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Abstract 
Pancreatic cancer, a common digestive system malignancy, is dubbed the “king of cancers”. The role of pyrophosis-related 
genes (PRGs) in pancreatic cancer prognosis is yet unknown. In pancreatic cancer and normal tissue, we discovered 9 PRGs 
that are expressed differently in pancreatic cancer and healthy tissue. Based on the differential expression of PRGs, 2 clusters of 
pancreatic cancer cases could be identified. The 2 groups had significant disparities in total survival time. The prognostic model of 
a 5-PRGs signature was created using least absolute shrinkage and selection operator (LASSO) method. The median risk score 
was used to split pancreatic cancer patients in The Cancer Genome Atlas (TCGA) cohort into 2 groups: low risk and high risk. 
Patients classified as low-risk had significantly higher survival rates than those classified as high-risk (P < .01). The same results 
were obtained by validating them against the Gene Expression Omnibus database (P = .030). Cox regression statistical analysis 
showed that risk score was an independent predictor of overall survival in pancreatic cancer patients. Functional enrichment 
analysis revealed that apoptosis, cell proliferation, and cell cycle-related biological processes and signaling pathways were 
enriched. Additionally, the immunological status of the high-risk group worsened. In conclusion, a novel pyroptosis-related gene 
signature can be used to predict pancreatic cancer patient prognosis.

Abbreviations: DEGs = extracted differentially expressed genes, GEO = Gene Expression Omnibus, LASSO = least absolute 
shrinkage and selection operator, OS = overall survival, PC = pancreatic cancer, PCA = principal component analysis, PRGs = 
pyroptosis-related genes, ROC = receiver operating characteristic, TCGA = The Cancer Genome Atlas, t-SNE = t-distributed 
stochastic neighbor embedding.
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1. Introduction

Pancreatic cancer (PC) is a highly severe and malignant tumor 
of the digestive system with an inferior prognosis, and its mor-
bidity and mortality have risen considerably in recent years.[1] 
According to data released by the American Cancer Society 
in 2019, PC-related mortality is the fourth highest among all 
malignancies.[2] Moreover, in recent years, lifestyle changes in 
developing countries, such as increased smoking rates, increased 
intake of high-calorie foods, and lack of physical activity, have 
led to a gradual increase in PC mortality.[3] Due to the insid-
ious onset of PC, the initial stage often lacks specific clinical 
symptoms and indicators, and the high malignancy progresses 
rapidly. Thus, most patients are in advanced stages when they 
are admitted to the hospital. Complete tumor resection remains 
the most important treatment for PC, but only 15% to 20% 
of patients are able to undergo immediate surgery at initial 

diagnosis.[4] Even after tumor resection, the long-term survival 
of patients remains limited, and surgical resection plus adjuvant 
chemotherapy is currently the main treatment option.[5] Given 
the limits of current PC therapy, innovative targeted treatments 
and credible novel prognostic models are urgently needed to 
help patients live longer.

Pyroptosis is a relatively recent kind of cell death that is char-
acterized by the creation of intracellular holes mediated by gas-
dermin family proteins, which cause cell swelling and rupture, 
the release of inflammatory mediators such as interleukin (IL)-1β, 
IL-18, and high mobility group box protein 1, and inflamma-
tory responses.[6] It is now clear that gasdermin family proteins 
are the sole executors of cell pyroptosis, and activation of their 
N-terminal structural domain is sufficient to induce cell mem-
brane pore formation and lead to the onset of pyroptosis.[7,8] The 
characteristic changes in the nucleus after the onset of pyropto-
sis are similar to those of apoptosis, such as nuclear crinkling 
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and chromatin deoxyribo nucleic acid breakage and degrada-
tion.[9] When pyroptosis occurs, numerous pores appear in the 
cell membrane, causing permeable cell swelling, and the swollen 
cells eventually disintegrate, releasing a large amount of cellular 
inflammatory contents and rapidly stimulating the inflammatory 
response of the organism. Initially believed to be a critical mech-
anism in the anti-infection response, a rising amount of research 
has demonstrated that it is critical in the formation of malig-
nancies.[10,11] Gasdermin D (GSDMD), a key protein involved in 
pyroptosis, may inhibit proliferation of gastric cancer cells by 
inhibiting the extracellular signal-regulated kinase, signal trans-
ducer and activator of transcription 3, and phosphatidylinosi-
tol 3-kinase (PI3K) pathways, and consequently the CyclinA2/
cyclin-dependent kinase 2 complex, leading to cell cycle S/
G2 phase arrest.[12] Moreover, it has been found that malignant 
tumor cells stimulated by apoptosis-inducing chemotherapeutic 
drugs can inhibit tumor growth by activating the apoptosis regu-
lator-BAX/caspase-3/Gasdermin-E signaling pathway to shift the 
cells from performing apoptosis to pyroptosis.[13]

