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Abstract

Objectives The purpose of this study was to investigate the significance of pyroptosis-related IncRNAs (PRIncRNA) in
predicting prognoses and immune landscapes of patients with gastric adenocarcinoma (STAD).

Methods Transcriptomic data and clinicopathological data were obtained from The Cancer Genome Atlas database. Based
on correlation analysis and univariate Cox regression, prognostic PRIncRNA were identified. Subsequently, a PRIncRNA
prognostic signature (PRLPS) was generated via least absolute shrinkage and selection operator (LASSO) regression,
Kaplan-Meier method, receiver operating characteristic (ROC) curves, principal component analysis, and univariate
and multivariate regression. Besides, the clinicopathological characteristics, tumor microenvironment (TME) scores, the
immune landscapes in different risk subgroups were explored. Moreover, based on three PRINcRNA, we constructed a
competing endogenous RNA (ceRNA) network. Additionally, Gene Set Enrichment Analysis (GSEA), Kyoto Encyclopedia
of Genes and Genomes pathways (KEGG) and Gene Ontology (GO) analysis were performed for biological functional
analysis based on the difference between high- and low- risk groups, which also used to screen out potential STAD drugs.
Results 21 PRIncRNA made up the prognostic signature, which had significant value in predicting the overall survival
(OS), clinicopathological features, TME, immune checkpoint genes expression, and the response to immune checkpoint
inhibitors of patients with STAD. In a addition, we constructed a ceRNA network comprising 3 PRIncRNAs and 69 mRNAs.
The function of PRIncRNA was related to cancer-associated pathways. Ten small molecular drugs that might improve the
prognosis of patients were screened out by connectivity maps.

Conclusions Using PRINcRNA as a prognostic indicator for STAD, we identified predictive biomarkers and immunotherapy
targets while refreshing our understanding.
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1 Introduction

On a global scale, gastric cancer (GC) ranks as the fifth most prevalent form of cancer and the third most lethal
tumor [1]. Gastric adenocarcinoma (STAD) is the predominant histological subtype of GC. Although there have been
notable improvements in the identification and management of STAD, the prognosis for patients with this subtype
is unfavorable, primarily attributed to the advanced disease stage and the likelihood of recurrence after surgery [2,
3]. Hence, it is crucial and pressing to discover new biomarkers that may be used to diagnose STAD at an early stage
and identify successful treatment targets for treating patients.

Recently, pyroptosis has received more and more attention because of its association with immunity and tumor
[4]. Pyroptosis, referred to as an inflammatory form of programmed cell death, is triggered by certain inflammasomes,
leading to the cleavage of gasdermin D (GSDMD) and activation of inactive cytokines like IL-18 and IL-1B [5]. The
role of pyroptosis in the tumor is extremely complicated and diverse [6]. On the one hand, pyroptosis can promote
inflammatory cell death of cancer cells and enhance the immune response [7, 8], which inhibits oncogenesis and
progression of tumors, while on the other hand, it creates a microenvironment suitable for tumor cell growth and
accelerates tumor growth [9]. Importantly, it has been well established that a major risk factor for the development
of STAD is Helicobacter pylori infection [10], which has been proved to cause pyroptosis [11]. NLRP3, a pyroptosis-
related gene, which was activated by H.pylori, played a critical role in the STAD development in an inflammasome
pathway-dependent or independent way [12]. Therefore, we hypothesized that pyroptosis-related regulators hold
immense latent toward the prediction of therapeutic response and prognosis in patients with STAD.

Mounting evidence indicates that long non-coding RNAs (IncRNAs) possess diverse biological activities and play
a pivotal function in the development and advancement of STAD [13]. For instance, the IncRNA IGF2-AS acted as a
ceRNA against miR-503 and enhanced the disease-causing effect of STAD via controlling the activity of SHOX2 [14].
Moreover, recent studies indicated that the indirect regulation of INcRNAs in pyroptosis was involved in the patho-
logical process of different cancers, including GC [15]. According to the paper, the IncRNA RNA ADAMTS9-AS2 was
shown to have a tumor-suppressing effect and increase the sensitivity of GC cells to cisplatin. This was achieved by
triggering NLRP3-mediated pyroptotic cell death via its interaction with miR-223-3p [16]. Nevertheless, the predictive
significance of pyroptosis-related IncRNAs (PRINcRNA) in STAD patients has not been well assessed.

