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Background: The role of pyroptosis in lung squamous cell carcinoma (LUSC) remains unclear. This
study aimed to screen pyroptosis-related genes (PRGs) and construct a model to investigate the immune
infiltration, gene mutations, and immune response of patients of LUSC.

Methods: We conducted a comprehensive evaluation of pyroptosis patterns in patients with LUSC with
51 PRGs. Pyroptosis-related clusters were identified using consistency clustering algorithm. Differences
in the biologic and clinical characteristics between the clusters were analyzed. Cox regression analysis
was performed to screen for differentially expressed genes (DEGs) related to prognosis, and a principal
component analysis (PCA) algorithm was used to construct a model based on these genes. The pyroptosis
score was calculated for each tumor sample, and the samples were classified into high- and low-score groups
based on the score. The disparities in survival, single-nucleotide variation (SNV), copy number variation
(CNV), and immunotherapy response between high-score and low-score groups were analyzed.

Results: A total of 51 PRGs were used to classify LUSC samples into three pyroptosis clusters with
significant differences in survival (P=0.005). Based on the 390 DEGs between the three clusters, two distinct
pyroptosis gene clusters were identified by secondary clustering, with significant differences in prognosis
(P=0.005). A pyroptosis scoring model was established to evaluate the regulatory patterns of PRGs, and
patients were stratified into two groups with high and low scores, using the median pyroptosis score as the
cutoff. The survival analyses indicated that patients with high scores had worse prognoses in The Cancer
Genome Atlas (TCGA)-LUSC cohort (P=0.002), which was further supported by the analysis of the
GSE37745 (P=0.006) and GSE135222 datasets (P=0.02).

Conclusions: The quantification of pyroptosis patterns was found to be important in predicting prognosis

and devising personalized treatment strategies in patients with LUSC.
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Introduction

Lung cancer is a common malignant tumor worldwide.
According to the 2020 global cancer statistics, the mortality
and incidence rates of lung cancer rank first and second,
respectively (1). Lung squamous cell carcinoma (LUSC), a
subtype of non-small cell lung cancer (NSCLC), accounts
for about 20-30% of lung cancer cases, second only to
lung adenocarcinoma (2). Although immune checkpoint
inhibitors (ICIs) have drastically improved the prognosis
of localized LUSC (3-5), the median overall survival
(OS) of patients with metastatic LUSC remains only
17.1 months even when treated with chemotherapy plus
immunotherapy (6). Unfortunately, since LUSC develops
insidiously, a considerable number of patients do not
have the opportunity for surgery when diagnosed (7). In
contrast to those with lung adenocarcinoma, patients with
LUSC can rarely benefit from targeted therapies due to
the low rate of mutation and high tumor heterogeneity (8).
Traditional predictive approaches, including tumor
pathologies and tumor staging system, cannot accurately
assess the prognosis of patients with LUSC (9). Therefore,
developing a practicable predictive model for the prognosis
and treatment response of LUSC.

Pyroptosis is a mode of inflammatory programmed cell
death. Pyroptosis, mediated by gasdermin D (GSDMD)
manifests as cell swelling, cytomembrane rupture,
and cellular content release, which leads to a strong
inflammatory response (10,11). Pyroptosis is extensively
involved in the pathophysiological process of infection,
inflammatory diseases, and cancers (12). Pyroptosis
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exerts a dual effect on cancers. It creates an inflammatory
microenvironment that can facilitate tumor development
and spread. Conversely, pyroptosis can also directly
suppress tumor growth, demonstrating its dual capacity in
cancer dynamics (13,14). Recently, numerous studies have
also found that promoting pyroptosis can inhibit tumor
growth and reverse drug resistance (11,12,14). Pyroptosis
plays a role in the adverse reactions related to tumor
treatment. Evidence indicates that pyroptosis exhibits a
dual nature in lung cancer and its treatment (15). It was
reported that pyroptosis induced by p53 exerts antitumor
effects in LUSC (16). Additionally, several studies have
found that a pyroptosis-related signature is correlated
with prognosis and immune infiltration in LUSC (17-19).
Therefore, targeting the genes associated with tumor cell
pyroptosis may be a promising antitumor strategy, and risk
stratification of patients with LUSC based on pyroptosis
patterns can perhaps contribute to precision treatment.

