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SELP can affect the immune microenvironment of gastric cancer 
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Abstract
The tumor microenvironment (TME) plays a crucial role in the occurrence and progression of gastric cancer. Yet, we still 
don’t understand how immune and stromal components of TMEs are modulated. In this study, we applied the ESTIMATE 
algorithm to calculate the number of immune and stromal components in 410 STAD cases in the Cancer Genome Atlas 
(TCGA) database. COX regression analysis and protein–protein interaction (PPI) network construction were used to 
analyze differentially expressed genes (DEGs). Then, P-selectin (SELP) was identified as a predictor by cross-analysis of 
univariate COX and PPI. After verifying the clinical significance of SELP for study, we performed an immune infiltration 
analysis and identified 54 immunomodulators associated with SELP through public data. Immunomodulation associated 
with gastric cancer prognosis was then confirmed by LASSO regression, and the previous results were further validated 
with single-cell data. Finally, we verified that SELP can promote EMT on gastric cancer cells. In conclusion, we validated 
that SELP may affect the biological phenotype of gastric cancer with the immune microenvironment alteration of gastric 
cancer.
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1  Introduction

Gastric cancer (GC) is the fifth most common malignancy worldwide and the fourth leading cause of cancer-related 
death [1, 2]. According to data from the International Agency for Research on Cancer (IARC), there are approximately 
480,000 new cases of gastric cancer in China, accounting for approximately 44% of global gastric cancer cases [2]. 
Although early stage gastric cancer (Tis, carcinoma in situ) responds well to treatment [3, 4], most patients are diag-
nosed at an advanced stage because of the limited indications and symptoms of precancerous lesions [5]. Despite 
the continuous iteration of comprehensive treatments based on surgical resection, the prognosis of GC remains 
poor, with a median survival of only 12–15 months [6, 7]. Consequently, the global burden of gastric cancer remains 
high, especially in Asia and Latin America [8]. There have been 370,000 gastric cancer deaths in China, accounting 
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for half of the world’s total deaths [9]. Therefore, there is an urgent need to explore potential therapeutic targets for 
the treatment of GC.

More and more studies have shown that the tumor microenvironment (TME) is epigenetically related to tumor cells 
and plays a key role in the initiation [10], progression and metastasis of tumors [11, 12]. The immune microenvironment 
is crucial, and in the recruitment of tumor-related signals, various immune cells have been shown to interact with can-
cer cells to promote tumor development [13]. For example, in the complex environment of the TME, immune cells are 
more likely to have more M2 macrophages and Treg cells, but not fully mature immune cells, to exert tumor-suppressive 
functions [14]. Current studies have found that the response to immune checkpoint blockade (ICB) is closely related to 
the TME, and ICB can effectively restore the anti-tumor immune response [15–18]. For instance, Cao et al. found that 
SLC6A6-mediated taurine uptake transactivates immune checkpoint genes and induces exhaustion in CD8+T cell [19]. 
Several studies have found that PD-1/PD-L1 inhibitors can improve the cure rate of gastrointestinal malignancies [20], 
and that tumors with a higher mutational burden (TMB) show better immunotherapy responses [21, 22]. However, 
a comprehensive understanding of the molecular mechanisms underlying the immune microenvironment in gastric 
cancer may be the key to ensuring the success of immunotherapy. Transcriptome sequencing patterns and functional 
genomic analyses have revealed the roles of different cell types in TME regulation. In this paper, the ESTIMATE computa-
tional method was used in order to calculate the proportion of immune and matrix components of STAD samples in The 
Cancer Genome Atlas (TCGA) database, and a predictive biological indicator, SELP, was discovered. P-selectin (SELP) is a 
cell adhesion molecule (CAM) that is expressed on the surface of platelets, endothelial cells, and leukocytes, and medi-
ates the initial step of immune cell penetration from the bloodstream into surrounding tissues [23]. SELP is involved in 
a variety of immune processes, such as platelet activation and leukocyte recruitment and function [24]. However, the 
function of SELP in the GC immune microenvironment remains poorly understood. Because SELP is involved in vari-
ous health and disease processes, its expression and functional patterns influence tumor development and treatment. 
Therefore, we have conducted a comprehensive analysis of SELP and demonstrated that it may be a potential indicator 
of TME alterations in gastric cancer.

