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Background: Diagnosis of early stage lung squamous cell carcinoma (LUSC) has
improved; however, a comprehensive analysis of prognostic signatures is needed.
Purpose: To identify, establish, and validate a signature model based on pyroptosis-related
genes for prognostic predictions of early stage LUSC.

Patients and Methods: Two independent cohorts were included. RNA-seq transcriptome
data from patients with early stage LUSC were obtained from The Cancer Genome Atlas
(TCGA) database. Thirty-three pyroptosis-related genes were analyzed between early stage
LUSC and normal lung tissues. Cox regression analysis, random survival forest, and least
absolute shrinkage and selection operator algorithms established a three-gene signature.
Kaplan—Meier survival and receiver-operating characteristic curves assessed the prognostic
efficacy of the model. Single-sample gene set enrichment analysis (ssGSEA) assessed the
relationship between pyroptosis and immune cells. Patients with early stage LUSC from the
GSE74777 dataset were used for validation. Pyroptosis-related genes were verified by RT-
gqPCR and Western blotting.

Results: Twenty-three differentially expressed pyroptosis-related genes were identified in
the LUSC and adjacent normal tissues. Three differentially expressed pyroptosis-related
genes were identified as hub genes in early stage LUSC. Patients with early stage LUSC
in the TCGA cohort were classified into low- and high-risk subgroups according to the risk
score. Overall survival (OS) was significantly short in the high-risk subgroup versus the low-
risk subgroup. A similar result was found for the GSE74777 dataset. ssGSEA of immune
cells and immune-related pathways between the low- and high-risk subgroups may explain
the different OS for patients with early-stage LUSC. IL-6 expression was upregulated, which
was inconsistent with the bioinformatic analysis. NOD1 and CASP4 were downregulated in
LUSC (all P < 0.05) versus normal lung tissues.

Conclusion: Differentially expressed pyroptosis-related genes may be involved in early
stage LUSC. Pyroptosis-related genes are important in tumor immunity and may be potential
prognostic predictors for early stage LUSC.

Keywords: early-stage lung squamous cell carcinoma, pyroptosis, prognosis, tumor

microenvironment, immunotherapy

Introduction

Lung carcinoma is a common malignancy associated with a high incidence and
mortality rate; in 2018, around 2.1 million new cases and 1.7 million deaths due to
lung carcinoma were reported worldwide by the International Agency for Research on
Cancer (IARC)." Non-small-cell lung carcinoma (NSCLC) accounts for more than
80% of all lung carcinomas, among which lung squamous cell carcinoma (LUSC) is
a frequently occurring pathological type, accounting for approximately 30% of
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NSCLC cases. The morbidity and mortality rates associated
with LUSC have gradually increased. Lung carcinomas
usually have an occult onset, as typical clinical manifesta-
tions are lacking in the early stage. Despite advances in the
diagnosis and treatment of lung carcinomas, the 5-year
survival rate is less than 18%.” Studies have shown that
LUSC develops through a multistep process, during which
mutations accumulate in a stepwise fashion, eventually
resulting in carcinoma. Since most patients with LUSC are
diagnosed at an advanced stage, prognostic predictions are
challenging. Furthermore, the lack of a comprehensive, indi-
vidualized treatment plan contributes to the high mortality
rate. Therefore, there is a need to identify novel gene sig-
natures for early prognostic predictions, which may have
implications for novel therapeutic targets in the treatment of
LUSC.

Evidence suggests that pyroptosis can regulate tumor
growth and metastasis, which may have implications for
potential treatment targets and prognostic predictors.® Cell
pyroptosis is a type of programmed cell death mediated by
members of the gasdermin (GSDM) protein family and
regulated by caspase-1, —4, —5, and —11. It is characterized
by swelling of the cell, plasma membrane perforation, and
efflux of small inflammatory molecules.*” This process
often leads to activation of the inflammatory cysteine-
aspartic protease. Cells undergoing pyroptosis present
nuclear agglutination, annexin V-positivity in situ, cytoske-
leton degradation, and oligomeric protein pores on the
membrane (1-2 nm). The plasma membrane gradually
breaks down, leading to the efflux of intracellular proin-
flammatory small molecules and consequently, a strong
inflammatory reaction.® A role for pyroptosis in infection
resistance has been reported. However, the mechanisms of
pyroptosis may underlie tumor development. Key compo-
nents of pyroptosis include the GSDM protein family,
inflammatory vesicles, and proinflammatory cytokines that
contribute to tumorigenesis, invasion, and metastasis.’
Using transgenic mice, Dupaul-Chicoine et al showed that
depletion of genes associated with inflammatory vesicles,
such as NLRP3 and CASP1, increased the susceptibility of
mice to colon cancer compared to wild-type mice.” In
addition, knocking out the pyroptosis-related gene,
Apoptosis-associated speck-like protein has been shown to
enhance the expression of B-cell lymphoma 2 (Bcl-2) pro-
tein and proto-oncogene tyrosine-protein kinase Src in
A549 cells, thus promoting the proliferation, migration,
and invasion of tumors.'” Additionally, unlike apoptosis,
pyroptosis is often accompanied by the activation and

