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Background: Pyroptosis is a novel form of cell death that plays a significant role in cancer, while the prognostic values of pyroptosis-
related genes in gliomas have not been revealed.
Methods: We analyzed the RNA-seq and clinical data of gliomas from the University of California Santa Cruz (UCSC) Xena database to
determine differentially expressed pyroptosis-related genes. Based on these genes, a pyroptosis genes signature was constructed after univariate
Cox analysis andLassoCox analyses. The sensitivity and specificity of pyroptosis genes signaturewere verified by theChineseGliomaGenome
Atlas (CGGA) dataset. Finally, we explored the association of risk signatures with tumor microenvironment and immune cell infiltration.
Results: Of 15 differentially expressed pyroptosis-related genes, three genes of BCL2 associated X (BAX), caspase 3 (CASP3), and
caspase 4 (CASP4) were used to construct the risk signature. The effectiveness of risk signature for predicting survival at 1, 3, 5 years
was performed by the receiver operating characteristic curve (ROC), and the area under curves (AUC) was 0.739, 0.817, and 0.800,
respectively. Functional enrichment results showed signal transduction, cell adhesion, immune response, and inflammatory response
were enriched. The immune analysis revealed that pyroptosis had a remarkable effect on the immune microenvironment.
Conclusion: In this study, we constructed a pyroptosis-related gene signature, which can serve as a potential biomarker for predicting
the survival of glioma patients. Additionally, we suggested that pyroptosis may promote gliomas development by inducing chronic
inflammation microenvironment.
Keywords: pyroptosis, prognosis, gliomas, signature, tumor microenvironment

Introduction
Gliomas are the most common malignant craniocerebral tumor with strong invasiveness. It has a dismal clinical prognosis
with an overall five-year survival rate of less than 35%.1,2 Depending on the World Health Organization (WHO) classification
scheme, gliomas can be divided into low-grade gliomas (LGG) and glioblastoma multiforme (GBM). Among them,
glioblastoma has the worst prognosis with a median survival time of fewer than 1.5 years.3,4 Although several molecular
characteristics have been applied to distinguish gliomas subtypes and guide the therapeutic strategy in clinical, including the
isocitrate dehydrogenase (IDH) mutation, co-deletion of chromosome arms 1p and 19q (1p19q codeletion), and
O-6-methylguanine-DNAmethyltransferase (MGMT) methylation,5 glioma patients benefit from these biomarkers is limited.
With the constant development of biological information and sequencing, a rising number of studies have demonstrated that
glioma patients with the same tumor grade behave significantly differently in terms of survival time, therapeutic response, and
molecular characteristics.6–9 Given the heterogeneity of glioma and the deficiency of tumor classification, the identification of
important glioma biomarkers is critical for advancing glioma diagnosis and treatment.

Pyroptosis is a novel type of programmed cell death, otherwise known as cell inflammatory death, which is caused by
gasdermin-mediated caspase activation and accompanied by the release of several inflammatory mediators.10,11 Initially,
pyroptosis is regarded as an anti-infective way of inflammatory cell death against pathogens. However, a growing number of
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studies have shown that pyroptosis plays an important role in the development of tumors, and there is a close link between
pyroptosis and ovarian cancer, gastric cancer, and lung cancer.12–14 Chen et al found that caspase 8 (CASP8) was upregulated in
glioma tissues and promoted the progression of glioma cells.15 Zheng J et al constructed a five pyroptosis genes signature to
predict glioma patient’s survival.16 Zhang Y et al suggested that caspase 3 (CASP3) and interleukin-18 (IL18) were highly
expressed in gliomas and positively correlated with poor survival.17 Although, some studies revealed the relationship between
pyroptosis and gliomas, the further association between gliomas and pyroptosis remains unclear.

Given the complex role of pyroptosis in tumors and the possible bad effect on gliomas, in this study, we aimed to
determine the difference of pyroptosis genes between gliomas and normal cerebral tissues and constructed a risk
signature to reveal its prognostic effect and predict the survival of glioma patients. Based on the result of functional
enrichment analysis of differentially expressed genes between low and high-risk groups. Further, we explored the
relationship between risk signature and tumor microenvironment.