In this paper, we conducted an analysis of The Cancer Genome Atlas (TCGA) database to find IncRNAs linked to
pyroptosis and their involvement in STAD. Subsequently, we developed a prognostic signature called the PRLPS.
Subsequently, we assessed the predictive value and diagnostic efficacy of the aforementioned factor, along with its
correlation to clinicopathological characteristics, TME, and immunotherapy. In addition, a ceRNA network was con-
structed to determine the target miRNAs and mRNAs that are linked to this predictive PRIncRNA. Furthermore, the
molecular pathways linked to predictive PRINcRNA were investigated. Ultimately, we discovered prospective small
molecule medications capable of reversing the gene expression produced by STAD via the examination of the con-
nectivity map (CMap) database. The research discovered the crucial involvement of PRIncRNA and provided insights
into the hidden connection and underlying mechanism between PRIncRNA and interactions between tumors and
the immune system [17-19].

2 Material and methods
2.1 Acquisition of datasets
The RNA-seq transcriptome data (fragments per kilobase million, FPKM) [20] from 373 samples and clinical informa-

tion from 406 patients with STAD in TCGA database (http://cancergenome.nih.gov/) were downloaded for our study.
Patients with complete clinicopathological and survival information were included for further assessment.
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Fig. 1 The flow chart of the study design and analysis

2.2 Selection of pyroptosis-related regulators (PRR)

Based on published data [21-24], 35 pyroptosis-related regulators, including CASP1, CASP3, CASP4, CASP5, CASP6,
CASP8, CASP9, GSDMA, GSDMB, GSDMC, GSDMD, GSDME, NLRP1, NLRP2, NLRP3, NLRP6, NLRP7, IL1B, IL6, IL18, TNF,
GPX4, AIM2, PYCARD, NOD2, NOD1, NLRC4, PRKACA, ELANE, TIRAP, SCAF11, PJVK, PLCG1, GZMA, and GZMB, were
used in our study.

2.3 Identification of prognostic PRIncRNA

We mainly propose to analyze the link between PRR and all IncRNAs in STAD. PRIncRNA were found using the fol-
lowing categorization criteria: (1) Correlation coefficients above 0.3; (2) p value below 0.001. Next, we performed
a univariate Cox regression (UCR) analysis to find the PRIncRNA that exhibited a strong correlation with OS at a
significance level of p <0.05.

2.4 Construction and Validation of the PRLPS

The STAD patients were separated into two groups, namely the training group and the testing group, employing a
random allocation method. Afterward, utilizing the results of the UCR analysis to identify prognostic PRIncRNAs, the
LASSO Cox regression approach was employed to detect IncRNAs that have strong predictive value for prognosis and
to develop a prognostic risk model using the training group data. The PRIncRNA coefficients were derived employ-
ing the optimum penalty value A. The risk score (RS) was computed employing the following mathematical equation:
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Fig. 2 Identification of prognostic PRINCRNA in STAD patients. A The network of the 35 PRR and 1310 PRIncRNA. B The HR 95% Cl of 49 PRI- »
ncRNA was determined by UCR. C Pearson correlation analysis between 35 pyroptosis-related genes and 49 prognostic PRINCRNA. Green
was prognostic protective IncRNAs, and red was prognostic risk IncRNAs. * p <0.05, ** p<0.01, *** p<0.001

RS = ) Coef()X(i)
i=1

where Coef(i) is the coefficient, and X(i) denotes the PRINncRNA expression levels. STAD patients were categorized into
two groups, namely the high-risk group (HRG) and the poor-risk group, employing the median RS found as the threshold
value. The prediction efficiency [25] was validated using Kaplan-Meier (KM) analysis and ROC curves. Subsequently, the
model’s correctness was verified using the same procedure on both the test group and the integrated group. Further-
more, the predictive significance of the RS was confirmed by employing UCR and multivariate Cox regression (MCR)
analysis. The “glmnet” and “survival” R packages were employed to calculate the hazard ratio (HR), along with its 95%
confidence intervals and log-rank p-value [26]. The “Rtsne” package and the prcomp function in the “stats” package were
employed to conduct principal component analysis (PCA) with the purpose of investigating the distribution of HRG and
poor-risk groups.