With the continuous research, it is found that pyroptosis plays 
an important role in both the development of tumors. Pyroptosis 
on tumorigenesis as well as treatment is a hot topic of research 
in recent years. However, the prognostic value of pyroptosis-re-
lated genes (PRGs) in pancreatic cancer has not been elucidated. 
Therefore, we evaluated the expression of PRGs in normal and 
pancreatic cancer organs using bioinformatics tools to investi-
gate their prognostic significance and the relationship between 
pyrogenesis and tumor immune status.

2. Materials and Methods
Because the data used in this study were collected from a pub-
lic database, no ethical approval or patient permission was 
necessary.

2.1. Acquiring and preparing data

The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.
gov/repository) database was used to retrieve RNA-sequence 
data for 182 samples and their associated clinical characteristics. 
Perl software was used to organize the downloaded transcrip-
tome data and extract relevant clinical data. We got the external 
validation cohort’s RNA-sequence data and survival informa-
tion from the Gene Expression Omnibus (GEO) (https://www.
ncbi.nlm.nih.gov/geo/) database. The transcriptomic data of the 
GSE57495 database deposited by Chen et al[14] included tissue 
samples from 63 patients with PC. The data analysis was stan-
dardized using the R 4.04 software package “limma”.[15]

2.2. Identification of PRGs

Through a literature review,[16–20] we extracted 52 PRGs. TCGA 
PC genes were intersected with the genes to obtain PC-associated 
PRGs using R software. Differential expression analysis of these 
PRGs was performed according to the splitting criteria: P < .05 
and |log FC| >1. These PRGs were visualized on heat maps 
drawn using R. The PRGs were entered into the STRING data-
base[21] to develop a protein–protein interaction (PPI) network.

2.3. Analysis of consensus clustering

We conducted a consensus clustering study on PRGs using the R 
4.04 software package “ConsensusClusterPlus”.[22] The K-means 
algorithm was used in conjunction with the Spearman distance 
to produce clustering. The maximum number of clusters was 
set at nine. To explore the differences and stability among the 
different clusters, we performed survival analysis and differen-
tial analysis of clinical features in the clusters. The results are 
presented using a heat map and Kaplan–Meier (KM) curves.

2.4. Screening for prognostic-related PRGs

PRGs and TCGA survival data (survival time and survival status) 
were merged using the R software “limma” package. The connec-
tion between each PRGs and the TCGA cohort’s survival status 
was determined using Cox regression analysis. Values with P < .05 
were considered to be associated with prognosis, and a hazard 
ratio (HR) > 1 represented a negative association between the gene 
expression and prognosis, while HR < 1 represented the opposite.

