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ABSTRACT

Background: Pyroptosis could regulate tumor cell trafficking, invasion, and
metastasis, as well as tumor microenvironment (TME). However, prognostic
characteristics of pyroptosis-related genes (PRGs) and their impact on the progression
of glioma remain insufficient.
Methods: The genetic, transcriptional, and survival data of glioma patients used for
bioinformatics analysis were obtained from the Chinese Glioma Genome Atlas
(CGGA) and The Cancer Genome Atlas (TCGA) databases.
Results: We first screened two different molecular subtypes and found that PRG
variations were associated with the characteristics of TME cell infiltration,
clinicopathological characteristics, and prognosis of patients with glioma. After Cox
regression of differentially expressed genes, a risk-score for predicting overall
survival (OS) and progression-free survival (PFS) was calculated and its predictive
accuracy in glioma patients was then validated. The high-risk group of PRGs
signature showed a significantly poor OS compared to the low-risk group (training
cohort, p <0.001, validation cohort, p<0.001). A high risk-score implies more
immune cell infiltration and a better immunotherapy response to immune checkpoint
blockers. Furthermore, the risk-score was significantly associated with the
chemotherapeutic drug sensitivity and cancer stem cell (CSC) index. Subsequently,
we established a highly accurate nomogram to facilitate the applicability in the
preliminary clinical application of the risk-score.



Conclusion: Our findings may lay the foundation for future research targeting
pyroptosis in glioma and pave the way for evaluating prognosis and developing more
effective immunotherapy strategies.
Keywords: glioma; pyroptosis; mutation burden; signature; tumor microenvironment;

INTRODUCTION

Glioma is the leading malignant tumor, accounting for about 30% of tumors and 81%
of notorious malignancy in the central nervous system (1). According to the molecular
markers and histology characteristic of glioma, the World Health Organization
classification divides glioma into low-grade glioma (LGG, grade II-III) and
glioblastoma multiforme (GBM, grade IV), most of LGG progresses to GBM, with a
five-year survival rate of only 5% (2, 3). In recent decades, survival rates have
improved significantly with the upgrading of equipment, multidisciplinary therapeutic
regimes as well as the improvement of early screening systems (4). However, the
prognosis of glioma remains unsatisfactory, the potential therapeutic targets and
independent prognostic biomarkers must be identified.

Pyroptosis, referred to as programmed cell death, is a novel form of cellular
inflammatory necrosis (5). Triggered by certain inflammasomes, Pyroptotic cells rely
on the activation of inactive cytokines and cleavage of the gasdermin (GSDM) protein
superfamily (GSDM A-E and DFNB59) (6). In terms of mechanism, canonical,
non-canonical, caspase-3/8-mediated, and granzyme-mediated inflammasome were all
involved in pyroptosis (7). Pyroptosis was originally characterized and identified to be
a crucial role against infection, and emerging evidence suggests that it is also involved
in the process of tumors. It has been described that GSDM proteins, proinflammatory
cytokines, and vesicles, which are the main bioactive components of pyroptosis, are
related to tumorigenesis, metastatic progression, and inflammatory tumor
microenvironment (8). More recently, further headway has been made into
pyroptosis. Hou et al. reported that accumulated p-STAT3 stimulated PD-L1 nuclear
translocation under hypoxia conditions, thereby enhancing the expression of GSDMC.
The activation of caspase-8 by macrophage-derived TNF-α can efficiently cleave
GSDMC into N-GSDMC, which eventually leads to pyroptosis (9). In addition,
unlike apoptosis, multiple risk-related signaling cytokines and molecules are activated
and released when pyroptosis occurs, accompanied by activation of the
immune-inflammatory response system (IRS) (10). Zhou et al. also showed the
decisive role of NK cells in the induction of antitumor immune responses,
predominantly mediated by pyroptosis (11). The TME is widely involved in the
occurrence and development of malignant tumors by targeting pyroptosis (12). Apart
from invading tumor cells, the TME also contains lymphatic endothelial cells,
fibroblasts, extracellular matrix (ECM), immune and inflammatory cells, diffusible
chemokines and cytokines secreted from neighboring tumor and stromal cells. An
increasing number of researches also have shown that complex crosstalk between the
TME and pyroptosis (13, 14). Currently, most studies only evaluate one or two PRGs
due to technical limitations, while the antitumor activity is characterized by highly



coordinated interactions of multiple genes. Therefore, a comprehensive analysis of the
features of multiple PRG-mediated cells infiltrates may provide significant insights
into the underlying mechanisms of glioma tumorigenesis and the prediction of
immunotherapy responses.