Materials and Methods
Data Collection
RNA sequencing data (RNA-seq) of 695 glioma patients in the TCGA database and 1152 normal brain tissue samples in the
GTEx project were downloaded from the UCSC Xena database (https://xenabrowser.net/datapages/). Additionally, DNA
methylation data were downloaded from the UCSC database. We acquired RNA-seq data (mRNAseq_693, mRNAseq_325)
and corresponding clinical and survival information from the CGGA database (http://www.cgga.org.cn/). Patients with
missing survival data or overall survival (OS) <30 days were excluded, as were those who had been officially advised not
to be included in the study. Eventually, a total of 589 primary glioma patients from the TCGA database were determined as
a training set. Similarly, 624 patients with primary tumors from the CGGA dataset were included as a validation set.
Information of clinic characteristics from two cohorts was listed in Table 1. Interestingly, we found that tumor tissues from

Table 1 Clinical Characteristics for Different Cohorts

Variables TCGA Cohort (n = 589) CGGA Cohort (n = 624) p-value

Age 0.6657

≤41 248(42.11%) 271(43.43%)

>41 341(57.89%) 353(56.57%)
Gender 0.4585

Female 255(43.29%) 256(41.03%)

Male 334(56.71%) 368(58.97%)
Grade <0.001

G2(WHO II) 223(37.86%) 220(35.26%)

G3(WHO III) 235(39.9%) 188(30.13%)
G4(WHO IV) 131(22.24%) 216(34.62%)

IDH status <0.001

Wildtype 204(34.63%) 278(44.55%)
Mutant 378(64.18%) 308(49.36%)

NA 7(1.19%) 38(6.09%)

1p19q status <0.001
Codel 147(24.96%) 135(21.63%)

Non-codel 437(74.19%) 429(68.75%)
NA 5(0.85%) 60(9.62%)

MGMT status <0.001

Methylated 422(71.65%) 286(45.83%)
Unmethylated 140(23.77%) 253(40.54%)

NA 27(4.58%) 85(13.62%)

Risk score 0.4115
Low risk 361(61.29%) 367(58.81%)

High risk 228(38.71%) 257(41.19%)

https://doi.org/10.2147/IJGM.S353762

DovePress

International Journal of General Medicine 2022:154754

Zhou et al Dovepress

Powered by TCPDF (www.tcpdf.org)

https://xenabrowser.net/datapages/
http://www.cgga.org.cn/
https://www.dovepress.com
https://www.dovepress.com


the TCGA database were mainly sourced from the cerebral cortex, the corresponding parts of 207 normal brain tissues from
the GTEx database were selected as the control samples for differential gene analysis. In addition, we acquired the
supplementary clinical information missed in the TCGA database, including IDH mutation status, 1p19q codeletion status,
and MGMT methylation status from a supplement table of an article.18 Although the expression data from both UCSC and
CGGA datasets had been already normalized to the format of Fragments Per Kilobase of exon model per Million mapped
fragments (FPKM), we converted all FPKM data into Transcripts Per Kilobase of exon model per Million mapped reads
(TPM) data type to correct the impact of transcription sequencing depth and gene length and used “log2 (TPM + 1)” for the
follow-up analysis to reduce the bias caused by excessively expressed values. Subsequently, we collected 57 genes associated
with pyroptosis from the Gene Set Enrichment Analysis dataset (http://www.gsea-msigdb.org/,GSEA) and prior reviews.19–22

The research flow chart is shown in Figure 1A.

Identification of Differentially Expressed Pyroptosis-Related Genes
Before the analysis of differently expressed genes, we detected the difference between tumor tissue and normal brain tissue
through the use of principal component analysis (PCA). Differentially expressed genes (DEGs) between gliomas and
normal samples were analyzed using the Analysis of variance (ANOVA),23 with the log2-fold change (logFC) defined as
the median gene expression of the tumor group minus the value of the normal group. The DEGs were determined based on
the criterion of |logFC|> 1 and an adjusted p-value < 0.05. The p-value was adjusted by the false discovery rate (FDR).

Identification of Molecular Subtypes
Based on the expression levels of differentially expressed pyroptosis genes, 589 patients from the TCGA cohort were clustered
through the function of unsupervised consensus clustering (kmax=9) using the R package “ConsensusClusterPlus”. And k=2
was determined as the best cluster. To assess the divergence between clustering C1 and C2, Kaplan-Meier survival curve (KM)
analysis was utilized to explore the difference in survival time and a clinical heatmap was used to exhibit the relationship
between clinical traits and clustering.

