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The latest research confirms that cytotoxic lymphocytes rely on pyroptosis to kill tumor cells, suggesting that pyroptosis plays a vital
role in immune response. However, the influence of pyroptosis on tumor microenvironment (TME) remodeling and immunotherapy
is still unclear. We analyzed the variations in the expression of 28 pyroptosis-related molecules in pan-cancer tissues and normal
tissues and the influence of genome changes. We investigated 2,214 bladder cancer samples and determined that there are three
pyroptosis phenotypes in bladder cancer, and there are significant differences in cell infiltration characteristics in different
pyroptosis phenotypes. Phenotypes with high expression of pyroptosis-related molecules are “hot tumors” with better immune
function. We used a principal component analysis to measure the level of pyroptosis in patients with PyroScore, and confirmed that
the PyroScore can predict the prognosis of bladder cancer patients, the sensitivity of the immune phenotype to chemotherapy, and
the response to immunotherapy. Patients with a high PyroScore are more sensitive to chemotherapeutics such as cisplatin and
gemcitabine, and have a better prognosis (HR= 0.7; 95%CI= 0.51–0.97, P= 0.041). Our study suggests a significant correlation
between the expression imbalance of pyroptosis-related molecules and genome variation in various cancers and suggests
pyroptosis plays an important role in modeling the TME. Evaluating pyroptosis modification patterns contributes to enhancing our
understanding of TME infiltration and can guide more effective immunotherapy strategies.
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INTRODUCTION
Bladder cancer is the tenth most common cancer in the world.
Despite chemotherapy, patients have a poor prognosis [1, 2]. In
recent years, tumor immunotherapy, especially using immune
checkpoint inhibitors (ICI), has achieved considerable clinical success.
Unfortunately, only a few patients with bladder cancer respond to
ICBs [3, 4], and the incidence of adverse effects from anti-PD-L1 drugs
is as high as 16% [5]. Considering the economic burden and side
effects of cancer treatment for patients, it is necessary to develop
more efficient and economical treatment plans. Many studies have
confirmed that the tumor microenvironment on which tumor cells
depend for survival plays a key role in immunotherapy responsive-
ness [6, 7], which depends on the number of tumor-infiltrating
lymphocytes (TILs). Tumors with low TIL content are called “cold
tumors” and do not respond significantly to ICI [8, 9].
Pyroptosis is programmed cell death that causes cells to release

large amounts of inflammatory cytokines. In recent years,
pyroptosis has been widely studied in cancer immunotherapy
[10]. A study by Zhou et al., [11] found that granzyme A (GzmA)
enters CD8+ T and NK cells through perforin and induces

pyroptosis by hydrolyzing GSDMB at Lys229/Lys244 sites, which
triggers tumor clearance. Previous studies have shown that
GSDMD is essential to the tumor-fighting ability of CD8+ T cells,
and that a lack of GSDMD reduces the ability of CD8+ T cells to kill
tumor cells [12]. Zhang et al., [13] confirmed that the serine
protease granzyme B released by cytotoxic T cells can cleave
GSDME to induce the death of target cells. Even more surprising is
that when GSDME in the tumor is activated, it may turn a “cold”
tumor that the immune system cannot recognize into a “hot”
tumor that the immune system can control. Wang et al., [14] found
that a boronine-mediated bio-orthogonal cleavage system can
selectively release gasdermin pyroptosis protein within tumors,
triggering cell pyroptosis and improving the body’s highly
effective anti-tumor immune system response. It was also found
that gasdermin tumor cell pyroptosis can effectively regulate
immunity in the tumor microenvironment. These studies have
profoundly changed our understanding of the mechanism by
which immune cells kill tumors.
The aforementioned research involved only one or two

pyroptosis-related molecules, but the pyroptosis process and
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immune response are the results of several deeply interrelated
factors. At present, there is no comprehensive research on tumor
immunity and the tumor microenvironment of pyroptosis-related
molecules, and the regulation mechanism of pyroptosis in tumors
is still unclear. Research [13] has found that pyroptosis molecules
such as GSDME are in a transcriptionally repressive state during
tumor formation, resulting in most cancer cells not expressing
GSDME, which may be related to genome regulation. Therefore, it
is important to analyze the gene expression pattern of tumors,
and also to understand the correlation between multiple
pyroptosis-related molecules and the TME, to determine how to
help reverse the poor infiltration characteristics of TME cells.
In this study, we analyzed the gene expression heterogeneity of

28 pyroptosis-related molecules in 39 cancer types, comparing
normal tissue and tumor tissues. Results suggest that genome
changes from methylation and copy number variance affect the
expression of pyroptosis-related molecules. We focused on the
potential advantages of immunotherapy for treating bladder
cancer. We integrated the genome information from 2,214
bladder cancer samples to correlate tumor necrosis with the
immunity characteristics of the microenvironment. Our study
reveals that pyroptosis has a significant influence on the tumor
microenvironment. We established a scoring system, PyroScore, to
quantify the expression rate of necrotic molecules in a given
cancer case. We confirmed that the PyroScore is a reliable
prognostic value for bladder cancer and can inform chemotherapy
and special immunotherapy treatment.

MATERIALS AND METHODS
Data sources and process
The workflow of our research is shown in Supplementary Fig. 1. Data
sources and procedure details can be found in the Supplementary Method.

Construction of pyroptosis regulator phenotypes
We summarized data on 28 pyroptosis-related molecules from existing
studies [15–17]. Based on the expression level of 28 pyroptosis-related
molecules, unsupervised clustering analysis [18]. Procedure details are
provided in Supplementary Method.