2.5 Clinical application of PRLPS

An investigation was conducted to examine the disparities in clinicopathological characteristics, the composition
of immune infiltrating cells (ICC), TME scores, and immune checkpoint genes (ICGs) between the HRG and poor-risk
groups. Furthermore, the study also examined the connection between the OS and the composition of IIC, as well as
the TME scores. The CIBERSORT algorithm was employed to determine the composition of IIC [27], while the "ESTI-
MATE" package in R was deployed to compute the immune/stromal scores and tumor purity [28]. We made further
predictions on the effectiveness of immune checkpoint inhibitors (ICls) in certain subgroups of STAD patients. These
predictions were based on the immunophenoscores (IPS) obtained from The Cancer Immunome Atlas (TCIA) (https://
tcia.at/home). The IPS, developed impartially by machine learning, may serve as a reliable indicator of responses to
cytotoxic anti-T-lymphocyte-antigen-4 (anti-CTLA-4) and anti-PD-1 antibodies. A reduced IPS is indicative of a more
unfavorable prognosis and a diminished response to immunotherapy.

2.6 Construction of the ceRNA network and functional enrichment analysis

GSEA, KEGG pathway, and GO analysis were performed to investigate the biological activities linked to PRIncRNA.
The “edgeR” package in R was deployed to identify differentially expressed genes (|fold change (FC)|> 1 and false
discovery rate (FDR) < 0.05) between the HRG and poor-risk group. These genes were then subjected to GO and
KEGG pathway analysis. Moreover, genes belonging to the HRG and poor-risk groups were subjected to functional
annotation using GSEA. The miRcode database was deployed to forecast the target miRNAs based on the prognostic
PRIncRNAs connected to pyroptosis. After that, these target mRNAs of miRNAs were found in TargetScan, miRTar-
Base, and miRDB, among other databases. The mRNAs in the ceRNA network that manifested differential expression
between tumor tissues and surrounding mucosa in STAD patients were further subjected to functional annotation
using GO and KEGG pathway analysis.

2.7 Screening of potential small molecule drugs

In order to identify possible small molecule drugs that can reverse gene expression in STAD, we employed the Connec-
tivity map (CMap) (https://portals.broadinstitute.org/cmap/). This database consists of comprehensive transcriptional
expression data across the entire genome, allowing for the identification of functional connections between drugs,
genes, and diseases depending on variations in gene expression profiles [29]. Based on an investigation of differentially
expressed genes (DEGs) between HRG and poor-risk groups using the “limma” package in R, where the log2fold change
(FC) was > 1 and the FDR was < 0.05, the small molecule medications were identified. The findings were sorted based on
their negative connectivity value, which is near to — 1. Statistical significance was attributed only to those with a p value
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Fig.3 The expression of 49 prognostic pyroptosis-related IncRNAs in TCGA database between the tumor group and the normal group. A, B
The expression of 49 prognostic pyroptosis-related IncRNAs in TCGA database between the tumor group and the normal group. * p <0.05, **
p<0.01, *** p<0.001

below 0.05.The three most important medications’ 3D structures were acquired from PubChem (https://pubchem.ncbi.
nim.nih.gov/).
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2.8 Cell culture

The MGC-803 cell line derived from gastric cancer and the GES-1 cell line derived from normal human gastric epithelium
were obtained from the American Type Culture Collection (ATCC, Manassas, VA, USA). The cells were cultivated in RPMI-
1640 media (Gibco) supplemented with 10% fetal bovine serum (Gibco). The culture was maintained at a temperature
of 37 ‘Cin a controlled environment with added 5% CO2.

2.9 Quantitative reverse transcription-polymerase chain reaction (qRT-PCR)

The cells underwent RNA extraction, deploying TRIzol reagent (Invitrogen, China), adhering to the guidelines provided
by the manufacturer. The reverse transcription process was conducted in accordance with the instructions provided
by the manufacturer, employing the PrimeScript RT Reagent Kit (AG, China). The SYBR PrimeScript RT-PCR Kit (AG) was
used for the quantification of RT-PCR via quantitative analysis. The expression levels of associated IncRNAs were deter-
mined employing the 2-AACT technique, with the expression of GAPDH mRNA serving as an internal reference. Prim-
ers sequences employed in our investigation were as follows: GAPDH forward 5'-GGACCTGACCTGCCGTCTAG-3; and
reverse 5'-GTAGCCCAGGATGCCCTTGA-3'; AC009090.3 forward 5-TCAGGAGTACTGGGCTG-3/ and reverse 5-TGATGCTGT
GGTTGGAT-3’; AC036103.1 forward 5’-CTCCATCCCGAGTAGCC-3; and reverse 5'-TTTAACCATCACGCCCA-3’; AP000695.2
forward 5'-GCCTTGAAGTTCTCCAG-3; and reverse 5-TTTGTCAGTGCGTATCC-3'; AL137186.2 forward 5'-TAAGGGGAACAA
CCAAA-3; and reverse 5-ATCAGAATCCAAATGCG-3’; AC068790.7 forward 5'-GACAGGTAGATAAGAGA-3; and reverse 5'-CTA
AAGTACAAAGAAAA-3’; STARD4-AS1 forward 5'-TCAAACAAGTATTCACCCTA-3; and reverse 5'-ATCACCCATTCTCCACAT-3',

