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Abstract
Background:Gastric cancer (GC) is one of the most frequent malignancies and has a great degree of
heterogeneity. Creating a particular predictive model is critical to enhancing treatment options. Reaction
to H.pylori may cause Pyroptosis, a signi�cant carcinogen; in addition, the treatment in response to
chemotherapy medications. However, In this study, We found that 17 pyroptosis-regulating proteins were
produced differently in gastric tissue that had developed tumors and GC cells.

Results:The prognostic signi�cance of each pyroptosis-related gene was examined using the Cancer
Genome Atlas (TCGA) cohort. Shrinkage-selection operator (LASSO) was applied to provide a better result
for the regression technique. GC patients in the TCGA cohort were classi�ed as low- or high-risk based on
their gene pro�le. Low-risk GC patients had an increased chance of survival than high-risk individuals (P <
0.0001). A subgroup of GC patients from a GEO cohort was separated based on their overall survival (OS)
time. Overall survival time for low-risk patients was more signi�cant (P = 0.0063).

Conclusions:The GC risk score was discovered to become an independent predictor of the overall survival
(OS) in patients with GC. A gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
analysis found that genes involved in a high-risk group had much higher concentrations of the immune
system, and the state of immunity was shown to be reduced in this group. The cancer immune response
is intricately linked to pyroptosis genes, and they could be utilized to predict the prognosis of GCs.

Background
Gastric cancer is the third most common cause of cancer death globally [1]. There are an estimated one
million new cases of GC diagnosed every year[2]. This illness is typically discovered in advanced stages,
and alterations in the tumor microenvironment (TME) might result in broad tumor heterogeneity.
Furthermore, there is a great deal of variation in how GC individuals respond to treatment. As a result, the
outlook has not improved [3]. Cellular in�ammatory necrosis, also known as Pyroptosis, is a rare kind of
programmed cell death[4]. Pyroptotic cells feature a lot of bubble-like protrusions and a lot of cellular
swelling. Under the light of an electron microscope, pyroptotic cells may be observed forming a high
number of vesicles initially. Following the formation of these vesicles, The cell membrane develops holes,
which break, allowing the contents to escape[5]. N- and C-terminal cross-sectional structural domains,
deactivation of the N-terminal activating domains, which attach to lipid membranes, phosphatidylinositol,
is a feature of proteins in the Gasdermin family cardiolipin and localize to cell membrane pores[6,7].
These 10- to 20-nm hole-forming cellular gasdermin family members initiate pores on the cell membrane,
enabling cells to leak their contents while fostering an in�ammatory response gently. Pyroptosis genes
are associated with the cancer immune response and could predict GC prognosis. 

Cells �atten progressively, resulting in Apoptotic vesicle-like protrusions of 1–5 m (scorched cysts), and
the cells grow in size until the plasma membrane ruptures. Nuclear condensation and DNA breaks occur
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due to this process[8,9]. Research has demonstrated that Pyroptosis plays an essential role in infection
and tumor formation.

 In�ammatory vesicles,gasdermin proteins, and proin�ammatory cytokines, all essential components of
Pyroptosis, have been linked to tumorigenesis, invasion, and metastasis[10]. The scientists compared
transgenic mice to wild-type mice and found that the transgenic mice were more likely to acquire colon
cancer. Furthermore, unlike apoptosis, Pyroptosis results in the activation and release of some danger-
associated signaling molecules and cytokines. In�ammation, accompanied by an aggressive
immunological response and activation[11]. The speci�c contributions of this paper include:(1) a
comparison of the expression levels of pyroptosis-related genes in normal gastric and GC tissues, (2) an
investigation of the predictive signi�cance of these genes, and (3) an investigation of the links between
Pyroptosis and the tumor immune microenvironment.

In the scienti�c literature, several investigations have demonstrated that pyroptosis' signi�cant
in�ammatory impact is related to the tumor immune microenvironment modi�cation. An examination of
the amount and activity of CD8+ T cells revealed that those de�cient in GSDMD had a lower number and
activity of these cells[12]. A recent study found that Pyroptosis is essential for NK cell antitumor
activity[13]. Based on previous studies, Pyroptosis has been demonstrated to be signi�cant in tumor
growth and chemotherapy; nevertheless, its precise roles are unknown.      Less research has been
conducted in GC. As a result, To identify the signi�cance of these pyroptosis-related genes in normal
gastric and GC tissues.

