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Prostate cancer is one of the most common malignant tumors in men. Pyroptosis is
related to tumor immune infiltration and tumor microenvironment (TME) and has been
confirmed to be related to the progression of a variety of tumors. However, the
relationship between prostate cancer and pyroptosis, as well as TME and tumor
immune infiltration, has not been discussed yet. We obtained and combined the RNA-
seq data of prostate cancer from TCGA and GEO databases, analyzed the differential
expression of pyroptosis-related genes (PRGs), and divided them into two groups
according to the PRG expression level. The relationship between pyroptosis subtypes
and the TME of prostate cancer was further verified, and the differential expression
genes (DEGs) in the two subtypes were identified. The relationship between the DEGs
and clinicopathology was explored and KEGG and GO enrichment analysis was
conducted; it was found that most DEGs were enriched in immune-related
pathways. Then, we randomly divided datasets into training and testing sets,
performed the LASSO and multicox progression analysis, selected eight genes as
prognostic signatures and used the eight genes, calculated the risk score, and then
separated the entire cohort into high- and low-risk groups. The prognosis between two
groups and the 1-, 3-, and 5-year ROC curves of biochemical relapse (BCR) were
verified in training, testing, and the entire cohort, respectively. The TME, CSC index,
mutation, and drug susceptibility were also discussed.

Keywords: prostate cancer, pyroptosis, TME, TMB, prognosis, BCR

INTRODUCTION

Prostate cancer is the most common urology system malignancy tumor and the leading death cause
in men worldwide (Bray et al., 2018). In recent years, with the development of the economy and the
extension of the life span of the population, the incidence of prostate cancer in China has gradually
increased, especially among elderly men (Ha Chung et al., 2019). For the therapeutic strategy, we
mostly choose radical treatment, endocrine therapy, and other treatment methods based on the
patient’s disease progression. However, after radical treatment, about one-fourth to one-half of
patients still had PSA increase (Van den Broeck et al., 2019), namely biochemical relapse (BCR),
which is a precursor of local recurrence or distant metastasis of prostate cancer. Biochemical
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recurrence is a key node in the progression of prostate cancer;
after this event, the patients must be treated with salvage
treatments and the options for treatment are limited. Under
this situation, finding a new therapeutic target is needed to
improve the tumor treatment efficiency and prolong the
biochemical relapse-free survival of patients.

Pyroptosis is a type of programmed cell inflammatory necrosis
(Cookson and Brennan, 2001) and a type of programmed cell
death (Kovacs and Miao, 2017; Fang et al., 2020). It plays a key
role in the body’s anti-infection (Jorgensen et al., 2017) and
immune defense mechanism (Xu et al., 2018). Inflammation may
be one of the causes of prostate cancer (Nakai and Nonomura,
2013). Pyroptosis is related to the inflammatory response of cells,
and it participates in cell swelling and rupture, lysis of and the
release of inflammatory factors such as IL-8, causing a strong
inflammatory response. When cells were stimulated by certain
factors, inflammatory caspase-1 was activated and began to cleave
the Gasdermin (GSDM) protein family; then, the N-terminal
domain was released to recognize the cell membrane and formed
a certain tunnel leading to cell swelling, rupture, and induced cell
death (Zeng et al,, 2019). It also recruited immune cells to
enhance the inflammatory response and led to inflammatory
cell death. Recent studies have shown that pyroptosis genes play a
dual role in cancer cell progression and treatment. Inflammation
may lead to improper repair of the body and is related to the
occurrence and progression of tumors (Karki and Kanneganti,
2019). On the other hand, the induction of pyroptosis-related
genes in tumors will also inhibit carcinoma progression (Xia et al.,
2019).

This article focuses on the relationship between PRGs and
tumor immune infiltration during the biochemical relapse of
prostate cancer in order to find relevant prognostic signatures to
score the BCR risk of prostate cancer and better guide the clinical
applications in the future.