2.10 Statistical analysis

The expression data of PRR and all IncRNAs in tumor tissues and surrounding mucosa of STAD gathered from TCGA were
evaluated employing a one-way analysis of variance (ANOVA). A comparison of the clinical features of several groups was
conducted employing the chi-square test. OS analysis was conducted using the KM method, and a bilateral logarithmic
rank test was performed. Statistical significance was deemed as p-values < 0.05. The statistical analyses were conducted
employing R v4.0.3 (https://www.r-project.org/) or GraphPad Prism software (Version 8.0). The flow chart of bioinformatic
analysis is shown in Fig. 1.

3 Results
3.1 Identification of prognostic PRIncRNA

Initially, the levels of expression for 35 genes relevant to pyroptosis, as well as all IncRNAs, were separately retrieved
from the TCGA dataset. We have found 1310 PRIncRNA by coexpression analysis IncRNAs (|cor|> 0.3, p <0.001). Fig-
ure 2A displays the gene co-expression network, including 35 pyroptosis-correlated genes and 1310 PRIncRNA. Fol-
lowing the implementation of univariate Cox analysis, typically, 49 potential IncRNAs were found to have a strong
correlation with OS (p < 0.05) (Fig. 2B). Figure 2C demonstrates the co-expression connection between the putative
IncRNAs and genes associated with pyroptosis. The study compared the expression of 49 PRIncRNA in tumor tissues
and nearby mucosal tissues (Fig. 3A, B). Out of these IncRNAs, ten were identified as beneficial prognostic variables,
whereas thirty-nine were identified as detrimental prognostic factors.

3.2 Construction and verification of PRLPS
We used the LASSO approach on a set of 49 candidate IncRNAs that showed a strong correlation with OS. This was
done in the training group to create a PRLPS for assessing the STAD patient’s prognosis. Ultimately, a total of 21

IncRNAs were selected to create a prognostic signature. Subsequently, the RS was computed based on these IncR-
NAs (Fig. 4A, B, C). The patients in the training group (n=170) were divided into two groups, namely the HRG and
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Fig.4 Construction and verification of the pyroptosis-related IncRNAs (PRIncRNA) prognostic signature. A The point with minimum cross- »
validation error is associated with the number of factors numbers employed in the LASSO regression model. B The lines of various colors
manifest the trajectory of the correlation coefficient of various factors in the model with the elevation of Log Lamda. € LASSO coefficients
of 21 selected PRIncRNA. D KM analysis of patients in the HRG and poor-risk group in the training group, the test group, and the combined
group. E ROC analysis of 1-, 3- and 5-year in the training group, the test group, and the combined group. F The distribution plots of the RS
and survival status in the training group, the test group, and the combined group

the poor-risk group, depending on the median RS as the cutoff criteria. An evaluation of the prognostic model’s
effectiveness was carried out via studies on survival and ROC curves. The KM analysis manifested a statistically sig-
nificant longer survival time of the poor-risk group than HRG (p <0.001) (Fig. 4D). The time-dependent ROC curve
for 1-, 3-, and 5-year intervals had area under the curve (AUC) values of 0.767, 0.788, and 0.853 correspondingly
(Fig. 4E). The findings suggest that the survival model has a robust predictive capacity. To confirm this prognostic
signature accuracy consisting of 21 IncRNAs, a verification study was conducted on both the test group (n=168)
and the combination group (n=338). As a result, survival time was significantly reduced for both the HRG in the test
group and the combined group when contrasted to the poor-risk group, which was previously seen in the training
group. The time-dependent ROC curve of both the test group and the combination group exhibited strong predic-
tive capabilities. The AUC values for 1-, 3-, and 5-year intervals are shown in Fig. 4D. Figure 4F depicts a distribution
plot for the connection between the RS and the survival status of STAD patients. The figure demonstrates that when
the RS increases, the number of patient fatalities also increases. Furthermore, the PCA analysis further validated the
RS’s capacity to form distinct clusters (Fig. 5A, B, C).

In order to determine whether the RS had an autonomous predictive value, both UCR and MCR analyses were per-
formed. In the training group, the RS showed a strong correlation with OS in both UCR and MCR analysis (p <0.001). Age
at diagnosis and clinical stage also had a significant connection with the RS and OS (p <0.05). It is important to highlight
that the RS showed a strong correlation with OS in both the test group (p <0.001) and the combination group (p <0.001),
according to the same study. This suggests that the RS is an autonomous and influential prognostic factor for predicting
the OS outcome in STAD (Fig. 5D, E, F, G, H, I).