2 � Material and methods

2.1 � Data source

In this study, transcriptome RNA-sequencing data of STAD samples were downloaded from The Cancer Genome Atlas 
(TCGA) database (https://​portal.​gdc.​cancer.​gov/). We also used gastric cancer transcriptome and single-cell data acquired 
from GSE84437 and GSE167297 via the Gene Expression Omnibus (GEO) database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/). 
The specimens were screened based on the clinical data.

2.2 � Calculate ImmuneScore, StromalScore and ESTIMATEScore

The ESTIMATEScore, StromalScore, and ImmuneScore of the patients are calculated using the ESTIMATE R package (devel-
oped in R version 4.0.1) [25]. The immune and stromal component scores were positively correlated with the number 
of immune and stromal components present in the TME. The higher the score, the greater the number of immune or 
stromal components present in the TME.

2.3 � Survival analysis

Survival analysis was performed using the survival R package based on the Kaplan–Meier formula (log-rank test). The 
TCGA database contains survival information for 404 patients with STAD, which was used to plot survival curves. Sur-
vival information from 433 patients in the GEO database (GSE84437) was used to plot the survival curve. In the analysis, 
logarithmic rank was used as a statistical significance test; p < 0.05 is considered significant.

https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
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2.4 � Generation of differentially expressed genes

A total of 411 tumor samples were categorized as either high or low based on the median score of ImmuneScore and 
StromalScore. To perform differential gene expression analysis between high and low expression groups, the edgeR 
package with P-value < 0.01 and log2(foldchange) > 1.5 was used [26]. To visualize significant Differentially Expressed 
Genes (DEGs), the ggplot2 R package was used to generate a volcano plot (comparison between the high-scoring groups 
vs. the low-scoring groups). Moreover, a Venn diagram was constructed in order to show the significant downregulation 
and upregulation of DEGs.

2.5 � Differential analysis of clinical data

The STAD mRNA expression profiles and corresponding clinicopathological records are available in TCGA database. These 
data were analyzed using the R package and compared using the Wilcoxon rank-sum or Kruskal–Wallis rank-sum test as 
a significance test according to the clinical stages.

2.6 � Construction of PPI network

A Protein–protein Interaction (PPI) network was constructed using the STRING database (http://​www.​string-​db.​org) and 
analyzed using Cytoscape version 3.7.2 (The Cytoscape Consortium, San Diego, CA, USA, http://​apps.​cytos​cape.​org). The 
network was built using nodes with confidence in interactive relationships greater than 0.95.

2.7 � Univariate and multivariate COX analysis

Univariate and multivariate Cox analyses were performed using the R package. We analyzed the expression levels of DEGs 
from the ImmuneScore and StromalScore using a univariate Cox model, and the top 28 DEGs were ordered according 
to their p-values, from small to large. SELP-related immunomodulators associated with GC prognosis of gastric cancer 
were also identified using forest plots after univariate and multivariate Cox analyses.

2.8 � Gene set enrichment analysis

By using gene set enrichment analysis (GSEA), pathway enrichment analysis was performed using GSEA. We downloaded 
the C7 gene sets collected from the Molecular Signatures Database as target sets. We considered significant gene sets 
with NOM p < 0.05 and FDR q < 0.06.

2.9 � Immune infiltration analysis

Immune deconvolution analyses were conducted using ssGSEA and the CIBERSORT [27]. The LM22 gene profile was 
downloaded from the CIBERSORT website, and the proportions of 22 immune cells in the 411 STAD samples were ana-
lyzed. Furthermore, using the ssGSEA algorithm, individual tumor samples were transformed into immune cell popula-
tions. Based on a previous study [28], 28 immune cell types were identified for ssGSEA.

2.10 � Immunomodulators

GC-derived SELP immunomodulators were acquired from TISIDB: an Integrated repository portal for tumor–immune 
system interactions database (http://​cis.​hku.​hk/​TISIDB/), In order to discern how SELP contributes to anti-tumor immu-
nity [29]. We selected immunostimulators and immunoinhibitors that were significantly associated with SELP expression 
(Spearman correlation test, P < 0.05). These SELP-related immunomodulators were subjected to GO annotation using a 
Web-based Gene Set Analysis Toolkit (http://​www.​webge​stalt.​org/) [30].