MATERIALS AND METHODS

Datasets

We downloaded the RNA-seq (fragments per kilobase million,
FPKM) and clinical data of prostate cancer from TCGA (https://
portal.gdc.cancer.gov) on December 6, 2021, which contained
489 prostate tumor samples and 49 adjacent-normal samples.
We also downloaded the RNA-seq and clinical information
including clinical T stage, G lesson score, BCR time, and BCR
status of prostate cancer from GEO (https://www.ncbi.nlm.nih.
gov/ geo/, ID: GSE70768, GSE11698). Then, we transformed the
FPKM values of TCGA-PRAD data into transcripts per kilobase
million (TPM). We also obtained the CNV (copy number
various) data of prostate cancer from the USUC Xena
(https://xena.ucsc.edu). All the prostate cancer mRNA
expression data of 489 TCGA tumors and two GEO datasets
were merged into an entire cohort and eliminated the batch
effects via applying the “Combat” algorithm. We excluded the
patients without the biochemical recurrence data; finally, a total
of 1,026 prostate cancer patients were enrolled in the subsequent
analyses.

Pyroptosis Genes in Prostate Prognosis

Consensus Clustering Analysis of

Pyroptosis-Related Genes in Patients
Fifty-two PRGs were collected from previous studies and the
MSigDB Team (REACTOME_PYROPTOSIS) (http://www.
broad.mit.edu/gsea/msigdb/).  According to the PRG
expression, we used “ConsensusClusterPlus” packages for
consensus clustering analysis and divided all the data into two
different subtypes. The hallmark gene set (c2.cp.kegg. v7.2) was
employed for the gene set variation analysis (GSVA).

Identification of DEGs and the Function

Annotation Analysis

The r package “limma” was performed to identify the DEGs
between the two subtypes PRGs (fold change > |2|, p < 0.05). To
further discuss the potential function of PRGs, the
“Clusterprofiler” package was employed to perform KEGG and
GO enrichment analysis.

Construction and Verification of the
Prognostic Model of Pyroptosis-Related

Genes

To assess the prognostic value of PRGs, we utilized a univariate COX
regression analysis to assess the DEG associated with biochemical
recurrence. The patients were grouped into gene clusters A and B for
subsequent analysis. All of the patients were randomly divided into a
training set (n = 467) and a testing set (1 = 467) in a 1:1 ratio, and the
training set was used to construct the risk score associated with
PRGs. LASSO was used to correct the risk of overfitting and
narrowed the DEGs gene range, leaving eight genes to develop a
prognostic model. The PRG score (risk score) was calculated by the
following formula: Risk score = X (Expi * Coefi) (Coefi denotes the
risk coefficient and Expi the gene expression). After risk calculation,
we divided the patients into low-risk and high-risk groups according
to the medium-risk value and then performed the survival analysis
and receiver operating characteristic (ROC) curves in the training
set. We also performed validation in the testing set and entire sets.

Real-Time Quantitative PCR
Paired tumor and adjacent nontumor samples of prostate cancer
tissues were obtained from the Beijing Hospital, Urology
Department. The samples were preserved in the Biological
Sample Center of Beijing Hospital and the Ethics Committee
of the Beijing Hospital permitted the use of samples in this study.
The total RNA was extracted with the trizol (Invitrogen,
America) reagent; the quantity and quality were evaluated via
spectrophotometry. Reverse transcription was conducted using
the reverse transcription system (A3500, Promega, America). We
used SYBR Green Premix Pro Taq HS qPCR Kit (Accurate
Biology) and MA-6000 real-time fluorescence quantitative
PCR Detection System to perform the RT-qPCR process. The
cycling conditions were 95°C for 10 min followed by 40 cycles of
95°C for 30 s, 60°C for 45 s, and 72°C for 45 min. The data analysis
was conducted using the 2;**“ method. The sequence of the
primers is listed in Supplementary Table S1.
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FIGURE 1 | (A) Somatic mutation of PRGs in prostate cancer. (B) Copy number variation of PRGs in prostate cancer somatic cells. (C) The localization of CNV in
chromosomes. (D) The differential expression of PRGs in tumor and normal tissues.
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Relationship of the PRG Score With
Prognosis Clinical Features, TME, CSC, and
Mutation

In order to explore the clinical values of the two gene clusters, we
compared patient characteristics including the tumor T stage,
Gleason score, and prognosis. The Kaplan-Meier curve was
generated with R packages “survival” and “survminer,” and the
biochemical relapse (BRC) difference between the two clusters
was determined. The ESTIMATE algorithm, a popular
enrichment algorithm, which was extensively utilized in
medical studies (Liu et al, 2021, 2022a, 2022b, 2022c), was
used to evaluate the immune and stromal scores of each
patient. We used the single-sample gene set enrichment
analysis (ssGSEA) algorithm to evaluate the immune cell
infiltration in the tumor microenvironment (TME). To assess
the proportion of tumor immune infiltrating cells in tumor TME,
the CIBERSORT algorithm was used in the low-risk and high-risk
groups. We explored the association between the risk scores of 23
infiltrating immune cells and eight BCR-associated pyroptosis-
related DEGs. In addition, we analyzed the relationship between
the CSC and two risk groups. To determine the somatic
mutations between the high-risk and low-risk groups, we
applied the “maftools” R package to explore the mutation
annotation format (MAF) from the TCGA database. We also
calculated the tumor mutation burden (TMB) score in the two
groups.