Results
The DEG labeling method applies to normal and cancerous tissues. Differential expression of the 17
pyroptosis-related genes (DEGs) was examined in the GTEx and TCGA data from 375 normal and 32
tumor tissues. (all P < 0.01). There are 16 different genes(GSMDA, IL1B, BLRP7, NLRP2, SCAF11, IL18,
CASP8, CASP5, CASP1, NLRP6, CASP6, CASP3, GSDMD, GSDMB, PYCARD, PRKACA) were down-
regulated while. Sixteen other genes (NOD2, GSDMC, IL6, TNF, NLRP1, AIM2, NLRP3, NLRC4, GPX4,
ELANE, CASP9, PJVK, GSDME, PLCG1, NOD1, TIRAP)(Fig1A). The gene expression heatmaps show the
RNA levels of these genes; Green is low in expression level while red is high. The protein-protein
interaction studies revealed that these pyroptosis-related genes are involved in another process. (Fig1B).
We found that GSDMC, NLRC4, SCAF11, CASP8, ELANE, PLCG1, NOD1, An input parameter for the PPI
analysis was used to determine the lowest allowable interaction score, which for this study was set at
0.9(Fig1C).shows the association network including all Pyroptosis related genes (red: positive
correlations; blue: negative correlations).

Tumor categorization using the DEGs

the pyroptosis-related DEGs and their numerous GC subtypes were studied to examine the links between
expression and the resulting GC types; We analyzed the comparative data of all 375 participants in the
TCGA dataset using consensus clustering. We observed that when k = 2, intragroup correlations were
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most vital, and intergroup correlations were lowest, GC patients, which include 375 individuals, could be
well divided into two groups according to the 31 different genes identi�ed(Fig2A). A heatmap displays the
gene expression pro�le as well as clinical characteristics such as tumor differentiation (G1-G3), age (67
or >67 years), and survival status (alive or dead). However, we observed no variation in clinical aspects
between the two groups (Fig2B). Overall survival (OS) time was not signi�cantly different between the
two clusters(P = 0.41, Fig2C).

In the TCGA cohort, a prognostic gene model was developed.

One hundred seventy-�ve genotyped GC samples and all patient survival data were used to �nd a match.
For the initial screening of survival-related genes, univariate Cox regression analysis was utilized. The six
genes (IL6, ELANE, GSDME, TIRAP, PYCARD, and CASP3) that satis�ed the P< 0.01 criterion were kept for
additional investigation, and Three of them( IL6, ELANE, and GSDME) were linked to an elevated risk with
HRs greater than one, but the other three genes (TIRAP, PYCARD, and CASP3) were linked to a lower risk
with HRs less than one (Fig3A). LASSO Cox regression analysis and the optimum value were used to
construct a 6-gene signature (Fig3B, C). The following formula was used to get the risk score: (0.060*IL6
exp.) + + (0.018*ELANE exp.) + (0.122* GSDME exp.) + (0.015*TIRAP exp.) + (0.175*PYCARD exp.) +
(-0.126*CASP3 exp.) Based on the risk score algorithm's median score, A total of 375 patients were
separated into two risk groups: low-risk and high-risk(Fig3D). Patients with various levels of risk were
successfully divided into two groups by the principal component analysis (PCA)(Fig3E). The OS time for
the low-risk and high-risk groups was signi�cantly different(P 0.0063, Fig3F). The prognostic model's
sensitivity and speci�city were assessed using time-dependent receiver operating characteristic (ROC)
analysis. The AUC for 2-year survival was 0.58, 4-year survival was 0.61, and for 6-year survival, it was
0.63. (Fig 3G).

In the TCGA cohort, a prognostic gene model was developed.