Given the current findings, we know that pyroptosis is involved in tumor
development and the anti-tumor process, but there are few studies on its specific
prognostic characteristics in glioma. Thus, we comprehensively explored the genetic
and transcriptional profiles of PRGs and presented a systematic overview of the
glioma immune microenvironment, coupled with computational analysis. First, we
divided 667 glioma patients into two distinct subtypes based on the expression level
of PRG. All the samples in training (TCGA) and validation (CGGA) cohorts were
classified into two discrete groups based on the 3 survival-related PRGs identified by
Lasso-penalized Cox regression. We then identified the immune landscape of glioma
and developed a scoring model for predicting overall survival, which accurately
predicted patient prognosis and guide optimal treatment choices for glioma.

MATERIALS AND METHODS

Datasets
The workflow diagram of this research was shown in Figure S1. We obtained the
transcriptional landscape of 1431 normal brain samples from the Genotype-Tissue
Expression (GTEx) Data Portal (https://xenabrowser.net/datapages/) (15). The
RNA-sequencing (RNA-seq) data (fragments per kilobase million, FPKM) and
corresponding clinicopathological features of 667 glioma patients were obtained from
the TCGA database (https://portal.gdc.cancer.gov/repository). The CGGA:
mRNAseq693 dataset from the CGGA database (http://www.cgga.org.cn/) was used
as the external validation cohort (16). Patients without survival information were
excluded from further analysis. The detailed information of these samples is presented
in Table S1. The FPKM values of glioma were converted into transcripts per kilobase
million (TPM) before further investigation (17). All the datasets were available from
the previously published literature and the ethics statement confirmed that all written
informed consent was obtained.

Identification of differentially expressed PRGs and Consensus clustering
In this study, a total of 40 PRGs were downloaded from the human gene database
(GeneCards) (https://www.genecards.org/) and previous publications, which are
provided in Table S2 (18-20). The mRNA expression data of the two cohorts were
normalized using the "edger" R package before comparison. To explore the main
DEGs between glioma tissues and normal brain tissues, the “limma” R package was
utilized with |log2FC| ≥1 and FDR <0.05 in the TCGA cohort. P values were set as
follows: * P < 0.05, ** P < 0.01, and *** P <0.001. PPI network of DEGs was
constructed by using interactive gene retrieval tool, STRING, version 11.5
(https://string-db.org/). Consensus clustering was employed to examine two distinct
pyroptosis-mediated patterns by the k-means method. To ensure the stability of our



classification, we use the "ConsensuClusterPlus" package to control the number and
stability of clusters. In addition, the differences in OS and PFS among the two
subtypes were evaluated by Kaplan–Meier method using the “survminer” package in
R.

Correlations of two subtypes with TME and PD-1/PD-L1 blockade in glioma
We assessed the stromal/immune cells of each glioma sample using the ESTIMATE
algorithm. Furthermore, the CIBERSORT algorithm was used to calculate the fraction
of 22 immune cell subsets of each glioma patient (21). The infiltration levels of
immune cell subsets in glioma TME were explored by a single-sample GSEA
algorithm (22). Also, the expression of PD-1/PD-L1 blockade between the two
subtypes was analyzed.

Development and validation of a pyroptosis-related prognostic model
Univariate and multivariate Cox proportional hazard regressions were used to
evaluate the prognostic factors, including age, gender, grade, and risk-score. For
Kaplan–Meier curves, the survival rates among two groups were compared by the
log-rank test. Hazard ratios (HR) and 95% confidence intervals (CI) were calculated
using the “forestplot” R package. Based on prognostic DEGs, the Lasso-penalized
Cox regression algorithm (R package “glmnet”) was used to construct a prognostic
model. We set the cut-off value as 0.05, and 3 PRGs were selected for further
analysis.

The risk-score was calculated using the following equation:
risk-score = Σ (Exp * Coef)
where Exp and Coef represent the expression and risk coefficient of each PRG,

respectively. The risk score of the gene was calculated after centralized
standardization of the mRNA expression data (using the "scale" function in R). By
applying the median filter on the risk score, patients with glioma were divided into
high/low-risk subgroups. and the OS of the two subgroups was compared by the
Kaplan-Meier method. Principal component analysis (PCA) was performed based on
3-gene signatures, using the “prcomp” function in R. Predictive capability of the risk
scores was assessed by time-dependent Receiver Operating Characteristic (ROC)
curve analysis. The “timeROC” and “survminer” R packages were used to perform
the 1-, 3-, and 5-year sensitivity curve analyses.

Independent prognostic values of pyroptosis-related genes
The phenotypic information (age, gender, and grade) of glioma patients was extracted
from the TCGA and CGGA cohorts. These clinical variables were analyzed in
conjunction with the risk score in a Cox proportional hazards regression model. Based
on the median risk score of the TCGA cohort, glioma patients in the CGGA-
mRNAseq693 cohort were also classified into two groups, and then these subgroups
were compared to validate the prognostic model.