Statistical Analysis
All statistical analyses were performed with software R (version
4.1.2), and Prism 8.0. Statistical significance was set at p < 0.05.

RESULTS

The CNV and mRNA Alteration of PRGs in
Prostate Cancer

The flow chart of this research is shown in Supplementary
Figure S1. The somatic mutation incidence of total 52 PRGs
(Chen et al,, 2021; Ye et al., 2021; Zhuang et al., 2021) in prostate
cancer is shown in Figure 1A, and it was found that 73 prostate
cancer samples (15.08%) of TCGA occurred with pyroptosis-
related genes mutation, with TP53 having the highest mutation
frequency (11%) followed by NLRP3 (1%), TP63 (1%), and
NOD1 (1%). We also explored the copy number variation
(CNV) of PRGs in prostate cancer and found universal copy
number changes; the CNVs of GSDMD, GSDMC, HMGB],
CHMP4C, CHMP6, and NOD1 were increased, while those of
TP53, IL18, NLRP1, HBGBI1, GZMA, PJVK, CASP1, CASP5,
CASP4, and CHMP7 were decreased (Figure 1B). The
localization of CNV on chromosomes of each gene was also
analyzed (Figure 1C). Then, we observed the relationship of PRG
mRNA expression levels between tumor and normal tissues and
found that the CNV-decreased PRGs, such as IL18, NLRP1, and
PJVK, are highly expressed in the normal prostate tissue, while
the CNV-increased PRGs, like CHMP4C, are upregulated in the
tumor tissues (Figure 1D), suggesting that CNV may regulate the

Pyroptosis Genes in Prostate Prognosis

mRNA expression of PRGs. There are also a considerable number
of PRGs like TP53, CHMP2A, GPX4, GSMDA, and GSMDB, that
have opposite tendencies in mRNA expression and CNV trend. It
is suggested that CNV may relate to PRG mRNA expression. It is
known that the gene expression level is regulated by many factors,
and the opposite trend of CNV and mRNA expression may
involve other factors. The abovementioned results indicated that
there is a significant difference in the genetic landscape and
expression levels of PRGs in the tumor and normal samples,
indicating that PRGs may play certain roles in prostate cancer
progression.

Identification of Pyroptosis Subtypes and
Their TME Characteristics in Prostate

Cancer
We combined three different datasets (TCGA-PRAD,
GSE70768, and GSE116918) into an entire cohort

containing 1,026 patients. The Kaplan-Meier analysis was
performed, and the results showed the prognosis of partial
PRGs in prostate cancer (Figures 2A,B). Given the properties
of prostate cancer, we chose biochemical recurrence as a
prognosis indicator in this research; the pyroptosis network
diagram exhibited interaction between PRGs and prognostic
value in prostate cancer (Figure 2D). Next, we applied the
consensus clustering analysis to classify the entire cohort into
subtype A (n = 422) and subtype B (n = 604) based on the
mRNA expression of 52 PRGs (Figure 2C) and PCA showing
significant transcription profile differences between A and B
subtypes (Figure 2E). The Kaplan-Meier curve showed that
subtype A has a better survival probability than subtype B (p =
0.026; Figure 2F), and the two subtypes have no significant
link with the clinical T stage and Gleason score (Figure 2G). In
addition, the GSVA enrichment analysis revealed that
subtypes A are enriched in many signalings like the axon
guidance, nod-like receptor signaling pathway, leukocyte
transendothelial migration, and natural killer cell-mediated
cytotoxicity. (Figure 2H). To further understand the function
of PRGs in TME, we used the CIBERSORT algorithm to
evaluate the correlation between 23 human immune cell
subpopulations and two subtypes and found significant
differences in most immune cell infiltrates between the two
subtypes. The immune cells, like activated B cells, activated
CDAT cells, activated CD8T cells, and activated dendritic cells,
were highly infiltrated in subtype A, but the gamma delta
T cells, monocytes, and neutrophils were infiltered in subtype
B (Figure 2I).