In this study, patients with LUSC from The Cancer
Genome Atlas (TCGA) were divided into three pyroptosis
clusters through the integration of pyroptosis-related
genes (PRGs). Subsequently, based on the differentially
expressed genes (DEGs) between the three pyroptosis
clusters, two gene clusters were isolated that were
associated with a distinct tumor microenvironment (TME)
and clinical prognosis. Moreover, a novel scoring system
was constructed to predict prognosis and immunotherapy
response. Our findings may provide potential prognostic
biomarkers and therapeutic targets for LUSC. We present
this article in accordance with the TRIPOD reporting
checklist (available at https://tlcr.amegroups.com/article/
view/10.21037/tler-24-1003/rc).

Methods

The flowchart of the entire study is presented in Figure 1.

Data sources

The gene expression data, somatic mutation data, copy
number variation (CNV) data, and corresponding clinical
parameters of LUSC were obtained from TCGA (https://
portal.gdc.cancer.gov/) database. Additionally, two
datasets (GSE37745 and GSE135222) containing RNA-
sequencing transcriptome information and survival data
were downloaded from the Gene Expression Omnibus
(GEO) (https://www.ncbi.nlm.nih.gov/geo/). A total of 51

genes involved in pyroptosis were retrieved from previous
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Figure 1 Schematic diagram of the study. TCGA, The Cancer Genome Atlas; LUSC, lung squamous cell carcinoma; SNV, single-

nucleotide variation; CNV, copy number variation.

study (20) and the Molecular Signatures Database (MisgDB)
database (https://www.gsea-msigdb.org/gsea/msigdb). All of
these PRGs are listed in Table S1. The study was conducted
in accordance with the Declaration of Helsinki (as revised
in 2013).

Characteristics of the PRGs

First, we analyzed the genetic locus, somatic mutation
prevalence, and CNV of PRGs. Moreover, principal
component analysis (PCA) was performed on normal and
tumor samples in the TCGA-LUSC dataset on the basis
of the PRGs. The expression profile of 51 PRGs in normal
and tumor samples was analyzed, as was the interaction
relationship between the PRGs. Furthermore, the
CIBERSORT algorithm was used to calculate the fractions
of 22 immune infiltrating cells in each sample from the
TCGA-LUSC dataset. The correlation between PRGs and
immune infiltrating cells was determined and visualized in a
correlation heatmap.

Unsupervised cluster and subtype analysis based on PRGs

Through the “ConsensusClusterPlus” package, consensus

© AME Publishing Company.

clustering, a method extensively used for subtype
classification, was performed to sort patients into distinct
PRG subtypes (21). The cumulative distribution function
(CDF) curve was used to determine the best cluster number,
and PCA was performed to confirm the distribution of
the subtypes. To assess the clinical value of novel clustered
subtypes, Kaplan-Meier survival analyses among subgroups
were performed using the “survival” and “survminer” R
packages (The R Foundation of Statistical Computing).
Furthermore, the expression heatmap of PRGs combined
with the clusters and clinicopathologic characteristics of
patients, was generated via the “ggstatsplot” package.

Gene set variation analysis (GSVA)

As a nonparametric, unsupervised algorithm, GSVA is
extensively used for gene enrichment based on RNA-
sequencing data (22). GSVA was applied to determine the
enrichment of 50 hallmark pathways at single-sample levels
in TCGA-LUSC cohort.

Evaluation of the immune landscape

Single-sample gene set enrichment analysis (ssGSEA) was
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applied to evaluate and quantify the immune cell infiltration
in each sample via the “GSVA” R package (22). Eighteen
core gene signatures correlated with tumor were obtained
from a previous study (23). Enrichment scores for each
sample in the TCGA-LUSC dataset were calculated using
the “GSVA” and “GSEABase” packages. Furthermore,
58 chemokines were obtained from the MsigDB database
(https://www.gsea-msigdb.org/gsea/msigdb), 57 of which
were contained in the TCGA-LUSC dataset.

Identification of pyroptosis gene clusters

The DEGs between pyroptosis clusters with |log fold
change (FC)| >0.9 and P<0.05 were selected. Two pyroptosis
gene clusters were obtained by consensus clustering of
samples in TCGA-LUSC dataset with DEGs. To further
explore the possible functions and pathways of DEGs, Gene
Ontology (GO) analysis and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis were
conducted using the “clusterProfiler” package.