Immunohistochemistry (IHC) Staining



To assess differences in DEGs expression at the protein level, Immunohistochemistry
staining images of CASP4, CASP6, and GZMB protein expression in glioma tissues
and normal brain tissues were analyzed from the HPA database
(http://www.proteinatlas.org/).

Immune infiltration and Functional enrichment analysis for DEGs
Based on these DEGs, R packages " clusterProfiler " was used for Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. In addition,
ssGSEA was performed using the "GSVA" R package to calculate the scores of
tumor-infiltrating immune cells and immune-related pathways.

Mutation, Drug susceptibility, and Cancer stem cell (CSC) index analysis
To identify somatic mutations in glioma patients between the two groups, the
"maftools" R package was used to generate mutation annotation format (MAF)
profiles (derived from VarScan2). The Tumor mutation burden (TMB) scores for
each sample in the high- and low-risk groups were also calculated. To investigate the
difference in the therapeutic efficacy of chemotherapy drugs between the two risk
groups, we used the "pRRophetic" R package to calculate the half-inhibitory
concentration (IC50) value of chemotherapy drugs newly used to treat glioma.
Furthermore, we examined the relationship between the CSC index and two groups.

Establish the nomogram scoring model
Based on the results of the independent prognostic analysis, the risk score and clinical
parameters were used to construct a predictive nomogram model using the “rms”
package. Each clinicopathologic variable was computed with a score in the nomogram
scoring model, and the scores of all variables in each sample were added up to get the
final score. Clinical ROC and Decision curve analysis (DCA) were performed to
assess the effectiveness of the nomogram model. Calibration curves of the model
were used to describe the predicted power for the probability of survival events at 3-
and 5- years.

Statistical Analysis
Wilcoxon matched-pairs signed rank test was utilized to compare the transcriptional
variations between the normal brain and glioma tissues, Mann-Whitney test was used
to compare the infiltration of immune cells and activation of immune pathways
between the two subgroups. The paired log-rank test was applied to compare the
overall survival between subgroups. Pearson correlation test was used in statistics to
evaluate the correlation coefficient. P < 0.05 was considered statistically significant.
Other statistical methods are described above. All statistical analyses were
accomplished with R software (v4.0.2).



RESULTS

Identification of genetic alterations and transcriptional

variations of PRGs in glioma
Gene expression levels of 40 PRGs were measured between 667 tumor and 1431
normal tissues from TCGA-GBM/LGG and GTEx-Brain data. A total of 33 PRGs
were either downregulated or upregulated in glioma (all FDR<0.001, Figure 1A).
Among them, 15 genes (CASP4, GPX4, GSDMB, GSDMD, GZMB, HMGB1, IL6,
IRF1, NLRP1, NLRP2, NOD1, PJVK, PLCG1, PRKACA, and SCAF11) were
downregulated while 18 other genes (AIM2, BAK1, BAX, CASP1, CASP3, CASP6,
CASP8, GSDME, GZMA, IL18, IL1B, IRF2, NLRC4, NLRP3, NOD2, PYCARD,
TIRAP, and TNF) were enriched in glioma compared with normal brain tissues
(Table S3).

In addition, we identified the location of alterations of the PRGs featuring copy
number variation (CNV) on chromosomes (Figure 1B). The CNV alteration
frequency was also investigated, which revealed more than half of the 40 PRGs were
widespread with a copy number deletion (Figure 1C, E). Then we explored the
incidence of somatic mutations and copy number variations of 40 PRGs in GBM and
LGG. At the genetic level, 43 of 390 (11.03%) GBM samples and 30 of 506 (5.93%)
LGG samples confirmed genetic mutations. Figure 1D demonstrated that NLRP3
with the highest frequency of variants in GBM, followed by NLRP7, NLRP2, and
NOD1. Compared to the LGG cohort, NLRP2 showed the highest mutation frequency,
among the 40 PRGs (Figure 1F). The correlation network containing all PRGs and
DEGs were presented in (Figure S2A) and (Figure S2C), respectively. We further
found some PRGs with downregulated mRNA expression, such as NLRP2 and
HMGB1, showed CNV loss, indicating that CNV alteration might regulate the
transcriptional activity of PRGs.

To further explore the potential interactions among these pyroptosis-related
genes, a protein-protein interaction (PPI) analysis was constructed to detect these
PRGs interactions with a minimum interaction score of 0.9 (the highest confidence),
which revealed that NLRP1, CASP5, GSDMD, NLRC4, PYCARD, CASP1, and
NLRP3 were hub genes (Figure S2B). Our analysis observed significant differences
in both the landscape of genetic alterations and transcriptional variations of PRGs
between control and glioma samples, suggesting the potential function of PRGs in
glioma oncogenesis.



