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Abstract

Background: Recent research has identified pyroptosis as a distinct form of programmed cell death that is strongly correlated with tumor
outcomes. However, its value as a prognostic biomarker in clear cell renal cell carcinoma (ccRCC) is not yet fully established. Methods:
Differential expression of pyroptosis-related genes between ccRCC and normal tissues was identified using the DESeq2 R package.
Next, univariate and least absolute shrinkage and selection operator (LASSO) Cox regression analyses using data from The Cancer
Genome Atlas cohort were applied to develop a prognostic model. Univariate and multivariate prognostic analyses were conducted to
determine whether the risk score could independently predicted patient prognosis after adjustment for clinicopathological characteristics.
A nomogramwas then constructed to estimate patient survival probability, supporting clinical decision-making. Expression of pyroptosis-
related proteins was assessed using tissue proteomic data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC) database.
Additionally, the Tumor-Immune System Interaction Database (TISIDB) database was used to analyze immune cell infiltration, whereas
gasdermin B (GSDMB) expression in ccRCC cell lines was assessed by Western blot (WB) and quantitative PCR (qPCR) experiments,
with immunohistochemistry applied tomeasure the levels of GSDMBand programmed cell death protein 1 (PD-1). Results: Aprognostic
risk model was developed using nine genes related to pyroptosis (AIM2, CASP5, GSDMB, GSDMD, NLRP7, NOD2, PYCARD, SCAF11,
and NLRP6), employing both univariate Cox and LASSO regression analyses. Based on the median risk score, ccRCC samples were
divided into high- and low-risk categories, with Kaplan-Meier analysis revealing poorer survival rates for the high-risk group. Time-
dependent receiver operating characteristic curve analysis confirmed the predictive performance of the model for ccRCC prognosis.
Furthermore, a nomogramwith calibration plots was developed to predict 1-, 3-, and 5-year survival probabilities for patients with ccRCC.
Notably, these pyroptosis-related genes were strongly correlated with immune cell infiltration, including cytotoxic cells, CD56bright
natural killer cells, and T helper cells. Subsequently, qPCR andWB analyses confirmed elevated GSDMB expression in ccRCC cells, and
immunohistochemistry demonstrated a strong correlation between GSDMB and PD-1 expression. Conclusions: Pyroptosis-associated
genes, namely AIM2, CASP5, GSDMB, GSDMD, NLRP7, NOD2, PYCARD, SCAF11, and NLRP6, are promising prognostic biomarkers
for ccRCC, and may serve as prognostic biomarkers for predicting patient survival and informing immunotherapy strategies.
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1. Introduction

Originating in the epithelial lining of the renal tubules,
Renal Cell Carcinoma (RCC) stands as the second most
prevalent malignancy within the adult urinary tract, sur-
passed only by bladder cancer [1]. Among its various sub-
types, clear cell renal cell carcinoma (ccRCC) predomi-
nates, representing 70–80% of all RCC cases. Charac-
terized by an aggressive nature and poor prognosis [2,3],
ccRCC is often identified at a late stage because it begins
subtly and progresses quickly [4]. While targeted ther-
apy has extended survival rates, overcoming drug resistance
during prolonged treatment remains a significant challenge
[5]. Immune therapy, especially immune checkpoint in-
hibitors, shows great promise as a treatment for patients

with ccRCC [6]; however, ccRCC generally has a poor
prognosis, and it is important to mitigate immune-related
adverse effects [7,8,9,10]. There is a constant demand for
the identification of new biomarkers for early detection and
improved prognostic accuracy in ccRCC.

Pyroptosis represents a newly identified pattern of
programmed cellular death that is distinct from apoptosis.
The process is initiated by the gasdermin (GSDMB) family
and involves the formation of pores in the cell membrane,
leading to cell swelling and bursting, which releases their
contents. The gasdermin family, which consists of six hu-
man homologs—GSDMA–D, GSDME (aka DFNA5), and
pejvakin (PJVK, aka DFNB59)—is crucial in the process
of pyroptosis. Distinct from apoptosis, this programmed
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Fig. 1. Comprehensive workflow diagram for data analysis. Schematic overview of the study design, including sample screening,
inclusion, and analytical stages. Patients with ccRCC from three independent cohorts—TCGA, Gene Expression Omnibus (GEO), and
West China Hospital (WCH)—were assessed. Using the TCGA training cohort, a transcription factor-based prognostic signature was
constructed via Cox and LASSO regression analyses. The model’s prognostic and immunological significance was analyzed. External
validation was performed in GEO (GSE40435 and GSE126964) and CPTAC cohorts, with further functional assays in ccRCC cell lines.
Abbreviations: KIRC, Kidney Renal Clear Cell Carcinoma; TCGA, The Cancer Genome Atlas; LASSO, Least Absolute Shrinkage and
Selection Operator; KM, Kaplan-Meier; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

cell death is induced by the development of membrane
pores, causing the cell to swell, rupture, and release cel-
lular contents [11]. Pyroptosis is initiated through two dis-
tinct pathways. The classical pathway involves the activa-
tion of caspase-1 (CASP1), which cleaves GSDMD. Con-
versely, the nonclassical pathway is triggered by bacterial
lipopolysaccharide binding to CASP4/5/11, which also re-
sults in GSDMD cleavage [12,13]. More studies are high-
lighting the significance of pyroptosis in the progression
of cancer. GSDMB, a member of the GSDM family, is
known for its pyroptosis-like activity and is overexpressed
in various cancers, and likely contributing to progression
and metastasis. Nonetheless, its precise prognostic signif-
icance and connection with immune infiltration in ccRCC
have yet to be completely clarified.