Construction of a prognostic pyroptosis score

To quantify the prognostic characteristics in LUSC,
a pyroptosis score was calculated based on the DEGs
between each pyroptosis cluster. First, univariate Cox
regression was performed to screen DEGs correlated with
prognosis. Second, PCA was conducted based on the DEGs
significantly related to prognosis. The sums of principal
components 1 and 2 were calculated as the pyroptosis score
of each sample as follows:

Pyroptosis score = z PCL, + z PC2, (1]

where 1 is the expression of prognosis-related DEGs. The
median value of the pyroptosis score was established as
the cut-off point. Subsequently, patients were categorized
into high-score (pyroptosis score > median value) and low-
score (pyroptosis score < median value) groups using the
“survminer” R package. TCGA-LUSC datasets were used
as training sets, while GSE37745 and GSE135222 were
used as validation sets. Kaplan-Meier survival analysis was
applied to the training and validation cohorts, after which
time-dependent receiver operating characteristic (ROC)
curves were applied via the “dmeROC” package.

Construction and validation of a nomogram scoving system

Univariate and multivariate Cox regression analyses were
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performed for clinical characteristics and pyroptosis score,
the results of which were visualized in a forest map. A novel
nomogram was established based on the significant variables
in multivariate Cox regression analysis via the “rms” R
package. Time-dependent ROC curves for 1, 2, and 3 years
were plotted, and calibration plots were used to evaluate the
predictive value of nomogram.

Correlation of immunotberapy response and pyroptosis
score

We first compared the expressions of 62 immune
checkpoints between the high- and low-score groups.
Furthermore, samples from GSE135222 datasets were
scored according to the pyroptosis score model and
divided into high- and low-score groups. To investigate
the evaluation value of pyroptosis score in immunotherapy
response, survival analysis was performed. Additionally,
we compared the pyroptosis score in durable clinical
benefit (DCB) and no durable benefit (NDB) groups from
GSE135222 datasets.

Statistical analysis

All statistical analyses were conducted using R software
(version 4.0.5.). To assess correlation coefficients,
we utilized Spearman’s rank correlation method. For
comparisons between two groups, we applied independent
sample z-tests for continuous variables that followed a
normal distribution, and Mann-Whitney U tests for those
that did not. When analyzing differences among three or
more groups, we implemented one-way analysis of variance
(ANOVA) or Kruskal-Wallis tests as appropriate. Survival
analysis was performed using the Kaplan-Meier technique,
with log-rank tests applied to determine the significance of
observed differences. In all analyses, P<0.05 was considered
statistically significant.

Results
Tiaits of PRGs in LUSC

A total of 51 PRGs were collected in our study. The
positions of the PRGs on the chromosomes are shown in
Figure 24. Additionally, the somatic mutation prevalence
of 51 PRGs in LUSC were investigated. CNV analysis
indicated that there were more amplification cases than

deletion cases in the PRGs (Figure 2B). The PRGs with the
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Figure 2 Landscape of genetic and expression variation of pyroptosis-related genes in TCGA-LUSC cohort. (A) Genomic position of 51
pyroptosis-related genes. (B) CNV frequency of 51 pyroptosis-related genes. (C) The mutation frequency of 51 pyroptosis-related genes.
(D) Differences in expression of 51 pyroptosis-related genes between LUSC tumors and normal tissue. (E) Principal component analysis
results based on 51 pyroptosis-related genes. (F) Network diagram showing the interaction of 51 pyroptosis-related genes in LUSC. The
lines represent interactions between genes, with blue and red representing a positive and negative correlation, respectively. The size of the
circle indicates the P value for the association of genes with prognosis. The black and the green in the center of the circle represents the
risk and protective factors in prognosis, respectively. (G) Association between 51 pyroptosis-related genes and immune cell infiltration. (H)
Autocorrelation of 51 pyroptosis-related genes. ns, not significance; *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001. CNV, copy number

variation; PC, principal component; OS, overall survival; TCGA, The Cancer Genome Atlas; LUSC, lung squamous cell carcinoma.