3.3 Subgroup analysis with different clinicopathological features

The expression levels of 21 prognostic PRIncRNAs, along with the distribution of clinicopathological characteristics and
immunological scores of the TME in patients classified as high-risk or poor-risk, were illustrated using a heatmap (Fig. 6A).
Significant disparities were identified between the two groups in terms of grade (p <0.001), clinical stage (p <0.05), stage
N (p <0.05), and the immunological ratings of TME (p <0.001). Statistically significant variations in RS were seen in the
following categories: (1) tumor grades (p <0.001) (Fig. 6B); (2) clinical stage (p <0.01) (Fig. 6C); (3) immunological scores
of TME (p <0.001) (Fig. 6D); 4) stage T (p <0.01) (Fig. 6E); 5) stage N (p <0.05) (Fig. 6F).

In order to assess the potential of PRLPS as a prognostic indication for OS in various subgroups of patients with distinct
clinical characteristics, we categorized the subgroups based on age (<65 and >65), gender (female and male), grade
(G1-2 and G3), clinical stage (stage |-l and stage llI-IV), stage T (T1-2 and T3-4), stage M (M0 and M1), and stage N (NO and
N1-3). The clinical features of both the HRG and poor-risk groups were documented in Table 1. According to the findings
presented in Fig. 7, the OS of poor-risk patients was significantly higher than that of high-risk patients. This difference was
observed based on various factors, including age (p <0.001 for age <65 and age > 65) (Fig. 7A, B), sex (p <0.001 for female
and male) (Fig. 7C, D), grade (p <0.001 for G1-2 and G3) (Fig. 7E, F), stage lll-IV (p < 0.001) (Fig. 7G), stage T3-4 (p <0.001)
(Fig. 7H), stage M (p < 0.001 for stage M0 and p=0.008 for stage M1) (Fig. 71, J), and stage N1-3 (p <0.001) (Fig. 7K).

3.4 Correlation between TME, immunotherapy and PRLPS

Based on the current acknowledged methods mentioned previously, TME in patients with STAD, including TME scores,
ICC, and ICGs, was revealed between the HRG and poor-risk group. The correlation between TME scores, the composi-
tion of immune cells, and subgroups is shown in Fig. 8A, B, C, D and E. We discovered that the RS exhibited noteworthy
positive associations with the levels of memory-resting CD4 T cells (r=0.18, p=0.017), eosinophils (r=0.15, p=0.044), M2
macrophages (r=0.19, p=0.013), and resting dendritic cells (r=0.17, p=0.029) (Fig. 9A, B, C, D). Additionally, it displayed
significant adverse connections with the infiltrating plasma cell levels (r= —0.18, p=0.018) (Fig. 9E). Furthermore, the
study also uncovered the link between the composition of ICC, TME ratings, and OS. The OS of patients with high stro-
mal scores was significantly worse contrasted to those with low stromal scores (Fig. 9F). Increased levels of resting mast
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Fig. 5 PCA analysis, UCR, and MCR analyses of PRLPS. A-C PCA analysis in the training group, the test group, and the combined group. D-F
Univariate Cox regression analyses in the training group, the test group, and the combined group. G-1 MCR analyses in the training group,
the test group, and the combined group

cells and CD8T cells are positively correlated with greater OS. Nevertheless, those with elevated neutrophil counts had
a worse outcome compared to those with lower neutrophil counts (Fig. 9G, H, I).

Moreover, the paper examined the disparity in the ICl response between those in the HRG and those in the poor risk
groups (Fig. 9], K). Comparatively, the poor-risk group had a greater likelihood of responding to immunotherapy than
the HRG in the IPS-PD1(-)/CTLA4(+) and IPS-PD1(-)/CTLA4(-) scenarios (Fig. 9L, M).