Thus, comprehending how pyroptosis influences can-
cer growth and advancement, and establishing a corre-
sponding prognostic model, is essential for improving
ccRCC treatment. Furthermore, genes related to pyroptosis
can serve as prognostic indicators in multiple forms of can-
cer, including lung [14], liver [15,16], and breast [17] can-
cers, by enabling the development of specialized risk mod-

els. To date, no pyroptosis-focused prognostic signature has
been established for predicting outcomes in patients with
ccRCC. Consequently, it is vital to develop a new model
based on pyroptosis-associated genes to predict patient sur-
vival.

This study focused on creating a prognostic model us-
ing genes linked to pyroptosis to forecast the outcomes for
patients with ccRCC. We confirmed that GSDMB is ex-
pressed in ccRCC tissues, providing a potential therapeu-
tic target. Our study thoroughly examined the predictive
significance of genes related to pyroptosis and their links
to clinical characteristics, suggesting their promise as prog-
nostic indicators and new therapeutic targets.

2. Materials and Methods
2.1 Data Collection and Processing

Pyroptosis-associated genes were found by explor-
ing PubMed (https://pubmed.ncbi.nlm.nih.gov/) for ‘pyrop-
tosis’ AND ‘Homo sapiens’ (PMID: 30842595, PMID:
31501419, PMID: 28813641, PMID: 25879280) following
the workflow in Fig. 1, resulting in the selection of ap-
proximately 33 pyroptosis-related genes. Transcriptomic
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profiles paired with clinical metadata for 541 ccRCC pa-
tients and 72 normal specimens were harvested from The
Cancer Genome Atlas (TCGA) database (https://portal.g
dc.cancer.gov/). The expression datasets GSE40435 and
GSE126964, which included 101 ccRCC samples and 55
ccRCC samples separately, were sourced from the Gene
Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.g
ov/geo/). GSE245372 includes 15 non-metastatic ccRCC
samples treated with neoadjuvant nivolumab to assess im-
munomodulatory response. Differential expression analy-
sis of TCGA data was executed using the ‘DESeq2’ pack-
age with a false discovery rate (FDR) <0.05. The study
found 20 genes with different expression levels in tumor
samples compared to normal ones. A univariate Cox anal-
ysis was employed to determine prognostic pyroptosis-
related genes (PRGs) associated with overall survival (OS)
(p < 0.05). Finally, a model for prognosis was formulated
using PRGs that showed both differential expression and
prognostic significance within the TCGA cohort.

2.2 Enrichment Analysis of Differentially Expressed
Pyroptosis-Related Genes

The delineation of differentially expressed PRGs (DE-
PRGs) distinguishing ccRCC from normal tissues was un-
dertaken utilizing R software, applying thresholds of |log2
(fold change, FC)| >0.5 and FDR <0.05. The functional
roles of these genes were analyzed using Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analyses. The enrichment analysis of DEPRGs for
biological processes (BP), cellular components (CC), and
molecular functions (MF) was executed using the R pack-
age ‘clusterprofiler’. The same methodological framework
was applied to perform KEGG enrichment analysis, with
statistical significance defined as a p-value less than 0.05.

2.3 Protein–Protein Interaction Analyses
Protein–protein interaction (PPI) data for DEPRGs

were retrieved from The Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING) database and visual-
ized using Cytoscape 3.9.0 (CA, USA, https://cytoscape.or
g) [18]. A high-confidence interaction score of >0.7 was
applied to define significant interactions.

2.4 Development of a Prognostic Model Using PRGs
To prevent overfitting, a prognostic model was formu-

lated using (least absolute shrinkage and selection opera-
tor, LASSO)-penalized Cox regression analysis on overlap-
ping PRGs, which was subsequently refined to identify key
genes. Patient risk scores were determined by applying the
formula: ∑(X J * coef J), where X j is the Z-score normal-
ized expression of eachDEPRG and coef J is its correspond-
ing coefficient. Patients were categorized into high-risk and
low-risk groups according to the median risk score from the
TCGA cohort.