highest frequency of single-nucleotide variations (SNVs)
was TP53 (up to 79%), followed by NLRP3 (up to 7%)
(Figure 2C). Among the 51 PRGs, 42 were differentially
expressed in normal versus LUSC samples (P<0.05)
(Figure 2D). Moreover, PCA based on PRGs could clearly
discriminate between normal and LUSC tissues (Figure 2E).
To examine the association between PRGs and their
prognostic value in LUSC in detail, a network diagram
was generated (Figure 2F). Further analysis revealed that
different PRGs were associated with different immune

© AME Publishing Company.

cell infiltration, with most PRGs being associated with
macrophages, CD4 T cells, and CD8 T cells. GSDMD and
the caspase family members that play important roles in
pyroptosis were positively correlated with CD8 T cells and
M1 macrophages (Figure 2G). The autocorrelation among
51 PRGs is displayed in Figure 2H.

Identification of the pyroptosis cluster

To identify clusters related to pyroptosis, a consensus
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clustering algorithm was used. We observed that by
varying the clustering variable (k) from 2 to 4, the
highest intragroup correlations were obtained when k =3.
Therefore, tumor samples in the TCGA-LUSC dataset
were classified into three clusters based on 51 PRGs,
termed “pyroptosis_cluster A”, “pyroptosis_cluster B”,
and “pyroptosis_cluster C” (Figure 34-3C). Thereafter,
a heatmap was employed to visualize the relationship
between clusters, clinical characteristics, and the expression
of PRGs (Figure 3D). Notably, the expression of TP63
was higher in pyroptosis_cluster B than in pyroptosis_
cluster A and pyroptosis_cluster C. The results of survival
analysis revealed significant differences between the three
pyroptosis clusters in TCGA-LUSC cohort (log-rank
P=0.005). Patients with tumor samples in pyroptosis_cluster
A had the lowest risk of mortality, while patients with
tumor samples in pyroptosis_cluster B had the highest risk
(Figure 3E). Additionally, GSVA of KEGG gene sets
revealed 50 differentially enriched hallmark pathways across
the three pyroptosis clusters, indicating their potential as
prognostic factors (Figure 3F). We further examined the
immune landscape associated with the pyroptosis patterns.
The levels of immune cell infiltration were highest in
pyroptosis_cluster B and included various subtypes of B
cells, T cells, natural killer (NK) cells, and dendritic cells
(Figure 3G). Pyroptosis_cluster B appeared to be enriched
in CD8 T-effector, immune-checkpoint, and angiogenesis
pathway, which are considered to be malignant pathways
(23,24) (Figure 3H). Higher expressions of chemokines
including CCL1, CCL4, CCL5, CCL19, CCL21, CCR1,
CCR4, CCRS5, CXCR3, CXCR4, CXCRS8, CXCL9,
CXCL13, and CXCL12 were observed in pyroptosis_
cluster B than in pyroptosis_cluster A and pyroptosis_
cluster C (Figure 31). Moreover, Spearman correlation
analysis revealed a strong correlation of pyroptosis cluster
with gender, T stage [8th American Joint Committee on
Cancer (AJCC) tumor-node-metastasis (TNM) staging
system], and TCGA subtypes (secretory, primitive, classical,
basal) (Figure 37).