2.11 � Least absolute shrinkage and selection operator (LASSO)

In this study, we used LASSO regression to narrow the range of prognostic genes, remove any overfitting between them, 
and calculate the risk scores based on the coefficients of LASSO regression [31]. A prognostic risk-scoring model for STAD 

http://www.string-db.org
http://apps.cytoscape.org
http://cis.hku.hk/TISIDB/
http://www.webgestalt.org/
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based on a linear combination of gene expression levels and regression coefficients was constructed. The formula for 
the risk score is: Risk score = ∑coefficents × expression levels.

2.12 � Single‑cell RNA‑seq analysis

In order to process the scRNA-seq dataset, we utilized the "Seurat" package (developed in R version 4.3.0) [32]. After 
quality control, t-SNE projection was performed to dimensionally reduce the dataset, and the cells were divided into 15 
clusters. We then manually annotated the cells of these 15 clusters using existing immune cell markers, labeling seven 
immune cells (Epithelial, T cell, B cell, Fibroblast, Myeloid cell, Endothelial cell, Mast cell). The FeaturePlot function in the 
Seurat package was used to map each gene. The AddModuleScore function in Seurat was used to score the genes and 
display them on a volcano map. A pseudo-time trajectory analysis of potential lineages and pseudo-time trajectories 
was conducted using the Slingshot R package.

2.13 � Cell culture

The MKN-74 and MGC-803 cells were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). 
Cells were cultured in RPMI-1640 (Gibco) medium with 10% fetal bovine serum (FBS) (Gibco), at 37 ℃ in a humidified 
5% CO2 atmosphere.

2.14 � Cell proliferation experiments

MKN-74 and MGC-803 cells were seeded in 96-well plates at a density of 3000 cells per well. After the cells are adherent, 
different concentrations of KF38789 (the concentrations are: 0, 0.075, 0.15, 0.3, 0.625, 1.25, 2.5, 5, 20 μM) are added to 
them. At 24 h, 48 h, and 72 h after adding KF38789, add 10 μL of CCK-8 (Dojindo, Japan) reagent per well under dark 
conditions and incubate with a constant temperature for 2 h, then measure the OD value at 450 nm of each well. Thus, 
cell viability under different concentrations of KF38789 was calculated, and the IC50 of the drug was determined. The cells 
were cultured in six-well plates at a number of 1000 cells per well for a duration of 2 weeks. After 2 weeks, the colonies 
were fixed in 4% formaldehyde and stained with 0.25% crystal violet. Finally, the colonies were counted and visualized.

2.15 � Western blot

Proteins were extracted from MKN-74 and MGC-803 cells using an immunoprecipitation (IP) assay (Beyotime, China). 
Equal amounts of protein samples and protein ladders were placed in 8–12% SDS-PAGE and transferred to PVDF mem-
branes (Biosharp, China). The cells were then incubated at room temperature or with secondary antibodies in 5% skim 
milk for 1 h.

2.16 � Wound healing assay

We used the scratch assay to test the migratory abilities of MKN-74 and MGC-803 cells. First, the cells were seeded in 6-well 
plates (5 × 105 cells/well), and after adherence, the cells were treated with 0.5 μM of KF38789 for 24 h. A 10 μL pipette 
tip was used to scratch horizontal lines into the monolayer of cells. Images were captured using an inverted microscope 
(magnification × 50) at 0 h, 24 h, 48 h, and 72 h.

2.17 � Transwell assay

MKN-74 and MGC-803 cells migration was examined using the transwell assay. Using a 24-well Transwell plate, we added 
serum-free culture media (200 μL) with 5 × 105 cells to the upper chambers and 700 μL 10% FBS to the lower chambers. 
We add 0.5 μM of KF38789 in both the upper and lower chambers. The visual fields of eight random chambers were 
counted using an inverted microscope (Olympus, Tokyo).
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2.18 � Statistical analysis

Graphpad Prism 9.0.0 was used for the analysis. All data are presented as mean + SEM. We used Student’s t-test to analyze the 
difference between two groups based on a single variable. A statistically significant P value is defined as * P < 0.05, *  * P < 0.01, 
or *  *  * P < 0.001.