Construction and Evaluation of Prognostic Model Associated with Pyroptosis-Related
Genes
For determining the critical pyroptosis genes, univariate Cox proportional hazards regression was initially analyzed with
the R package “survival” to obtain statistically significant genes with a criterion of P<0.05. Next, the penalized Lasso
Cox proportional hazard regression model, which was an algorithm to prevent over-fitting of the model was employed to
further determine the key prognostic genes. An effective prognostic model was constructed based on the expression
levels and coefficients of these key genes, and the risk score formula was as follows:24

Risk Score ¼ ∑n
i¼1ðβi � ExpiÞ (1)

In this formula, n represents the number of DEGs, βi indicates the coefficient of each key gene, and Expi represents the
level of gene expression. The TCGA cohort was split into two subgroups according to an optimal cutoff value. For
inspecting the accuracy and feasibility of the risk model, the KM analysis and the ROC curves were employed.25,26 And
verified by the external validation dataset CGGA cohort.

Independent Prognostic Analysis
To evaluate whether risk signature could serve as a potential biomarker like various clinical characteristics, univariate
and multivariate Cox regression analyses were successively performed. Eventually, all the clinical characters with
strongly statistical value identified by univariate Cox regression analysis and the risk score were combined to create
a nomogram for predicting the prognosis of glioma patients at 1, 3, and 5 years. ROC curves and calibration curves at 1,
3, and 5 years were used to evaluate the accuracy of the nomogram and the conformity of the prognosis status.
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Figure 1 Identification of differentially expressed pyroptosis-related genes and association with molecular subtypes. (A) Experimental flow chart. (B) PCA plot of gliomas
and normal cerebral cortex from UCSC database. (C) Barplot of expression of differentially expressed pyroptosis-related genes between gliomas and normal samples (“***”
represented p-value < 0.001). (D) Heatmap of consensus clustering matrix of 589 glioma patients based on the 15 differentially expressed pyroptosis-related genes in the
TCGA cohort (k = 2). (E) The heatmap shows the level of expression of 15 differentially expressed genes between two subgroups and the association between clinical traits.
(F) PCA plot of consistent clustering results. (G) Kaplan–Meier survival curves of c1 and c2 subgroups.
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Functional Enrichment Analysis and Immune Correlation Assessment
To explore the functional annotation of DEGs between two risk groupings, it was screened with criteria of the absolute value of
log2 fold change >1 and adjusted p-value <0.05. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analysis were performed by the online website Database for Annotation, Visualization and Integrated Discovery
(DAVID) (https://david.ncifcrf.gov). We used the “Estimate” R package to analyze the tumor microenvironment (TME) of
glioma patients based on the findings of functional analysis. The relative proportions of 22 immune cell subsets of glioma
samples were computed by applying the CIBERSORTx algorithm on the online website (https://cibersortx.stanford.edu/). The
immune cell infiltration ratios were compared in different risk groups. In addition, we used ‘ssGSEA’ algorithm to obtain the
infiltration scores of 28 immune cells. Finally, we compared the expression level of Tumor-associated chemokines, immu-
nosuppressive, cytokines, and immune checkpoints in the high and low-risk glioma population.

Immunohistochemistry (IHC)
A total of nine cases of tumor tissues from glioma patients were collected from the pathology department of the Second
Hospital of Chongqing Medical University, which was approved by the Human Research Ethics Committee. There were
three cases in each of the tumor grades 2, 3, and 4. All glioma tissues were formalin fixed, paraffin embedded, and
sectioned into 4-µm serial sections. IHC assays were performed by the horseradish peroxidase (HRP) method. Tissue
sections were stained with anti-BAX antibody (1:500 dilution, Servicebio, China) and anti-CASP3 antibody (1: 1000
dilution, Abcam, USA) and anti-CASP4 antibody (1:200 dilution, Proteintech, China) overnight at 4 °C and the
secondary antibody was incubated for 1 h at room temperature. After visualizing using 3, 3′-diaminobenzidine (DAB)
development, the slides were covered and observed by microscope. We utilized the “IHC Profiler” plugin to compute the
percentage of various cell staining intensities.27 Referring to previous research, the cell staining intensity was classified
as 4 grades, with 0 points for negative, 1 point for low positive, 2 points for median positive, and 3 points for strong
positive.28 The final results were calculated as the score of the cell staining intensity and its percentage of cells.