Identification of gene clusters based on pyroptosis cluster-
related DEGs

"To further investigate the potential biological behavior of
each pyroptosis patterns, a total of 390 DEGs between the
three pyroptosis clusters (Table S2) were identified after
intersection analysis. Consensus clustering was leveraged to
sort the samples in TCGA-LUSC into two clusters based on
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the 390 DEGs: pyroptosis_gene_cluster A and pyroptosis_
gene_cluster B. A heatmap was constructed to visualize the
complex pattern of the PRGs, indicating differential gene
expressions between the two gene clusters (Figure 44). A
total of 417 pyroptosis gene cluster-related DEGs were
obtained using “limma” package in R. To further investigate
the functions and pathways that the 417 DEGs were
involved in, GO terms and KEGG pathways were analyzed.
GO analysis suggested that in biological processes, DEGs
were mainly related to epidermis development, skin
development, extracellular matrix organization, extracellular
structure organization, and epidermal cell differentiation
(Figure 4B). The most enriched cell components included
collagen-containing extracellular matrix, endoplasmic
reticulum lumen, apical plasma membrane, and apical
part of the cell (Figure 4C). Additionally, KEGG pathway
analysis revealed that DEGs were mainly enriched in
metabolism xenobiotics by cytochrome P450 (Figure 4D).
In terms of molecular function, the 417 DEGs were mainly
enriched in extracellular matrix structural constituent, sulfur
compound binding, peptidase regulator activity, carboxylic
acid binding, and organic acid binding (Figure 4E). To
evaluate the prognostic value of gene clusters, we performed
survival analysis, which indicated that patients in pyroptosis_
gene_cluster B had significantly better prognosis than did
those in pyroptosis_gene_cluster A in TCGA database
(P=0.005) (Figure 4F). Additionally, there were 39 PRGs
differentially expressed between the two gene clusters, all
of which showed higher expression in pyroptosis_gene_
cluster A, except for TP63, TP53, CYCS, HMGRBI1, and
CHMP4A (Figure 4G). With respect to immune infiltration,
activated memory CD4 T cells, T regulatory cells (Tregs),
activated NK cells, and neutrophils were more abundant in
pyroptosis_gene_cluster A, while naive B cells, CD8 T cells,
and resting dendritic cells were markedly more abundant in
pyroptosis_gene_cluster B (Figure 4H).

Development and validation of visk model based on
pyroptosis score

To assess the risk in patients with LUSC, a prognostic
model was constructed based on pyroptosis gene cluster-
related prognostic DEGs in TCGA-LUSC cohort (n=493).
The GSE37745 dataset (n=66) was used as a validation
set. Univariate Cox regression analyses of 390 pyroptosis
phenotype genes yielded 64 genes significantly correlated
with prognosis (Table S3). Subsequently, PCA was applied
based on the aforementioned 64 genes, and the pyroptosis
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Figure 3 Clinical and biological characteristics of pyroptosis clusters in the TCGA-LUSC cohort. (A) The CDF from k =2 to 4. (B) Relative
variation of the area under the CDF region at k =2 to 4. (C) Consensus matrix heatmap defining two clusters (k =3). (D) Heatmap showing
the clinicopathologic characteristics and the expression of PRGs in different pyroptosis clusters. (E) Kaplan-Meier survival analysis between
three pyroptosis clusters. (F) GSVA of biological pathways between three pyroptosis clusters. (G) The abundance of infiltrating immune
cell types in the pyroptosis cluster. (H) Gene set enrichment analysis for the significance of differential expression of 18 gene signatures
among three pyroptosis clusters. (I) Differences in expression of chemokines among three pyroptosis clusters. (J) Association between age,
sex, TNM stage (8th AJCC TNM staging system), TCGA subtypes (secretory, primitive, classical, basal), and pyroptosis cluster. ns, not
significance; **, P<0.01; ***, P<0.001; ****, P<0.0001. CDF, cumulative distribution function; OS, overall survival; TCGA, The Cancer
Genome Atlas; NK, natural killer; EMT, epithelial mesenchymal transition; LUSC, lung squamous cell carcinoma; PRGs, pyroptosis-related

genes; GSVA, gene set variation analysis; TNM, tumor-node-metastasis; AJCC, American Joint Committee on Cancer.
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Figure 4 Identification of gene clusters based on DEGs between three pyroptosis clusters. (A) Heatmap of clinicopathologic characteristics
and DEGs between two gene clusters. (B-E) GO and KEGG enrichment analyses of DEGs between two gene clusters. (F) Kaplan-Meier
survival analysis between two gene clusters. (G) Differences in the expression of PRGs between the two gene clusters. (H) The abundance
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P<0.001; ****, P<0.0001. OS, overall survival; DEG, differentially expressed gene; TCGA, The Cancer Genome Atlas; ECM, extracellular
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score was calculated by summing the two principal
components. Furthermore, patients with LUSC were
divided into high- and low-pyroptosis score groups based
on the median pyroptosis score. The Kaplan-Meier curves
indicated that a lower pyroptosis score in TCGA cohort
corresponded with better survival (P=0.002) (Figure 5A4).
Based on TCGA cohort, the 1-, 2-, 3-year area under
the curve (AUC) of the time-dependent ROC curves for
pyroptosis score was 0.573, 0.623, and 0.635, respectively
(Figure 5B). Similar results were also observed in the
GSE37745 dataset (P=0.005) (Figure 5C). Moreover, a
Sankey diagram was plotted to visualize the pyroptosis
clusters, gene clusters, pyroptosis scores, TCGA subtypes,
and OS in each patient (Figure 5D). The patients with LUSC
were grouped into three pyroptosis clusters and subsequently
categorized into two gene clusters. Notably, patients in
pyroptosis_gene_cluster A, who had unfavorable prognoses,
were predominantly present in the high-pyroptosis score
group. Similarly, the majority of patients in pyroptosis_gene_
cluster B, who exhibited better prognoses, were categorized
into the low-pyroptosis score group. Consistently, patients
in pyroptosis_gene_cluster A had higher pyroptosis scores
than did those in pyroptosis_gene_cluster B (P<0.001)
(Figure SE). As for the pyroptosis clusters, the pyroptosis
scores in pyroptosis_cluster A were lower than those in
pyroptosis_cluster B and C (P<0.001) (Figure 5F).