PyroScore evaluation
We used the PCA (orthogonal rotation) method [19] to construct a scoring
system to evaluate the levels of 28 pyroptosis-related molecules in bladder
cancer patients, and named it PyroScore. The PyroScore formula is:

PyroScore ¼
X

PC1þ PC2ð Þ

We tested distribution differences in bladder cancer types, and further
evaluated the predictive ability of PyroScore data for the prognosis and
immunotherapy response of patients with bladder cancer.

Statistical Analysis
All statistical analyses used R (https://www.r-project.org/), procedure
details are provided in Supplementary Method.
Other bioinformatics methods and experimental methods are listed in

the Supplementary Method.

RESULT
The genetic characteristics and transcriptional variations of 28
pyroptosis molecules
We summarized data on 28 pyroptosis-related molecules from
existing studies [15–17]. The 28 molecules are ZBP1, PYCARD, PRF1,
NLRP9, NLRP3, NLRP1, NLRC4, NAIP, IL1B, GZMB, GZMA, GSDMD,
GSDMC, GSDMB, GSDMA, DHX9, DFNB59, DFNA5, DDX3X, CTSG,
CASP8, CASP6, CASP5, CASP4, CASP1, APIP, and AIM2. Figure 1A
shows the regulatory mechanism of pyroptosis and its immunity
function in the tumor microenvironment. To observe the genetic
variation of pyroptosis molecules in cancer, we selected

1,583 samples with at least one mutation among the 28 pyroptosis
molecules from the TCGA pan-cancer database. We show the
somatic mutations of the 10 pyroptosis molecules with the
highest mutation frequency in pan-cancer tissue using a waterfall
diagram. Of the 1,583 samples, 1,221 showed pyroptosis muta-
tions with a frequency of 77.13%. We found that NLRP3 showed
the highest mutation frequency (19%), followed by NLRP9 (15%),
and CASP8 (14%), with missense mutation as the most common.
Melanoma (TCAG-SKCM) is the most frequently mutating cancer
type (Fig. 1B). The number of samples among each cancer type
ranges from 48 to 1,098, but only 14 cancer types have over ten
associated tumor and normal samples. So, we provide mRNA
differential expression with paired tumor and normal samples.
Comparing the mRNA expression levels of 28 pyroptosis factors in
tissue samples, several genes were found at higher expression
levels in several cancer tissues: GSDMC, GSDMA, CASP8, AIM2, ZBP1,
PYCARD, GZMB, GZMA, CASP6, and CASP4 (Fig. 1C, Supplementary
Table1). We confirmed that genetic variation is an important factor
affecting the expression of pyroptosis molecules. The expression
levels of CNV and mRNA were positively correlated in most cancer
types, especially in APIP (Fig. 1D). Analysis of the CNV frequency
change showed that the CNV of 28 pyroptosis factors in pan-
cancer tissue differs significantly, and GSDMC and GSDMD show
the highest frequency of CNV (Supplementary Fig. 2A), primarily
copy number heterozygous amplification and loss of heterozyg-
osity. Homozygous CNV was less prevalent (Supplementary Fig.
2B, C). Comparing gene methylation changes between tumor
samples and normal samples, we found that the methylation of
tumor samples in most cancer specimens was significantly more
downregulated (Supplementary Fig. 2D). Furthermore, the level of
gene methylation was negatively correlated with the level of
mRNA expression in most cancers (Fig. 1E). Analysis showed that
the gene expression patterns of pyroptosis molecules were highly
heterogeneous in normal samples as well as in tumor samples of
various cancer types, suggesting that the imbalance of expression
is significantly correlated with genome variance.
In this study, we focus on pyroptosis in bladder cancer. In the

TCGA database, there are significant co-mutations between IL-1B
and CASP8, NAIP and GSDMD, and GZMA and CASP8 (P < 0.05,
Fig. 1F). Among 412 samples, 120 samples had mutated pyroptosis
molecules, at a frequency of 29.13%. Among the 120, DHX9 had
the highest mutation frequency of up to 4% (Fig. 1G), mainly
missense mutation. Cox regression analysis showed that GSDMB,
CASP6, CASP8, GZMA, PYCARD, GSDMD, and AIM2 were significant
preventative factors for bladder cancer (Fig. 1H). Results strongly
indicated that an imbalance in the pyroptosis regulatory
molecules can cause bladder cancer.