release of harmful signaling molecules and cytokines,
activating the immune system and inducing a strong inflam-
matory response.” Studies have also shown that the pro-
inflammatory effect of pyroptosis can regulate the tumor
immune microenvironment.'" Defective expression of gas-
dermin D (GSDMD) correlates with a significant reduction
in the number of CD8+ lymphocytes and suppression of
their activity.'> Pyroptosis is dependent on inflammatory
GSDMD and subsequent pore formation in plasma mem-
branes through which IL-18 is released from cells.'® TL-18
promotes the proliferation of natural killer (NK) cells, lead-
ing to increased expression of CD80 and CD86, human
leukocyte antigen-DQ (HLA-DQ), and human leukocyte
antigen-DR (HLA-DR) in NK cells. Thus, NK cells acquire
an antigen-presenting cell (APC)-like phenotype, thereby
exerting an anti-cancer effect.'*

Several studies on pyroptosis and the early diagnosis of
LUSC indicate a potential role in tumorigenesis. However,
the specific functions of pyroptosis-related genes in early
stage LUSC have not been extensively studied. Here, we
systematically determined and compared the expression of
genes associated with pyroptosis in normal lung and lung
squamous cell carcinoma tissues. We evaluated the pre-
dictive value of these pyroptosis-related genes for the
prognosis of patients with LUSC and studied their effects
on the tumor immune microenvironment.

Patients and Methods
Dataset

We obtained RNA sequencing data and clinical features
for 401 patients with early stage LUSC (stage I-1I) and 49
normal adjacent tissues from The Cancer Genome Atlas
(TCGA) database (https://portal.gdc.cancer.gov/).
external validation, RNA sequencing data and clinical

For

information for patients with LUSC were obtained from
GSE74777 (https://www.ncbi.nlm.nih.gov/geo/, accessed
on July 8, 2021)."” GSE74777 contained 107 patients
with early-stage LUSC (stage I-II).

Identification of Pyroptosis-Related

Differentially Expressed Genes

Thirty-three pyroptosis-related genes were identified based
on previous studies (Table S1).'1° We considered nor-
malized fragment per kilobase million (FPKM) data for
LUSC-TCGA. The “limma” package identified differen-
tially expressed genes (DEGs) with a set threshold cutoff
of P < 0.05. The network for the protein-protein
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interaction (PPI) of DEGs was constructed using ‘Search
Tool for the Retrieval of Interacting Genes’ (STRING)
version 11.0.

Establishment and External Validation of a
Pyroptosis-Related Gene Prognostic
Model

To assess the predictive value of genes associated with
pyroptosis for the prognosis of LUSC, Cox regression was
used to estimate the individual association of these genes
with the survival status of patients included in the TCGA
dataset. To avoid omissions, the P-value cutoff was set at
0.2. Six survival genes related to pyroptosis were identi-
fied for further analysis. The “randomForestSRC” package
was used to establish a stable prognostic score system for
pyroptosis-related genes. This random survival forest algo-
rithm reduced the size of the signature, and genes were
selected according to their variable importance (VIMP)
and minimum depth. Only genes with a VIMP > 0.01
were selected along with their corresponding minimum
depths.?® The least absolute shrinkage and selection opera-
tor (LASSO) Cox regression model (R package “glmnet”)
narrowed the range of candidate genes, and we established
a prognostic model. In the LASSO model, the minimum
criterion (A) was selected based on 10 cross validations.
Finally, three pyroptosis-related genes and their coeffi-
cients were prioritized. The TCGA expression data were
centrally standardized (using the “scale” function in
R software) using the penalty parameter (A) based on
a minimum criterion. The risk score calculation was as
follows:

Risk Score =Y Xi x Yi

where, X is the correlation coefficient and Y is the gene
expression level. The LUSC-TCGA samples were classi-
fied into two groups according to the median risk score:
low- and high-risk subgroups, and Kaplan—Meier analysis
was performed to compare the overall survival (OS) time
in each group. Principal component analysis (PCA) using
the “prcomp” function of three gene signatures was per-
formed using the “stats” R package; the 3-year receiver
operating characteristic (ROC) curve was evaluated using
t-distribution random neighbor embedding (t-SNE) with
“t-SNE,” “survminer” and “timeROC” packages in R. To
validate the model, a LUSC cohort from the Gene
Expression Omnibus database (GSE74777) was used as
the external cohort. The expression of individual genes

related to pyroptosis was normalized by the “scale” func-
tion. A risk analysis was performed using the same for-
mula as used for the TCGA cohort. The GSE74777 cohort
was also classified into low- and high-risk groups using
the same formula as for the TCGA cohort risk analysis.
The gene model was validated by comparing the two risk
groups.

Independent Analysis of Prognostic Risk

Score

Clinical information on age, sex, and stage was obtained
for the TCGA cohort. Based on our regression model,
these parameters were analyzed in conjunction with the
risk score. Univariate and multivariate Cox regression
analyses were also performed.

Functional Enrichment of DEGs in Low-
and High-Risk Groups

LUSC-TCGA samples were classified based on the med-
ian risk score as low- and high-risk groups. DEGs were
identified as per the set threshold of |log,fold change[>1
and false discovery rate (FDR) < 0.05. Annotations were
subsequently performed by GeneOntology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses using “clusterProfiler” package.

Immune Cells and Pyroptosis

Infiltration immune cell scores were calculated, and the
activity of immune-related pathways was assessed using
the Gene Set Variation Analysis (GSVA) software package
for ssGSEA.

Experimental Verification

A cohort of 20 patients with early stage LUSC (stage 1-II)
who underwent surgical treatment at the First Affiliated
Hospital of Chengdu Medical College were included in our
study, which was conducted from January 2019 to
January 2021. All patients were diagnosed based on patho-
logical examination. All tissues were stored at —80°C until
further analysis. Each case included a tumor sample and
a matched normal tissue sample (5 cm from the cancer
margin). Clinical data were collected for the 20 patients and
included sex, age, differentiation, and tumor node metastasis
(TNM) stage (Table 1). All procedures were performed
according to the ethical standards of the institution and/or
the National Research Council, and the Declaration of
Helsinki, and were approved by the Ethics Committee of
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Table | Clinical Information of the Study Population

Variables
Sample size 20
Age (meantSD) 45.26+11.48
Gender (%)
Female 10(50.0)
Male 10(50.0)
TNM Stage_AJCC (%)
| 11(55.0)
Il 9(45.0)
Differentiation (%)
Well-differentiated 13(65.0)
Moderately differentiated 5(25.0)
Poorly differentiated 2(10.0)

the First Affiliated Hospital of Chengdu Medical College
(license number: 2020CYFYIRB-BA-101). All patients pro-
vided written informed consent for participation in the study.

Total RNA was extracted from LUSC specimens and
adjacent normal tissues using RNAiso Plus (Takara,
China). Complementary DNA (cDNA) was
pg of total RNA using the
PrimeScript® RT reagent Kit with gDNA (genomic
DNA) Eraser (Takara). RNA levels were determined
using the CFX96 Real-time System (Bio-Rad, USA) with
the TB Green® Premix Ex Taq® II kit (Takara). The
relative expression of candidate genes related to pyroptosis

Dalian,
synthesized using 1

was normalized to those of endogenous transcribed glycer-
aldehyde-3-phosphate dehydrogenase (GAPDH). The pri-
mers were synthesized by Shanghai Sangon Biology
Company and are listed in Table S2.

Frozen LUSC tissues and adjacent normal tissues were
placed into a tube and ground in cell lysis buffer contain-
ing protein inhibitors. After centrifugation, total protein
from the tissues was contained in the supernatant. The
protein concentration was assessed using a NanoDrop UV-
vis spectrophotometer (Thermo Scientific, MD, USA).
Equal amounts of protein samples were loaded on an 8%
sodium dodecyl sulfate-polyacrylamide (SDS-PAGE) gel
and separated by electrophoresis. The separated proteins
were transferred to a polyvinylidene difluoride (PVDF)
immobilon-P membrane (Millipore, Billerica, MA, USA).
After blocking with 5% non-fat milk, the membrane was
probed with primary antibodies in a cold room overnight,

followed by incubation with secondary antibodies. The

target protein bands were analyzed using the iBand wes-
tern system (Thermo Fisher Scientific, MA, USA).