3.5 Construction of the ceRNA network and functional enrichment analysis

In order to investigate the biological role of prognostic PRIncRNA, we created a ceRNA network. This network was
created on the principle that IncRNAs may regulate the production of mRNA by acting as sponges for miRNAs. The
IncRNAs were obtained from the miRcode database, and a total of 15 pairings of interaction involving 3 IncRNAs and
11 miRNAs were discovered. Using three previously stated mRNA prediction databases and comparing differentially
expressed mRNA between the normal and tumor groups of STAD in TCGA, we have found a total of 69 target mRNA.
Ultimately, a ceRNA network was constructed using Cytoscape software 3.7.1, including 3 IncRNAs, 11 miRNAs, and
69 mRNAs (Fig. 10A). The function of 69 target mMRNAs was annotated using the KEGG pathway and GO analysis. It
was discovered that these target mRNAs were enriched in the G1/S transition of the mitotic cell cycle, transcription
regulator complex, and protein serine/threonine kinase activity according to the GO analysis. Additionally, the KEGG
pathway analysis revealed their involvement in microRNAs in cancer, cell cycle, hepatocellular carcinoma, bladder
cancer, and the p53 signaling pathway (Fig. 10B, C).
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Fig. 8 The correlation between TME scores, the content of immune cells, and subgroups. A-C The difference in stromal scores, immune
scores, and estimate scores in the HRG and poor-risk groups. D The distribution of immune cells in the HRG and poor-risk group. E The differ-
ence in the content of immune cells in the HRG and poor-risk groups

@ Discover



Research Discover Oncology (2024) 15:684 | https://doi.org/10.1007/s12672-024-01579-9

Fig. 9 Correlation between TME, immunotherapy, and PRLPS. A-E The RS had significant positive correlations with infiltrating levels of »
memory resting CD4 T cells, eosinophils, M2 macrophages, and resting dendritic cells and had significant adverse connections with infiltrat-
ing levels of plasma cells. F The OS of patients with high stromal scores was significantly worse compared to those with low stromal scores.
G-I The higher the content of resting mast cells and CD8 T cells, the higher the OS. The patients with high neutrophil counts had a worse
prognosis than those with low neutrophil counts. J The expression of ICGs between the normal and the tumor groups. K The ICGs expres-
sion between the HRG and the poor-risk groups.* p <0.05, ** p<0.01, and *** p<0.001. L, M The relative probabilities to respond to PD1(-)/
CTLA4(+) and PD1(—)/CTLA4(-) treatment between the HRG and poor-risk group

We categorized the STAD patients into two distinct groups depending on their risk level: high-risk and poor-risk.
By employing the “edgeR” package in R, we discovered genes that exhibited noteworthy differentiation (|FC|> 1 and
FDR < 0.05) among these subgroups. In order to examine the biological functions, we conducted GO and KEGG pathway
analysis. The DEGs between the HRG and the poor-risk group were discovered to be linked to immune-related biological
processes, notably the “humoral immune response” and “antimicrobial humoral response.” Moreover, these genes were
shown to be connected with pathways related to malignancy, such as the “PI3K-Akt signaling pathway’, “Focal adhesion,’
“Wnt signaling pathway,” and “ECM-receptor interaction” (Fig. 10D, E).

In addition, we employed GSEA to forecast the functional disparity between the HRG and the poor-risk cohort. The
findings indicated a strong correlation between the HRG, which exhibited a worse OS and a lower 5-year survival rate,
and the malignant characteristics of cancer, including “Focal adhesion,”“ECM-receptor interaction,””JAK-STAT signaling
pathway,” and “Cell adhesion molecules” (Fig. 10F).

3.6 Screening of potential small molecule drugs for STAD

In order to forecast potential small compounds that may be used to treat STAD, we submitted the genes that exhibited
substantial differentiation (JFC|> 1 and FDR < 0.05) between the HRG and the poor-risk group to the CMap database for
GSEA.Table 2 includes the top 10 small molecules that exhibited acceptable enrichment scores. Figure 11 displays the 3D
chemical structures of the three most notable small molecule medications among the mentioned ones. The small com-
pounds had the highest probability of reversing gene expression associated with high risk and might potentially develop
novel therapeutic protocols for STAD treatment.

3.7 Validation of the expression levels of the PRIncRNA in cell lines

We assessed the expression levels of six pyroptosis-related prognostic IncRNAs in two cell lines, AGS (a gastric cancer
cell line) and GES-1 (a normal human gastric epithelial cell line), in order to confirm the PRIncRNA expression levels in
the prognostic signature. The findings of our study indicated that the genes AC009090.3, AC036103.1, AC068790.7, and
STARDA4-AS1 exhibited a substantial increase in expression in the AGS cell line when compared to the GES-1 cell line.
AP000695.2 and AL137186.2 were highly expressed in AGS, but they had no significant difference in cells. These results
align with the prior bioinformatic analysis (Fig. 12). Moreover, the copy numbers of these IncRNAs ranged from reason-
able range, which demonstrated suitability for potential biomedical utilization.