3 � Results

3.1 � The ESTIMATE score was correlated with survival and clinicopathologic stage

First, using the ESTIMATE algorithm, the TCGA-STAD gene expression profiles were analyzed to calculate the StromalScore, 
ImmuneScore, and ESTIMATEScore scores of the samples. TMEs with higher ImmuneScore, StromalScore, and ESTIMATEScore 
scores contained more immune and stromal components. We then used Kaplan–Meier survival analysis. Despite the lack of a 
correlation between the ImmuneScore and OS (Fig. 1A), the StromalScore and ESTIMATEScore were positively correlated with 
OS for STAD patients with STAD (Fig. 1B, C). Furthermore, we analyzed the ImmuneScore, StromalScore, and ESTIMATEScore 
of TCGA-STAD patients with different clinicopathological characteristics. The ImmuneScore, StromalScore, and ESTIMATES-
core are significantly associated with the pathological and T stages (Fig. 1D–F). Based on these results, immune components 
found in the TME may positively affect the prognosis of patients with STAD.

3.2 � Identification of genes related with TME

According to R/edgeR, there were 917 upregulated DEGs and 601 downregulated DEGS in the ImmuneScore group (samples 
with high score vs. low score) and 1588 upregulated DEGs and 757 downregulated DEGS in the StromalScore group. These 
volcano plots show the DEGs identified by comparing high-ImmuneScore groups to low-ImmuneScore groups, as well as 
high-StromalScore groups to low-StromalScore groups for the ImmuneScore and StromalScore variables (Fig. 2A). A total of 
598 co-upregulated genes and 408 co-downregulated genes in the two groups are displayed in a Venn plot by intersection 
analysis (Supplementary Fig. 1A-B).

3.3 � Intersection analysis of PPI and univariate COX regression

Among these 1006 DEGs, significant interactions between 160 genes were explored using Cytoscape software [National 
Institute of General Medical Sciences NIGMS, USA] based on the STRING database (Fig. 2B), and the bar plot constructed 
shows the top 30 genes ranked by degree (Fig. 2C). To identify the valuable prognostic DEGs, 141 DEGs were analyzed by 
univariate Cox regression analysis. The top 28 genes are presented in a forest plot (Fig. 2D). Finally, intersection analysis was 
conducted to identify the DEGs that were the top 70 nodes in the PPI network and the 141 factors in the univariate COX 
regression, and only six genes (CD36, CXCR4, SELP, APOH, F2, and APOA1) were identified (Fig. 2E). As there are few studies 
on SELP in gastric cancer, we chose SELP as the subject of this study.

3.4 � The correlation of SELP expression with the survival and classification of TNM stages in STAD patients

SELP is a CAM involved in intercellular, extracellular, and extracellular matrix (ECM) interactions. In addition, SELP has been 
shown to play a role in tumor–host interactions and cancer immunity [30]. Based on the survival analysis, SELP expression 
was found to be negatively correlated with survival. Patients with high SELP expression had lower survival rates than those 
with low SELP expression in TCGA-STAD and GSE84437 datasets (Fig. 2F). SELP was more highly expressed in tumor samples 
than in normal samples (Fig. 2G). Next, SELP and clinical characteristics were analyzed. As the STAD pathological and T stages 
progressed, SELP expression increased significantly (Fig. 2H, I). Although SELP expression did not significantly correlate with 
N and M stages, it increased with STAD N and M stage progression (Fig. 2J, K).

3.5 � Identification of immune‑related pathways by GSEA

To better understand the immunological functions of the two groups, ESTIMATE, CIBERSORT, and ssGSEA analyses 
were performed. The low SELP expression group had lower immune, stromal, and ESTIMATE scores than the SELP 
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high-expression group (Fig. 3A, B). The CIBERSORT algorithm was used to measure the proportion of immune cells in 
the two groups. Memory B cells, B cell nuclei, monocytes, M2 macrophages, resting dendritic cells, and resting mast cells 
were positively correlated with SELP expression, whereas activated CD4+ T cells, M0 macrophages, and activated mast 

Fig. 1   Correlation of scores with clinical characteristics in patients with STAD. A Kaplan–Meier survival analysis of patients with STAD who 
are classified as high or low in the ImmunoScore (p = 0.065 by log-rank test). B StromalScore’s Kaplan–Meier survival curve (p = 0.001 by log-
rank test). C ESTIMATEScore’s Kaplan–Meier survival curve (p = 0.008 by log-rank test). D Relationship between stage and TMN classification 
and ImmunoScore in STAD patients (*P < 0.05, *  *P < 0.01, or ***P < 0.001). E Relationship between stage and TMN classification and Stro-
malScore in STAD patients (* P < 0.05, ** P < 0.01, or ***P < 0.001). F F Relationship between stage and TMN classification and ESTIMATEScore 
in STAD patients (* P < 0.05, ** P < 0.01, or ***P < 0.001)