Each group of experiments was repeated 3 times. In
this experiment, the following antibodies were used: anti-
IL-6 (1:5000; Abcam, Cambridge, UK), anti-NODI
(1:2000; Abcam, Cambridge, UK), anti- CASP4 (1:2000;
Abcam, Cambridge, UK), and anti-f-actin (1:5000;

Abcam).

Statistical Analysis

All statistical analyses were performed using R software
(version 3.6.1). Differential gene expression in tumor and
normal tissues was compared by Student’s z-test using
“limma” R package. Univariate Cox regression, random
survival forest, and LASSO algorithm analyses were used
to evaluate the correlations between the factors and OS
through the “survival,” “glmnet” and “randomForestSRC”
package in R. A Log rank test was used to compare OS
between the two risk groups. Kaplan—Meier curves
depicted survival using the ”survival” package. The
Mann—Whitney test, with P-values adjusted by the BH
method, was applied to compare the ssGSEA scores of
immune cells or pathways between the high- and low-risk

EEINT3

groups using “limma,” “ggpubr” and “reshape2” package.

Statistical significance was set at P < 0.05.

Results

Identification of Pyroptosis-Related Genes
The methods used for data collection and analysis of pyr-
optosis-related genes in LUSC are summarized in Figure 1.
Thirty-three pyroptosis-related genes were obtained based
on previous studies (Supplementary Table 1). To determine

prognosis-specific pyroptosis-related genes for early stage
LUSC, we systematically analyzed and compared RNA-seq
data from the tissues of 401 patients with early stage LUSC
and 49 normal adjacent tissues from TCGA. Using the
condition of P < 0.05, we identified 23 differentially
expressed pyroptosis-related genes. Nine genes (PLCGI,
CASP6, PJVK, CASP3, GSDMB, GSDME, AIM2,
NLRP7, and GSDMC) were upregulated, while 14 genes
(IL6, ELANE, NLRC4, NLRP3, CASP5, NODI, ILIB,
CASP1, TNF, TIRAP, IL18, NLRP1, and PRKACA) were
downregulated. The RNA expression levels of these genes
are represented by the heatmaps shown in Figure 2A. To
examine the associations between these pyroptosis-related
genes, we performed a PPI analysis, as shown in Figure 2B.
The minimum confidence for PPI was 0.9 (highest
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RNA expression data from TCGA LUSC
cohort(N=401) and normal samples (N=49)

genes (23 DGEs)

Compare the expression of 33 pyroptosis-related

PPl analysis

Screen OS-related genes in TCGA cohort

signature

LASSO regression model to identify a 3-gene

Validation in a GEO
(GSE74777,N=107)

Survival analysis

Survival analysis

Analysis of immune cell infiltration

Clinical verification

Figure | Data analysis workflow.

confidence cutoff in STRING). CASP1, AIM2, NLRP3,
NLRC4, IL18, and IL1B were identified as hub genes.
The correlation network of all differentially expressed pyr-
optosis-related genes is shown in Figure 2C (red: positive
correlation; blue: negative correlation).

Prognostic Signature Model in the TCGA
Cohort

Survival data related to the 401 samples corresponding to
the respective LUSC patients were obtained. Univariate
Cox regression analysis was performed for the primary
screening of survival-related genes. Six genes (IL6,
NODI, NLRC4, ELANE, CASP4, and NLRP3) meeting
the criterion of P < 0.2, were retained for further analysis.
The hazard ratio values of all six genes were greater than
one (Figure 3). The expression values of the six pyropto-
sis-related genes were used to construct a random forest