Three different scorch level patterns identified by
unsupervised learning
We used a network diagram to illustrate the prognostic
significance of the 28 pyroptosis molecules. We cluster these
molecules by analyzing the Pearson correlation between 28
pyroptosis molecules, and we found the 28 related molecules
could be intuitively divided into four clusters, using four different
colors (Supplementary Fig. 3A). By analyzing the variations in
expression of pyroptosis molecules in bladder cancer and
paracancerous tissues, we found that GSDMD, GSDMB, CASP8,
CASP5, CASP6, AIM2, PYCA2D, and CPTP were highly expressed in
bladder cancer tissues, while NLRP3, NLRP1, and CTSG were highly
expressed in paracancerous tissues, in the TCGA database
(Supplementary Fig. 3B). In addition, we found significant
differences between NLRP9, and GSDMA in different clinical stages
of bladder cancer, suggesting that these oncogenes affect the
progression of bladder cancer (Supplementary Fig. 3C). To fully
understand the mechanism of pyroptosis regulator integration in
bladder cancer, we collected a total of 2,212 bladder cancer
samples and corrected the batch effect with the algorithm
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Fig. 1 Expression variation of pyroptosis-related molecules. A The pattern map was drawn on the BioRender website to show the molecular
regulation mechanism of pyroptosis and its potentially important regulatory role in the tumor immune microenvironment and
immunotherapy. B The waterfall diagram shows the somatic mutations of the 10 pyroptosis molecules with the highest mutation frequency
using pan-cancer analysis. 77.13% is the proportion of 1,221 samples with at least one mutation of the top 10 genes among 1,583 samples
with at least one mutation of 28 pyroptosis genes. The percentage figure of each line on the right of the picture is the number of samples with
the corresponding gene mutation divided by 1,583 samples with at least one mutation among the 28 pyroptosis genes. C The color of the
dots represents the degree of variance. Redder dots represent higher expression in cancer tissue. Bluer dots represent higher expression in
normal tissue. The fold change equals mean(Tumor) / mean(Normal), p-value was used, t-test and p-value was adjusted by FDR. The size of the
bubbles indicates the FDR. Larger bubbles represent a lower FDR. The genes with fold change (Fold change > 2) and significance (FDR > 0.05)
were retained to produce the figures. If there is no significant gene in one cancer type, the cancer type is omitted in the final figure. D The
bubble chart shows the correlation between CNV and mRNA expression level. Red indicates positive correlation, blue indicates negative
correlation. The deeper color indicates a larger correlation index. The bubble size indicates the FDR. E The bubble chart shows the correlation
between methylation of the 28 pyroptosis-related molecules and mRNA expression. Red shows a positive correlation and blue shows a
negative correlation. The darker color indicates a larger correlation index. Bubble size indicates the FDR. F Mutation characteristics of the 28
pyroptosis-related molecules in 408 patients with bladder cancer in the TCGA-BLCA cohort; green indicates co-mutation, brown indicates
mutex-mutation, the asterisk indicates P-value (*P < 0.05, P < 0.1). G Mutation frequency of 28 pyroptosis-related molecules in 408 patients
with bladder cancer in the TCGA-BLCA cohort. Each column represents an individual patient. The small figure above shows the TMB, the
number on the right shows the mutation frequency of each regulator, and the figure on the right shows the proportion of each variant. H The
forest map shows the results of Cox regression analysis on the average survival rate of 28 pyroptosis-related molecules in the TCGA-BLCA
cohort.
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“combat” in the SVA software package. The gene expression
baseline of each cohort is shown before (Fig. 2A) and after (Fig. 2B)
the batch effect. The results indicate that the batch effect had
been effectively corrected (Fig. 2B). We identified three unique
modification patterns (Supplementary Fig. 4A, Supplementary
Table. 2) by unsupervised clustering using the R package
‘ConsensusClusterPlus’, named Cluster1 (930 cases), Cluster2

(1012 cases), and Cluster3 (272 cases). The principal component
analysis confirmed that the three clusters can be distinguished by
the expression levels of the 28 pyroptosis molecules (Fig. 2C). The
expression level of pyroptosis molecules was analyzed using a
thermogram. Pyroptosis molecules in Cluster1 had the highest
expression level, followed by Cluster2, then Cluster3 (Fig. 2D). We
compared our phenotypes with several known subtypes of

Fig. 2 Unsupervised learning to identify three classification keywords. A–B Principal component analysis (PCA) shows the gene expression
distribution in 10 bladder cancer cohort samples (Eight GEO datasets, one E-MTAB-4321 dataset, and one from the TCGA database) before (A)
and after (B) batch effect correction. C Principal component analysis showed that the expression of the 28 pyroptosis molecules represents
distinct pyroptosis phenotypes. D The composite thermogram shows the correlation between the three types of pyroptosis and types of
bladder cancer, and the expression variance of the 28 pyroptosis-related molecules (Meta-cohort). Asterisk indicates the P-value (****P <
0.0001). E The Kaplan-Meier curve shows significant survival rate differences among the three kinds of pyroptosis phenotypes in the TCGA
database. F The Kaplan-Meier curve shows significant differences in survival rate among the three types of apoptotic phenotypes in the E-
MTAB-4321 database. G Univariate and multivariate Cox regression analyses of the effects of the three types of pyroptosis phenotypes on
overall survival (OS) in the TCGA database.
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bladder cancer. Compared with the Baylor.subtype, there are
mostly basal subtypes in Cluster1, and mostly differentiated
subtypes in Cluster2, and Cluster3. Compared with the UNC.
subtype, basal subtypes are also the majority in Cluster1, with
mostly luminal subtypes in Cluster2, and Cluster3. Compared with
the MDA.subtype, Cluster1 contains mostly basal subtypes as well.
Compared with the CIT.subtype, Cluster1, and Cluster2 contain
mostly MC1, and MC7 types, and Cluster3 contains mostly MC1
and MC2 types. Compared with the Lund.subtype, UroA-Prog
accounted for the majority in Cluster1, and Cluster2, while GU-Inf
was the majority in Cluster3. Compared with the TCGA.subtype,
basal squamous accounted for the vast majority in Cluster1, and
rather basal luminal types in Cluster C (χ2 test, all p-value < 2.2e-
16, Fig. 2D, Supplementary Fig. 4B). We used TGCA data to analyze
the differences in survival prognosis between the three subtypes
of pyroptosis and found that Cluster1 provides a particularly
significant survival advantage, while Cluster3 has the worst
prognosis (log-rank, P= 0.047, Fig. 2E). In the E-MTAB-4321
database (476 cases of early urothelial cancer), Cluster3 RFS has
the worst prognosis (log-rank, P < 0.0001, Fig. 2F), suggesting a
poor prognosis for patients with low expression of pyroptosis. The
univariate and multivariate Cox proportional hazard model also
showed that Cluster3 predicted OS in bladder cancer (Univariate
Cox, HR= 2.19; 95%CI: 1.59–5.44, P= 0.0324; Multivariate Cox,
HR= 2.45; 95%CI: 1.27–6.15, P= 0.0415; Fig. 2G).