FIGURE 1 Characteristics and differences of PRGs in glioma. (A) Heatmap (red:
high expression; blue: low expression) of 33 DEGs in glioma tissues and normal brain
tissues (red, Tumor; blue, Normal). P values were set as: *P < 0.05; **P < 0.01; ***P
< 0.001. (B) The alterations of CNV locations in PRG on 23 chromosomes. The CNV
variation frequency of PRGs in GBM cohort (C) and LGG cohort (E). The height of
the column indicated the alteration frequency. The landscape of somatic mutation
frequency of PRGs in GBM cohort (D) and LGG cohort (F). Each waterfall plot
showed the mutation information of the top 15 PRGs.

Identification of pyroptosis subtypes in glioma and its TME

characteristics
The comprehensive landscape of 33 DEG interactions, connections, and their
prognostic significance in patients with glioma was presented in a pyroptosis network
(Figure 2A and Table S4). To explore the relationship between the expression of the



33 differentially expressed pyroptosis genes and glioma subtypes, we performed the
consensus cluster analysis to classify glioma patients. By applying the K-means
clustering algorithm, the intra-group correlation was the highest and the inter-group
correlation was low when k =2. The results indicated that the 667 glioma patients
were divided into two clusters (cluster C1, n = 472; cluster C2, n =195) based on the
33 DEGs (Figure 2B).

We also assessed the TME score (StromalScore, ImmuneScore, and
ESTIMATEScore) of the two clusters using the ESTIMATE package. A higher
StromalScore or ImmuneScore indicated a higher relative content of stromal or
immune components in the immune microenvironment, while ESTIMATEScore
represented the accumulation of stromal or immune cells. We observed that patients
with subtype C2 had a higher TME score (Figure 2C). Correspondingly, analysis of
the immune checkpoints indicated that PD-1 and PD-L1 were highly expressed in
subtype C2 (Figure 2D, E). Next, a significant difference was found in PFS and OS
between the two clusters (Figure 2F, G, P＜ 0.001,). The gene expression profile
(GEP) and corresponding clinicopathological parameters including the degree of
tumor histological differentiation (G2-G4), age (≤65 or >65 years), and gender (male
or female) were presented in a heatmap. Figure 2H showed that cluster C1 was
preferentially related to lower Age (p < 0.05) and lower Grade (p < 0.05) compared to
those in cluster C2.

To investigate the effect of PRGs on the tumor immune microenvironment of
glioma, we evaluated the tumor-infiltrating immune levels of every glioma sample
between the two subtypes using the CIBERSORT algorithm (Table S5). Our study
indicated that cluster C1 showed higher infiltration fractions of T cells CD4 memory
resting, NK cells activated, Monocytes, and Mast cells activated, whereas cluster C2
was more associated with T cells CD8, Mast cells resting, Macrophages M1, and
Macrophages M2 (Figure 2I).



FIGURE 2 Clinicopathological and TME characteristics of PRG subtypes based on
DEGs. (A) Interactions among 33 DEGs in glioma. The thickness of the lines
represents the strength of the correlation between the PRGS. Pink and blue represent
positive and negative correlations, respectively. (B) The consensus clustering matrix
of 667 samples in the TCGA cohort (k=2). (C) Associations between the two clusters
and TME score. Kaplan–Meier survival curves for PFS (D) and OS (E) of the two
clusters (log-rank tests, p < 0.001). (F, G) PD-1/PD-L1 expression in the two glioma
clusters. (H) Heatmap of the clinicopathologic features classified by these DEGs. (I)
The infiltrating scores of 22 immune cells in the two clusters.

Construction and utilization of the pyroptosis‑related

prognostic model
To construct a PRGs-Based prognostic model, we used univariate and multivariable
Cox regression analysis to screen for survival-related genes. Univariate Cox
regression showed the prognostic value of 26 PRGS for glioma patients (p < 0.05,



Figure 3A and Table S6). Then, a total of 10 genes (CASP3, CASP4, CASP4,
GZMB, IL18, PLCG1, PRKACA, CASP1, TNF, and GZMA) with independent
prognostic value identified by multivariate Cox regression, and among them, 7 genes
(CASP3, CASP4, CASP4, GZMB, IL18, PLCG1, and PRKACA) were associated
with an increased likelihood of death (HR >1), while the remaining 3 gene (CASP1,
TNF, and GZMA) was a protective factor with HR <1 (Figure 3B and Table S6).