model. To summarize model accuracy, we used the out-of-
bag (OOB) error estimate, where a lower value indicates
higher predictive accuracy. The results showed that the
OOB error of the random forest model tended to be stable
when trees were close to 420 (Figure 4A and B). Next,
using the LASSO Cox regression, a three-gene signature
model was constructed according to the optimum A value
(2=0.018) (Figure 5A and B). The risk score was calcu-
lated as follows: risk score = (—0.070* IL6exp) + (0.373 %
NODlexp) + (0.176* CASP4exp). Based on the risk score
formula and calculated median scores, 401 LUSC samples
were categorized into low- and high-risk subgroups
(Figure 6A). PCA and t-distributed stochastic neighbor
embedding (t-SNE) analysis indicated that patients with
different risks could be separated into two clusters
(Figure 6B and C). In the high-risk subgroup, patients
showed higher mortality and poorer survival compared
with those in the low-risk subgroup (Figure 6D, on the
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Figure 2 Expression and interaction of 23 pyroptosis-related genes. (A) Heat map showing the expression of pyroptosis-related genes between normal (N, blue) and tumor
tissues (T, red) (green: low expression levels; red: high expression levels); (B) protein-protein interaction (PPl) network showing interactions for pyroptosis-related genes
(interaction confidence 0.9); (C) network correlations for pyroptosis-related genes (red: positive correlation; blue: negative correlation; color depth reflects the intensity of
the correlation).
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Figure 3 Univariate Cox regression analysis of overall survival (OS) for each pyroptosis-related gene, and six genes with P < 0.2.
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Figure 4 Random survival forest screening of the genes. (A) Estimate of random forest out-of-bag (OOB) prediction error rate based on tree number. (B) Genes with

variable importance (VIMP) > 0.01.

right side of the dotted line). A significant difference in OS
time was detected between the two groups (P = 0.013,
Figure 6E). A ROC curve was applied to evaluate the
sensitivity and specificity of the prognostic model. The
area under the ROC curve (AUC) was 0.621 for 1 year,
0.598 for 2 years, and 0.637 for 3 years (Figure 6F).

External Validation of the Risk Signature

A total of 107 LUSC patients (stage I-II) from the Gene
Expression Omnibus (GEO) cohort (GSE74777) were
used as the validation set. The “scale” function was used
to normalize the levels of gene expression for further
analyses. According to the median risk scores, 54 patients
in the GEO cohort were included in the high-risk sub-
group, and the remaining 53 patients were included in
the low-risk subgroup (Figure 7A). PCA and t-SNE
showed satisfactory division between the two groups
(Figure 7B and C). Patients in the low-risk subgroup had

longer survival and lower mortality rates compared with
those in the low-risk subgroup (Figure 6D, on the left side
of the dotted line). The Kaplan—Meier analysis revealed no
statistically significant differences in the survival rates
between the low- and high-risk groups (Figure 7E).
However, Figure 6E shows consistent prognostic trends
with results from the TCGA cohort (P = 0.121,
Figure 7E). ROC curve analysis of the GEO cohort
showed that our model had excellent predictive power
(AUC = 0.719 for, 1 year, AUC = 0.693 for 2 years, and
AUC = 0.627 for 3 years) (Figure 7F).

Independent Predictive Value of the Risk
Model

Univariate and multivariate Cox regression analyses were
used to assess whether the risk score derived from the
pyroptosis-related gene signature model could serve as

an independent prognostic factor. Univariate Cox
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1.178-1.577, Figure 8A). After adjusting for confounding
factors, multivariate Cox regression analysis also showed

regression analysis showed that the risk score was an
independent predictor for poor survival in the TCGA

cohort (HR = 1364, 95% confidence interval [CI]: that the risk score could be a prognostic factor (HR =
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high-risk group: on the right side of the dotted line). (E) Kaplan—Meier curves for the OS of patients in the high- and low-risk groups. (F) ROC curves demonstrating the
predictive efficiency of risk score.
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1.371, 95% CI: 1.184-1.587, Figure 8B). In addition, we
generated a heatmap of clinical features for the TCGA
cohort (Figure 8C) and observed that patient age, stage,
and survival status were diversely distributed between the
low-and high-risk groups (P < 0.05 for all).

Functional Analysis Based on the Risk
Model

To further examine differences in gene function and path-
ways between the subgroups categorized by the risk model,
the “limma” package was used to extract DEGs by applying
a cutoff criteria (FDR< 0.05, log,fold change | >1). A total of
450 DEGs were identified between the two subgroups in the
TCGA cohort. Of these, 325 were downregulated in the
high-risk group, while 125 were upregulated (Table S3).
GO enrichment and KEGG pathway analyses were per-
formed based on these DEGs. The results demonstrated
that DEGs were mainly enriched in the inflammatory reac-
tion, immune response, tyrosine metabolism, and arachido-
nic acid pathways (Figure 9A and B).