Variation in the infiltration characteristics of TME cells in
pyroptosis phenotypes
We analyzed the effect of pyroptosis on tumor immune
microenvironments. Our results showed that there was a higher
expression of chemokines in Cluster1, including CXCL10, CXCR4,
CCL5, CXCL6, CXCL14, and CXCL12 (Fig. 3A, upper part), which
attract dendritic cells (DCs) and CD8 + T cells. The expression of
interleukins, alterons, and other cytokines in Cluster1, and Cluster2
was also higher (Fig. 3A, middle and lower parts), and the MHC
complex was more highly expressed in Cluster1 (Supplementary
Fig. 5A, top). In addition, we were surprised by the expression of
immune checkpoint molecules and co stimulators in Cluster1
(Supplementary Fig. 5A, bottom). We use Quantiseq, Timer,
Mcp_counter, and Xcell [20–23] to calculate the level of immune
cell infiltration in bladder cancer samples using RNA-Sequencing
data. There was the highest quantity of immune cells with
dominant anti-tumor activity in Cluster1, such as T cells, CD8 +
T cells, cytotoxic lymphocytes, NK cells, myeloid dendritic cells,
neutrophils, and endothelial cells. Type 1 macrophages and type 2
macrophages are enriched in Cluster3 (Fig. 3B). Several pyroptosis
molecules including AIM2, CASP1, CASP4, CTSG, GSDMD, GZMA,
NLRC4, NLRP1, NLRP3, and ZBP1 are positively correlated with the
majority of immune cells (Supplementary Fig. 5B). We used the
estimate and tide algorithms to verify because immune score and
stromal score obtained by the estimate algorithm compare the
differences of immune and matrix components in immune
subtypes of TME.
It can be seen that Cluster1 has the highest immune score and

stromal score (Fig. 3B; Supplementary Fig. 5C). We then analyzed
the tumor immune cycle related signals among subtypes of
pyroptosis. To kill cancer cells effectively, the anti-tumor immune
response must complete a series of step-by-step events, which is
called the cancer immune cycle. Our results showed that these
pathways were active in Cluster1, especially in steps 3–6 (Fig. 3B,
bottom), further confirming the important role of pyroptosis in
cancer infiltration. Patients with high expression of pyroptosis
regulatory factors tended to have greater tumor immunity.
Surprisingly, using the TIDE algorithm, we found that
Cluster3 showed higher dysfunction and a lower exclusion score
(Fig. 3B Top; Supplementary Fig. 5C), which is inconsistent with
our results, and might be related to the abnormal expression of
immune checkpoints. We confirmed that there was more

infiltration of immune cells in the tumor nests of Cluster1
patients, but less infiltration of immune cells in the tumor tissue
of Cluster3 patients (TCGA Pathology Slide, Fig. 3C). We further
compared the differences between immune-related gene set
scores among the three subtypes (1) immune checkpoint, (2)
antigen processing machinery, and (3) CD8 T-effector signature.
Epithelial–mesenchymal transition (EMT) markers including EMT1,
EMT2, and EMT3 gene sets were highest in Cluster1, and lowest in
Cluster3 (Fig. 3D).

Signal differences and genome variations in pyroptosis
phenotypes
We analyzed the differences in gene expression among subtypes
of pyroptosis and explored the characteristic of the associated
signaling pathways. Most of the signaling pathways in the
pancancer, especially RPF1, GZMB, CASP5, AIM2 showed a high
level of activation in the apoptosis signaling pathway, but
consistent inhibition of the cell cycle, DNA damage response,
TSC / mTOR, hormone AR, and RTK (Fig. 4A). In bladder cancer
tissue, most pyroptosis molecules activate the apoptosis, EMT, and
hormone ER signaling pathways, but inhibit the cell cycle, DNA
damage response, and hormone AR signaling pathways (Fig. 4B). In
addition, we compared the average pathway scores of bladder
cancer subtypes. The study found that the level of EMT
differentiation, immune differentiation, interferon response, mito-
chondria, myofibroblasts, and smooth muscle are high in Cluster1;
We evaluated additional genes markers, including twelve char-
acteristics of bladder cancer with different molecular subtypes [24]
(Supplementary Table 3), the level of luminal differentiation,
neuroendocrine differentiation, TA pathway, and urothelial differ-
entiation are high in Cluster2 (Fig. 4C). We referred to the
published signature [25] (Supplementary Table 4) to compare the
enrichment scores of 10 carcinogen pathways common among the
three groups. Signal pathways such as CELL CYCLE, NOTCH, HIPPO,
PI3K, RAS, and WNT scored higher in Cluster3 (all P < 0.01), MYC,
TGF-β, TP53, and NRF2 pathways were prevalent in Cluster1 (all P <
0.05, Fig. 4D), and Cluster3 has higher basal differentiation and
Keratinization score. Through GSVA analysis on The Molecular
Signatures Database [26] (MSigDB, https://www.gsea-msigdb.org/),
we found that inflammatory signaling pathways such as INTER-
FERON GAMMA RESPONSE and INTERFERON ALPHA RESPONSE
were significantly enhanced in Cluster1 (Fig. 4E; Supplementary
Fig. 6A and Supplementary Table 5), further suggesting a
significant immune activation in Cluster1. Using GSEA analysis,
we found that the PD–L1 expression and PD–1 checkpoint
pathways in cancer, the T cell receptor signaling pathway, and
other immune response pathways were significantly activated in
Cluster1. Antigen processing, PD–L1 expression, and the PD–1
checkpoint pathway in Cluster2 were significantly inhibited. Signal
pathways including the citrate cycle (TCA cycle) and platinum drug
resistance were significantly inhibited in Cluster3 (Fig. 4F). We
tested the activation of the three subtypes of cGAS-STING signaling
pathway. Results show that cGAS, STING, TBK1, and IRF3 have the
highest expression in Cluster1 and the lowest in Cluster3
(Supplementary Fig. 6B; Kruskal–Wallis, all P < 2.2e-16). This
suggests a positive correlation between the scorch and cGAS-
STING signal, further demonstrating the significance of pyroptosis
in shaping the TME landscape and immune response, and
suggesting the potential viability of pyroptosis in chemotherapy
and bladder cancer immunotherapy.
We used the R package ‘maftools’ to compare the tumor