2.5 Pyroptosis Prognosis Model Evaluation
Using the R package (Vienna, Austria, https://www.

r-project.org), we generatedKaplan-Meier plots to compare
survival and risk profiles between the two groups. Then
we investigated the correlation between clinicopathologi-
cal characteristics and risk scores utilizing the ‘Survival’
package to identify unique prognostic variables. Finally,
we used the ‘survivalROC’ package to construct receiver
operating characteristic (ROC) curves and calculated the
area under the curve (AUC) to determine the accuracy of
the model’s predictions. As a probability measure ranging
from 0.5 to 1, a higher AUC indicates superior predictive
accuracy, signifying, in this study, greater alignment be-
tween the actual and predicted OS.

2.6 Clinicopathological Data Combined With Pyroptosis
Risk Score Signature

Prognostic predictors related to ccRCC were identi-
fied, including clinical features and the established Pyrop-
tosis Risk Score. Univariate Cox regression analyzed the
link between OS and the Pyroptosis Risk Score, whereas
multivariate analysis determined its value as an indepen-
dent prognostic factor. Using the ‘rms’ package, a nomo-
gram was developed to comprehensively evaluate patient
survival by integrating the Pyroptosis Risk Score with
clinicopathological variables (age, sex, histologic grade,
and pathologic stage). Similarly, decision curve analyses
(DCAs) were performed over 1-, 3-, and 5-year spans to
assess the clinical utility of existing synthetic nomograms,
with the x-axis depicting the threshold probability percent-
age and the y-axis representing net benefit.

2.7 Analysis of Immune Cell Infiltration
Themarker genes were obtained for each of the 24 dif-

ferent immune cell types, according to a study by Bindea et
al. [19]. Using the single-sample gene set enrichment anal-
ysis (GSEA) method, the infiltration of 24 different types
of immune cells into the tumor was examined. The Xiantao
tool was used to analyze PRG expression, perform GSEA,
and explore ccRCC–immune system interactions, whereas
TISIDB was used to confirm the relationship between GS-
DMB and immune components, including cells, immunos-
timulators, and inhibitors [20].

2.8 Immunohistochemistry
A total of 13 patients surgically diagnosed with

ccRCC via pathological staining at our hospital were in-
volved in this investigation. The use of tissue samples was
permitted by all patients through written informed consent,
and the research protocol was approved by our institutional
review board (Approval No. 2025-MNWK-K-002). The
preserved paraffin blocks were retrieved and re-sectioned.
The slides were baked at 65 °C for more than 2 hours to
ensure tissue dryness. Then, the standard immunohisto-
chemistry procedure was followed. Briefly, after xylene
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deparaffinization, the slides were rehydrated using a gradi-
ent ethanol series. The slides underwent an antigen retrieval
system in EDTA buffer (pH 8.0) at 95 °C under high pres-
sure for 15 minutes, followed by a gradual cooling period.
Once the slides were removed, the tissue was circled us-
ing an immunohistochemistry pen. To quench endogenous
peroxidase activity, sections were exposed to 3% hydro-
gen peroxide and subsequently incubated with 5% bovine
serum albumin for 40 minutes to mitigate nonspecific bind-
ing. Following this, the tissue specimens were subjected to
an overnight incubation at 4 °C in the presence of the spec-
ified primary antibodies: GSDMB (1:400, 12885-1-AP;
Proteintech Group, Rosemont, IL, USA) and programmed
cell death protein 1 (PD-1) (1:500, 18106-1-AP; Protein-
tech). After removing the primary antibody, following a 30-
minute room temperature incubation with a secondary an-
tibody, the samples were stained using DAB, hematoxylin
counterstaining, dehydration, and mounting. The Digital
Slide Imaging System (DS-120/DS-600/PA-1100) was used
to perform digital slide scanning, with subsequent analy-
ses conducted using ImageJ software (National Institutes of
Health, Bethesda, MD, USA). Staining intensity was quan-
tified using the H-Score formula: ∑(pi × i) = (% of weak
intensity × 1) + (% of moderate intensity × 2) + (% of strong
intensity × 3).

2.9 Cell Culture

To functionally validate the prognostic gene identi-
fied from TCGA, we performed in vitro cell culture exper-
iments. These experiments were aimed at determining the
expression pattern of the target gene in ccRCC cell lines and
evaluating its effects on tumor cell proliferation, migration,
and invasion. HK-2, Caki-1,786-O, and A498 cell lines
were obtained from the American Type Culture Collection
located inManassas, VA,USA.HK-2 cells weremaintained
inDMEM/F-12medium provided byGibco,Waltham,MA,
USA. A498 cells were cultured in MEM (Procell, Wuhan,
China). Caki-1 and 786-O cells were cultured in RPMI
1640 medium (Gibco). All media included a supplement
of 10% fetal bovine serum from HyCyte, Suzhou, China,
and 1% penicillin/streptomycin from Invitrogen, Waltham,
MA, USA. Cells were incubated at 37 °C in a 5% CO2 in-
cubator. All cell lines were validated by STR profiling.
All cell lines were regularly checked for mycoplasma con-
tamination with a commercial detection kit from Vazyme
Biotech Co., Ltd., Nanjing, China, and were confirmed to
be free of mycoplasma.