2.5. Developing and validating prognostic model

TCGA data were used as the training group to construct the 
prognostic model, and the GEO data were used as the test group 
to verify the accuracy of the model. On the basis of these pre-
dictive PRGs, we performed the least absolute shrinkage and 
selection operator (LASSO)-Cox regression analysis (R pack-
age “GLMNET”)[23] to identify the candidate genes and build a 
prognostic model, which was based on these genes. To calculate 
the risk score, apply the formula below:

Risk Score =
5∑
i
Xi× Yi (X: Coefficient values, Y: gene 

expression values).
According to the risk score, TCGA and GEO patients were 

categorized into low-risk and high-risk subgroups, and the over-
all survival (OS) times of the two subgroups were compared 
using KM analysis. For predicting the prognostic model’s preci-
sion, principal component analysis (PCA), t-distributed stochas-
tic neighbor embedding (t-SNE), and time receiver operating 
characteristic analysis (ROC) were used in conjunction with the 
“survival”, “survminer”, “tsne”, and “time ROC” R packages in 
the R 4.04 software. Finally, we utilized Cox regression analy-
ses, both univariate and multivariate, to evaluate if the risk score 
could be employed as an independent prognostic factor.

2.6. Functional enrichment analysis

The extracted differentially expressed genes (DEGs) in high- and 
low-risk categories of the TCGA and GEO cohorts were screened 
using the R program “limma”. The “clusterProfiler” program in 
R software was used to conduct Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) analysis on these 
DEGs.[24] The single-sample gene set enrichment analysis (ssGSEA) 
was utilized to generate the scores of immunological cells and func-
tions to assess immunological disparities across risk groups.

3. Results

3.1. Identification of PRGs

The levels of expression of 52 PRGs were compared in the TCGA 
cohort (4 normal samples and 178 tumor samples). Among 
them, we identified nine differentially expressed PRGs of which 
seven (NLRC4, NLRP3, NOD2, PLCG1, PRKACA, TNF, and 
GZMA) were downregulated, while 2 (CHMP4C and CYCS) 
were upregulated (Fig. 1A). Based on PRGs, we performed a PPI 
as well as a correlation analysis of expression levels (Fig. 1B, C).

3.2. Classification of tumor

We observed 2 alternative cluster patterns based on PRG expres-
sion levels in a TCGA cohort of 178 patients with PC using the 
unsupervised clustering approach (Fig. 2A). In the typing heatmap 
(Fig.  2B), most genes were shown to be upregulated in cluster 
1 and characteristics cliniques, including tumor grade, age, sex, 
stage, and tumor, node, metastasis, classification, showed no dif-
ference between the 2 clusters. Significant differences in OS time 
were compared between the 2 clusters, with cluster 2 outperform-
ing cluster 1 in survival time (Fig. 2C).

https://portal.gdc.cancer.gov/repository
https://portal.gdc.cancer.gov/repository
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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3.3. Construction of a prognostic model in TCGA

First, we screened 17 PRGs with prognostic value by perform-
ing univariate Cox regression analysis. Based on the optimal 
λ-value, LASSO-Cox regression analysis was performed, and 
eventually, 5 PRGs (Fig. 3A, B) were screened to develop a prog-
nostic model.

Risk score = (0.206 × CHMP4C expression)

+ (0.235 × BAK1 expression)

+ (0.245 × IL18 expression)

+ (0.068 × TP63 expression)

+ (0.113 × NLRP2 expression)

Patients in the training model were separated into low- and 
high-risk categories in accordance with their median risk score. 
The OS curves demonstrated that patients with PC who were 
classified as high-risk had a lower likelihood of survival than 
those classified as low-risk (P < .01, Fig.  3C). The area under 
curve predictive values of the training model for 1, 3, and 5 
year survival rates were 0.800, 0.805, and 0.721, respectively 
(P < .01, Fig. 3D). The risk graph (Fig. 3E, F) showed that as 
the risk factor rose (from left to right), the number of patients 
who died also went up. PCA and t-SNE analysis revealed that 
these signatures were well-distinguished between patients with 
different risk scores (Fig. 3G, H).

3.4. Validation of the prognostic model on GEO database

Transcriptome data in the GEO database was normalized 
and then combined with the survival data. Thirty patients 
were classed as low-risk, while 33 were classified as high-risk, 

according to the training group’s risk score. Following that, the 
GEO cohort was utilized to verify the TCGA cohort’s prog-
nostic model. The KM survival curve showed that patients in 
the high-risk group had shorter survival times than those in 
the low-risk group (P = .030, Fig. 4A). Moreover, ROC curves 
(Fig. 4B) showed that the 1-, 2-, and 3-years of survival times 
were 0.741, 0.683, and 0.705, respectively. These results were 
similar to those of the training group, confirming the good pre-
dictive efficacy of TCGA cohort model. The results of the risk 
curve, survival time, PCA, and t-SNE (Fig. 4C, D, E, F) of the 
test group showed the same results that were obtained in the 
training group.