Comparison of Immune Activity Between

Subgroups

Based on ssGSEA and functional analyses (Table S4), we
compared the enrichment scores of 16 types of immune cells
and the activity of 13 immune-related pathways between the
low- and high-risk groups in both the TCGA and GEO
cohorts. In the TCGA cohort (Figure 10A), the level of
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immune cell infiltration was lower in the high-risk subgroup,
including CD8 + T cells, NK cells, neutrophils, tumor-
infiltrating lymphocytes (TILs), and regulatory T cells
(Treg). Except for the MHC class I pathway, the other 12
immune-associated pathways displayed lower activity in the
high-risk group than in the low-risk group (Figure 10B).
Similar findings were observed when immune status was
evaluated in the GEO cohort. Moreover, dendritic cells
(DCs), induced dendritic cells (iDCs), and macrophages
were enriched. Nevertheless, no differences in inflamma-
tion-promoting pathways and MHC class 1 were found
between the low- and high-risk groups (Figure 10C and D).

Validation of Differentially Expressed
Pyroptosis-Related Genes in Patients with

Early-Stage LUSC

To confirm the reliability of the TCGA and GEO datasets,
the expression levels of IL6, NOD1, and CASP4 in our
clinical samples were evaluated by RT-PCR and Western
blotting. The clinicopathological variables of the patients
are summarized in Table 1. In our cohort, inconsistent with
previous results of bioinformatic analyses, the expression
levels of IL6 were significantly higher in ecarly stage
LUSC tissues than in normal lung tissues (Figures 11
and 12). Additionally, the expression levels of NODI
and CASP4 were significantly decreased in tissues from
early stage LUSC, similar to the results obtained by bioin-
formatic analysis (Figures 11 and 12).
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Figure 9 Functional analysis of differentially expressed genes (DEGs) in the two subgroups of the TCGA cohort. (A) Bar chart for GeneOntology (GO) enrichment (the
longer the bar, the richer the gene enrichment, and the darker the red the greater the difference). (B) Bar chart for Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways (the longer the bar means the more genes enriched, and darker the red the greater the difference).
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Figure 10 Comparison of the single-sample gene set enrichment (ssGSEA) scores for immune cell types and immunological pathways. (A and B) Comparison of enrichment
scores for |6 types of immune cells and 13 immune-related pathways between the low-risk group (blue box) and the high-risk group (red box) in the TCGA cohort. (C and
D) Comeparison of enrichment scores for 16 types of immune cells and 13 immune-related pathways between the low-risk group (blue box) and the high-risk group (red
box) in the GEO cohort. P values were: NS: not significant; ***P < 0.001; **P < 0.01; *P < 0.05.
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Figure |1 Relative mRNA expression of three pyroptosis-related genes in clinician-collected tissue samples. IL-6 (A) was highly expressed; NOD| (B) and CASP4 (C) were
expressed at significantly lower levels, *P < 0.05.

Discussion samples from LUSC and normal tissues and found that

In the present study, we examined the mRNA expression  around two-thirds (69.7%; 23/33 patients) were differen-
of 33 previously identified genes related to pyroptosis in  tially expressed between the two groups. To assess the
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Figure 12 Relative protein expression of three pyroptosis-related genes in clin-
ician-collected tissue. NI and N2 represent non-tumor tissues, and Tl and T2
represent tumor tissues.

prognostic predictive value of these pyroptosis-associated
genes for LUSC, we established a three-gene (IL6, NODI1,
and CASP4) signature risk model using univariate Cox,
random survival forest, and LASSO Cox regression ana-
lyses, which was subsequently verified using an external
dataset. Survival analysis suggested that these three genes
had good prognostic value. According to this signature,
patients in the TCGA and GEO cohorts were divided into
high-and low-risk subgroups. Functional analysis showed
that DEGs between the high-risk subgroup and the low-
risk subgroup were associated with immunological
pathways. In the high-risk subgroup, we found reduced
infiltration of different immune cell types, and the activity
of the immunological pathways had also decreased in
comparison with the low-risk subgroup. The immune cell
enrichment analysis indicated the pyroptosis had a close
connection with tumor immunity. These findings strongly
implied the great potential roles of pyroptosis in LUSC.
The increased use of low-dose computed tomography
(CT) has enable patients to be diagnosed with lung cancer
at an earlier stage. A better understanding of early stage
lung cancer and the establishment of reliable prognosis-
related gene signatures are important for treatment deci-
sions. In recent years, pyroptosis, as a mechanism of
death, has
a potential target in cancer progression and treatment.