Vol.:(0123456789)

Discover Oncology          (2025) 16:846  | https://doi.org/10.1007/s12672-025-02629-6 
	 Research

cells were negatively correlated with SELP expression (Fig. 3D). Furthermore, 28 immune cell subtypes were enriched in 
both groups using ssGSEA. Almost all of the immune functions were highly expressed in the SELP high-expression group 
(Fig. 3E). The SELP high-expression group displayed stronger immune cell infiltration than SELP low-expression group.

3.6 � Comparison of immune infiltrates

To broadly understand the significance of SELP in tumor immunity, we divided the tumor samples in TCGA-STAD into 
SELP high-expression group and SELP low-expression group with the median level of SELP expression. An analysis of dif-
ferentially expressed genes was conducted between the two groups (SELP high-expression group vs. SELP low-expression 
group). As soon as the DEGs were identified, we used GSEA to explore whether they were functionally enriched. Based 
on MSigDB’s definition of the C7 collection, immunological gene sets and multiple immune functional gene sets were 
enriched (Fig. 3A, B).

3.7 � Immunotherapy sensitivity assessment

To evaluate the sensitivity of patients with STAD to immunotherapy, we compared immune checkpoint gene expression 
levels between the two groups. The expression levels of multiple immune checkpoint genes differed between the SELP 
high- and low-expression groups. The expression levels of immune checkpoints (PD1, PDL1, PDL2, CTLA4, CD80, CD86, 
LAG3, TIM3, TIGHT, OX40, GITR, 4-1BB, ICOS, CD27, and CD70) were higher in the SELP-high group (Fig. 3F–I). Consider-
ing that different genetic mutations can influence the effectiveness of immunotherapy, we evaluated the mutational 
conditions in STAD (Supplementary Fig. 1C, D). These results suggest that STAD in the SELP high expression group may 
respond to immunotherapy better than STAD in the SELP low expression group.

The effects of immunotherapy can vary depending on the genetic mutations, which is why we evaluated STAD muta-
tional conditions. Supplementary Fig. 1C, D, we depicts the mutation landscapes of the SELP high- and low-expression 
groups. Surprisingly, this finding was contrary to our expectations. The TMB and number of MLH1, MSH2, MSH6, PMS2, 
POLE, and POLD1 mutations in the SELP low expression group were higher than those in the high expression group 
(Supplementary Fig. 1E, F), indicating that the SELP low expression group may have a better effect on immunotherapy. 
This indicates that SELP plays a dual role in gastric cancer, which may be related to its involvement in normal immune 
function [33].

3.8 � Association of SELP and immunomodulators

To determine how immunomodulators interact with SELP, we examined the impact of SELP on the immune system and 
the correlation between SELP expression levels and immune cell subsets. The association between STAD and lympho-
cytes, immunoinhibitors, and immunostimulators is shown in Fig. 4A–C. We identified 38 immunostimulators and 16 
immunoinhibitors that were significantly associated with SELP in patients with STAD (Supplementary Fig. 2A, B). Next, 
these immunomodulatory genes were subjected to PPI network analysis (Fig. 4D). We used GO to further analyze the 
functions of these genes in cellular processes, metabolic processes, and biological mechanisms. These genes were also 
associated with primary immunodeficiency, Natural killer cell-mediated cytotoxicity, and T-cell receptor signaling path-
ways (Fig. 4E).