3.5. Independent prognostic value of the risk score

The risk score was an independent predictor of OS in the 
training group, according to univariate Cox regression analy-
sis (HR = 9.095 [5.061–16.341], P < .001, Fig. 5A). Even after 
adjusting for potential confounding factors, the risk score 
remained a significant predictor of OS in multivariate Cox 
regression analysis (HR = 8.094 [4.501–14.553], P < .001, 
Fig.  5B). In addition, the genes and clinical traits in TCGA 
cohort model were used to construct heat maps of the high- and 
low-risk groups (Fig. 5C). The heat map showed no differences 
in clinical traits in the high- and low-risk groups.

3.6. Analysis of enrichment function

Using the “limma” R package, we retrieved DEGs from TCGA 
and GEO different risk groups using the screening criterion. We 
conducted GO enrichment and KEGG pathway analyses to bet-
ter understand the biological activities and pathways linked to 

Figure 1. The nine differentially expressed PRGs and the interactions among them. A. Heatmap of the nine PRGs between the normal and the tumor tissues 
(red: high expression level; blue: low expression level), (*P < .05; **P < .01). B. The correlation network of the nine PRGs (red line: positive correlation; blue line: 
negative correlation). C. PPI network of the PRGs (interaction score = 0.9).PPI = protein-protein interaction, PRGs = pyroptosis-related genes.
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Figure 3. Prognostic model for the TCGA cohort. A. LASSO regression cross-validation. B. LASSO coefficients profiles of 5 genes. C. Kaplan–Meier curves. 
D. AUC of time-dependent ROC curves. E. PCA plot. F. t-SNE analysis. G. PC patient distribution. H. The survival distribution of PC patients.AUC = area under 
curve, LASSO = least absolute shrinkage and selection operator, PC = pancreatic cancer, PCA = principal component analysis, ROC = receiver operating char-
acteristic, TCGA = The Cancer Genome Atlas, t-SNE = t-distributed stochastic neighbor embedding.

Figure 2. Tumor classification based on the pyroptosis-related DEGs. A. Patients with PC from TCGA cohort were grouped into 2 clusters. B. Heatmap for 
DEGs and clinicopathological characters between two clusters. C. Kaplan–Meier OS curves for the two clusters.DEGs = extracted differentially expressed 
genes, OS = overall survival, PC = pancreatic cancer, TCGA = The Cancer Genome Atlas.
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risk score. GO enrichment indicated that the most enriched bio-
logical processes, cellular components, and molecular function 
were organelle fission, cell junction assembly, cell-cell junction, 
collagen-containing, and channel activity (Fig.  6A, C). KEGG 
pathway analysis was mainly enriched in signaling pathways 
such as the PI3K/AKT, Ras, and p53 signaling pathways and the 
cell cycle (Fig. 6B, D).

3.7. Comparison of the immune state

We used ssGSEA to score immune activity in TCGA and 
GEO cohorts. Based on the scores, 16 immune cells and 13 
immune-related functions were further analyzed for the two 
low- and high-risk samples, and the results are presented as 
box plots. The low-risk subgroup of TCGA cohort (Fig. 7A) 
generally had higher levels of immune cell infiltration, espe-
cially in CD8 + T cells, mast cells, neutrophils, T helper 
cells, and tumor-infiltrating lymphocytes, than the high-risk 
subgroup. Eight immunological pathways, including antigen 
presenting cell co_stimulation stimulation, cytolytic activity, 
T-cell co-inhibition, T-cell co-stimulation, type I and II inter-
feronI response, major histocompatibility complex class I, 
and parainflammation, exhibited variations in the high- and 
low-risk groups (Fig.  7B). Finally, our investigation of the 
immunological state of the GEO group yielded comparable 
results (Fig. 7C, D).