Characteristics of Pyroptosis-Related
DEGs

To explore the underlying biological behavior of pyroptosis in
each subtype, we used the R package “limma” to identify 423
DEGs between the two subtypes and obtained functional
enrichment analysis results (Figures 3A-D). The KEGG
and GO analysis illustrated that DEGs were significantly
enriched in the immune-related physiological processes,
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FIGURE 2| (A,B) The survival analysis of some PRGs. (C) Consensus clustering analysis classifies patients into two subtypes. (D) Pyroptosis network diagram. (E)
PCA of two clusters. (F) Prognosis difference between subtypes A and B. (G) The heatmap reveals the relationship between clinical features and different subtypes. (H)
GSVA enrichment analysis between two subtypes. (I) Immune cell infiltrates between the two subtypes.
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indicating that pyroptosis may play a vital role in prostate
cancer immunomodulatory. We then performed univariate
Cox regression in 423 BCR-related DEGs and obtained 217
DEGs (p < 0.05) for subsequent analysis (Supplementary
Table S2). To further verify the regulatory mechanism, we

used the consensus clustering algorithm to divide the patients
into clusters A and B according to the prognostic results. The
survival analysis shows that cluster B has a higher incidence of
BCR events (p < 0.001; Figures 3E,F); however, the heatmap
showed the that Gleason score and clinical T stage have no
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significant meaning in different clusters (Figure 3G). The two
clusters showed significant differences in the expression of
PRGs; CHMP2A, CHMP4C, CYCS, CASP6, CASP8, GPX4,

and TIRAP have high expression levels in cluster B, suggesting
that these genes may associate with poor prognosis in prostate

cancer (Figure 3H).

Frontiers in Molecular Biosciences | www.frontiersin.org

June 2022 | Volume 9 | Article 850758


https://www.frontiersin.org/journals/molecular-biosciences
www.frontiersin.org
https://www.frontiersin.org/journals/molecular-biosciences#articles

Wang et al.

Pyroptosis Genes in Prostate Prognosis

A
IL7R COL22A1
c 30 * § 307 _I*
ie) 1 Il Normal ® Bl Normal
7] ]
o =1 Tumor £ B Tumor
a X 20—
X 20 w
< <
g Z
Z 4
& E 10
10 ()
2 2
s 3
& ol muma | @ o
C D
ZNF185 ZNF185
10 skkkok = 10+ ﬂl
_§ ] B Nomal .% Il Normal
8_
g 8 —‘7 = Tumor 'g_ —‘7 B8 Tumor
S X
X w 64
w - <
< 4
Z X 44
X 44 £
E )
(] 2 24
2 2 s
g : .l mm
g . lmml & o .
E
PTGS2 CLDN1
c 1.5 c 1.5 *
_% * Il Normal _% Il Normal
o | ! =3 Tumor 8 | =1 Tumor
o a o i
m 1.0 |1I< 1.0
s 3
x (4
£ 0.5 £ 0.5
2 2
s b
[) ©
© 0.0- T &€ 0.0- T
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Establishment of the Pyroptosis Prognosis
Model and Validation Based on

Pyroptosis-Related DEGs

The PRG score was established based on the pyroptosis-related
DEGs. Figure 4A presents the distribution of two subtypes, two
gene clusters, and two PRG score (risk score) groups. We
randomly divided the entire cohort into the training (n = 467)
and testing (n = 467) sets and performed LASSO analysis on 217
DEGs, previously obtained to further select the best prognostic
signatures. After LASSO regression, 15 BCR-associated genes were
selected (Figures 4B,C). Then, multivariate Cox regression
analysis was performed among the 15 BCR-related genes and