3.9 � The significance of SELP‑associated immunomodulators in the prognosis of STAD

To investigate the prognostic value of SELP-associated immunomodulators in patients with STAD. First, we used LASSO 
regression to screen for genes associated with STAD prognosis among these SELP-associated immunomodulators (Fig. 5A, 
B). We identified eight genes (PDCD1, TGFB1, CXCR4, IL6, TNFRSF9, TNFSF18, and TNFSF13) that were highly associated with 
STAD (Fig. 5C). The distributions of risk scores, outcome statuses, and gene profiles for TCGA-STAD are shown in Fig. 5D–F. 
Similar results were confirmed for GSE84437 (Fig. 5G–I). According to univariate Cox regression models, the risk score in TCGA-
STAD was significantly associated with OS [hazard ratio (HR) = 2.077, 95% confidence interval (CI) = 1.313–3.286]. Moreover, 
multivariate Cox regression analysis showed that the risk score was predictive of prognosis [hazard ratio (HR) = 2.166, 95% 
confidence interval (CI) = 1.447–3.243] (Fig. 5J, K).
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3.10 � Genome‑wide single‑cell sequencing analysis reveals the distribution of SELP in cells

In order to further clarify the role of SELP and SELP-associated immunomodulators in STAD prognosis, we performed a 
single-cell analysis on the GSE167297 dataset. We first performed a t-SNE projection to dimensionally reduce the dataset, 
and then the cells were divided into 15 clusters (Supplementary Fig. 3). We then manually annotated all clusters using the 
marker expression data (Fig. 6A, B). We observed a significant reduction in B cells in deep tumors by verifying the propor-
tion of cells that had been annotated in normal tissues, superficial tumors, and deep tumors (Fig. 6C). Through the position 
of SELP, we found that SELP is highly enriched in endothelial cells (Fig. 6D). This is consistent with the biology of the SELP 
itself. Next, we used AddModulesCore to score the annotated cells with the eight prognostically relevant immune genes 
mentioned above. Additionally, T and myeloid cells showed relatively high scores (Fig. 6E, F). Based on the median immune 
score, we divided the cells into high- and low-scoring groups. The high-scoring group was mainly distributed in the T, B, and 
myeloid cells (Fig. 6G). Next, we built an unsupervised single-cell trajectory using Monocle on the ECs. This analysis revealed 
a continuous lineage path with four branches and further identified several temporal patterns of gene expression, such 
as IL6 and TNFRSF9, which are highly expressed early and decrease with development. PDCD1 and TGFBR1 peaked at the 
mid-to-late stage, and the other two genes were highly expressed at the late stage (Fig. 6H, I). These results summarized the 
location and development of SELP and SELP-associated immunomodulators in the TME of patients with gastric cancer. This 
indicates that SELP is a potential target for gastric cancer immunotherapy.

3.11 � SELP promotes EMT of gastric cancer cells

To further validate these results, we found KF38789 that selectively inhibited the binding of SELP to PSGL-1. By inhibiting 
the function of SELP in gastric cancer cells, we investigated whether the biological functions of gastric cancer cells changed. 
First, we detected SELP expression in gastric cancer cell lines by western blotting. In subsequent experiments, MKN-74 cells 
with high SELP expression and MGC-803 cells with low SELP expression were selected (Supplementary Fig. 3C, D). The CCK8 
assay was used to determine whether KF38789 regulates MKN-74 and MGC-803 proliferation. The cell viability ratio decreased 
with increasing drug concentration (Fig. 7A). We also derived the IC50 of KF38789 for MKN74 and MGC803 from this experi-
ment, and finally determined the KF38789 drug concentration (0.5 μM) and the time of drug treatment (24 h). We conducted 
experiments to verify our conclusions using plate clone formation. Under the effect of KF38789, the colonies of MKN74 and 
MGC803 cells were smaller than those in the control group (Fig. 7B, C). Western blotting was performed to determine whether 
the protein levels of the EMT-related molecules were inhibited by KF38789. The western blot experiments showed that the 
levels of EMT-related proteins in gastric cancers cells changed significantly after 24 h of KF38789 treatment. Twist, N-cadherin, 
and vimentin expression was significantly decreased, and E-cadherin expression was significantly increased in MKN-74 and 
MGC-803 cells (Fig. 7D, E). Transwell and wound healing assays were performed to determine the effects of KF38789 on the 
migration of MKN-74 and MGC-803 cells. The results indicated that culture in KF38789 significantly decreased the migration 
of MKN-74 and MGC-803 cells compared to the control groups (Fig. 7F–I). These results illustrate that SELP inhibitors inhibit 
EMT in gastric cancer cells and they also imply that SELP promotes EMT in gastric cancer.

4 � Discussion

This study has attempted to identify TME-related genes from The (TCGA) database that contribute to the survival and 
TNM staging classification of patients with STAD. SELP is involved in immunization Importantly, a series of bioinfor-
matics analyses illustrated that SELP may be associated with TME status in STAD patients.