4. Discussion
In the present study, we began by elucidating the expression 
and prognostic significance of PRGs in PC. Differences in the 
expression levels of nine of these PRGs were found. A con-
sensus cluster analysis of these PRGs yielded 2 clusters that 
did not differentiate in clinical characteristics but showed sig-
nificant differences in OS time. We used Cox univariate anal-
ysis and LASSO-Cox regression to create a prognosis model 
for 5 PRGs (BAK1, CHMP4C, IL18, TP63, and NLRP2) to 
further investigate their prognostic significance. According 
to risk scores, patients were divided into high- and low-risk 
groups, and the models were verified using an external data-
set. The results demonstrated a significant difference in over-
all survival time between patients in the high- and low-risk 
groups; specifically, the low-risk group had a significantly lon-
ger survival time than the high-risk group. Furthermore, the 
risk score has the potential to be employed as an independent 
prognostic indicator. Between the low- and high-risk groups, 
DEGs were shown to be connected with apoptosis, the cell 
cycle, and immune-related pathways, according to the results 
of enrichment analysis. Finally, we observed that, when com-
pared to the low-risk group, the high-risk group had fewer 
levels of invading immune cells and lower levels of activation 
of immune-related pathways.

BAK1, a member of the Bcl-2 family, is induced by the recep-
tor apoptotic protease in the chitin signaling pathway, which 

Figure 4. Prognostic model validation in the GEO cohort. A. Kaplan–Meier curves. B. AUC of time-dependent ROC curves. C. PCA plot. D. t-SNE analysis. E. 
PC patient distribution. F. The survival distribution of PC patients.AUC = area under curve, GEO = Gene Expression Omnibus, PC = pancreatic cancer, PCA = 
principal component analysis, ROC = receiver operating characteristic, t-SNE = t-distributed stochastic neighbor embedding.
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inhibits the activity of this receptor kinase and promotes apop-
tosis.[25] Liu et al found that BAK1 is activated to form protein 
pore channels in mitochondria, which releases cytochromes and 
induces apoptosis.[26] Several studies have reported that BAK1 
is a major cytokine receptor-mediated signal transduction path-
way that is widely involved in tumor cell proliferation, differen-
tiation, and apoptosis.[27–29]

Furthermore, CHMP4C is also a member of the charged mul-
tivesicular body protein family, which is a component of the 
endosomal sorting complex required for transport III (ESCRT-
III).[30,31] ESCRT-III has a function in the cytoplasmic division 
of daughter cells, and its extracellular vesicles are engaged in a 
variety of events, including cancer genesis and progression.[32] 
CHMP4C has been shown to play a role in many cancers, such 
as lung and cervical cancer.[33,34] In our study, CHMP4C appears 
to be an oncogenic gene because it is highly expressed in tumor 
tissues and high-risk tissues.

Additionally, IL18 belongs to the IL-1 family and is a wide-
spread pleiotropic cytokine. When synthesized intracellularly, 
IL18 is a precursor protein of molecular weight. It is then edited 
by caspase-1 to become a mature, active protein of molecu-
lar weight which is secreted extracellularly. IL18 is activated 
and released from cells and can cause adhesion and aggrega-
tion of inflammatory cells and amplify the tissue inflammatory 
response, which is known to be the main mechanism of pyro-
ptosis.[35] It has been reported that IL18 has a tumor-promoting 
effect,[36] but its mechanistic relationship with PC is unclear. In 
the present study, IL18 was highly expressed in the high-risk 
group.