In total, 375 genome-wide cancer sample sets had matched patients with relevant survival data, who had
all provided the requested samples. Survival-related genes were investigated with Cox regression analysis
during the preliminary stage. The six genes (IL6, ELANE, GSDME, TIRAP, PYCARD, and CASP3) that
satis�ed the P< 0.02 criterion were kept for additional investigation, and four of them( IL6, ELANE, and
GSDME) were linked to an elevated risk with HRs greater than one, but the other three genes (TIRAP,
PYCARD, and CASP3) were linked to a lower risk with HRs less than one (Fig. 3A). The Cox regression
approach employed the LASSO shrinkage and selection operator to develop a 6-gene signature (Fig 3B,
C). The following formula was used to get the risk score: (0.060*IL6 exp.) + + (0.018*ELANE exp.) +
(0.122* GSDME exp.) + (0.015*TIRAP exp.) + (0.175*PYCARD exp.) + (-0.126*CASP3 exp.) A median
score generated by the risk score method was used to identify low- and high-risk groups for 375
individuals(Fig3D). Principal component analysis (PCA) organized patients into two distinct groups with
differing risks(Fig3E). The OS time difference between the low-risk and high-risk groups was
substantial(P 0.0063, Fig3F). The prognostic model's sensitivity and speci�city were assessed using time-
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dependent ROC analysis. For two-year survival, the ROC curve (AUC) was 0.58, while for four-year survival,
it was 0.61, and for six-year survival, it was 0.63. (Fig3G).

The risk signature is validated externally.

GC patients that are a part of the GEO (Genes and Expression Omnibus) cohort were used in the
validation process (GSE62254). Before the further study, the "Scale" tool was used to standardize the
gene expression data. The mean risk score of the TCGA cohort based on its median was Those who had
a 273 person threshold were deemed low risk, while the 77 people who exceeded it were designated as
high risk. Those in the low-risk group (on the left side of the dotted line) had more extended life periods
and lower mortality rates than patients in the high-risk cohort (Fig. 4A). The PCA demonstrated enough
separation between the two categories (Fig. 4B). Furthermore, Kaplan–Meier analysis revealed a
statistically signi�cant difference in survival rates between the low and high-risk groups (P = 0.0001, Fig.
4C). Our model has a high degree of predictive e�cacy (AUC = 0.62 for 2-year survival, 0.63 for 4-year
survival, and 0.63 for 6-year survival).

The risk model's independent prognostic value

We ran univariate and multivariable Cox regression analyses to determine if the gene signature model's
risk score is likely to be used as a prognosis factor. The risk score was an independent factor in the
univariate Cox regression analysis. In both the TCGA and GEO cohorts, poor survival was anticipated. (HR
= 4.520, 95 % CI: 1.7873–11.432 and HR:6.000, 95 % CI: 2.316–15.544, Fig. 5A,B). After adjusting for
additional confounding factors, the multivariate analysis revealed that the risk score was a prognostic
predictor (HR = 2.213, 95% CI: 1.589–3.083 and HR: 1.947, 95 % CI: 1.391–2.726, Fig. 5C, D) for GC
patients in both cohorts In addition, for the TCGA cohort, we developed a heatmap of clinical
features(Fig5E.) They found that patients in the low- and high-risk categories differed greatly concerning
age and survival status(P< 0.05).

The functional assessments are based on the risk model.

To investigate the variations in gene functions and pathways across the risk model subgroups Using the
"limma" R package, we performed DEGs of differential expression using the FDR of 0.05 and the log2FC
of 1 criterion. GO enrichment analysis and KEGG pathway analysis was conducted using these de�ned
DEGs. The �ndings revealed that DEGs were mainly associated with immunological response,
In�ammatory cell chemotaxis, and chemokine-mediated signaling pathways(Fig 6A-D).

Immune activity levels in different subgroups are compared.

Using the single-sample gene set enrichment approach, using both the TCGA and GEO cohorts, we
evaluated the range of immune cell array scores. In the TCGA cohort, there was also activation in 13
immune-related pathways in low- and high-risk groups (ssGSEA) (Fig. 7A). The high-risk subgroup
exhibited reduced levels of immune cell in�ltration, particularly of CD8+ T cells, neutrophils, natural killer
(NK) cells, T helper (Th) cells (Tfh, Th1, and Th2 cells), tumor-in�ltrating lymphocytes (TILs), and
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regulatory T (Treg) cells. The other 12 immune pathways in the research were less active in the high-risk
group than in the low-risk group, except the type-2 IFN response pathway—the TCGA cohort (Fig. 7B).
Similar �ndings were reached when examining the immunological state of the GEO cohort. Furthermore,
We discovered that DCs are enriched with iDCs and macrophages in the low-risk group, but type-2 IFN
responses are signi�cantly reduced(Fig7C, D).