Fig. 2   Difference analyses and Correlation of SELP with clinical characteristics in patients with STAD. A Volcano maps generated by compar-
ing the DEGs in the high score group and low score group in the ImmuneScore and StromalScore. The fold-change > 1 and q = 0.05 was used 
as the significance threshold. B PPI network of DEGs. An interaction network constructed by nodes with an interaction confidence value 
of > 0.95. C Barplot of top 30 genes sorted by number of nodes. D Univariate COX regression analysis of 141 DEGs with the top 28 signifi-
cant factors of p < 0.005 were listed. E Venn plot showing the common factors shared by leading 30 nodes in PPI and top significant factors 
in univariate COX. F Survival analysis for STAD patients with different SELP expression in TCGA and GSE84437. G Differentiated expression 
of SELP in the normal and tumor sample. H–K Relationship between stage and TMN classification and SELP in STAD patients (*P < 0.05, ** 
P < 0.01, or ***P < 0.001)

▸
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TME play a crucial role in tumor development [34]. Our transcriptome analysis of STAD data in TCGA database showed 
that the immune component of the TME had an adverse effect on the prognosis of patients. In particular, we found that 
the EstimateScore and StromalScore were significantly positively correlated with the progression (invasion and metas-
tasis) of STAD, indicating an important interaction between immune cells and cancer cells.

Fig. 3   Comparison of immune profiles and sensitivity to Immunotherapy between the two groups. A Gene enrichment analysis. On the 
left are pathways positively correlated to SELP, and on the right are pathways negatively correlated with SELP, each represented by a differ-
ent color. B Comparison of ImmuneScore, StromalScore and ESTIMATEScore between SELP-high expression group and SELP-low expres-
sion group. C Comparison of ImmuneScore, StromalScore and ESTIMATEScore between two groups. D Comparison of CIBERSORT between 
two groups. E Comparison of ssGSEA between two groups. F–I Comparison of immunomodulatory drug targets between the two groups 
(*P < 0.05, **P < 0.01, or ***P < 0.001)
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Fig. 4   Analysis of immunomodulators associated with SELP. A The relationship between cancers and lymphocytes. B The relationship between can-
cers and immunoinhibitors. C The relationship between cancers and immunostimulators. D PPI network of 54 immunomodulators associated with 
SELP. E GO functional analysis of SELP-related immunomodulators
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With the advancement of immunotherapy using immune checkpoint inhibitors (ICIs), the direction of gastric cancer 
treatment has changed clearly [35–37]. Although anti-PD-1/PD-L1 monotherapy has been approved as an advanced treat-
ment, they are unlikely to be the first-line treatment for cancer [38, 39]. However, when combined with other therapies, 
ICIs have shown great potential for transforming clinical practice into a first-line treatment for advanced cancers [40]. 
However, most patients with advanced gastric cancer still do not benefit from immunotherapy [41]. With the develop-
ment of precision medicine, biomarkers have been identified as effective therapies. Our search for effective biomarkers 
may be beneficial for immunotherapy.

Fig. 5   SELP-associated immunomodulators in the prognosis of STAD. A, B LAASO coefficients of SELP-associated immunomodulator genes. 
B Identification of genes for prognostic risk models. C Identification of eight genes associated with prognosis. D–F Prognostic values of the 
risk scores in TCGA-STAD. G–I Prognostic values of the risk scores in GSE84437. J Univariate and multivariate Cox regression analyses with 
the risk score in STAD. K Receiver operating characteristic (ROC) curves of STAD prognostic factors
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In this study, a significant association between SELP expression and infiltration of tumor immune cells was observed 
in STAD. As a CAM, SELP is typically cross-linked with the P-selectin glycoprotein ligand-1 (PSGL-1) in the form of a dimer, 
thereby enhancing cell adhesion [42]. In addition to PSGL-1, CD44 and CD24 may also be functional ligands for SELP [43, 
44]. SELP has been experimentally shown to be involved in a variety of immune processes, such as leukocyte recruitment 
and platelet activation [24, 45]. It has been demonstrated that SELP is involved in mediating myeloma macrophage-
mediated drug resistance and is associated with TAM polarization [46, 47]. This study aimed to explore the potential role 
of SELP as a target molecule in the TME of gastric cancer.