Statistical Analysis
The analyses of differently expressed genes between two groups were performed using the analysis of variance.
Wilcoxon test was used to determine the statistical significance in different groups. Spearman and Pearson ranks were
adopted in the correlation analysis. The analysis of survival was tested using the Kaplan-Meier curves. All bioinformatic
statistical analyses were completed in the R programming environment (Version 4.1.0) and the IHC statistical analysis
was performed by the GraphPad Prism (Version 8.0.1) software.

Results
Identification of Differentially Expressed Pyroptosis Genes in Glioma and Association
with Molecular Subtypes
Before differentially expressed genes analysis, the PCAwas used to assess the distribution of glioma and normal cerebral
cortex samples. The result showed a significant difference in tumor and normal groups (Figure 1B), which suggested the
reasonability and accuracy of the data. Then, all the genes in the sample were filtered to exclude the low expression genes
with mean TPM < 1, and 17,888 genes were retained. Analysis of variance (ANOVA), a collection of statistical models
useful for DEGs analysis, was used to compare the differential expression of genes between two groups. According to the
criterion for DEGs, a total of 5827 significant DEGs consisting of 4128 upregulated and 1699 downregulated genes were
identified. Based on the GSEA database, prior reviews, and articles, we selected 57 pyroptosis-related genes (PRGs) for
analysis, which was shown in Supplementary Table 1. Finally, 15 PRGs with significant differences were selected for
further analysis. The expression information of 15 PRGs between gliomas and normal brain tissues was exhibited in
a boxplot (Figure 1C). Significantly, the 14 DEGs were remarkably upregulated in gliomas, only gasdermin B (GSDMB)
was enriched in normal tissues.

Based on the expression of the 15 differentially expressed PRGs, we performed a consensus clustering analysis with
all 589 glioma patients in the TCGA cohort using the R package “ConsensusClusterPlus” to explore the relationship
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between pyroptosis and molecular subtypes in glioma. We found that when k = 2, the consensus matrix heat map
maintained a clear and sharp boundary (Figure 1D), and with significant distribution differences was in PCA
(Figure 1E), indicating that all glioma patients could be well divided into two subtypes with significant clustering
effects. Interestingly, almost all clinical characteristics were significantly different in the C1 and C2 subtypes (P < 0.001,
Figure 1F). Eventually, we conducted a KM survival curve analysis for the survival of the patients with C1 and C2,
showing that C1 glioma patients exhibited a shorter survival time compared with the C2 subtype (P < 0.001, Figure 1G).

Construction and Verification of Prognostic Model
To assess the prognostic significance of differentially expressed pyroptosis genes in gliomas, the prognostic genes were
screened by univariate Cox regression analysis using the “survival” R package (Figure 2A). With the criterion of P-value
< 0.05, 12 prognostic genes were identified with a significant connection to OS and served as candidates for the least
absolute shrinkage and selection operator (LASSO) Cox regression analysis, determined the best penalty parameters

Figure 2 Identification of risk signature genes. (A) Univariate Cox regression analysis for all differentially expressed pyroptosis-related genes and obtained 13 prognostic
genes with the criterion of p < 0.05. (B) Distribution of LASSO coefficients of 13 candidate genes. (C) 10-fold cross-validation for tuning the parameter selection in the
LASSO regression model. (D) ROC curves of risk signature for predicting IDH status, 1p19q status, MGMT status, and clustering.

https://doi.org/10.2147/IJGM.S353762

DovePress

International Journal of General Medicine 2022:154758

Zhou et al Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


through 10 rounds of cross-validation (Figure 2B and C). Finally, we obtained three genes BAX, CASP3, and CASP4 for
constructing the prognostic model. All three genes were associated with a negative prognosis (hazard ratio [HR] >1,
Figure 2A). We compared the AUC of the risk scores, ages, and tumor grades in ROC curves to assess the specificity and
sensitivity of the risk signature for predicting pathological features. Notably, the risk signature showed better-predicated
efficiency in IDH status (AUC = 0.930), 1p19q status (AUC = 0.821), MGMT status (AUC = 0.791), and clustering
(AUC = 0.954, Figure 2D).