2.10 Quantitative PCR

The EZ-press RNA Purification Kit (EZBioscience,
Houston, TX, USA) was used to extract total RNA from
these cells, following the instructions provided by the man-
ufacturer. IMPLEN GmbH’s Nanophotometer N50, lo-
cated in Munich, Germany, was employed to determine
the RNA concentration and purity. Subsequently, reverse

transcription was conducted with the Hifair® III 1st Strand
cDNA Synthesis SuperMix (Yeasen Biotechnology, Shang-
hai, China). The quantitative PCR (qPCR) reaction sys-
tem was prepared using ChamQ SYBR qPCR Master Mix
(Vazyme), cDNA, primers, and DEPC-treated water, and
was performed in a fluorescence qPCR detection system
(BIOR Technology, Hangzhou, China). Data were nor-
malized against GAPDH, with relative quantification de-
termined using the 2−ΔΔct formula. The primer sequences
(obtained from Sangon, Shanghai, China) were:

GSDMB: Forward primer (ATGTAGACT-
CAACGGGAGAGTT), Reverse primer (GTAGCCA-
GATACTGCTGGGATA);

GAPDH: Forward primer (CTCCTCAGTGCAT-
GTA), Reverse primer (GTTGAGCACAGGGTACTT-
TATTG).

2.11 Western Blot
Cell samples were lysed on ice for at least 10 minutes

with RIPA buffer (Beyotime, Shanghai, China) comprising
PMSF and a protease inhibitor, with intermittent shaking.
Following centrifugation at 12,000 ×g for 15 minutes at 4
°C, the resultant supernatant was extracted. Proteins were
quantified using the BCA Protein Assay Kit (GlpBIO Tech-
nology, Montclair, CA, USA), followed by normalization.
The samples were separated using 10% SDS-PAGE and
then transferred onto a 0.45 µm PVDF membrane. Proteins
were initially blocked at room temperature using a quick
blocking buffer from Epigentek, Farmingdale, NY, USA,
and then incubated overnight at 4 °C with primary antibod-
ies targeting GSDMB (1:1000, 12885-1-AP; Proteintech)
and GAPDH (1:50,000, 60004-1-Ig; Proteintech). Subse-
quently, the membrane was rinsed with 1× TBST and then
incubated with a secondary antibody for 1.5 hours at room
temperature. Signals were detected using the Ultra High
Sensitivity ECL Kit (GlpBIO, Shanghai, China) and im-
aged on the Vilber Imaging System (Collégien, Marne-la-
Vallée, France), with GAPDH serving as the internal refer-
ence.

2.12 Statistical Analyses
Results are displayed as the mean ± standard devia-

tion. Statistical analyses between pairs of groups were con-
ducted utilizing t-tests, while comparisons across multiple
groups were performed via one-way analysis of variance. A
p-value of less than 0.05 was used to determine statistical
significance. Pearson’s correlation was employed to exam-
ine the relationships between continuous variables. Uni-
variate and multivariate Cox proportional hazards regres-
sion analyses were performed to evaluate the association
between gene expression levels and patient survival. The
calculation of hazard ratios (HRs) included 95% confidence
intervals (CIs). Variables with a p-value under 0.05 from
the univariate analysis were incorporated into the multivari-
ate Cox model.
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Fig. 2. DEPRGs between ccRCC and normal tissues. (A) Volcano plot shows PRGs, where upregulated genes appear as red dots
and downregulated genes appear as blue dots. (B) Heatmap displays the differential expression pattern of PRGs, with red representing
upregulation and blue representing downregulation. (C) PPI network displays interactions between genes linked to pyroptosis. (D) Venn
diagram showing the 14 overlapping genes (AIM2, CASP5, ELANE, GSDMB, GSDMD, GSDME, IL6, NLRP6, NLRP7, NOD2, PJVK,
PYCARD, SCAF11, and TIRAP).

3. Results
3.1 Identification of DEPRGs in ccRCC

The study’s workflow is illustrated in Fig. 1. The
training set consisted of gene expression, prognosis, and
survival data from 541 patients with ccRCC and 72 nor-
mal samples. Based on DESeq2 analysis, 20 of 33 inves-
tigated PRGs were differentially expressed, defined by a
|log2 (fold change)| >1.2 and FDR <0.05. Analysis of pa-
tients with ccRCC revealed 14 upregulated and 6 down-
regulated genes, as shown by volcano plots and heatmaps.
(Fig. 2A,B,D). The PPI interaction network for these DE-
PRGs is shown in Fig. 2C.