TP63 is an important constituent of the p53 gene family and 
has a similar structure and function to p53; however, tp63 has 
different isoforms, giving it a more complex biological func-
tion.[37] In particular, tp63 is closely associated with processes, 

such as cell cycle regulation, cell development, and apoptosis, 
and the roles of different tp63 isoforms in the proliferation and 
apoptosis of tumor cells differ. For example, hepatocellular car-
cinoma Hep3B cells, transduced with the adenovirus-transduced 
TAp63α gene underwent apoptosis in a dose- and time-depen-
dent manner. Moreover, in gastric cancer MKN28 cells, the 
downregulation of ΔNp63α expression inhibited tumor cell 
proliferation and induced apoptosis.[38] In recent years, it was 
found that ΔNp63α enhances the tolerance of cisplatin-induced 
apoptosis of PC cells to chemotherapeutic drugs.[39] In this study, 
TP63 was highly expressed in the high-risk group, suggesting 
that this gene may be detrimental to the prognosis of patients 
with PC.

NLRP2 is a member of the family of intracytoplasmic pattern 
recognition receptors, NLRPs, which are cytoplasmic proteins. 
NLRP2 research in tumors is limited; however, we identified it 
as a prognosis-related PRG in PC, and it was highly expressed 
in the high-risk group. Prognosis-related PRGs are able to influ-
ence cancer development by regulating processes such as apop-
tosis, pyroptosis, and inflammatory factor release; however, 
their specific role in PC is unclear. In the present study, we found 
that prognosis-related PRGs are closely related to the prognosis 
of PC and may be important regulators of PC development.

DEGs are primarily implicated in biological processes and 
signaling pathways associated to apoptosis, cell prolifera-
tion, and the cell cycle, such the PI3K/AKT signaling pathway, 
according to an analysis of DEG enrichment across various 
risk groups. Cell proliferation, survival, transformation, adhe-
sion, and extracellular matrix breakdown are all regulated by 
the PI3K/AKT signaling system, which plays a role in cancer 
and development.[40,41] In terms of immune analysis, lower levels 
of four immune cells in the high-risk group of TCGA cohort 
indicated impaired immune function, which was validated in 

Figure 5. TCGA cohort Cox regression analysis. A. Univariate Analysis. B. Multivariate analysis. C. Heatmap for the clinical-pathological features-risk groups 
relationship.TCGA = The Cancer Genome Atlas.



7

Xu et al. • Medicine (2022) 101:41 www.md-journal.com

Figure 6. Functional enrichment analysis. (A, B) The TCGA cohort’s GO enrichment and KEGG pathways (The color of the bubbles represents the P value, while 
the size denotes the number of genes). (C, D) GO enrichment and KEGG pathways in the GEO cohort.GEO = Gene Expression Omnibus, GO = Gene Ontology, 
KEGG = Kyoto Encyclopedia of Genes and Genomes, TCGA = The Cancer Genome Atlas.

Figure 7. Immunological cells and pathways between low- and high-risk group. (A, B) Comparison of 16 types of immune cells and 13 immune-related pathways in 
the TCGA cohort. (C, D) Comparison for the GEO cohort. (*P < .05; **P < .01; ***P < .001).GEO = Gene Expression Omnibus, TCGA = The Cancer Genome Atlas.
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the GEO cohort. Moreover, immune function status analysis 
showed that the high-risk group was associated with impaired 
antitumor immunity. Specifically. the proportion of cytolytic 
activity, T cell co-inhibition, T cell co-stimulation, and type II 
interferonI response was lower in the high-risk group of TCGA 
cohort, suggesting that the anti-tumor immune function was 
impaired in this group. Based on these findings, poor survival 
outcomes in high-risk patients may be caused by reduced levels 
of antitumor immunity.

There have been few research examining the involvement of 
pyroptosis in the pathophysiology of PC. We were the first to 
study the prognostic utility of PRGs, laying the groundwork 
for further research. However, this research has certain limita-
tions: The prognostic model established by PRGs is based on the 
clinical data and gene expression profile of TCGA, a publicly 
available database, and must be validated using our own clinical 
data; The prognostic model incorporates only PRG expression 
levels, and thus many genes associated with PC prognosis may 
be excluded.

5. Conclusions
Risk scores generated based on the risk profile of five PRGs 
were independent risk factors for predicting PC in TCGA and 
GEO cohorts. The model has good predictive value for PC prog-
nosis and may provide a basis for individualized treatment and 
prognostic assessment of patients with PC.
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