mutation burden among the three subtypes (Supplementary Fig.
7A), and we found there is no difference in tumor mutation
burden among the three clusters (Supplementary Fig. 7B). We
showed three immune types distinguishing composite copy
number profiles: gistic score (supplementary Fig. 7C), and
percentage/frequency (Supplementary Fig. 7D). Our analysis
consistently shows that there are distinct genome variations in
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Fig. 3 Variations in immune-related genes and the infiltration characteristics of TME cells in the three pyroptosis phenotypes. A The
thermogram shows variations in mRNA expression of chemokines, interleukins, alterons, and other cytokines among the three levels of
pyroptosis (Kruskal–Wallis test). Asterisk indicates P-value (****P < 0.0001). B The thermogram shows the frequency of TME infiltrating cells and
immune score among the three pyroptosis phenotypes (Kruskal–Wallis test). Asterisk indicates P-value (****P < 0.0001). C Representative
pictures of pathological HE staining of three pyroptosis phenotypes. D The Kruskal–Wallis test evaluates the TME related scores of different
pyroptosis patterns. The upper and lower ends of the box represent the quartile range of values. The line in the box represents the median
and the black dot represents the outlier. Asterisk represents P-value (****P < 0.0001).
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pyroptosis phenotypes. Genome variations account for much of
the differences in the expression of gene-related molecules.

Clinical significance of the PyroScore
Results confirmed the importance of pyroptosis for the regulation
of microenvironment tumor immunity and survival with bladder
cancer. We constructed a scoring model called PyroScore based
on the genes related to pyroptosis to measure the level of

pyroptosis in bladder cancer patients (Supplementary Table 6). It
can be seen from the scree plot in Supplementary Fig. 8 that the
variance contribution rate of the first two principal components is
significant. Accordingly, we determine the sum of PC1 and PC2 to
be the PyroScore of each patient. Comparing PyroScore levels
among the three phenotypes, it was found that PyroScore was the
highest in Cluster1, followed by Cluster2, and then Cluster3
(Kruskal–Wallis, P < 2.2e-16, Fig. 5A). There was a significant

Fig. 4 Analysis of pyroptosis-related signal pathways. A The heatmap shows the correlation between the expression level of the 28
pyroptosis-related molecules in important cancer signaling pathways. The global percentage of cancers in which a gene has an effect on the
pathway among the 32 cancers types, is shown as the percentage: (number of activated or inhibited cancer types/32 *100%). Heatmap shows
pyroptosis genes that have a function (inhibit or activate) in at least 5 cancer types. “Pathway activate” (red) represents the percentage of
cancers in which a pathway may be activated by given genes, inhibition in a similar way shown as “pathway inhibit” (blue). B The correlation
between the 28 pyroptosis-related molecules in bladder cancer and important cancer signaling pathways. The solid line represents activation
and the dashed line represents inhibition. C The mountain graph shows the differences in bladder cancer characteristic pathway scores in the
three levels of pyroptosis (Kruskal–Wallis test). Asterisk indicates P-value (****P < 0.0001). D The bubble chart shows score variations in ten
important tumor signaling pathways among the three pyroptosis phenotypes. E GSVA enrichment analysis shows the activation status of
biological pathways among the three different levels of pyroptosis. Heat maps were used to visualize these biological processes, with red
representing activation and blue representing inhibition. F GSEA enrichment analysis of the status of special biological pathways in three
pyroptosis phenotypes.
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Fig. 5 Clinical significance of PyroScore. A The Kruskal–Wallis test shows the PyroScore at three different levels of pyroptosis. The line in the box
represents the median; the black dots represent outliers. Asterisk indicates P-value (**** P < 0.0001). B The Kaplan-Meier curve shows a significant
difference in the survival rate between a high or low PyroScore in the TCGA database. C The Kaplan-Meier curve shows a significant difference in
the survival rate between a high or low PyroScore in the E-MTAB-4321 database. D The Sankey diagram shows the correlation between PyroScore
and bladder cancer classifications. E The bubble chart shows the correlation between the PyroScore and the level of immune cell infiltration. The
color indicates the P-value; with darker red indicating smaller P-values. The bubble size indicates the degree of correlation; with larger bubbles
indicating a stronger correlation. F The bubble chart shows the correlation between the PyroScore and TME score. Red bubbles indicate a positive
correlation, blue indicates a negative correlation, and color depth and bubble size represent the strength of the correlation. The redder bubble
color indicates a larger volume and a higher positive correlation. G Image representing the pathological HE staining variation between the high
and low PyroScore groups (TCGA database). HWilcoxon test measures the difference in the PyroScore between pathological immunophenotypes.
The points represent the PyroScore value of each sample, and the upper and lower ends represent the quartile range of the value. The line in the
box represents the median; the black dots represent outliers. Asterisk indicates P-value (****P < 0.0001).
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positive correlation between PyroScore and the 28 pyroptosis-
related molecules (Supplementary Fig. 9A). Our results show that
the PyroScore can effectively evaluate pyroptosis phenotypes in
bladder cancer patients. We assigned 408 patients in the TCGA-
BLCA cohort to high or low PyroScore groups using the optimal
cut-off value obtained by the R package ‘Survminer.’ We used the
log-rank test to determine that the PyroScore was a prognostic
factor for bladder cancer (HR= 0.7; 95% CI= 0.51–0.97, P= 0.041,
Fig. 5B). For further verification, we compared the correlation
between the PyroScore and the classification of bladder cancer
with the E-MTAB-4321 database (HR= 0.29; 95% CI= 0.14–0.64,
P < 0.001, Fig. 5C). We found that Cluster1 was in the high
PyroScore group. The high PyroScore group had more basal types,
and the low PyroScore group had more differentiated types (Fig.
5D, Supplementary Fig. 9B). The PyroScore was positively
correlated with the infiltration level of most immune cells, but
negatively correlated with the quantity of M1 Macrophages
(quanTIseq), M2 Macrophages (quanTIseq), and B cells (TIMER)
(Fig. 5E). In addition, there was a significantly higher level of
immune checkpoint gene expression in the high PyroScore group
(Supplementary Fig. 9C). The PyroScore was positively correlated
with most immune-related signature scores but negatively
correlated with TMEscore (Fig. 5F). The histopathological section
confirmed that the high PyroScore group showed higher
infiltration of immune cells (Fig. 5G, H), once again indicating a
strong positive correlation between pyroptosis and immune
infiltration. In addition, we also found that the PyroScore
correlates with clinical characteristics of patients with bladder
cancer, such as M Stage lymphovascular invasion (chi-square test,
P < 0.05, Supplementary Fig. 9D).