3.2 Development of a Predictive Model Utilizing PRGs

Univariate Cox regression analysis (Fig. 3A) iden-
tified nine significant PRGs (p < 0.05): seven risk
genes (absent in melanoma 2 [AIM2], CASP5, GS-
DMB, GSDMD, NLR family pyrin domain containing
7 [NLRP7], nucleotide-binding oligomerization domain-
containing protein 2 [NOD2], and apoptosis-associated
speck-like protein containing a CARD [PYCARD]) and
two protective genes (SR-related CTD-associated factor
11 [SCAF11] and NLRP6). Three genes related to py-
roptosis were identified as significant prognostic markers
through multivariate Cox regression analysis: one risk fac-
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Fig. 3. Creation of a risk assessment model utilizing genes linked to pyroptosis within the TCGA cohort. (A) Differentially
expressed genes associated with pyroptosis were analyzed using univariate Cox regression, with statistical significance established at p <
0.05. (B) Genes identified from univariate Cox regression analysis were further examined utilizing multivariate Cox regression. (C) Box
plots depicting expression variations of PRGs, where red boxes represent tumor samples and blue boxes indicate control specimens. (D)
Parameter optimization through cross-validation within the LASSO regression model. (E) LASSO coefficient profiles. *** p < 0.001.

tor and two protective factors (Fig. 3B). Boxplots revealed
the significant upregulation of all nine genes associated
with pyroptosis (Fig. 3C). After performing univariate
Cox regression, LASSO regression was utilized to create
a prognostic model (Fig. 3D,E) using the specified PRGs:
AIM2, CASP5, GSDMB, GSDMD, NLRP7, NOD2, PY-
CARD, SCAF11, and NLRP6. The following formula was
used to calculate the prognostic index for each cancer sam-

ple: Risk score = Level of AIM2 expression × 0.142480436
+ Level of CASP5 expression × 0.238226528 + Level of
GSDMB expression × 0.408821333 + Level of GSDMD
expression × (–0.016482042) + Level of NLRP6 expres-
sion × (–0.145096111) + Level of NLRP7 expression × (–
0.630286614) + Level of NOD2 expression × 0.068539303
+ Level of PYCARD expression × 0.012641442 + Level of
SCAF11 expression × (–0.453262898). To assess how well
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Fig. 4. Verification of the risk model in the TCGA dataset. (A) Patients were stratified into two groups based on the median risk
score value. The survival status of patients with ccRCC in high- and low-risk groups is illustrated, with blue indicating survival and red
signifying death. The expression pattern of nine PRGs is presented through heat map visualization. The low-risk group is represented in
blue, and the high-risk subset is indicated in red. (B) OS depicted by Kaplan-Meier curves for patients categorized as high risk and low
risk. (C) ROC curve was applied to examine the predictive capability of the risk score.

the pyroptosis-related model predicts outcomes in ccRCC
patients, participants were categorized into high-risk and
low-risk groups according to the median risk score. The
high-risk group exhibited a higher mortality rate (Fig. 4A),
and a less favorable prognosis, as evidence by Kaplan-
Meier curves (HR = 2.69, 95% CI = 1.94–3.72; log rank p <
0.001) (Fig. 4B). Time-dependent ROC assessment showed
that the model’s predictive accuracy for OS reached 0.733,
0.686, and 0.736 at 1, 3, and 5 years, respectively (Fig.
4C). The model’s robustness was confirmed through vali-
dation in external cohorts (such as GSE40435, GSE126964,
and CPTAC), wherein GSDMB, GSDMD, PYCARD, and
SCAF11 also exhibited marked overexpression in ccRCC,
underscoring the predictive framework’s considerable sta-
bility (Supplementary Fig. 1). These findings confirm that
the PRG signature in the prognostic model accurately pre-
dicts ccRCC outcomes within the training cohort.

3.3 Clinical Utility of a Prognostic Risk Score Signature

We conducted both univariate and multivariate Cox
regression analyses to examine the prognostic value of the
established risk score signature. Univariate Cox regression
analysis indicated that age, risk score, histologic grade, and
pathologic stage, but not sex, were prognostic predictors
in TCGA-Kidney Renal Clear Cell Carcinoma (Fig. 5A).
Specifically, multivariate Cox regression analysis revealed
that the risk score is an independent predictor (HR = 1.660,
95% CI = 1.295–2.128; log-rank p < 0.001) (Fig. 5B).
DCA demonstrated that integrating the risk score signature
with established clinical parameters yields enhanced clini-
cal utility (Fig. 5C). These findings establish our risk score
signature as a reliable, innovative biomarker for predicting
prognosis.