Lasso-penalized Cox regression analysis was applied to construct a three
pyroptosis-based prognostic signature based on the optimumλ value (Figure 3C, D).
The risk score of the pyroptosis-based model was calculated as follows: Risk score =
(0.5826 * CASP4 exp.) + (0.6889 * CASP6 exp.) + (0.1098 * GZMB exp.). Patients
were divided into high-risk group (n = 333) and low-risk group (n = 334) according to
the median cut-off value (Figure 3E). Kaplan-Meier survival analysis revealed that
the survival probability of glioma patients in the low-risk group was significantly
higher than that in the high-risk group (Figure 3F, P < 0.001). Furthermore,
time-dependent ROC analysis was performed to evaluate the effectiveness of the
actuarial risk assessment model, and the area under the curve (AUC) for the three
pyroptosis-related genes model was 0.855 for 1-year, 0.881 for 3-year, and 0.826 for
5-year survival (Figure 3G). The principal component analysis and t-distributed
Stochastic Neighbor Embedding (t-SNE) revealed that patients with different risk
scores were distributed in different directions (Figure 3H, I). As a result, the patients
in the low-risk group had better survival outcomes than those in the high-risk group
(Figure 3J).



FIGURE 3 Prognostic analysis of the risk signature model. Forest plot of
survival-related PRGs using univariate (A) and multivariable (B) Cox proportional
hazards regression analysis. (C) Lasso regression of the 3 survival-related PRGs. (D)
Plots of the 10-fold cross-validation in Lasso regression. (E) The risk score
distribution of patients in the TCGA dataset. (F) Kaplan–Meier analysis for the OS of
patients in the high- (red) and low-(blue) risk groups. (G) ROC curves for survival
model predictive accuracy. (H) PCA plot of the TCGA cohort. (I) t-distributed
Stochastic Neighbor Embedding (t-SNE) plot for patients. (J) Distribution of risk
score, survival status, and survival time.

Validation of the three-gene signature in the CGGA cohort
A total of 693 glioma samples from the CGGA cohort (CGGA- mRNAseq693-clinical)
was utilized as the test set in this study. Before proceeding further, we normalized
RNA-sequencing expression data using the same formula. Based on the median
cut-off value from the TCGA cohort, patients were divided into high-risk groups (n =
409) and low-risk groups (n = 248) (Figure 4A). Patients in the high-risk group had
worse survival outcomes than those in the low-risk group (Figure 4B). The PCA and
t-SNE exhibited satisfactory separation results between the two subgroups (Figure 4C,
D). The overall survival of glioma patients in the low-risk group was significantly
better than that in the control group (Figure 4E; P＜0.001). In addition, the AUC
values of the prognostic model were 0.687, 0.728, and 0.740 at 1-, 3-, and 5- years,
respectively (Figure 4F). Analysis of the prognostic prediction through
pyroptosis-based classification manifested that the risk-score still had comparatively
high performance, manifesting that the risk-score could accurately predict the clinical
outcome of glioma patients.

FIGURE 4 External validation of the risk signature model. (A) The risk score
distribution of patients in the CGGA dataset. (B) Distribution of risk score, survival
status, and survival time for each patient. (C) PCA plot of the CGGA cohort. (D)
t-SNE plot for patients based on the risk score. (E) Kaplan-Meier survival analysis for



the OS of glioma patients. (F) Time-dependent ROC curves.

Independent prognostic value of the PRGs
We then performed univariate and multivariable Cox proportional hazard regression
to assess whether the pyroptosis risk model could be an independent prognostic factor
for glioma patients. Univariate Cox regression analysis showed that age, grade, and
risk score were correlated with prognosis. The higher the pyroptosis risk score, the
worse the prognosis (HR: 2.793, 95%CI: 2.477–3.148, P < 0.001 Figure 5A; HR:
1.680, 95% CI: 1.530–1.645, P < 0.001, Figure 5B). After adjusting for possible
confounding factors, the multivariate analysis also revealed that the risk score was an
independent prognostic factor (HR: 1.688, 95% CI: 1.411–2.019, P < 0.001 Figure
5C; HR: 1.325, 95% CI: 1.194–1.471, P < 0.001, Figure 5D) for patients with glioma.
Moreover, we conducted a heatmap to evaluate the clinicopathological parameters of
the TCGA cohort and observed statistically significant differences in patient age and
tumor grade between the high-risk and low-risk subgroups. (Figure 5E, P < 0.001).

Furthermore, we used immunohistochemistry to test CASP4, CASP6, and
GZMB protein expression in glioma tissues and their counterparts, and the results
were compared with the three DEG expression data from TCGA. We found that
CASP4 proteins were highly expressed in glioma tissues than in normal brain tissues.
Conversely, there was no CASP6 or GBMB staining in the glioma (Figure 5F, G, H).