Based on the regression coefficient and expression of each genes, the risk score was calculated as follows: risk score =
(0.086 * BAX) + (0.252 * CASP3) + (0.607 * CASP4). To obtain the most accurate and efficient grouping, the optimal cutoff
value was calculated using the R package “Survminer”.According to the optimal cutoff of risk score of 3.7408, the glioma
patients from the TCGA cohort were divided into low- (risk score < 3.7408) and high-risk (risk score > 3.7408) subgroups.
From the scatter plot and heatmap, we found that patients belonging to the high-risk subgroup had poorer survival and high
expression of the three risk genes (Figure 3A and B). PCA was performed to inspect the grouping effect and the results
showed patients were distributed into two groups clearly (Figure 3C). The Kaplan-Meier survival curve revealed that patients
with high-risk scores had a bad prognosis compared to those with low-risk scores (P < 0.001, Figure 3D). Analyzed by ROC
curves, the AUCs of risk score at 1 year, 3 years, and 5 years were 0.874, 0.888, and 0.829, respectively, showing risk
signature had the sensitivity and specificity for predicting survival (Figure 3E). Finally, the risk signature demonstrated
excellent predictive value for predicting patients’ five-year survival compared with common clinical features (Figure 3F). All
these analyses were validated by the external dataset CGGA cohort and obtained good results (Figure 4A–F), showing that
the risk signature could predict the survival of glioma patients accurately.

Independent Prognostic Analysis of the Risk Signature and Its Relationship with
Clinical Characteristics
Univariable and multivariable Cox regression analyses were performed to determine whether the risk signature served as
an independent prognostic factor. As shown in the forest plot (Figure 5A and C), risk score and all clinical characteristics

Figure 3 Construction and survival analysis of risk signature in the TCGA cohort. (A) Distribution of survival status of 589 patients from the TCGA cohort. (B) Heatmap
of the expression of three risk genes in the TCGA cohort. (C) PCA plot showed the distribution of glioma patients based on the risk signatures. (D) Kaplan–Meier survival
curves for comparison of survival between low and high-risk subgroups in the TCGA cohort. (E) The time-dependent ROC curve of 1-, 3-, and 5-year and their AUCs. (F)
ROC curve of risk score and other indicators at 5 years in the TCGA cohort.
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except gender were statistically significant. Next, we further analyzed the factor determined by univariable Cox
regression analysis (P < 0.05) by multivariable Cox regression analysis to remove other confounding factors.
Eventually, the results revealed that the risk model could serve as an independent risk factor of gliomas in TCGA and
CGGA cohort (HR = 1.470, 95% CI:1.143–1.891, HR = 1.370, 95% CI: 1.163–1.614, Figure 5B and D). Meanwhile, the
association between risk score and clinical features was examined in the TCGA cohort. By comparing the significance of
risk scores between different clinical characteristic parameters, we found that the risk score of patients with age >41, high
grades of tumor were significantly higher than those of lower ones. While, patients in the groups of IDH mutant, 1p19q
codeletion, MGMT methylation had a lower risk score (Figure 6A). However, there was no difference in the risk scores
between males and females (data not shown). All results were consistent with univariate cox analysis and achieved the
same results in the CGGA cohort (Figure 6B).

Construction of the Nomogram for Prognostic Prediction of Glioma Patients
Based on the risk score and the clinical characteristic parameters screed by univariable Cox analysis, including age,
grade, IDH mutation status, 1p19q codeletion, and MGMT methylation, the nomogram was constructed to individually
predict the survival of glioma patients individually (Figure 7A). As shown by the plot (Figure 7B), the 1-, 3-, and 5-year
calibration curves demonstrated that The nomogram-predicted OS was in good agreement with the observed OS in the
TCGA cohort. And the CGGA cohort had a similar result to the TCGA cohort (Figure 7C). Additionally, ROC curves of
nomogram at 1, 3, 5 years in the TCGA and CGGA cohorts indicated it could effectively forecast the prognosis of glioma
patients (Figure 7D and E).

Functional Enrichment Analysis Based on the Risk Model
To further explore the differences of biological properties and pathways between low and high-risk subgroups, we obtained
2423 DEGs between high and low-risk groups with the criterion of FDR < 0.05 and |log2FC| ≥ 1 by ANOVA. In addition, we
focused on the expression level of pyroptosis genes in the two risk groups, shown in Supplementary Figure 1, pyroptosis
genes had high expression in populations with high-risk scores. Subsequently, GO and KEGG pathway analyses were

Figure 4 Validation of the prognostic model in the CGGA cohort. (A and B) Survival status and the expression of three risk genes of patients between low and high-risk
groups. (C) PCA showed the distribution of primary gliomas in the CGGA cohort. (D) KM survival curve of overall survival in the testing set. (E) Time-dependent ROC
curve and AUC values for estimating the efficiency of the risk model at 1-, 3-, 5-year. (F) ROC curve of risk score and other indicators at 5 years in the testing set.
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Figure 5 Univariate and multivariate independent prognostic analysis of risk score signature. (A and C) Univariable Cox regression analyses of the risk signature and clinical
traits with p < 0.05 were considered statistically significant in the TCGA and CGGA cohorts. (B and D) Forest plot of multivariate Cox regression analysis of risk score and
clinical characteristics in the training and testing sets.