programmed cell gained attention as
Pyroptosis inhibits the growth of tumor cells, and may
therefore represent a novel therapeutic target; however,

the production of IL-1p, IL-18, and other inflammatory

factors during pyroptosis forms a inflammatory tumor
microenvironment, which promotes tumor growth.'®!”
Therefore, an early stage prediction model for LUSC
based on pyroptosis-related genes is important. The inter-
action between pyroptosis-related genes and their associa-
tion with LUSC survival outcomes remains unclear. Our
study identified three pyroptosis-related genes (IL-6,
NODI, and CASP4). Survival analysis and prognostic
ROC models were developed based on three genes (IL-6,
NODI1, and CASP4). In addition, our prognostic model
was validated using GEO data, which yielded consistent,
stable, and universal results.

Among the three genes, IL-6 was identified as an
independent risk factor for OS in patients with early
stage LUSC in our study. IL-6 is a pleiotropic cytokine
produced by epithelial cells, fibroblasts, mononuclear
macrophages, T lymphocytes, and B lymphocytes, which
plays a major immunomodulatory role in the tumor micro-
environment. After binding to its receptor to form IL-6/IL-
6R/gp130 hexamers, it activates the JAK-STAT signal
transduction pathway and regulates several biological and
cellular processes, including cell proliferation, differentia-
tion, immune defense mechanisms, and blood cell produc-
tion. IL-6 expression has been associated with the
occurrence and progression of several tumors. In addition,
it regulates cell adhesion and activity, angiogenesis,
expression of tumor-specific antigens, proliferation of
tumor cells, and chemical resistance, which impact tumor
progression. Dalwadi et al*' showed that IL-6 expression
was reduced following the treatment of LUSC cells with
COX-2 siRNA, confirming that COX-2 mediates anti-
apoptotic and anti-angiogenic effects through activation
of signal transduction molecule STAT3, and the expression
of inhibitor of apoptosis, survivin. The serum levels of IL-
6 in 339 patients with non-small-cell lung carcinoma were
reported by Yamaguchi et al,*> who found that patients
with higher levels of IL-6 tended to have advanced LUSC
and large cell lung carcinoma, suggesting that IL-6 levels
in serum differed among histopathologic types. It is rea-
sonable to hypothesize that abnormal expression of IL-6
may promote the development of tumors by regulating
pyroptosis. In the present study, IL-6 was highly expressed
in clinical samples of LUSC; however, bioinformatic ana-
lyses indicated that IL-6 was down-regulated as compared
to normal lung tissues in TCGA database. This may be due
to the limited data from LUSC. Furthermore, the TCGA
database contains data from mainly Caucasian and African
populations. Thus, our findings on IL-6 need to be
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validated using a larger sample size and a more represen-
tative population.

NODI1 is a cytoplasmic protein involved in innate
immunity. It is a pattern recognition receptor, which is
highly genetically conserved, and is closely related to
inflammation and cell death. NODI1 recognizes peptido-
glycan and lipopolysaccharide in the cell wall, and subse-
quently activates downstream MAPK and NF-kB signaling
to regulate the physiological and pathological processes of
inflammation, oxidative stress, and cell proliferation.”*
NODI1 binds to tumor necrosis factor and participates in
intercellular signal transduction and cell pyroptosis. It
activates NF-kB-inducing kinases through phosphoryla-
tion, and regulates the interaction of the apoptotic signal-
ing enzyme, transforming growth factor-B, to inhibit
caspase activation, furthermore, NF-kB granule release in
the chelated cytoplasm can induce cell pyroptosis based on
the interaction between protein kinases. The results of our
bioinformatic analysis and clinical validation are consis-
tent with those of previous studies, suggesting that NOD1
may be a tumor suppressor gene in lung carcinoma
(HR<1). NODI-knockout mice have been shown to
demonstrate increased sensitivity to the occurrence of
inflammation-induced colon tumors.?® The serum levels
of NODI1, NF-kB, and R1P2 were higher and increased
in cancer tissues after chemotherapy with pemetrexed
combined with oxaliplatin. This suggested that the
NODI1/NF-Kb/R1P2 downstream signaling cascade may
regulate the proliferation and differentiation of lung
carcinomas.”’