finally obtained eight genes (IL7R, COL22A1, ZNF185, PTGS2,
AOX1, SRD5A2, CLDN1, and RPPH1), including three high-risk
genes (PTGS2, CLDN1, and RPPHI1) and five low-risk genes
(IL7R, COL22A1, ZNF185, SRD5A2, and AOXl1)
(Supplementary Table S1). The risk score was calculated as
follows: Risk score = (—0.4686 * IL7R expression) + (—0.3143 *
COL22A1 expression) + (—0.6140 * ZNF185 expression) + (0.2191
* PTGS2 expression) + (—0.3185 * AOX1 expression) + (—0.6888 *
SRD5A2 expression) + (0.2849 * CLDNI1 expression) + (0.2189 *
RPPHI expression). Obvious risk score differences were observed
in the two clusters: cluster A had a lower risk score while cluster B
had a higher risk score (Figure 4D), and the distribution of risk
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scores for the two subtypes is shown in Figure 4E. We divided the
patients into high- and low-risk groups according to the median
risk score in both the training sets and found that the BCR
incidence positively correlated to the risk score (Figures 4F,G).
The risk heatmap showed that RPPH1, CLDN1, and PTGS2 are
upregulated as the risk score increases (Figure 4H). The survival
analysis revealed a significant difference between the high- and
low-risk groups in the training set (Figure 41, p < 0.001). The 1-, 3,
and 5-year BCR rates of the different risk scores in the training set
are represented by the AUC values in Figure 4J. The survival
analysis showed that the prognosis of the low-risk was significantly
better than that of the high-risk group, indicating that the PRG
score had an excellent ability to predict the BCR event occurrence
rate in prostate cancer.

Validation in Real Samples

We obtained 12-paired tumor and normal prostate cancer
tissues from the Beijing Hospital, Urology Department, and
performed the RT-qPCR. We found that the mRNA expression
of IL7R, COL22A1, ZNF185, and SRD5A2 were upregulated in
cancer tissues, while PTGS2 and CLDN1 were higher in
normal tissues (Figure 5), consistent with our previous
analysis.

Validation of the Prognostic Model in the

Entire and Testing Sets

To verify the prognostic prediction value of the risk model, we
performed the same steps in the entire set (Figures 6A-D)and
testing set (Figures 6F-I) and obtained the same meaningful
results as in the training set, the risk score plots, and survival
plots. The ROC curves of the entire cohort (Figure 6E) and the
testing set (Figure 6]) were performed to predict the sensitivity
and specificity of 1-, 3-, and 5-year BCR rates of different risk
scores; the AUC values of 1-, 3-, and 5-year BCR occurrence in
the entire cohort are 0.897, 0.776, and 0.713, respectively, and
0.815, 0.712, and 0.629 in the testing set, respectively.

Evaluation of TME in Different Risk Groups
We used the CIBERSORT algorithm to evaluate the relationship
between the risk score and immune cell abundance. Figures 7A-D
show that the risk score has a positive correlation with the T-cell
follicular helper and a negative correlation with the dendritic cell
resting, macrophages M2, and plasma cells. In addition, we assess the
TME scores including the stromal score, immune score, and
ESTIMATE score. The violin plot shows that the scores of the
low-risk group are significantly higher among the three TME scores,
higher stromal score, or immune score, indicating an abundant
relative concentration of stromal or immune cells in the prostate
tumor microenvironment, and the ESTIMATE score suggests the
aggregation of stromal or immune scores in the TME (Figure 7E).
We also evaluated the relationship between the finally selected eight
genes in the model and the abundance of immune cells and found
that the eight genes are significantly correlated with different
immune cells (Figure 7F). We then investigated the association
between PRGs and our risk model. Figure 7G shows the PRG

Pyroptosis Genes in Prostate Prognosis

expression in two risk groups, and most genes have significant
expression differences; the expression of CHMP4C, GPX4, CASP6,
and CHMP2A was increased in the high-risk group, and the others
expressed higher in the low-risk group.

The Relationship of Risk Score With the
CSC Index and Mutation

The risk score has a positive linear correlation with the CSC index
(Figure 8A, R = 0.65, p < 0.001), indicating that prostate cancer
cells with a high-risk score have higher stem cell characteristics.
According to previous studies, patients with high TMB may
benefit from immunotherapy, and our analysis of TCGA-
PRAD mutation found that the high-risk group has a higher
TMB (Figure 8B, p < 0.001) and the Spearman correlation
illustrated that the PRG risk score was positively related to
TMB (Figure 8C, R = 0.46, p < 0.001), which means that the
high-risk group may benefit from immunotherapy. Then, we
analyzed the distribution of the somatic mutations in two TCGA-
PRAD cohort risk groups. The top ten mutant genes in both the
high-and the low-risk groups are SPOP, TP53, TTN, KMT2D,
FOXA1, MUC16, KMT2C, SYNEI, SPTA1l, ATM, and PTEN
(Figures 8D,E). Compared with the low-risk scores, the high-risk
patients had higher mutation frequencies of SPOP, TP53, and
TTN, and lower mutation of KMT2D; the mutation frequencies
of PTEN, RYR2, and CSMD3B were almost similar between the
two risk groups (Figures 8D,E). In addition, we observed that
drugs like Rucaparib (Figure 8F) have a significantly higher IC50
in the high-risk score; in contrast, the IC50 of Elesclomol
(Figure 8G) evidently decreased in the high-risk score group.
This may suggest that PRGs have a close relationship with drug
sensitivity and may guide the chemotherapeutic or
immunotherapy in high TMB patients.