Figure 6 Association of risk score with various clinical traits. (A and B) Stratified analysis of risk score with various clinicopathological parameters in glioma patients in the
TCGA and CGGA cohorts such as age, grade, IDH status, 1p19q codeletion status, and MGMT methylation status.
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performed using the DAVID database to identify the possible biological characteristics. FDR < 0.05 was regarded as the
criterion for statistical significance. We visualized the top 20 terms of biological processes (BP) and top 10 terms of KEGG
results by bubble plots (Figure 8). The results showed that differentially expressed genes between two risk groups were
mainly enriched in the signal transduction, cell adhesion, immune response, inflammatory response, apoptotic process,
response to drug, extracellular matrix organization, etc. On the other hand, focal adhesion, HTLV-I infection, phagosome,
MAPK signaling pathway, cell adhesion molecules were enriched in KEGG pathways (Figure 8B). Additionally, the GO and

Figure 7 Construction of nomogram for predicting overall survival. (A) Nomogram constructed with the risk score and clinical characteristics to predict the probability of
1-, 3-, 5-year survival of patients in the train set. (B and C) Calibration curves of the nomograms for evaluation of the consistency between actual and predicted os times in
1, 3, 5 years. (D and E) ROC curves of nomogram at 1, 3, and 5 years in the training and testing set respectively.
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KEGG enrichment analyses were detected in the testing cohort. As expected, the results of GO and KEGG analyses in the
CGGA cohort were like those in the TCGA cohort (Supplementary Figure 2A, B).

Correlation of Immune Activity with the Risk Gene Signature
According to the results of functional enrichment analysis, we evaluated the links between tumor microenvironment and risk
signature in the TCGA cohort by the R package “ESTIMATE”. What stands out in the correlation scatter plots was that the
immune score, stromal score, and estimate score were significantly positively correlated with the risk score (R = 0.71, 0.76,
0.75, respectively), while the tumor purity was negatively correlated (R = −0.73, Figure 9A). The TME scores were
significantly different between the low and high-risk groups (Supplementary Figure 3). To further determine the degree of
immune cell infiltration of the glioma population, the CIBERSORTx algorithm was applied to calculate the absolute
proportions of 22 immune cell subsets of patients with gliomas. Consecutively, 588 patients in the TCGA cohort were
screened based on the criterion of P-value < 0.05 via the CIBERSORTx algorithm. As shown by the boxplot and the heatmap
(Figure 9B and Supplement Figure 2B), multiple immune cells were significantly different between the high and low-risk
subgroups. Especially, Macrophages M2 had the highest proportion of infiltration among all immune cells. Memory CD4+T
cells, CD8+ T cells, regulatory T cells, follicular helper T cells, monocytes, macrophages (M0, M1, M2), and neutrophils
were highly enriched in the high-risk subgroup. Conversely, only B plasma cell was highly infiltrated in the low-risk group.
Next, we explored the correlation between 22 immune cells and risk signature, which showed that the three genes BAX,
CASP3, and CASP4 were positively associated with immunosuppressive cells such as M2 macrophages, follicular helper
T cells, neutrophils, and Tregs. Additionally, we used “ssGSEA” algorithm to calculate the infiltration fraction of 28 immune
cells, of which we focus on myeloid-derived suppressor cells (MDSC). MDSC had a higher infiltration in the high-risk group
and was positively correlated with the risk score (Figure 9D and E). Finally, we determined the expression level of tumor-
associated chemokines, immunosuppressive cytokines, and immune checkpoints in the glioma populations. The data
indicated that the expression of these genes was upregulated in the high-risk group (Figure 9F).