First, we validated that SELP was associated with the clinical progression of STAD. CIBERSORT and ssGSEA were 
used to verify the correlation between SELP and immune-infiltrating cells in STAD. The results showed that many 
immune cells were positively correlated with SELP. Therefore, SELP may be related to macrophage polarization in the 
TME. At the same time, we analyzed the relationship between SELP and immune checkpoints, which suggested that 
high expression of SELP may be beneficial for immunotherapy and it also may be related to the involvement of SELP 
in normal immune function. Thus, SELP may play a dual role in gastric cancer by inhibiting survival and promoting 
cellular immunity. This illustrates the complexity of SELP in tumor immunity. At the next step, in order to further 

Fig. 6   Single-cell data analysis of GSE167297. A Manually annotated the cells. B Distribution of individual cells after annotation. Each cell 
population is represented by a different color. C The distribution of cells in normal tissues, deep cancer and pericancer. D Localization of the 
SELP gene in endothelial cells. E, F Distribution of SELP-associated immunomodulator genes associated with STAD prognosis in cells. G Vol-
cano plot between groups with high and low SELP expression. H Unsupervised single-cell trajectory of endothelial cells with four branches. 
I Expression of genes at different times of endothelial cell development
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explore the molecular mechanism of SELP in gastric cancer, we identified immunomodulators related to SELP. These 
results suggest that SELP plays an important role in the immune microenvironment during STAD progression.

In this study, LASSO regression was used to screen SELP-related immunomodulators associated with STAD prog-
nosis. To further explore the mechanism of action of SELP and these SELP-related immunomodulators, we analyzed 
single-cell data from the GEO database. These results indicated that SELP may be associated with immunosuppression 
in gastric cancer. Moreover, the unsupervised single-cell trajectory of the SELP suggests that these immunomodula-
tors play important roles at all stages of SELP development. The single-cell data results of this study provide evidence 
that SELP is a potential target for gastric cancer associated with the tumor immune microenvironment.

At the end of this study, we verified the inhibitory effect of SELP inhibitor KF38789 on EMT in gastric cancer cells, 
and the inhibitory effect is obvious. Several studies have confirmed that TME can affect EMT and the biology of gas-
tric cancer cells [48]. In some tumors, integrins from the extracellular region influence EMT  [49–51]. Therefore, we 
speculated that SELP may affect the invasion and migration of gastric cancer cells by regulating immune pathways.

In conclusion, our findings suggest that SELP plays a role in controlling the immune microenvironment in gastric 
cancer. The fundings may improve our understanding of gastric cancer and have the potential to lead to the devel-
opment of advanced and strategies for gastric cancer therapy. Although, this experiment validates the feasibility of 
SELP as a potential therapeutic target for gastric cancer. The mechanism of SELP-mediated tumor immunity and the 
exact prognostic value of immune signatures should be further explored in the future, which is also a shortcoming of 
this study. In addition, most gastric cancers are not sensitive to immune checkpoint inhibitor monotherapy, so gastric 
cancer patients may require combination therapy to improve response to anti-PD-1 therapy or other ICIs. Therefore, 
if we can further explore the role of SELP in the immune microenvironment of gastric cancer, we can contribute to 
the evolving immunotherapy, and may also be combined with ICIs to achieve better clinical outcomes.

Fig. 7   The SELP inhibitor KF38789 inhibits EMT in gastric cancer cells. A MKN-74 and MGC-803 cells were treated with KF38789 for 24, 48 
and 72 h. Cell viability was determined by CCK-8 assay. B Colony formation density of KF38789-treated assessed by colony formation assay. 
C Statistics of colonies between control groups and KF38789-treated groups. D, E MKN-74 and MGC-803 were treated with KF38789 for 
24 h, Changes in EMT proteins were observed by western blot, n = 3. F Wound healing assay results showed that compared with the control 
group, the migration of gastric cancer cells was significantly inhibited in KF38789 (Scale bar, 50 μM). G Statistics of wound healing assay. H 
The Transwell assay showed that the migration ability of gastric cancer cells was weakened under the treatment of KF compared with the 
control group (Scale bar, 100 μM). I Statistics of wound Transwell assay. (*P < 0.05, **P < 0.01, or ***P < 0.001)
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