Discussion
Our �ndings suggested that the expression of 33 pyroptosis-related genes was signi�cantly different in
GC tissue and normal tissues. However, clinical features of the two groupings derived by the analysis
using consensus clustering of the differentially expressed genes were not signi�cantly different. These
�ndings will be assessed to see whether or not they have predictive value. The regulator set we built
includes the following six genes: pyroptosis-related regulators. The data used for this research was
obtained using LASSO Cox regression analysis and tested in an external dataset using Cox univariate
analysis.

The functional analyses revealed that the sets of DEGs linked with immune-related pathways differed
between the low- and high-risk groups.

 It was discovered that the same number of immune cells had in�ltrated the high-risk group. Still, the
levels of immune system activity were signi�cantly lower in this group. It has just been demonstrated,
demonstrating the phenomenon of Pyroptosis, a novel form of controlled cell death. Has two critical roles
in tumor growth and treatment processes. In contrast to Pyroptosis, normal cells are more often activated
by increasing in�ammatory chemicals produced during Pyroptosis, ultimately leading to cancer cell
formation[14]. However, the stimulation of tumor cell pyroptosis as a therapeutic target might represent
an entirely new approach[15]. The relationships between the pyroptosis-related genes and patient survival
are unclear in GC. Our research created a pyroptosis signature, which contained six genes (such as IL6,
ELANE, GSDME, TIRAP, PYCARD, and CASP3 ) and predicted OS in GC patients. It is generated by
numerous cells, such as lymphocytes and monocytes, as an in�ammatory cytokine known as interleukin-
6 (IL-6). Many studies now assume that increased IL-6 and IL-6 receptor levels (IL-6R) are essential to
developing autoimmune disorders[16]. IL-6 has been shown to enhance the formation of T helper type 17
(Th17) cells as well[15]. More recent research has found that IL-6 is closely tied to many processes,
including proliferation, apoptosis, EMT, invasion, and migration, and each of these contributes to cancer
development. It is dependent on the cell type. However, IL-6 goes via many protein kinase pathways
depending on the kind of cell.