Expression of Risk Genes in Different Grades of Gliomas and Difference of
Methylation Levels Between Groups
To further examine the accuracy of the risk signature, we compared the expression levels of the three genes in grade 2-4
of glioma. As shown by the boxplots, the expression level of BAX, CASP3, CASP4 was statistically different in the
glioma populations with different tumor grades and was higher in higher grade glioma (Figure 10A). The results of the
immunochemistry assay indicated that the protein expression of BAX, CASP3 and CASP4 were significantly different in
the gliomas of grade 2-4, which is consistent with the date bioinformatics analysis (Figure 10B–D). Next, we quantified
protein expression levels by the Image J plugin “IHC Profiler” and compared them in different tumor grades. These genes

Figure 8 Functional analysis based on the DEGs between low and high-risk subgroups in the TCGA cohort. (A) Analysis of biological progress enrichment. (B) Analysis of
KEGG enrichment.
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had higher protein expression levels in gliomas with grades 3 and 4, which suggested that the risk signature could serve
as a potential biomarker for gliomas (Figure 10E). In addition, we compared the protein expression levels of the three
risk genes between normal and glioblastoma tissue by the UALCAN database. The results showed that BAX, CASP3,
and CASP4 were significantly upregulated in glioblastoma (Supplementary Figure 4A-C). Finally, we compared the
DNA methylation levels of these genes in the low and high-risk subgroups, which demonstrated that BAX and CASP4
had higher methylation levels in the low-risk group. However, there was no significant difference in methylation levels of
CASP3 between the low and high-risk subgroups (Supplementary Figure 4D).

Figure 9 Tumor microenvironment and immune analysis of risk model. (A) Correlation scatters plot of risk score and tumor microenvironment score in the training set.
(B) Boxplot showed the differences in absolute infiltration score of 22 immune cells calculated by CIBERSORT between the low and high-risk glioma populations. (C)
Correlation of BAX, CASP3, CASP4, and 22 immune cells. (D) Difference of 28 immune cells between two risk subgroups calculated by ssGSEA. (E) Correlation of MDSC
with the risk score. (F) Difference of tumor-associated chemokine, immunosuppressive cytokine, and immune checkpoint genes in high and low-risk groups. (“***”
represented the p-value < 0.001).
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Figure 10 The expression of BAX andCASP3 andCASP4 in different grades of gliomas. (A) The expression of the three pyroptosis genes in glioma patients with different grades in
the TCGA cohort. (B)–(D) The protein expression level of BAX and CASP3 and CASP4 in the glioma tissues with grades 2, 3, 4 by immunohistochemistry assay (E), ***
represented p < 0.001, ** represented p <0.01 and * represented p <0.05).
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Discussion
Pyroptosis had been a research hotspot in recent years. Studies have demonstrated that pyroptosis was linked to the occurrence
and progression of various tumors,29 suggesting that it could be a potential target for tumor therapy.30,31 The latest research
showed that pyroptosis had the dual role of promoting and inhibiting tumor formation.20 However, the specific mechanism and
prognostic values of pyroptosis to gliomas remained unclear. In this study, we combined low-grade gliomas and glioblastoma as
a whole to evaluate the association between pyroptosis and gliomas. Of 15 differentially expressed pyroptosis genes between
gliomas and the normal cerebral cortex, gasdermin E (GSDME), one of the gasdermin protein family, was the critical gene in
pyroptosis and highly expressed in gliomas, suggesting that GSDMEmay be the key to pyroptosis in gliomas. It was in line with
previous findings.32–34 Interestingly, the expression of GSDMB was commonly increased in other tumors to promote the
occurrence of pyroptosis.35,36 While it was decreased in this research, which was possibly caused for different tumor properties.
Finally, the risk signatures were constructed with the genes of BAX, CASP3, CASP4 determined through the univariate Cox and
lasso regression analyses. Among of them, BAX, as a key pro-apoptotic factor, was able to effectively activate CASP3, initiate
the CASP cascade, and promote apoptosis.37 CASP3 was a recognized marker of apoptosis. However, studies had found that
activation of CASP3 through cleavage GSDME using chemotherapy drugs effectively activated pyroptosis.38,39 And these
caspases and granzyme originated from apoptosis progression participated cancer cells pyroptosis (CCP). CASP4, like caspase-1
and caspase-11/5, could induce pyroptosis by cutting the GSDMDprotein.40–42 CASP4 had also been shown to be closely related
to cancers renal clear cell carcinoma.43,44 At the same time, Li, X.Yet al found that there was a close relationship between CASP4
and glioblastoma.45 Concluding the results of survival analysis, independent prognosis analysis, and nomogram, we found that
the risk signature had the accurate effectiveness for predicting survival of patients.