The correlation between pyroptosis scove and malignant
features of the tumor

To further clarify the underlying mechanism by which
pyroptosis disorder affects LUSC prognosis, the correlation
between pyroptosis score and gene signatures was analyzed.
The results showed that the pyroptosis score was positively
correlated with Pan-F-TBRS, EMT2, EMT3, antigen-
processing machinery, and angiogenesis. In contrast,
pyroptosis score was negatively correlated with DNA
damage repair, homologous recombination, mismatch
repair, cell cycle, and DNA replication (Figure 5G). The
enrichment score of pathways was calculated for individuals
based on GSVA. The results showed that most pathways
were significantly different between the high- and low-
score group, except cell cycle regulators. Concretely,
higher enrichment scores of CD8 T effector, pan-F-
TBRS, antigen-processing machinery, immune checkpoint,
epithelial mesenchymal transition (EMT), and angiogenesis
were observed in the high-pyroptosis score group.
Meanwhile, pathways enriched in the low-pyroptosis score

© AME Publishing Company.
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group were primarily related to reducing gene mutations

(Figure SH).

The nomogram based on pyroptosis score in LUSC

To gain an insight into the correlation between pyroptosis
score and clinical features, further analyses based on
TCGA-LUSC cohort were performed. We compared the
pyroptosis scores in different clinical subgroups. Older
adults appeared to have higher pyroptosis scores than
did younger groups (Figure 64). However, there were no
differences in the subgroups of gender and TNM stage
[8th edition of the Union for International Cancer Control
(UICC)/AJCC TNM staging system) (Figure 6B-6F).
To further investigate whether the pyroptosis score was
an independent prognostic factor for LUSC, univariate
and multivariate Cox regression analyses were applied
in TCGA-LUSC cohort. The result of univariate Cox
regression analyses showed that T3 stage [vs. T1 stage:
hazard ratio (HR) =1.8; 95% confidence interval (CI):
1.15-2.82; P=0.01], T4 stage (vs. T1 stage: HR =2.32;
95% CI: 1.24-4.31; P=0.008), Mx stage (vs. MO stage: HR
=1.59; 95% CI: 1.07-2.36; P=0.02), M1 stage (vs. MO stage:
HR =3.2; 95% CI: 1.31-7.82; P=0.01), stage III (vs. stage
I: HR =1.56; 95% CI: 1.09-2.23; P=0.02), stage IV (vs.
stage I: HR =3.31; 95% CI: 1.34-8.18; P=0.009), and low
pyroptosis score (vs. high pyroptosis score: HR =0.66; 95%
CI: 0.5-0.86; P=0.003) were associated with OS (Figure 6G).
In the multivariate Cox regression, low pyroptosis score was
associated with a better prognosis (vs. high pyroptosis score:
HR =0.65; 95% CI: 0.49-0.87; P=0.003) after adjustment
for clinicopathological characteristics (Figure 6H).
Furthermore, considering the strong association between
risk score and the prognosis of patients with LUSC, we
developed a nomogram integrating pyroptosis score, age,
gender, and M stage to predict the survival rates over 1,
2, and 3 years in TCGA-LUSC cohort (Figure 61). The
pyroptosis score was found to be a more effective predictor
of 1-year mortality compared with age, gender, and M stage
as evidenced by the higher AUC value on the ROC curve
(Figure 67). Additionally, analysis of the calibration curves at
1, 2, and 3 years indicated good accuracy of the nomogram
in the predictions of OS, with the predicted values closely
matching the observed values (Figure 6K).