The serine protease ELANE (also known as eosinophil cationic protein) is a critical neutrophil-derived
serine protease that produces the in�ammatory cytokines TNF-α, IL-1β, and IL-18[17,18]. all of which are
known to trigger the pyroptosis-inducing pathway. as stated by Kambara et al. [19]. Cleavage and
activation of GSDMD were demonstrated Elane and trigger Pyroptosis in neutrophils. While there was a
high neutrophil in�ltration score in the high-risk group, ELANE expression was considerably more
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signi�cant in the low-risk group. It might be because ELANE stimulates Pyroptosis in
neutrophils. GSDME/DFNA5 Gasdermin (or deafness, autosomal dominant 5) is part of the gasdermin
superfamily[19,20]. Includes DFNA5 (deafness, autosomal prevalent nonsyndromic hearing impairment)
and GSDME (deafness, autosomal dominant). Only recently has GSDME's unique expression been
discovered in the skin and gastrointestinal tract epithelium, as well as other previously unknown regions,
in a very tissue-speci�c way [21]. Interestingly, in around two-thirds of stomach, colorectal, and breast
cancers, GSDME is known to operate as a tumor suppressor gene. Intrinsic and extrinsic apoptotic
therapy induces GSDME cleavage and activation of caspase-3, which leads to distinctive Pyroptosis that
mirrors the membrane perforation effects of GSDMD[22,23]. Until now, GSDME has not been shown to
have a role in gastric cancer cells. Gastric cancer was susceptible to GSDME medium pyroptosis
induction when applied BIX coupled with Cis (BIX + Cis).[24] Because the cells in tumors are
heterogeneous, the abundance of GSDME may be evidence that GSDME has an alternate role in tumor
cells. It is said that the expression of GSDME is more signi�cant, resulting in a more widespread
pyroptosis[25]. Like (MAL), which is a molecule that attaches to receptor-mediated stimulation of the host
immune response, is also known as TIRAP (MyD88-adaptor) [26, 27]. The innate immune system
identi�es microbial infections by recognizing pathogen-associated molecular patterns in
pathogens(PAMP), such as toll-like receptors (TLRs) [28, 29]. The protein responsible for binding to the
plasma membrane is the PBD (phosphatidylinositol 4,5-bisphosphate, PIP2-binding domain). The PBD
locates TIRAP to speci�c locations on the plasma membrane after PIP5Ka-mediated production of PIP2  
(30 -33). It comprises an N-terminal PYD domain (PYD) and a C-terminal CARD domain (CARD) and is
required for both intrinsic and extrinsic cell death pathways[34,35]. PYCARD may interfere by modulating
in�ammatory and apoptotic signaling pathways. An in�ammasome complex is generated when sensor
proteins AIM2 and NLRP3 and caspase-1 are linked by an ASC (PYCARD-encoded) domain termed the
PYCARD domain[36]. The PYD domain and sensor proteins occur between sensors and ASC, whereas
interactions between the CARD domain and caspase-1 occur between ASC and caspase-1. The formation
of in�ammasome complexes is the �rst step in triggering neutrophil in�ammation; During this process,
pro-caspase-1 cleavage occurs concurrently with the maturation and release of IL-1, culminating in
in�ammation activation [37, 38]. The cellular apoptosis regulatory protein Casp3 exists in its dormant,
non-activated state. Still, when it is activated, it initiates an apoptosis-inducing cleavage of nuclear and
cytoplasm structural and regulatory proteins, resulting in nuclear and cellular apoptosis[39]. A peptidase
known as CASP3 was shown to selectively cleave GSDME, resulting in a membrane-penetrating GSDME-
N fragment[40]. This peptidase-mediated mechanism triggered Pyroptosis. This study found that Casp3
was signi�cantly elevated in patients with more extended survival periods; also, chemotherapeutic drug-
induced Pyroptosis is a possible contributing factor. Caspase 6 has been demonstrated to increase
NLRP3, ASC, and CASP1 in�ammasome activation to enhance GSDMD-induced pyroptosis[41].In
summary, three pyroptosis-promoting genes (TIRAP, CASP3, and PYCARD) were proved to be pyroptosis-
promoting genes. In contrast, three pyroptosis-executing genes (IL6, GSDME, and ELANE) were found in
the model. However, we should also note that the GC condition in our research was not improved for all of
these promoters and executors. Additional research is needed to discover how these genes work together
during Pyroptosis.
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 Although signi�cant parallels to apoptosis and some overlaps in processes have been discovered,
Pyroptosis has not been thoroughly researched yet. Multiple mechanisms of cell death can exist and
coexist when tumors progress. For example, three genes (TIRAP, CASP3, and PYCARD) in our model are
known to regulate apoptotic pathways in addition to their normal regulatory function. Apoptosis typically
has an intact cell membrane and does not induce in�ammatory reactions, but Pyroptosis has a disrupted
cell membrane and releases contents. The DEGs were primarily engaged in in�ammatory cell chemotaxis
and immunological response, suggesting that dying cells are direct. Due to the shortage of the current
study on Pyroptosis, they mainly concern its mechanism in GC. The three genes within the gasdermin
family that are potentially responsible for Pyroptosis in GC may also be involved in other diseases, and
the other three genes can control Pyroptosis. To offer a theoretical basis for future study, we preliminarily
assessed the predictive signi�cance of these pyroptosis-related genes. We did not verify if the described
regulators also have a role in pyroptosis pathways in GC, and additional studies are required to answer
this topic. In the end, our �ndings show that Pyroptosis is intimately associated with GC because many of
the genes related to Pyroptosis are differentially expressed in normal and GC tissues. Additionally, the
score created using our pyroptosis-related gene risk signature, which involved six genes, was more
signi�cant than the control group. Independence is a critical and valuable feature in predicting overall
survival across different studies.