By comparing the enrichment genes between high and low-risk populations and found that pyroptosis genes (BAX,
CASP1, CASP3, CASP4, CASP8, GSDMD, GZMA, GSDME, IL-6, IL18, and IL1B) were significantly enriched in
high-risk patients, showing that GSDMD was same as GSDME and took part in the progression of pyroptosis in gliomas.
From this, we inferred that the biological process of pyroptosis was more activated in the high-risk populations. IL-18,
a pro-inflammatory factor, was able to attract more inflammatory cells infiltrated and played an anti-tumor effect. Studies
had shown that inflammasome-mediated IL-18 could significantly inhibit colon tumors’ growth.46 While other studies
had discovered a different phenomenon that tumors worsened with occasional or prolonged exposure in IL-18.47,48

Unlike IL-18, IL-1B mainly promoted tumor progression by accumulating and activating tumor-infiltrating myeloid cells
and promoting angiogenesis and tumor proliferation.49–53 These pyroptotic genes were significantly enriched in the high-
risk group and associated with poor prognosis, a possible explanation being related to the long-term effects of IL-18 and
IL-1B and other inflammatory factors.

Based on the functional enrichment analysis results, we completed immune analysis and found that the patients
with high-risk scores had a more complex immune microenvironment and more immunosuppressive cells infiltration.
The risk signature was positively correlated with M2 macrophages, neutrophils, regulatory T cells, and MDSC,
indicating pyroptosis affected the composition of the tumor microenvironment to adjust gliomas’ growth. In addition,
the glioma populations with high risk had high enrichment of multiple tumor-associated chemokines and immuno-
suppressive cytokines. Increasing evidence indicated that multiple tumor-associated chemokines,54,55 immunosup-
pressive cytokines played critical roles in the development of tumors56,57 and it was an important part of the
immunosuppressive microenvironment. These chemokines and cytokines could promote tumor development by
regulating the cytotoxic properties of T cells and impairing the activity of NK cells and dendritic cells and inducing
immunosuppressive cells infiltration.56 With a deeper understanding of the association between inflammation and
tumor development, multiple immunosuppressive cytokines and cells could induce the expression of immune
checkpoint genes to create an opportunity for glioma cells to escape the anti-tumor activity.58–60 Additionally, some
studies found that the expression level of immune checkpoints can sever as a reference to predict effects on immune
checkpoints inhibitor (ICI) therapy. Our studies found that patients with high-risk scores had higher expression of
immune checkpoint genes such as PD-L1, PD-1, CTLA-4, and TIM-3, indicating that these patients had more chance
to benefit from ICI therapy. By synthetically considered, pyroptosis seemed to play an adverse role in the anti-gliomas
activity, we think that it was caused by the possible reason that pyroptosis in gliomas released inflammatory cytokines,
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and attracted infiltration of inflammatory and immunosuppressive cells to construct a chronic immunosuppressive
microenvironment. Finally, the protein expression of BAX, CASP3, and CASP4 in different tumor grades confirmed
the accuracy of our risk model.

In summary, although our research had built a risk signature related to pyroptosis that was effectively capable to
forecast the prognosis of patients and reveal the possible role to the development in glioma, the study has some
shortcomings and limitations, no further mechanism research was performed. Subsequent basic experiments are necessi-
tated to deeply explore the mechanisms of pyroptosis in gliomas development, as well as clinical perspective studies for
increasing the stability and predictive ability of the risk signature.

Conclusion
In conclusion, we identified that pyroptosis-related genes were highly enriched in higher grade gliomas than lower grade
one and normal brain tissues and may have a negative association with the prognosis of glioma patients. We used three
genes BAX, CASP3, and CASP4 to construct a risk signature and verified by the CGGA dataset. In addition, the risk
signature was validated that it was related to the tumor microenvironment and immune cell infiltration, and we believe
that chronic inflammation resulting from pyroptosis creates an immunosuppressive microenvironment that promoted
gliomas’ development. The risk signature had the potential to serve as a biomarker for promoting the development of
diagnosis and therapy of gliomas and as a reference to further analyze the relationship between immune microenviron-
ment and pyroptosis in gliomas.
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