FIGURE 5 Independent prognostic analysis of clinicopathological features, risk
scores, and immunohistochemical images in normal and tumor tissues. (A, Green)
Univariate and (B, Red) multivariate Cox regression analysis of the correlation
between clinicopathological features and pyroptosis-based risk signature in the TCGA



cohort. (C) Univariate and (D) multivariate Cox regression analysis in the CGGA
cohort. (E) Heatmap (red: high expression; blue: low expression) for the correlation
between the risk scores and clinicopathologic characteristics. Comparison of three
genes expression between tumor and normal tissues (middle) and
immunohistochemistry images in tumor and normal tissues (right). (F) CASP4. (G)
CASP6. (H) GZMB.

Functional enrichment and immune characteristics analysis
To clarify the function of pyroptosis‑related genes between the two subgroups
classified derived from the risk model, we used the “limma” R package with |log2FC|
≥1 and FDR <0.05 to extract the DEGs in the TCGA cohort. In total, 1453 DEGs
between the high- and low-risk groups were identified. And among them, 846 genes
were upregulated, while the other 607 genes were downregulated (Table S7).
According to these DEGs, GO functional annotation and KEGG pathway analyses
were then performed. The DEGs were mainly enriched in immune processes such as
neutrophil activation, neutrophil degranulation, neutrophil activation, and involved in
immune response in GO analysis (Figure 6A). Additionally, KEGG pathway analyses
showed that the DEGs were mainly involved in the Phagosome, Proteoglycans in
cancer, ECM−receptor interaction, Focal adhesion, Cell adhesion molecules, and
AGE−RAGE signaling pathway (Figure 6B).

To find out the relationship between immune cell infiltrations and risk scores in
the prognostic risk model, the scores of 16 immune cell subsets and 13
immune-related pathways or functions were quantified between immune status and
risk scores by employing the ssGSEA method in R package GSVA. Remarkably, the
enrichment scores of distinct immune cell types (aDCs, B_cells, CD8+_T_cells,
Macrophages, NK-cells, T-helper-cells, Th1-cells, TIL, and Treg) were considerably
different between the two subgroups (Figure 6C, E; p < 0.05). Moreover, all 13
immune-related pathways were also different between the low- and high-risk groups
(Figure 6D, F; P < 0.001).



FIGURE 6 Functional enrichment analysis and Comparison of the immune response
between two subgroups. (A) The enriched item in GO analysis. (B) The enriched item
in KEGG analysis. The larger the bubble, the more genes enriched. Box plots of the
ssGSEA scores of 16 immune cells (C) and 13 immune-related pathways (D) in the
TCGA cohort (red, high-risk group; green, low-risk group). (E, F) Comparison of the
enrichment scores between high-risk (red box) and low- (blue box) groups in the
CGGA cohort.

Comprehensive analysis of the risk-score in glioma
Next, we examined whether risk-score had any guiding value for clinical prevention
and treatment, especially promising immunotherapy. Tumor microenvironment
analysis was performed, we found that the ImmuneScore and StromalScore from the



ESTIMATE algorithm increased as the risk-score increased, while the TumorPurity
exhibited the opposite trend (Figure 7A). These results revealed that the high-score
group induced a stronger cellular immune response. The correlation between 6 types
of immune checkpoint-related genes and risk-score was analyzed using the
CIBERSORTx. Among them, CD274, PDCD1LG2, and HAVCR2 were significantly
positively correlated with risk-score (Figure 7B). Figure 7C showed that the
risk-score positively correlated with tumor-infiltrating immune cells (TIICs). We also
investigated the relationship between the abundance of 22 immune infiltrating cells
and the expression of three genes in the proposed model. We observed that T cells
CD8, T cells CD4 memory activated, Monocytes, and Macrophages were
significantly associated with three genes (Figure 7D). Additionally, we discovered
that immune checkpoint-related genes were overexpressed in high-risk patients
compared with low-risk patients, including PD-1, PD-L1, and CTLA-4 (Figure 7E).

Also, we synthesized the CSC index values and risk-score to evaluate the
potential correlation between the risk-score and CSC in glioma. The linear correlation
between the CSC index and risk-score was performed in Figure 7F-G. We discovered
that risk-score was positively associated with the DNAss index (R = 0.56, p < 0.001),
while the RNAss index was negatively related to risk-score (R = -0.68, p < 0.001),
suggesting that glioma cells with higher risk-score had more differentiation degree
and more distinct stem cell properties (Figure 7F, G). Accumulative epidemiological
evidence shows that patients with high TMB levels may benefit from prophylactic
immunotherapy because of a higher proportion of tumor-specific neoantigens.
However, integrated analysis of TMB did not yield any significant differences
between the two risk groups (Figure 7H). We next selected a new chemotherapy drug
applied for the treatment of glioma to assess the sensitivity of metformin in high- and
low-risk patients. Then we found a lower IC50 score in the high-risk group. The result
showed that three PRGs were involved in drug sensitivity (Figure 7I). IPS, as a new
predictor of response to cancer immunotherapy, is widely-applied to evaluate the
immune status of patients. Our analysis found that anti-PD-1 therapy was better than
anti-CTLA-4 therapy in glioma patients, with higher IPS in the high-risk group
(Figure 7J-M).