Conclusion
There was a strong association between tumor immunity and DEG difference between the low- and high-
risk groups. To establish a predictive gene pro�le for GC patients who are expected to respond well to
therapy and set the basis for future studies on the relationship between pyroptosis-related genes and
immunity in GC, we had to �nd a way to identify GC patients who had this genetic pro�le. Intense
in�ammatory reactions We hypothesize that Pyroptosis regulates the makeup of the tumor. Antibody- and
phagocyte-dependent microenvironment. Immune system weakness was found in patients in the TCGA
cohort with higher risks of cancer recurrence, and the same result was found in patients in the GEO cohort
with relative cancer risks. Our result that Treg cells were concentrated in lower-risk groups more than in
higher-risk groups was noteworthy. Another possible explanation for this disparity is that Treg cells must
balance the in�ammatory responses induced by Pyroptosis in the tumor microenvironment. Treg cells
that have con�icting functions in tumor microenvironment control have been found, and two primary
subtypes of Treg cells, with contrasting regulatory activities, have been discovered. Thus, to further
understand how these two subtypes of Treg cells regulate the tumor microenvironment, it is essential to
identify the different subtypes of Treg cells in GC. Furthermore, there was a low activity of additional
immune pathways in both cohorts in the high-risk group. This study concludes that the probability of
poor prognosis in high-risk GCs is related to reducing antitumor immunity.

Methods
Datasets



Page 9/22

we acquired the 375 GC patient RNA sequencing (RNA-seq) data and related clinical characteristics from
the TCGA database (https://portal.gdc. cancer.gov/) repository. Normal human gastric samples from the
GTEx database were downloaded, and their RNA-seq data are available at Xenabrowser
(https://xenabrowser.net/datapages/). The GEO database (GSE62254) is based on the RNA-seq data and
the external validation clinical information. In the GSE62254 cohort, the follow-up duration of each
participant was as long as six years, but in the TCGA cohort, it was as short as two years.

Identi�cation of pyroptosis-related genes that are differentially expressed

Table S1 shows the 17 pyroptosis-related genes that we retrieved. To determine the differentially
expressed genes (DEGs) in tumor and normal tissues, we used the GTEx database of 32 normal gastric
samples. Data were standardized to FPKM values before comparison in both datasets—DEGs with a P-
value ≤0.05 were identi�ed with the "limma" program. The DEGs are described as follows: * if P is less
than 0.05, ** if P is less than 0.01, and *** if P is less than 0.001. a search tool for retrieving interacting
genes was used to develop a PPI network Version 11.0 (String), now available at https://string-db.org/.

Development and validation of a predictive model for Pyroptosis related genes

The rest of the article tests whether pyroptosis-related genes may help predict survival outcomes by doing
a Cox regression analysis on the TCGA cohort. We select 0.2 as the cutoff for exclusions and look for
seven survival-related genes. For more research, The LASSO Cox regression model was used to narrow
down the candidate genes and generate the prognostic model after the candidate gene list was created
with the LASSO Cox regression model (in the R package "glmnet"). The penalty parameter (λ) remained
even after we'd gotten rid of the six genes and their coe�cients. had been determined based on the
lowest possible quali�cations. R evaluated the expression data from the TCGA using the "scale" function;
Also, for the risk score, the computation was as follows: The Risk Score is equal to the sum of
Risk Score= ∑7i  Xi x Y (Coe�cients: X, expression degree of gene expression: Y). The TCGA cohort was
strati�ed into low- and high-risk groups based on the median risk score, and the median time to OS was
examined using the Kaplan–Meier method for each subgroup. R's "prcomp" function produced a PCA
based on the 6-gene signature. The R package is known as "stats" Using the "survminer," "survival," and
"time ROC" R packages, a 6-year ROC curve study was conducted. GC cohort from the GEO database
(GSE62254) was used for validation experiments. The "scale" function was also used to normalize the
expression of each pyroptosis-related gene, and the risk score was computed according to the same
formula employed in the TCGA cohort. In the GSE62254 investigation, the subjects were divided into low-
and high-risk groups, and then the results were compared to see if the gene model was correct.

independently focused predictive risk assessment

Using data from the TCGA and GEO cohorts, we found the ages and stages of patients in the studies.
When we included these factors in our regression model, we found that they all worked together to
in�uence the risk score. Multivariate and univariate regression models were used to perform the
investigation.
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A study of DEGs that increases understanding of the genetic association of the low- and high-risk groups