Nomograms provide event probability predictions tai-
lored to individual patient profiles by simplifying com-
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Fig. 5. Nomogram for predicting the survival probability of patients with ccRCC. (A) According to univariate Cox regression
analysis, age, histological grade, pathological stage, and risk score were related to OS in patients with ccRCC. (B) The risk score was
independently linked to OS in patients with ccRCC, as demonstrated by multivariate Cox regression analysis. (C) DCA to assess the net
benefit of the risk score. The y-axis shows net benefit; the x-axis shows threshold probability. The ‘All negative’ line (grey horizontal
line) represents the strategy of treating no patients (net benefit = 0). The ‘All positive’ line (red dashed line) represents the strategy of
treating all patients. The model curve (blue line) represents the net benefit of using the risk score to guide clinical decisions. (D) To
predict 1-, 3-, and 5-year OS in ccRCC, the nomogram incorporates five factors: age, histological grade, sex, pathological stage, and
risk score. (E). DCA to evaluate the net benefit of the nomogram. The y-axis shows net benefit; the x-axis shows threshold probability.
The ‘All negative’ line (grey horizontal line) represents the strategy of treating no patients (net benefit = 0). The ‘All positive’ line (red
dashed line) represents the strategy of treating all patients. The model curve (blue line) represents the net benefit of using the nomogram
to guide clinical decisions.

plex statistical prediction models into single numerical es-
timates. They are extensively used for tumor prognosis. As
many clinical features have prognostic value in practice, we
developed a nomogram that incorporates multiple clinico-
pathological features as well as a risk score signature to ac-
curately assess patient prognosis. Fig. 5D illustrates how
individual variable scores can be calculated, and provides a
thorough assessment regarding the prediction of outcomes
of patients with ccRCC. The DCA curve (Fig. 5E) also con-
firmed that the nomogram provides improved clinical utility
when combined with multiple clinical characteristics.

3.4 Functional Enrichment Analysis

GO and KEGG analyses of the 20 DEPRGs in ccRCC
revealed their potential signaling pathways. Based on
BP analysis, DEPRGs demonstrated substantial enrich-
ment in cysteine-type endopeptidase activity activation,
which functions in apoptotic processes and interleukin-1
beta (IL-1β) generation. CC analysis identified the inflam-

masome complex as the most markedly altered pathway.
Within MF, significant enrichment manifested in cysteine-
type endopeptidase activity contributing to apoptotic pro-
cesses, cysteine-type peptidase activity, and cysteine-type
endopeptidase activity (Fig. 6A). The 10mostmarkedly en-
riched signaling pathways identified through KEGG analy-
sis are as follows: the NOD-like receptor signaling path-
way, Salmonella infection, legionellosis, pertussis, in-
fluenza A, Yersinia infection, shigellosis, cytosolic DNA-
sensing pathway, tuberculosis, and pathogenic Escherichia
coli infection (Fig. 6B). These findings indicate that PRGs
participate in BP beyond pyroptosis.

3.5 Prognostic Analysis of Nine PRGs in ccRCC

To investigate the importance of risk genes associated
with pyroptosis in different types of cancer, we examined
the relationship between TCGA patient OS and expression
of these model genes. We constructed an OS heatmap for
these genes (Fig. 7A) and performed Kaplan-Meier anal-
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Fig. 6. GO and KEGG enrichment analyses. (A) GO analysis was conducted on 20 genes with differential expression linked to
pyroptosis. The bar chart shows the top enriched GO terms in the BP, CC, and MF categories. (B) Top 10 KEGG pathways enriched
in the analysis of 20 differentially expressed genes linked to pyroptosis. Each column in the inner circle corresponds to an item. The
higher the column, the higher the reliability of the corresponding ID and the smaller the p-value. The outer ring represents the molecules
included in the entry, where molecules with a positive logFC are labeled as Up, and those with a negative logFC are labeled as Down.

ysis to evaluate the association with clinical outcomes in
patients with ccRCC. As shown in Fig. 7B–E, and Fig.
7G–I, the higher expression ofAIM2,CASP5,GSDMB,GS-
DMD, NLRP7, NOD2, PYCARD, and lower expression of
SCAF11, NLRP6 (Fig. 7J and Fig. 7F) were correlated with
a worse prognosis in patients with ccRCC.

3.6 Relationship Between GSDMB and Immune Molecules

The link between GSDMB levels and tumor-
infiltrating immune cells in ccRCC was analyzed using the
Xiantao tool (Shanghai, China, https://www.xiantao.love/).
The outcomes indicated a significant positive link between
GSDMB expression and various tumor-infiltrating lym-
phocytes (TILs), specifically cytotoxic cells, CD56bright
natural killer cells (CD56bright), and T helper cells (Fig.
8A). There were also significant negative correlations ob-
served between GSDMB expression levels and other TILs,
such as T gamma delta cells and mast cells. Similar results
were obtained upon analysis of the 28 immune-associated
TIL types in the TISIDB database (Fig. 8B). Using the
TISIDB database, we further investigated the relationships
between GSDMB expression and various immune indica-
tors, including both immune inhibitors and stimulators.
Fig. 8C shows the high positive correlation between
GSDMB expression levels and immunostimulatory factors
such as tumor necrosis factor receptor superfamily member
18 (TNFRSF18; r = 0.487), TNFRSF14 (r = 0.496),
cluster of differentiation (r = 0.311), and TNFRSF25 (r =

0.795). These results suggest that the infiltration of TILs
and immune molecules may be pivotal in determining
the outcomes of patients with ccRCC. Considering the
significance of immune checkpoint inhibition therapy for
individuals with ccRCC, the association between GSDMB
expression and different immune checkpoint markers
was investigated. As illustrated in Fig. 8D, GSDMB
expression exhibited a significant positive correlation with
lymphocyte activation gene 3 (LAG-3, r = 0.411), PD-1 (r
= 0.375), and cytotoxic T-lymphocyte-associated antigen 4
(CTLA-4; r = 0.479). Collectively, these results imply that
the gene signature associated with pyroptosis could affect
how patients with ccRCC respond to immunotherapy.