4 Discussion

The progressive development of intestinal metaplasia and atrophic gastritis is brought on by the chronic H. pylori infec-
tion of the gastric mucosa, hence facilitating the emergence of STAD [30]. Importantly, studies have found that pyrop-
tosis is mainly caused by microbial infection [31], suggesting that it is related to the long-term chronic inflammatory
reactions in the gastric mucosa established by H.pylori. For instance, The NLRP3 inflammasome has a significant role in
driving H.pylori infection, which induces pyroptotic death in cells and forms mature IL-1f or IL-18 that mediates gastric
tumorigenesis in humans [32]. Moreover, it is confirmed that GSDMD, an essential part of pyroptosis, can be cleaved by
inflammatory caspases and promotes the proliferation of GC cells [33]. GSDME, which has the same function in pyroptosis
as GSDMD, can induce pyroptosis after being treated with 5-fluorouracil in GC cells [34]. Such research further supports
the important functional role of pyroptosis in GC pathogenesis. Additionally, numerous investigations have revealed
that the connection between pyroptosis and tumor immunity is notably intricate. Pyroptosis serves as the mechanism
by which some immune cells induce tumor cell death. The production of inflammatory molecules during pyroptosis may
either enhance the anti-tumor immune response or have detrimental effects on patients by triggering inflammatory
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Fig. 10 The ceRNA network construction and biological function analysis. A The ceRNA network of 3 IncRNAs (red) and their target miRNAs »
(blue) and mRNAs (green). B GO analysis of 69 target mRNAs in ceRNA network. C KEGG pathway analysis of 69 target mRNAs in ceRNA net-
work. D GO analysis of DEGs between the HRG and the poor-risk group. E KEGG pathway analysis of DEGs between the HRG and the poor-
risk group. F GSEA analysis of the genes in the HRG

cascades. For example, the granzymes generated by CD8 +T cells and NK cells have the ability to cleave GSDMBY/E, result-
ing in the pyroptosis of cancer cells. Conversely, factors released during pyroptosis by cancer cells can induce pyroptosis
in macrophages, causing the release of cytokines and subsequent cytokine release syndrome [23, 35, 36]. Given that
pyroptosis plays a pivotal role in controlling tumor immunity, it is plausible that this may serve as a crucial connection
point between tumor cells and pyroptosis. Hence, we have decided to conduct a thorough investigation into the gene
profile of PRINcCRNA in STAD. Our aim is to determine whether these IncRNAs can be employed as reliable indications
for predicting the STAD prognosis, as well as their involvement in the initiation, progression, TME, and immunotherapy
of STAD.

We included a total of 373 samples, consisting of 406 individuals with STAD. Our work focused on 35 PRR and 13,162
IncRNAs in order to investigate the particular significance of PRIncRNA in STAD. Forty-nine IncRNAs that had a strong
correlation with OS were chosen. These IncRNAs showed substantial variation in expression levels between tumor tis-
sues and neighboring mucosal tissues. Subsequently, a risk model was developed using the LASSO approach, using
21 out of 49 predictive PRIncRNA. During the KM analysis, it was shown that patients with poor RSs had substantially
longer OS compared to patients with high RSs in both the training group and the test group. Furthermore, the ROC
curve analysis validated that the PRLPS had excellent predictive performance, making it a greatly accurate and sensitive
prognostic model for patients with STAD. Furthermore, we used UCR and MCR to assess the potential of PRLPS as an
autonomous prognostic factor for STAD. The findings demonstrated that these 21 IncRNAs were essential in pyroptosis
and were important prognostic indicators in STAD. Moreover, many risk subgroups categorized by the PRLPS exhibited
distinct clinical features, including grade, clinical stage, and stage N. The PRLPS may also function as a predictive marker
for OS in some patient subgroups with distinct clinical features, particularly those related to age, sex, grade, and stages
-V, T3-4, M, and N1-3.