CASP4 belongs to the caspase family of proteins.
Multiple internal and external factors, including the efflux
of pro-inflammatory cytokines and the induction of innate
immune responses, activate CASP4.*® CASP1 and CASP4/5
are involved in human cell pyroptosis. CASP1 is involved in
the classical inflammasome pathway, and CASP4/5 is
involved in the non-classical inflammasome pathway.
Overexpression of CASP4 in keratinocytes and epithelial
cells induces cell death.?’*° CASP4 mediates GSDMD
activity and pyroptosis, and activates the NLRP3 inflamma-
some However, the relationship between CASP4-mediated
pyroptosis and the development of lung cancer remains
unclear. We found that higher CASP4 expression was asso-
ciated with poorer survival outcomes, probably due to the
negative regulation of pyroptosis by CASP4.%!

In the present study, we identified similarities and
shared mechanisms between pyroptosis and apoptosis.
However, further studies on pyroptosis are required.

Multiple patterns of cell death may co-exist and interact
to affect tumor development.®> For example, the three
genes in our model may be important regulators of the
apoptotic pathway. Apoptosis is characterized by the integ-
rity of the cell membrane, the contents of which are not
released, and do not directly induce an inflammatory
exhibits
characteristics.®> By comparing the low- and high-risk

response. However, pyroptosis contrasting
subgroups, we found that the DEGs were primarily
involved in inflammation and the immune response, sug-
gesting that pyroptosis can induce a strong inflammatory
response. Based on the results of GO and KEGG pathway
analyses, we speculated that pyroptosis may modulate the
composition of the tumor immune microenvironment.

The results of the ssGSEA analysis indicated that the
levels of key anti-tumor immune cell infiltrates were lower
in the high-risk subgroup in the LUSC-TCGA cohort, indi-
cating that immune function in this subgroup was impaired;
similar trends were observed in the GEO cohort. Notably, the
proportion of Treg cells was higher in the low-risk group than
in the high-risk group. However, previous studies have
shown that Treg cells are involved in the suppression of anti-
tumor immunity and are associated with poor clinical
outcomes.>*** The difference in our study may be because
Tregs are an essential component of the tumor microenviron-
ment, which regulates pyroptosis-stimulated hyperactive
inflammation. In addition, two Treg subtypes have been
reported in colon cancer, with opposing effects in regulating
the tumor microenvironment.>® Therefore, further studies are
required to identify Treg subtypes in LUSC. In our study,
except for MHC class I, other immune-related pathways
were downregulated in the high-risk subgroups from both
the TCGA and GEO cohorts. Thus, patients with LUSC in
the high-risk subgroup presented poorer survival, which may
be attributed to reduced anti-tumor immunity.

One strength of this study is that we performed
a systematic analysis based on a national database, and
summarized current knowledge on pyroptosis genes in
early stage LUSC. Our study provides a preliminary evalua-
tion of the prognostic value of these pyroptosis-associated
genes, forming a theoretical basis for future studies.
Accurate and effective prognostic assessments form
a clinical signature for the individualized treatment of
patients with LUSC.

There were some limitations to this study. First, the
clinical information downloaded from TCGA and GEO
was incomplete, especially regarding therapy, which
would help to understand if pyroptosis-related genes are
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potential therapeutic biomarkers. Second, the mechanism
by which pyroptosis modulates early stage LUSC remains
unclear. Finally, prognostic models need to be verified in
a large-scale multicenter clinical cohort. This study pro-
vides a comprehensive overview of PRGs profiles in early
stage LUSC, and the aforementioned limitations may be
overcome if sufficient data are available in the future.

Conclusion

In conclusion, we identified differentially expressed genes
related to pyroptosis, which may be involved in early stage
LUSC. A novel prognostic model of three pyroptosis-
related genes was constructed in this study, which was
then independently associated with OS in both the
TCGA and GSE74777 cohorts, providing a candidate
model for predicting the survival of patients with early
stage LUSC. Our study may provide insights into the
identification of therapeutic targets. Further studies are
necessary to verify these results.

Data Acquisition

Data can be retrieved from the TCGA and GEO databases
(GEO database https://www.ncbi.nlm.nih.gov/GEO/query/
acc.cgi?acc=gse74777, TCGA database https://portal.gdc.

cancer.gov/). The codes used in this study can be obtained
from the corresponding author upon reasonable request.
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