PyroScore predicts sensitivity of bladder cancer patients to
anti-tumor therapy
We analyzed the correlation between pyroptosis-related molecules
and the clinical efficacy of bladder cancer treatments. According to
drug response data from the Public Pharmacogenomics database,
Genomics of Drug Sensitivity in Cancer (GDSC), we analyzed the
correlation between pyroptosis-related molecules and drug resistance
using Spearman’s correlation coefficient. A positive correlation means
the gene is highly expressed and resistant to the drug. The data show
most genes have a synergistic effect with drugs, especially CTSG. PRF1
and GZMB may have significant synergistic effects on xmd14–99
(etoposide, a cell cycle specific antitumor drug) and ch5424802
(Alectinib, an effective ALK inhibitor). DFNA5 (GSDME) may have a
strong antagonistic effect on wz3105 (a multikinase inhibitor with
targets including SRC, ROCK2, NTRK2, FLT3, IRAK1) and kin001-102 (an
Akt inhibitor) (Supplementary Fig. 10A).
In view of the importance of pyroptosis-related genes in

chemotherapy, we investigated whether the PyroScore can accu-
rately predict the chemotherapy outcome in bladder cancer patients.
We investigated the expression differences between high and low
PyroScore groups with common chemotherapeutic drug targets in
bladder cancer. We found that the following targets were highly
expressed in the low score group: atezolizumab, avelumab, and
durvalumab (CD274), cetuximab targets (C1QA, C1QB, C1QC,
FCGR1A, FCGR2A, and FCGR3A), and bevacizumab target (FCGR3A).
The expression levels of the target genes for gemcitabine, paclitaxel,
and vinblastine were positively correlated with the PyroScore
(Supplementary Fig. 10B). The combination of chemotherapy and
therapies with these targets may have unexpected results. GDSC was
used to predict the response to common chemotherapy in bladder
cancer patients with a high or low PyroScore. We used the linear
ridge function of the R package ‘Ridge’ to construct a ridge
regression model and to calculate the IC50 drug sensitivity value. We
found that the IC50 of cisplatin, gemcitabine, and other chemother-
apeutic drugs in the high expression PyroScore group were
significantly lower than those in the low expression group (Wilcoxon,
P < 0.01, Supplementary Fig. 10C), which suggested a positive

correlation between pyroptosis and the chemotherapeutic drug
sensitivity of bladder cancer.

PyroScore predicts the response of bladder cancer to
immunotherapy
We divided patients in the IMvigor210 cohort into high and low
PyroScore groups. We found that patients with high PyroScore had
a better prognosis following PD-L1 treatment (HR= 0.68, 95% CI=
0.52–0.89, P= 0.007, Fig. 6A), and patients with a low PyroScore
were more likely to benefit from anti-PD-L1 immune checkpoint
treatment (Wilcoxon test, P= 0.001, Fig. 6B, C). Immunophenotype
data that includes cases of the desert, inflamed, and excluded
types, as well as PD-L1 staining, were provided by Mariathasan’s
study [27]. In addition, a low PyroScore was strongly correlated
with the rejection of treatment and the desert immunophenotype,
which is consistent with our previous conclusion (Kruskal–Wallis,
P= 0.002, Fig. 6D). Our study also found that the PyroScore was
positively correlated with PD-L1 expression in tumor cells and PD-1
expression in immune cells (Fig. 6E, F). These results strongly
suggest that the PyroScore can predict the response to anti-PD-L1
therapy. We analyzed the effect of high mutation genetic variation
on the PyroScore and found that the PyroScore was correlated with
ERBB2, while the group with ERBB2 mutation had low PyroScore
results (Wilcoxon test, P= 0.04, Fig. 6G). Previous studies have
shown that TMB is significantly related to the efficacy of
immunotherapy [28]. The combination of the PyroScore and TMB
can clearly stratify patients better. The survival rate of patients with
a high PyroScore and high TMB was higher than that of patients
with a low PyroScore and a low TMB (log-rank test, P= 0.003, Fig.
6H). Compared with TMB or PyroScore alone, the combination can
improve the predictive value tremendously (Fig. 6I). In addition, we
used the submap algorithm to predict the response of high and
low PyroScore groups to anti-PD1 and anti-CTLA4 immunotherapy.
It confirmed that the high PyroScore group may benefit more from
anti-PD1 treatment (Bonferroni corrected P= 0.01, Fig. 6J). In
conclusion, our work strongly indicates that pyroptosis is closely
related to the immunophenotype of bladder cancer and respon-
siveness to anti-PD-1/L1 immunotherapy. Moreover, our PyroScore
construct is a potentially powerful metric for evaluating prognoses
and the clinical response to anti-PD-1/L1 immunotherapy.