Notably, distinct risk subgroups showed significant associations with various TME scores, ICC, and ICG expression. This
suggests that PRINcRNA may have a crucial regulatory function in the TME and immune response in STAD. The HRG exhib-
ited heightened stromal score, heightened immune score, and reduced tumor purity, indicating the facilitating influence
of stromal cells and immunological fatigue in STAD. The cancer cells in a tumor lose the ability to respond to normalizing
signals from the surrounding microenvironment, disrupting the intercellular interactions between cells that are typically
seen in healthy tissues [37]. For example, cancer-associated fibroblasts, the most abundant stromal cell, play functions
in promoting tumorigenesis and metastasis by the remodeling of the extracellular matrix [38]. As for ICC, the HRG was
significantly positively linked to M2 Macrophages. Macrophages, the most abundant immune cells, are classified into
two main types: M1 and M2. M2 is the key contributor to the tumorigenesis and development of STAD because it could
inhibit the T cell-mediated anti-tumor immune response, promote angiogenesis, and contribute to the remodeling of
TME [39, 40]. We reported that pyroptosis contributes to the polarization of macrophages in the TME of STAD. Moreover,
neutrophils, the most abundant phagocytes in humans, are able to undergo pyroptosis and pyroptosis resistance [41].
Our outcomes manifested that the patients with high neutrophil counts had a worse prognosis, which implied that the
drug-promoting neutrophil pyroptosis might improve the STAD patient’s prognosis. Furthermore, numerous prominent
ICGs were significantly overexpressed in the HRG. Therefore, because of the blockade of immune checkpoints, the ICCin
TME is unable to lead the anti-tumor immune response, which is called immune exhaustion. Concerning the response to
ICls, We identified the disparity between the HRG and low-risk groups. These results demonstrate that pyroptosis plays
a crucial role in the malfunction of immune cells in the TME and the effectiveness of immunotherapy in STAD patients.

To comprehensively analyze the latent PRIncRNA functions in STAD, a ceRNA network comprising 3 IncRNAs, 11 miR-
NAs, and 69 mRNAs was established, and significant DEGs between different risk subgroups were screened out. With
the 3 key PRIncRNA found in STAD, IncRNA ST3GAL6-AS1 has been discovered to be connected to colorectal cancer
and multiple myeloma and could promote tumor progression by regulating alpha-2,3 sialylation via PI3K/Akt signaling
or binding with hnRNPA2B1 to regulate ST3GAL6 expression [42, 43]. LINC00449 exerts a carcinogenic effect on acute
myeloid leukemia through LINC00449/miR-150/FOXD3 signaling pathway [44]. KEGG pathway showed that 69 target
mRNAs and genes that were significantly differentially expressed between different risk subgroups were enriched in many
crucial pathways correlated with the tumorigenesis and development of GC [45-47], including “P53 signaling pathway,”
“Cell cycle,"PI3K-Akt signaling pathway,“Wnt signaling pathway,”and so on. GSEA was employed to functionally annotate
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genes in various risk subgroups. The genes belonging to the HRG were also shown to have a higher concentration in the
cancer-related pathways, such as “Focal adhesion,”“ECM-receptor interaction,”"JAK-STAT signaling pathway,” and “Cell
adhesion molecules.”

Additionally, we conducted a thorough examination of a group of potential medications that were highly probable
to restore aberrant gene expression in STAD. The aforementioned medications are nonconventional anti-tumor drugs,
although there exists enough data substantiating their impact on malignant cells. Monensin, an ionophoric antibiotic
isolated from Streptomyces cinnamonensis with pronounced antibacterial and chemotherapeutic potential [48], is the
most studied drug and could suppress the proliferation and migration of different cancer cells, including breast cancer
[49], pancreatic cancer [50], and glioblastoma [51]. In addition, by integrating a traceable reporter system that relies on the
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activity of SOX2/0CT4 with a large-scale screening of pharmacologically active small molecules, monensin was identified
and displayed selective toxicity to SORE6 + gastric cancer stem cells [52]. Hence, it is essential to conduct more research
and clinical trials to investigate and test the medications that have the potential to be effective for individuals in the HRG.

Nevertheless, our study does have some limitations. Firstly, there are many pyroptosis-related genes reported in the
literature, and we only selected the pyroptosis-related genes that had been well studied or were frequently reported.
Secondly, our study relies on the online database, and it is essential to conduct extensive clinical cohort evaluations
in order to validate the predictive efficacy of the PRLPS model in the future. Thirdly, our study mostly concentrated on
doing bioinformatic analysis. However, there is a pressing need for further experimental investigations to investigate
the precise function of PRIncRNA in STAD.

5 Conclusion

In this study, we constructed a prognostic signature consisting of 21 pyroptosis-related IncRNAs based on TCGA database,
which had a robust ability in predicting the OS of patients with STAD, clinicopathological features, immune landscape,
and the response to ICls. In addition, biological processes and pathways correlated with pyroptosis-related IncRNAs were
screened, which improved our understanding of the function of pyroptosis-related IncRNAs in the tumorigenesis and
development of STAD. This work also provides pivotal evidence for the development of predictive biomarkers, chemo-
therapeutic drugs, and immunotherapy for STAD.
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