3.7 GSDMB Expression is Linked to T-cell Exhaustion
Infiltration Level in ccRCC

Using the TISIDB database, we investigated the link
between GSDMB and T-cell exhaustion in ccRCC, find-
ing a positive correlation between GSDMB expression and
PD-1. Consequently, immunohistochemical analysis con-
firmed this positive correlation (Fig. 9A). The expression
of GSDMB and PD-1 was markedly elevated in ccRCC tis-
sue relative to normal controls. GSDMB and PD-1 were
more highly expressed in ccRCC tissues compared to paired
normal kidney samples (p < 0.01; Fig. 9B,C), with a strong
positive correlation between GSDMB and PD-1 levels (Fig.
9D). Moreover, upregulated GSDMB correlated with in-
creased T-cell exhaustion infiltration. These findings, in-
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Fig. 7. Prognostic analysis of nine PRGs in ccRCC. (A) Construction of a heatmap for the genes associated with OS. Red boxes
represent the high expression of genes in this tumor type, associated with shorter OS, while blue boxes represent the low expression
of genes in this tumor type, associated with shorter OS. (B–J) Survival analysis was conducted to explore the relationship between the
expression of AIM2, CASP5, GSDMB, GSDMD, NLRP6, NLRP7, NOD2, PYCARD, SCAF11, and ccRCC.
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Fig. 8. Analysis of the link between immune infiltration and GSDMB level. (A) Link between GSDMB level and immune cell
populations. The color of the circle corresponds to the p-value, and the size of the circle corresponds to the absolute value of the correlation
coefficient. The higher the degree of correlation, the larger the circle. (B) Relationship between GSDMB levels and partial lymphocyte
immune infiltrationwas validated through the TISIDB database. (C) Associations ofGSDMB expressionwith immunostimulators (cluster
of differentiation 27 [CD27], TNFRSF14, TNFRSF18, and TNFRSF25). (D) Associations ofGSDMB expression with immunoinhibitors
(CTLA4, LAG3, PD-1, and CD160).

dicating higherGSDMBmRNA levels in ccRCC, were val-
idated by WB and qPCR (Fig. 9E). WB analysis also
demonstrated that ccRCC cells exhibit increased basal lev-
els of GSDMB protein (Fig. 9F).

4. Discussion
Recent research highlights the significant impact of

pyroptosis—a form of programmed cell death mediated
by CASP1 or CASP11—on cancer development [21,22].
PRGs play distinct roles across different cancer types.
While cellular destruction releases inflammatory mediators
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Fig. 9. Validation of the expression of GSDMB and the relationship between GSDMB and PD-1 levels in ccRCC tissues. (A)
Immunohistochemistry (IHC) of ccRCC and normal tissues. Scale bar = 25 μm (200×) or 100 μm (100×). (B) IHC scores of GSDMB
in ccRCC and normal tissues. (C) IHC scores of PD-1 across ccRCC and normal tissues. (D) Relationship between GSDMB and PD-1
levels as determined by IHC scores. (E) qPCR analysis of GSDMB in ccRCC cell lines (A498, Caki-1, and 786-O) and HK2 cells. (F)
WB analysis of GSDMB in ccRCC cell lines (A498, Caki-1, and 786-O) and HK2 cells. ns, not significant; ** p < 0.01; *** p < 0.001.
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that foster tumor growth, pyroptosis actively destroys tu-
mor cells, making it a valuable target for cancer prognosis
and treatment [23,24].

Despite the recent identification of many novel
biomarkers for ccRCC prognosis, this study represents the
first prognostic model specifically focused on pyroptosis.
We identified 20 DEPRGs between normal renal tissues
and tumor tissues. A novel risk prediction model was de-
veloped using LASSO Cox regression analysis, compris-
ing nine PRGs: AIM2, CASP5, GSDMB, GSDMD, NLRP7,
NOD2, PYCARD, SCAF11, and NLRP6. Several of these
genes are known to be involved in ccRCC or other cancers,
with GSDMB previously known as gasdermin-like protein.
This suggests that GSDMB could play an important role in
the metastasis and migration of cancer cells [25,26,27,28].
A number of articles have recently been published on the
role of GSDMB in the oncogenesis of numerous cancer
types, such as gastric cancer, cervical squamous cell car-
cinoma, and breast cancer [29,30,31].

