These 
results suggest that our analyses on the molecular sub-
types are thorough, and the validated prognostic model 
is reliable and practical for clinical use and future re-
search on HCC. Notably, the high- PSRS group exhibited 
a considerably worse prognosis compared to the low- 
PSRS group.

Regarding the mechanism, the impact of pyroptosis 
on the prognosis and progression of patients with HCC 
cannot be separated from tumor immunity, as our study 
suggests. Several immune- related biological functions, 
such as viral protein interaction with cytokine and cy-
tokine receptor, were significantly enriched. Hepatitis 
B and C viruses have been established as the two main 
risk factors for HCC,46 and they can affect HCC develop-
ment in various ways, including inducing inflammation.47 
Cytokines play a crucial role in promoting HCC carcino-
genesis and progression, released in response to infection, 
inflammation, and carcinogen- induced injury.48 Cytokine 
activity has also been identified as a key indicator of the 
severity and development of hepatitis B or C virus infec-
tions.49 According to the ssGSEA results in this study, the 
antitumor cytokine scores of the low- PSRS group were 

found to be significantly higher than those of the high- 
PSRS groups. Conversely, the protumor cytokine scores 
were observed to be higher in the high- PSRS groups as 
compared to the low- PSRS group. These findings suggest 
a potential correlation between the PSRS and the immune 
response, wherein the high- PSRS group is associated with 
a predominant protumor cytokine milieu, while the low- 
PSRS group exhibits a more pronounced antitumor cyto-
kine expression profile. Further investigation is required 
to confirm and validate these observations in a larger co-
hort of subjects.

During the drug sensitivity analysis, a total of 65 
small molecular compounds were identified to have sig-
nificant differences in sensitivity between the two PSRS 
groups. Among these compounds, Dasatinib_1079, 
IAP_5620_1428, SB505124_1194, and TAF1_5496_1732 
exhibited the most pronounced differences. Notably, each 
of these compounds has been linked to potential thera-
peutic effects for HCC. Dasatinib is a tyrosine kinase 
inhibitor used to treat certain types of leukemia. A pre-
vious study found that the axitinib, erlotinib, and dasat-
inib mixture inhibited tumor growth in both SW620 and 
HT29 CAM tumors.50 IAP- 5620 targets components such 
as TRAF2 and RIPK1, which have been associated with 
poor outcomes in HCC, suggesting its potential utility in 
this context.51 SB505124, impacting the TGF- beta signal-
ing pathway, presents a novel approach to targeting HCC, 
especially considering its association with ferroptosis 
and cancer metabolism.52 TAF1_5496_1732, by targeting 
TAF1, hints at the critical role of transcription regulation 
in HCC progression and offers a new angle for therapeu-
tic intervention.53 These results highlight the potential 
of utilizing PSRS score- based drug sensitivity analysis to 
discover novel therapeutic strategies for HCC. Although 
the identification of significant compounds with poten-
tial relevance to HCC treatment is promising, it is crucial 
to acknowledge the challenges associated with translat-
ing these findings into clinical applications. Additional 
research, encompassing experimental validation and 
clinical trials, is imperative to comprehensively evaluate 
the therapeutic efficacy and safety profiles of these com-
pounds in the context of HCC.

In addition, our study has some limitations that should 
be considered in future researches. First, we only applied 
commonly used mRNA expression data for tumor classi-
fication in HCC subtyping. This leaves room for poten-
tial underestimation or overestimation of the subtypes, 
calling for more comprehensive data sources, such as 
gene mutations, to be considered in future investigations. 
Second, the lack of experimental validation of the model- 
related genes leads to ambiguity about their functionality 
in HCC, which should be addressed in future studies. Last, 
due to the unavailability of a similar pyroptosis- related 

 20457634, 2024, 15, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cam

4.70081, W
iley O

nline L
ibrary on [25/08/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



14 of 16 |   XIE et al.

prognostic model based on pyroptosis subtype, we could 
not undertake a comparative analysis to evaluate the supe-
riority of our model. Therefore, future researches should 
aim to validate our model's effectiveness and explore its 
potential for further optimization.

5  |  CONCLUSION

Here, our investigation has demonstrated the close cor-
relation between pyroptosis and HCC. Our study has es-
tablished the PSRS as an independent risk factor for the 
prediction of HCC prognosis in the TCGA- LIHC, LIRI- JP, 
and CHCC- HBV datasets based on the 20 pyroptosis 
subtype- related genes. Our findings have also revealed 
the relationship between the PSRS and tumor immunity, 
as well as the identification of potential molecular com-
pounds for HCC treatment. This study offers a promising 
direction for the identification of novel predictive mark-
ers for HCC prognosis and serves as a critical foundation 
for future investigations into the intricate relationship be-
tween pyroptosis and HCC immunity.
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