Gene variation and immunotherapy response

Cancer cells typically exhibit a high frequency of genetic
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Figure 5 Performance of the pyroptosis signature based on pyroptosis score. (A) Kaplan-Meier survival analysis for patients with a high and
low pyroptosis score from TCGA-LUSC cohort. (B) The time-dependent ROC curves for OS at 1, 2, and 3 years in TCGA-LUSC cohort.
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mutations, ranging from gene sequence to more complex
structural variants. Therefore, somatic mutations in patients
with LUSC were analyzed, with particular attention paid
to a comparison of the high- and low-pyroptosis score
groups. The results showed significant differences in
SNV mutations between the high- and low-pyroptosis
score groups, with NFE2L2 and RASA1 being the top
two mutated genes (Figure 7A4,7B). We further analyzed
the variation of 22 chromosomes in with a high and low
pyroptosis score, respectively. The data showed that
variation frequency of chromosomes was similar (Figure 7C).
To determine whether pyroptosis score could be used
to assess the effect of immunotherapy, we included
an immunotherapy LUSC cohort (GSE135222). In
GSE135222 dataset, survival analysis revealed that patients
with lower pyroptosis scores exhibited better prognosis (log-
rank test P=0.02) (Figure 7D). DCB and NDB were used
to assess the efficacy of immunotherapy. However, there
was no significant difference in pyroptosis score between
the DCB and NDB related in the GSE135222 dataset
(Figure 7E). Additionally, pyroptosis scores were applied to
predict immunotherapy response, and the AUC was 0.706

(Figure 7F).

Discussion

Lung cancer is a potential fatal disease that poses a heavy
burden on people worldwide. NSCLC accounts for
about 85% of all lung cancer cases. Although there have
been many studies LUSC, its clinical prognosis is worse
compared to that of lung adenocarcinoma. Numerous
studies (22-27) have shown that pyroptosis plays an
essential role in innate immunity and antitumor effects.
However, most studies have focused on a single PRG or
single type of TME cell, and the overall effects mediated by
the combination of multiple PRGs and TME infiltration
characteristics have not been fully understood.

This study comprehensively examined the clinical and
molecular characteristics of PRGs in LUSC by analyzing
public datasets. We first analyzed the differential expression
levels and gene mutation features of 51 PRGs in the
TCGA-LUSC dataset and identified three pyroptosis
clusters based on the consensus clustering of the 51 PRGs.
OS, PRG, expression and TME characteristics showed
significant differences between the three pyroptosis clusters.
In comparison to pyroptosis_cluster A and pyroptosis_
cluster C, pyroptosis_cluster B exhibited the highest
mortality risk, coupled with the most pronounced immune

© AME Publishing Company.
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infiltration. Subsequently, two distinct pyroptosis gene
clusters were further identified using 390 DEGs between
the three pyroptosis clusters. Patients in pyroptosis_
gene_cluster B had a longer OS and higher CD8" T-cell
infiltration levels but lower Treg infiltration compared to
pyroptosis_gene_cluster A. The above results indicated a
more active immune-suppressive TME in pyroptosis_gene_
cluster A. The immunosuppressive TME enables tumor
cells to escape immune surveillance and contributes to
cancer aggressiveness (28), which explains the shorter OS of
patients in pyroptosis_gene_cluster A.

We next developed a pyroptosis scoring system for
comprehensively quantifying the pyroptosis state of patients
with LUSC, which exhibited predictive capabilities. Notably,
patients categorized as low risk or high risk based on their
PRG scores exhibited significant differences in OS, clinical
characteristics, mutations, and TME. This result was also
validated using the GSE37745 and GSE135222 dataset of
LUSC samples, and ROC curve analysis further confirmed
the predictive ability of the pyroptosis score. The high-
pyroptosis score group showed prominent enrichment of
pyroptosis_cluster B and gene_cluster A, whereas the low-
pyroptosis score group showed a predominant enrichment
of pyroptosis_cluster A and gene_cluster B. Patients with a
high pyroptosis score exhibited poor prognosis, consistent
with the results in pyroptosis_cluster B and gene_cluster A.
Subsequently, a novel nomogram incorporating pyroptosis
scores and clinical characteristics was constructed, which
further improved the performance and facilitated the use of
pyroptosis score. This prognostic model can be used for the
prognostic stratification of patients with lung cancer and
can provide new insights into the molecular mechanisms of
lung cancer for targeted therapy.