Participants in the TCGA dataset were categorized
into high-risk and low-risk groups according to the median
risk value. Kaplan-Meier analysis indicated that patients in
the high-risk group had reduced survival rates. The signa-
ture’s predictive accuracy was evaluated using ROC analy-
sis. Multivariate Cox regression, illustrated in a forest plot,
confirmed the risk score as an independent prognostic factor
for the TCGA population. GO and KEGG pathway anal-
yses linked PRGs to IL-1β production, NOD-like recep-
tor signaling, and IL-1 synthesis, emphasizing the essential
function of the immune microenvironment in ccRCC pro-
gression. The established nomogram accurately predicted
the OS of patients with ccRCC, with calibration plots con-
firming the strong predictive alignment.

GSDMB expression showed a positive correlation
with multiple immune checkpoints, including CTLA-4,
LAG-3, and PD-1. Immune checkpoint inhibitors, focusing
mainly on PD-1, CTLA-4, and programmed death-ligand
1 (PD-L1), represent a significant advancement in cancer
immunotherapy [32]. CTLA-4, which is found on the sur-
face of T cells such as CD4+ helper and CD8+ cytotoxic
types, functions as an immune checkpoint to manage T-cell
activation and maintain immune homeostasis. Importantly,
the enhanced CD8+ responses observed with anti-CTLA-
4 therapy likely stem indirectly from CD4+ cell activation,
given that CTLA-4 is chiefly present on CD4+ helper cells
[33]. Tumors such as non-small cell lung cancer, RCC,
melanoma, head and neck cancer, bladder urothelial cancer,
and Hodgkin’s lymphoma can be treated using PD-1/PD-
L1 inhibitors, including nivolumab and pembrolizumab
[34]. Recent research indicates that IBI315, a bispecific
antibody targeting human PD-1 and HER2 (IgG1), com-
bats malignancies by inducing GSDMB-mediated pyropto-
sis within cancer cells [35]. Analysis of GSE245372 re-
vealed marked alterations in GSDMB expression preceding
and following neoadjuvant Nivolumab therapy in ccRCC

(Supplementary Fig. 2). Together, these findings identify
GSDMB as a pro-oncogenic factor in ccRCC that regulates
pyroptosis-related pathways, making it a promising thera-
peutic strategy.

VHLmutation or inactivation is one of the coremolec-
ular events in ccRCC andmay affect tumor metabolism, an-
giogenesis, the immune microenvironment, and inflamma-
tory responses through HIF-related pathways. By analyz-
ing the TCGA gene mutation data, we found no difference
in GSDMB expression between VHL wild-type and VHL
mutant ccRCC samples (Supplementary Fig. 3A); regard-
ing whether VHL status affects GSDMB and patient prog-
nosis, our analysis showed that under VHL status, GSDMB
expression still has predictive value for ccRCC prognosis
(p < 0.01) (Supplementary Fig. 3B); additionally, under
VHL status, the correlation between GSDMB and PD-1 ex-
pression remains strong (Supplementary Fig. 3C).

Although pyroptosis is a form of programmed cell
death that should theoretically eliminate tumor cells, our
finding that its elevated expression predicts a poorer prog-
nosis in ccRCC is not as contradictory as it seems. Sev-
eral non-mutually exclusive mechanisms can explain this
paradox. First, the high expression of PRGs might indicate
chronic inflammation rather than effective tumor cell py-
roptosis [36]. Persistent inflammasome activation leads to
the sustained release of IL-1b [37] and IL-18 [38], which
can promote tumor proliferation, angiogenesis, and metas-
tasis. Second, these genes show high expression levels in
tumor cells as well as in infiltrating immune cells, such as:
tumor-associated macrophages and neutrophils [39]. Thus,
their expressionmay indicate inflammatory tumormicroen-
vironment remodeling rather than direct tumor cell death.
Third, chronic pyroptotic signaling can contribute to im-
mune exhaustion by increasing the expression of immune
checkpoint molecules such as PD-L1, thereby impairing an-
titumor immunity [40].

Despite revealing the role of GSDMB in ccRCC, our
study still had limitations. First, the limited public database
of clinical data restricted our ability to conduct more in-
depth subgroup analyses. Second, the PRG signature was
developed and validated using retrospective cohorts from
public databases, lacking validation with real-world clin-
ical data. Finally, our investigation into GSDMB expres-
sion in ccRCC tissues was only preliminary. Future stud-
ies, including well-designed animal studies, are needed to
fully clarify GSDMB’s specific role, underlying mecha-
nisms, and impact on the immunotherapy response.

5. Conclusions
In this research, we created a predictive model uti-

lizing nine genes—AIM2, CASP5, GSDMB, GSDMD,
NLRP7, NOD2, PYCARD, SCAF11, and NLRP6—which
effectively predicted the survival outcomes for patients with
ccRCC.The results indicate that the identified genes might
be useful prognostic markers for OS in ccRCC patients.
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Furthermore, given its role in the tumor microenvironment,
combining pyroptosis-related strategies with immunother-
apy may offer a promising therapeutic strategy for ccRCC.
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