GSDMB and CASP6 are associated with immunity to bladder
cancer
Building on the previous analysis of survival rate and immunocorre-
lation, we focused on GSDMB and CASP6. We verified that GSDMB
and CASP6 are associated with better prognoses for bladder cancer
using KM curves (Fig. 7A). We examined the spatial distribution of the
two genes in different immune types of bladder cancer. In particular,
we focused on the relationship of the genes to immune cell
localization and PD-L1 expression. We divided all bladder cancer
samples into three subtypes relating to CD8 immunohistochemistry:
immune inflamed tumors, immune excluded tumors, and immune
desert tumors (Fig. 7B). We found that many tumors with high
expression of GSDMB and CASP6 were immune inflamed tumors,
while many tumors with low expression of GSDMB and CASP6 were
immune desert tumors (Fig. 7C). The difference in copy number in
GSDMB also had an important impact on the level of immune
infiltration (Supplementary Fig. 11A), pan-cancer analysis found that
GSDMB is closely related to the expression of immune checkpoint
molecules and the level of immune cell infiltration (Supplementary
Fig. 11 B, C). This confirms our previous findings that GSDMB and
CASP6 play an important role in immune infiltration.

DISCUSSION
Increasing evidence confirms the critical role of pyroptosis in
tumor immunity, but the mechanism of pyroptosis molecules in
cancer is still not fully understood. In this study, we describe the
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genetic and transcriptional heterogeneity of 28 pyroptosis
molecules in both normal tissues and tumor tissues of 33 cancer
species, and found that the imbalance of pyroptosis molecule
expression may be related to the regulation of genome variation.
We integrated data on 2,214 cases of bladder cancer and defined
three types of pyroptosis in bladder cancer. We found that there
were significant differences in the clinical characteristics and
immune cell infiltration level among different clusters. Previous
studies [14] confirmed that perforation formed by pyroptosis
produces inflammatory factors, such as IL-1 β, which act as alarm
signals to activate and recruit immune cells, mediate immune
response, and adapt the TME [10]. Our study indicates a significant

correlation between pyroptosis levels and the tumor immune
microenvironment.
Variations in mRNA transcriptome among pyroptosis subtypes

have been proven to be significantly correlated with specific
immune-related biological pathways and drug responses. We also
found a positive correlation between pyroptosis and the cGAS-STING
signaling pathway. The pathway can detect the presence of
cytoplasmic DNA and trigger the expression of inflammatory genes
in response, which was proven to affect innate immunity and tumor
immune intervention [29, 30]. Results suggest there is a positive
correlation between pyroptosis and tumor immunity in bladder
cancer. Pyroptosis-related genes can change the modification mode

Fig. 6 PyroScore predicts the responsiveness of bladder cancer to chemotherapy and target therapy. A The Kaplan-Meier curve shows a
significant difference in survival rate between the high and low PyroScore groups of the IMvigor210 database. B Wilcoxon test of PyroScore
variation in anti-PD-L1 responsiveness. The upper and lower ends represent the quartile range of the value. The line in the box represents the
median. Black dots indicate outliers. Asterisk indicates the P-value (**P < 0.01). C The stacked histogram shows the difference in anti-PD-L1
responsiveness between a high and low PyroScore. D PyroScore was tested at three scorch levels using the Kruskal–Wallis test. The upper and
lower ends represent the quartile range of the value. The line in the box represents the median. Black dots indicate outliers. Asterisk indicates
the P-value (**P < 0.01, ns P > 0.05). E–F Kruskal–Wallis test of the PyroScore of PD-L1 expression on immune cells E and PD-L1 expression on
tumor cells F. The upper and lower ends represent the quartile range of the value. The line in the box represents the median; the black dots
represent outliers. The asterisk indicates the P-value (****P < 0.0001, *P < 0.05, ns P > 0.05). G The correlation between the PyroScore and gene
mutations in bladder cancer. The histogram represents the PyroScore, each column represents one patient, the gene occurrence chart is
shown in red, and gray indicates no mutation. H The Kaplan-Meier curve analyses of survival rate using the PyroScore and TMB to stratify
patients who received anti-PD-L1 immunotherapy. I ROC curve analysis of the predictive value of the PyroScore in patients treated with anti-
PD-L1 immunotherapy. J The submap algorithm predicts the probability of anti-PD1 and anti-CTLA4 immunotherapy response in high and
low PyroScore groups. The high PyroScore group may benefit more from PD-1 treatment (Bonferroni corrected P= 0.01). R: Response.
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of the TME and reverse poor invasion characteristics of TME cells,
changing a “cold tumor” into a “hot tumor.” Since the success of ICI
depends on the presence of CD8+ T cells in the tumor, ICI is more
effective when combined with therapy that increases the number of
CD8+ T cells [10]. Our study also found an important correlation
between pyroptosis and immune checkpoint expression. Previous
studies suggest a positive correlation between GSDMC and the PD-
L1 checkpoint. PD-L1 enters the nucleus and interacts with p-stat3-
y705 to promote the binding of p-stat3-y705 in the GSDMC promoter
region, and upregulates the expression of GSDMC inducing cell
death [31]. In our study, Cluster1 had the highest checkpoint
molecular expression and immune checkpoint score. Patients with