DISCUSSION

Pyroptosis is an emerging concept, and the caspases cleave
gasdermin D (GSDMD is a member belonging to gasdermin
family (Shi et al.,, 2015; Wang et al., 2017)). Pyroptosis plays an
indispensable role in inflammation, tumor immunity
modulation, and tumor progression. However, there are few
discussions about PRGs in prostate cancer. There are many
causes of prostate cancer, and inflammation plays a certain
role in the occurrence and progression of prostate cancer but
the mechanism is not yet clear. As a kind of programmed cell
death, pyroptosis causes excessive inflammation of cells when
the cell receives a stimulus, which subsequently causes the
recruitment of immune cells and results in cell death. Previous
studies have shown that pyroptosis plays different regulation
roles in tumor progression, either inhibiting or promoting, but
the role of pyroptosis in the progression of prostate cancer is
not yet known. Therefore, this article focuses on exploring the
role of PRGs in prostate cancer biochemical recurrence. We
construct a risk model to predict the biochemical relapse
events in prostate cancer. The results show many CNV and
mRNA alterations of PRGs in prostate cancer. According to
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the expression level of PRGs in prostate cancer, we have
identified subtypes A and B and explored the difference
between the two subtypes. We found that in the TCGA and
GEO databases, PRGs have significant prognostic predictive
ability, and the expressions of CASP8, CHMP4C, HMGBI,
GSDMB, GSDMC, ELANE, NLRP7, and other genes in
prostate cancer have a significant correlation with the BCR,
Also, subtype A has a better BCR-free survival rate, and it was
found that the two subtypes have significant immune

activation and related immune pathways are activated. We
then obtained the DEGs between subtypes A and B. After the
Lasso and multivariate cox regression analysis of the DEGs,
eight signatures were selected and the risk scores model was
constructed. Based on the median risk score, all prostate
cancer patients were divided into high- and low-risk groups.
The patients in the low- and high-risk groups represented
significantly different prognosis, mutations, TME and CSC
indexes, and drug sensitivity. Therefore, we envisage that the
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risk model can guide clinical decision-making in a targeted
manner in prostate cancer patients.

The TME is closely related to tumor progression (Hinshaw
and Shevde, 2019) and also plays an important role in the
metastasis and progression of prostate cancer (Zeng et al,
2006). In our study, according to KEGG and GO analysis, the
DEGs of subtypes A and B are enriched in the immune-related
pathway, and participated in the immune reaction of TME, like
the processes of inflammation, cell adhesion, and leukocyte
migration. Then we constructed the risk score model and
divided all data into the high- and low-risk group. After
that, we use the ESTIMATE algorithm to calculate the
stromal score, immune score, and ESTIMATE (immune/
stromal) score, and the results exhibit the poor prognosis
related to lower TME scores, that is a higher BCR event
rate. The predictive model established by eight PRG
signatures represented the low-risk group having a better
prognosis, and the 1-,3-, and 5-year AUC values of the
training set were 0.940, 0.844, and 0.805, respectively, and
the 1-,3-, and 5-year AUC values of the test set and entire
cohort also had ideal results. Therefore, this model is expected
to be applied to the assessment of biochemical recurrence of
prostate cancer patients.