For the TCGA cohort, GC patients were further subcategorized into two categories depending on their risk
score. Additional criteria were applied to select low- and high-risk DEGs with a mean log2FC of 1 and a
false discovery rate (FDR) of 0.05 or below. The "cluster pro�le" was used in the GO and KEGG analyses
program, which is based on these DEGs. "gsva" was used to run the ssGSEA to determine in�ltrating
immune cell scores and investigate immune pathway activation.

analysis based on statistics

In this case, an analysis of variance, and not a chi-square test, was employed to evaluate gene expression
levels in normal gastric tissue and GC tissue. We used the Kaplan–Meier method with a two-sided log-
rank test to compare the OS among subgroups. To investigate the predictive power of the risk model, we
used univariate and multivariate Cox regression analysis. The Mann–Whitney test was used to determine
whether there was an increase in immune cell in�ltration and activation of the immune system between
the two groups. R, the open-source statistical analysis package, was used for all statistical studies
(v4.0.2).
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Figure 1

expression and interactions of 33 pyroptosis-related genes

 A.Heat map of the pyroptosis-related genes (Green is low on the expression level, whereas red is
high)compared to normal tissues (N,brilliant blue) and tumour tissues((T,red)The p values shown
were *P<0.01;**P<0.001;***P<0.0001 B.PPI network showing pyroptosis related gene connections
(interaction score=0.9),C.This graph depicts the gene expressions which are associated to pyroptosis
showing both a positive (red line) and a negative association (blue line).The strength of the relevance is
shown in the color depth).
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Figure 2

Pyroptosis-related DEGs are used to classify tumors.

 A. Cluster-based analysis classi�ed 375 GC patients into two groups based on a consensus clustering
matrix (k=2). B. These DEGs de�ne the heatmap and clinicopathologic characteristics of the two clusters
(G1, G2,andG3 are the degrees of tumor differentiation. G1: Highly differentiated; G2: Moderately
differentiated; G3: Poorly differentiated). C. A Kaplan–Meier plot showing the OS development in the two
clusters.
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Figure 3

The TCGA cohort, the construction of a risk signature. A Using OS univariate cox regression for each
pyroptosis-related gene and six other under 0.2 P-value cutoffs B. The six OS-related genes were
regressed using LASSO C.LASSO regression parameter tweaking through cross-validation. D.a risk score
is used to allocate patients to lower or higher risk groups on the left side of the dotted line (of a graph of a
low-risk population); on the right side of the dotted line (of a graph of a high-risk population).F.risk
categories of patients OS' have Kaplan–Meier curves which demonstrate. p=0.0063.  

G.The ROC curve revealed the risk score's predictive ability.
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Figure 4

A. The status of each patient's survival (low-risk population: on the left side of the dotted line; high-risk
population: on the right side of the dotted line). B. PCA plot for GC. C.Low- and high-risk groups, Kaplan–
Meier curves for comparisons of the OS. a performance by P<0.0001.

D.GC time-dependent ROC curves.
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Figure 5

The risk score for Univariate and multivariate Cox regression. A. The TCGA cohort was subjected to a
univariate analysis (Tumor differentiation grade stages: G1 to G3). B. TCGA cohort multivariate analysis.

 C.GEO cohort univariate analysis (FIG O stage: I to IV). D.GEO cohort multivariate analysis.E. Heatmap
(green: low expression; red: high expression) for the connections between clinicopathologic features and
the risk groups (*P < 0.05).
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Figure 6

Pathway and Biological and Molecular Functional analysis. A. All pathway_KEGG. B. The Top20
geneontology_Biological_Process.C. The Top20 gene ontology Cellular Component.D.Top20geneontology
Molecular Function.
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Figure 7

Comparing immune cells and immune pathways' ssGSEA scores. A, B. Among the total 16 kinds of
immune cells and 13 immune-related pathways in the TCGA cohort, low-risk participants had greater
enrichment scores than those in the high-risk group. C, D.In the GEO cohort, the tumor immunity of the
low-risk group (blue box) is compared to that of the high-risk group (yellow box). results were represented
by p values that indicated that the data were not signi�cant; *P < 0.05;**P < 0.01; ***P < 0.001.
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Figure 8

See image above for �gure legend.