Pyroptosis is a programmed cell death regulated by a
series of unique key inflammatory caspases. GSDMD is
responsible for executing pyroptosis, which is characterized
by continuous cell swelling until the cell membrane
ruptures, leading to the release of cellular contents and
activation of a strong inflammatory response (12,29).
When it was first discovered in macrophages infected
with Shigella flexneri, pyroptosis was initially misidentified
as apoptosis due to the technological limitations of the
time (30). The term “pyroptosis” was coined in 2001 to
describe this specific form of cell death (31). The activation
of pyroptosis can trigger a strong inflammatory response by
releasing cellular contents. Pyroptosis-related pathways are
generally classified into canonical, noncanonical, and other
pathways on the basis of the type of caspase present (32).
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Altered in 210 (88.61%) of 237 samples.
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The canonical pathway is mediated by caspase-1, which
assembles the inflammasome, cleaves GSDMD, and releases
cytokines, mainly interleukin (IL)-1p and IL-18 (11,30).
The activated caspase-1 cleaves the complete GSDMD into
the N-terminal (GSDMD-NT) and C-terminal domains.
Subsequently, GSDMD-NT binds to acidic phospholipids
on the plasma membrane and forms oligomeric death-
inducing pores, increasing intracellular osmolality and
thus inducing cytolysis (33,34). The noncanonical pathway
is simpler and more direct, triggered by the activation
of caspase-4/5 in humans and caspase-11 in mice (35).
The noncanonical inflammasome sensor can directly
detect intracellular bacteria and lipopolysaccharide (LPS),
activate caspase-4/5/11, cleave GSDMD, and activate the
inflammasome (36). Recent research has also shown that
caspase-3/8 and granule proteases can induce pyroptosis (37).
There is a growing body of evidence supporting the
association between pyroptosis and LUSC. GSDMD
protein levels have been reported to be notably elevated
in LUSC specimens in comparison to adjacent tumor
specimens (38). Moreover, a positive correlation between
the expression of gasdermin E (GSDME) and postoperative
survival rate in patients with lung cancer has been observed,
implying that higher levels of GSDME may be associated
with improved patient outcomes (39). In our study, we
found the most frequently mutated pyroptosis gene was
TP53. By orchestrating the activity of numerous target
genes with diverse biological roles, 7P53, the most crucial
tumor suppressor in human cancers, effectively suppresses
tumor growth (40). TP53 mutations, commonly found in
NSCLC, are strongly linked to smoking, with a higher
prevalence observed in patients with tobacco-associated
lung cancer than in never-smokers (41,42). Several studies
have indicated that TP53 mutations in lung cancer are
linked to heightened resistance to cancer therapies and
unfavorable prognosis in terms of survival outcomes (43-45).
Therefore, TP53 might play an important role in LUSC.
There are several limitations to this study that need to
be addressed. First, number of cohorts and sequencing
data available for analysis might have been insufficiently
abundant. Second, additional independent cohort studies
focused on immunotherapy are necessary to confirm the
predictive reliability and consistency of pyroptosis score in
terms of both prognosis and response to immunotherapy.
Finally, cigarette smoke extract induces pyroptosis in human
bronchial epithelial cells, however, due to limitations of
the database used, we were unable to ascertain the smoking
status of the patients. All in all, further experiments are

© AME Publishing Company.
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required to prove that PRGs exert an effect in LUSC.

Conclusions

In conclusion, our study identified pyroptosis-related
subtypes of LUSC on the basis of 51 PRGs, investigated
the biologic and clinical features of different subtypes, and
found evidence for a close association between pyroptosis
and LUSC. In addition, the pyroptosis score, based on
the subtype-specific DEGs, effectively stratified patients
into high- and low-risk groups, as demonstrated by
significant survival differences in both the validation and
immunotherapy datasets.
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