high expression of PD-L1 and PD-1 checkpoints are generally more
sensitive to immunosuppressive therapy [28]. Therefore, we spec-
ulate that the combination of ICI and pyroptosis inducers has great
potential, and we hope our research will contribute to the
development of new combined therapeutic strategies and new
immunotherapeutic agents.
Considering the important role of pyroptosis in immune

regulation of bladder cancer, and the heterogeneity of pyroptosis
phenotypes in individuals with bladder cancer, it is essential to
classify the expression of pyroptosis regulatory factors in tumor
patients. To this end, we established a scoring system, PyroScore,
to evaluate the pyroptosis molecules in bladder cancer patients.

Fig. 7 GSDMB and CASP6 are related to the tumor immune microenvironment. A The Kaplan-Meier curve shows a significant difference in
the survival rate between high and low GSDMB and CASP6 expression in the TCGA database. OS: Overall Survival; RFS: Relapse-Free Survival.
B Immunohistochemistry detects the expression of CASP6, GSDMB, CD8, and PD-L1 in the bladder cancer microarray (TMA) cohort.
Representative co-stained images of CASP6, GSDMB, PD-L1, and CD8 in the three immunophenotypes. According to the spatial distribution of
CD8+ T cells, bladder cancer tissues are divided into three immunophenotypes, immune inflamed, immune excluded, and immune desert.
The scale bar corresponds to 100 μm. C Immunofluorescence detects the expression of CASP6, GSDMB, CD8, and CK in the bladder cancer
microarray (TMA) cohort. Representative co-stained images of CASP6, GSDMB, CK, and CD8 in the three immunophenotypes. According to the
spatial distribution of CD8+ T cells, bladder cancer tissues are divided into three immunophenotypes, immune inflamed, immune excluded,
and immune desert.
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We confirm that PyroScore is reliable for the comprehensive
assessment of bladder cancer-related molecules and to predict the
prognosis of patients. There is a positive correlation between the
PyroScore and the infiltration level of anti-tumor immune cells.
The combination of PyroScore and TMB can better predict the
response to anti-PD-L1 treatment. Previous studies have con-
firmed that pyroptosis genes play an important role in
chemotherapy [32–34]. Our study shows that there are significant
differences in the expression of chemotherapeutic drug targets in
different chemotherapeutic types, and PyroScore can guide the
use of chemotherapeutic drugs effectively. In clinical practice,
PyroScore can be used to evaluate the expression pattern of
pyroptosis-related molecules and the corresponding infiltration
characteristics of TME cells in bladder cancer patients, confirm the
immunophenotype of the tumor, predict the prognosis of
patients, and inform the medication proscribed.
We focused on two pyroptosis genes, GSDMB and CASP6, which

have significant effects on the survival rate of bladder cancer. The
latest research [11] showed that GSDMB plays an important role in
the anti-tumor immune process. In the process of killing target cells
by cytotoxic lymphocytes, granzyme A protein from cytotoxic
lymphocytes can activate GSDMB protein, which leads to pyroptosis
of target cells [11]. This molecular mechanism can promote the
body’s immune system to fight tumors, but its role in the
immunotyping and infiltration of bladder cancer is still unclear.
Caspase-6 is a key regulatory factor for innate immune-inflammatory
activation and host defense [35]. At present, the effects of GSDMB
and CASP6 on bladder cancer have not been reported in research.
We have verified the importance of their effects on the immune
infiltration and immunotyping of bladder cancer through a variety of
experiments. Some tumors with high GSDMB and CASP6 expression
were the immunoinflammatory type, and GSDMB, CASP6, and CD8
expression were positively correlated, which suggests the possibility
of using targeted pyroptosis to enhance the immunotherapy effect
on bladder cancer.
We recognize some limitations of our research. This is a cross-

queue and retrospective study. We wanted to observe the
pyroptosis heterogeneity in as many people as possible, and
although we have corrected for the batch effect to a great extent,
it still had some impact. We are collecting patients in multicenter
clinical queues for further analysis and verification. Although some
immunohistochemical and fluorescence experiments have been
done, further analysis of large-scale protein sequencing is needed.
Our results suggest that GSDMB and CASP6 may play an
important role in bladder cancer, but there is still a lack of
research on the mechanism of the important oncogenes involved.
Our laboratory is conducting further research on the subject.

CONCLUSIONS
In conclusion, our study indicates high heterogeneity of pyroptosis-
related molecules at the genetic and transcriptional levels in various
cancer species, and suggests that pyroptosis plays an important role
in tumor microenvironment remodeling. These results have
improved our understanding of tumor microenvironment cell
infiltration, improved quantification of the expression of pyroptosis
regulatory factors in tumors, improved the response of patients to
immunotherapy, identified distinct tumor immunophenotypes, and
promote personalized cancer immunotherapy in the future.
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