FIGURE 7 Relationship of risk-score with TME, CSC index, checkpoints, mutation,
and drug susceptibility. (A) Heatmap of TME based on ESTIMATE algorithms
between the two groups. (B) The correlation between 6 types of immune
checkpoint-related genes and risk-score was analyzed. The size of the circle indicated
a relevant correlation coefficient. (C) Correlations between TIIC levels, TMB, and
risk-score. (D) Correlations between the abundance of 22 immune infiltrating cells
and the expression of three genes. (E) Differential expression of immune
checkpoint-related genes. P values were set as: *P < 0.05; **P < 0.01; ***P < 0.001.
Relationships between risk score and cancer stem cell index. (F) DNAss. (G) RNAss.
(H) Correlations between TMB and risk-score. (I) Relationships between
chemotherapeutic sensitivity and risk-score. The difference of Immunophenoscore
between two groups. (J) CTLA4 (-)/PD1 (-). (K) CTLA4 (-)/PD1 (+). (L) CTLA4



(+)/PD1 (-). (M) CTLA4 (+)/PD1 (+).

Building a prognostic nomogram model for glioma
Considering the inconvenience of risk-score in the clinical application of glioma
patients, a nomogram clinical model was established to predict the survival
probability (Figure 8A). The predictors included risk-score, PRS-type, Radio-status,
Chemo-status, Grade, patient Age, and Gender. The predictive model indicated that
the 3‐year and 5‐year OS rates could be predicted comparatively well in the CGGA
cohort (Figure 8B, C). Next, clinical ROC and DCA analysis were performed to
evaluate the effectiveness of the nomogram model, and the AUC of the Nomogram
was 0.810 for 5-year survival, indicating potential nomogram clinical model values of
PRGs (Figure 8D, E).

FIGURE 8 Establishment and application of the risk scoring model in CGGA cohort.
(A) Prognostic nomogram for predicting the probability of 1-, 3-, and 5-years OS for
patients with glioma in the CGGA cohort. (B, C) The calibration curves for the
probabilities of 3- and 5- year OS. (D) The clinical ROC curves for the 5-year OS (E)
Decision curve analysis for the 5-year OS.



DISCUSSION

The results of this study revealed the overall alterations in PRGs at both genetic and
transcriptional levels in glioma. Then two distinct molecular subtypes of glioma were
identified based on 33 DEGs. Compared to subtype C1, glioma patients in subtype C2
had worse OS and PFS and more advanced clinicopathological features. There were
also significant differences in TME characteristics between the two subtypes.
Moreover, differences in mRNA transcriptome among different subtypes of
pyroptosis were significantly correlated with PRGs. To further evaluate the prognostic
characteristics of these PRGs, a 3 pyroptosis‑related gene signature was constructed
via Lasso Cox regression analysis and then verified that it performed well in the
external dataset. We extracted the DEGs between the different risk groups and found
that these DEGs were mainly associated with immune responses. It is also reasonable
to speculate that pyroptosis may modulate the function of TME based on the results of
functional enrichment analysis. In the present study, a lower risk-score was associated
with immune activation, while a higher risk-score was associated with immune
inhibition. We compared the activity of immune cell infiltration and immune-related
pathways in the two groups and found that the immune cell infiltration levels and
activation pathways of the low-risk group were generally lower than those of the
high-risk group. Then we found that the characteristics of the abundance of the TIICs
and the tumor microenvironment also differed significantly between the different risk
groups. These findings indicate the key role of PRGs in the development and
progression of glioma.