In our risk model, we finally selected eight PRG signatures,
of which IL7R, COL22A1, ZNF185, SRD5A2, and AOX1 have
a positive correlation with the prognosis, while PTGS2,
CLDNI1, and RPPHI1 have a negative correlation with the
prognosis. Pyroptosis plays an important role in both
promoting and inhibiting cancer progression. On the one
hand, the release of a large number of inflammatory factors
caused by pyroptosis will promote the transformation of
normal cells into tumor cells (Karki and Kanneganti, 2019);
on the other hand, pyroptosis can induce the death of tumor
cells (Xia et al., 2019). II7R and COL22A1 are related to the
TME of lung cancer (Fan et al., 2021) and breast cancer
(Ademuyiwa et al., 2021), respectively. Zinc finger protein
185 (ZNF185) is a novel LIM domain gene and is rarely
expressed in most human tissues of the body; however, it is
most abundantly expressed in the prostate (Heiss et al., 1997;
Zhang et al., 2007). The expression level of ZNF15 has a
negative correlation with prostate cancer progression, and
the methylation of the 5'CpG islands of the ZNF185 gene
has a close relationship with metastasis of prostate cancer
(Vanaja et al., 2003). ZNF185 is verified in databases like
TCGA and GEO that are upregulated in the normal
prostate epithelial cells (Smirnov et al, 2018), ZNF185
mutation is associated with metastasis behavior in breast
cancer (Kroigard et al., 2018). Human steroid 5a-reductase
2 (SRD5A2) is related to the progression of prostate cancer and
benign prostatic hyperplasia (Xiao et al., 2020). It can catalyze
the conversion of testosterone to dihydrotestosterone, and
finasteride can inhibit the expression of ARD5A2 (Azzouni
et al., 2012; Robitaille and Langlois, 2020). A recent study has
found that the methylation of SRD5A2 is related to the
biochemical recurrence of prostate cancer, which may be
applied to predict the BCR (Horning et al., 2015). However,
the SNP rs73055188 at the AOX1 locus is related to the survival

Pyroptosis Genes in Prostate Prognosis

time of prostate cancer, and lower expression of AOX1 is
associated with early biochemical recurrence events (Li et al.,
2018). Also, the AOX1 CpG island methylation is highly
detected in prostate cancer and can be used as a prognostic
signature (Haldrup et al., 2013; Shui et al., 2016). According to
the previous literature, the positive prognostic values of
ZNF185, SRD5A2, and AOX1 are expressed in normal
tissues than in tumors, but their methylation levels in
tumor tissues are higher than those in normal tissues.
Therefore, methylation of PRGs may be a risk factor for the
prostate cancer prognosis. On the contrary, PTGS2, CLDNI,
and RPPH1 are negatively correlated with the prognosis of
prostate cancer.

PTGS?2 is the gene encoding COX2, and methylation of it is
an independent prognostic indicator of biochemical
recurrence in patients with local prostate cancer (Woodson
et al., 2006). The CpG island hypermethylation heralds an
increased  risk  of  prostate  cancer  recurrence
(Yegnasubramanian et al., 2004; Bastian et al., 2005; Phé
et al, 2010; Moritz et al., 2013), and inhibiting PTGS2 in
pancreatic cancer will reverse T-cell exclusion and sensitized
tumors to immunotherapy (Markosyan et al., 2019), indicating
that PTGS2 has a relationship with the tumor
microenvironment (TME) in certain cancer. CLDNI, as a
downstream gene of NF-«B, promotes
epithelial-mesenchymal transition of lung adenocarcinoma
(Guo et al, 2017). The high expression level of CLDN1 in
ovarian cancer is related to tumor invasion and recurrence,
and CLDN1 methylation can inhibit its expression level (Visco
et al, 2021), which means that CLDN1 may be a poor
prognosis factor in many cancer types, and methylation is a
protective ingredient, which is completely opposite to the five
genes that we have screened associated to a positive prognosis.
RPPH1 is a long noncoding RNA and facilitates cancer
development of many cancers like esophageal cancer (Li
et al., 2020) and breast cancer (Zhang and Tang, 2017) and
also receives mediated macrophages to promote the
proliferation and metastasis of colorectal cancer (Liang
et al., 2019).

All the data in this study are obtained from public
databases and without permission to obtain certain specific
clinical data, so there are some limitations in our studies. If
we could validate this conclusion from multiple clinical data
or conduct some prospective studies, simultaneously
including more clinical features related to prostate cancer,
such as the relationship between different drug treatments
and the expression level of PRGs, this article will be more
substantial.

CONCLUSION

Our study established and validated a risk model based on eight
pyroptosis-related genes, provided some evidence for predicting
the BCR of prostate cancer, and further proved that pyroptosis is
related to tumor immune cell infiltration in prostate cancer.
These genes may be important in guiding the application of
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prostate cancer immunotherapy and the prediction of BCR
events.
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