Recent studies have proved that B cells are also involved in immune activity (23,
24). Petitprez et al. reported that B cell enrichment was associated with resistance to
anti-PD-1 checkpoint blockade in soft-tissue sarcomas and was an independent
predictor for prolonged survival (25). Moreover, Helmink et al. showed that the
expression of B cell-related genes MZB1 and IGLL5 in patients sensitive to ICB was
significantly higher than those in non-responders (24). Meanwhile, the infiltration of
B cells was correlated to a poor response to chemotherapeutics in patients with glioma
(26). In medulloblastoma and pediatric glioblastoma, small molecule B-cell inhibitors
can enhance tumor cell killing in combination with targeted chemotherapeutic agents
(27). The results of these studies indicated that B cells may provide a new strategy for
anti-tumor immunotherapy. In our present study, a significant difference was
observed in B cells infiltration among the two molecular subtypes and different
risk-score groups. The lower relative proportion of B cells in subtype C1 and low
risk-score with the favorable OS. Consequently, tumor-infiltrating B cells promoted
tumor progression in glioma, which is consistent with the results of previous
studies. Tanaka et al. reported that Tregs infiltration can inhibit the anti-tumor
immune response, which was correlated with an unsatisfied prognosis (28). This is
consistent with our findings that compared with the low-risk group, patients with high
risk-score have more Tregs in TME. These findings suggest that PRGs might be used
as a predictor of immunotherapy response and clinical outcome in glioma. Thus, we



established the effective and robust prognostic risk-score and regression analysis
demonstrated its predictive power. The transcription levels of three PRGs included the
risk-score in glioma samples were also explored. Patients with high- and low-risk
groups showed significantly different clinical parameters, prognosis, immune
checkpoints, TME, CSC index, and drug susceptibility. In the end, we constructed a
quantitative nomogram model by integrating the clinicopathological characteristics
and risk-score, which further facilitated the clinical application of the risk-score and
improved the performance. This model can be used to stratify the prognosis of glioma
patients, will help to better understand the molecular and functional mechanism of
glioma, and will provide extensive new insights for targeted therapy.

So far, although it has been found that pyroptosis and apoptosis have certain
similarities and crossover mechanisms, they have not been fully studied yet. Multiple
modes of cell death are made up of numerous complex systems of order that both
frequently coexist and interact with each other during tumor development (29). For
example, CASP6 in our model is also considered to be a key regulator in apoptotic
signaling pathways. Apoptosis usually features a complete plasma membrane with no
contents release and no direct inflammatory response, whereas pyroptosis does the
opposite characteristics (30). Apoptosis can be transformed into pyroptosis under the
stimulation of pathogens. Pyroptosis plays several roles in tumors. It has the ability to
reduce tumor growth and angiogenesis in liver cancer, skin carcinoma, and colorectal
cancer (31, 32), but a double-way effect mechanism in breast cancer (33). Previous
studies revealed that Caspase-6 (CASP6) is the executor of apoptosis. CASP6 is a
critical regulator of innate immunity, host defense, and inflammasome activation.
Besides, Zheng et al showed that the pyroptosis phenomenon of macrophages infected
with seasonal influenza A virus (IAV) was reduced by conditionally knocking out
CASP6, including the lysis of caspase-1 and the reduction of IL-1β and IL-18 release
(34). Caspase-4 (CASP4) participates in another pyroptosis pathway. GSDMD is
specifically cleaved to ignite pyroptosis by CASP4 (35). Many studies have also
confirmed the pyroptosis pathway induced by activated CASP4 in tumor cells (36).
Zhang et al reported that GZMB can cleave gasdermin E and harness its pyroptosis to
stimulate an effective immune response against immunologically cold tumors (37).
With the deepening of molecular biology and tumor immunology research,
immunotherapy offers a new targeted strategy to counteract tumors. This
immunotherapy includes cell therapy, therapeutic antibodies, and immune checkpoint
inhibitors (ICIs). Research on ICIs for PD-1, PD-L1, and CTLA-4 is booming, and
clinical trials have demonstrated their efficacy and safety (38, 39). ICIs have recently
been utilized in the treatment of glioma (40). In our study, we identified that PD-1 and
PD-L1 were expressed at higher levels in the subtype C2 and low risk-score groups.
We concluded that patients with high risk-score have higher expression rates of PD-1,
PD-L1 and might be predisposed to respond to ICIs. However, we found that the
expression of CTLA-4 was different between the high- and low-risk groups, but the
efficacy between the two groups did not show any significant differences.

The comprehensive analysis of pyroptosis revealed a wide range of regulatory
mechanisms, which affect the clinicopathological characteristics, prognosis, and



tumor immune microenvironment. We also determined the therapeutic potential of
PRGs in cancer-stem-cell-targeted immunotherapy. Our study highlights the clinical
implications of pyroptosis and provides a novel insight for guiding precise
immunotherapy strategies for glioma patients. Pyroptosis blockers are being
developed, but there is not enough evidence to support it. Thus, our signature
identifies potential new therapeutic targets for immunotherapy, which may be an
effective complementary treatment direction to improve the clinical outcome and
prognosis of patients with glioma.

Our study had some limitations. All data management and statistical analyses
were performed solely from online databases, and all glioma samples used in this
study were retrospectively collected. Thus, large-scale prospective cohort studies and
further in-depth experimental studies are needed to extend and confirm these
findings.
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