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Abstract 

Background  Stomach adenocarcinoma (STAD) with microsatellite instability (MSI) is associated with a better prog-
nosis compared to Non-MSI. This study aims to elucidate the differences in the tumor microenvironment (TME) of MSI 
and explore its underlying mechanisms in STAD.

Methods  TME differences between MSI and Non-MSI were analyzed using single-cell RNA sequencing (MSI = 7, 
Non-MSI = 19) and bulk RNA sequencing (MSI = 39, Non-MSI = 198). Differentially expressed genes (DEGs) were used 
to identify enriched pathways and hub genes. TNFSF9 expression was validated by immunohistochemistry (IHC) 
on 23 STAD sections (MSI = 13, Non-MSI = 10) and confirmed in tumor epithelial cells using SNU-1 (MSI) and AGS (Non-
MSI) cell lines through quantitative polymerase chain reaction (qPCR) and Western blot (WB).

Results  The results showed MSI was significantly associated with a better prognosis (P < 0.05). Within the TME, MSI 
was associated with a higher abundance of antigen-presenting cells, including M1 macrophages (40.1% vs. 27.9%) 
and activated dendritic cells (22.1% vs. 10.5%), as well as pro-inflammatory Th1-like CD4⁺ T cells (15% vs. 11%). How-
ever, MSI also showed an increase in exhausted T cells, indicating a complex immune landscape. Signaling pathway 
and cell communication analyses revealed an enrichment of cytokine-related pathways in MSI. Hub gene analysis 
revealed that TNFSF9 was predominantly expressed in stromal cells and partially in tumor epithelial cells in MSI, 
with its upregulation further confirmed through IHC, qPCR, and WB. Correlation analysis demonstrated a positive 
relationship between TNFSF9 expression and the abundance of M1 macrophages.

Conclusions  These findings provide new insights into the TME of MSI in STAD, emphasizing the significant role 
of TNFSF9 in shaping MSI-specific TME, enhancing immunotherapy efficacy, and improving patient survival.
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Introduction
Stomach adenocarcinoma (STAD) is classified into four 
subtypes based on molecular phenotypes in The Can-
cer Genome Atlas (TCGA): MSI (microsatellite instabil-
ity tumors), EBV (Epstein–Barr virus-positive tumors), 
GS (genomically stable tumors), and CIN (chromosomal 
instability tumors) [1]. Among these subtypes, MSI is 
associated with a more favorable prognosis. MSI is char-
acterized by the loss of DNA mismatch repair function 
and is primarily detected via immunohistochemistry or 
polymerase chain reaction [2, 3]. Clinical trials demon-
strate that STAD with MSI shows better outcomes when 
treated with immune checkpoint inhibitors like PD-1 or 
PD-L1 inhibitors [4–6]. Moreover, recent studies indicate 
that MSI, irrespective of adjuvant therapy, is linked to a 
favorable prognosis in STAD [7–9]. In summary, MSI is 
strongly linked to better survival and prognosis.

MSI, characterized by a higher frequency of gene 
mutations and an increased proportion of neoantigen 
peptides, promotes a highly immunogenic environ-
ment in STAD [10]. MSI enhances the tumor immune 
response, evidenced by abundant CD8+ T-cell infiltra-
tion [11, 12]. Previous studies analyzed differences in 
the tumor microenvironment (TME) using bulk RNA 
sequencing (bulk RNA-seq), which is limited in captur-
ing interactions among diverse cell types. Furthermore, 
these studies did not explore the molecular mechanisms 
underlying immune infiltration differences [13]. Recently, 
single-cell RNA sequencing (scRNA-seq) has demon-
strated advantages in describing tumor complexity and 
heterogeneity [14–18]. Integration of bulk RNA-seq and 
scRNA-seq enables a systematic exploration of differ-
ences in molecular mechanisms and prognosis between 
MSI and Non-MSI.

Our study aims to unravel the differences in the TME 
and underlying mechanisms between MSI and Non-MSI. 
These findings could improve clinical diagnosis and sug-
gest new therapeutic strategies for STAD.

Materials and methods
Data collection
Cohorts were classified into MSI (MSI-H) and Non-MSI 
(MSS and MSI-L). Immunohistochemistry (IHC) was 
conducted on samples classified as MSI (deficient mis-
match repair) and Non-MSI (proficient mismatch repair). 
The scRNA-seq data were sourced from the GSE183904 
dataset, which includes 48 samples, with 26 tumor sam-
ples analyzed for this study. Bulk RNA-seq data were 
acquired from the GSE62254 dataset. Additionally, the 
TCGA database was used to assess TNFSF9 expres-
sion differences between MSI and Non-MSI. The study 
sourced 23 STAD pathological sections from the Guang-
dong Provincial People’s Hospital in China, categorized 

into two groups based on their postoperative pathologi-
cal IHC results: 13 samples were identified as MSI, while 
the remaining 10 were recognized as Non-MSI.

The study was conducted with the necessary ethical 
approval obtained from the Institutional Review Board. 
Informed written consent was obtained from all par-
ticipating patients, ensuring their voluntary participa-
tion and understanding of the study’s objectives and 
procedures.

Estimation of immune cell infiltration in bulk RNA‑seq
The “CIBERSORT” algorithm [19] was applied to cal-
culate the proportion of 22 immune infiltrating cells for 
each sample based on the LM22 signature for 100 per-
mutations. The differences in immune cell subtypes 
between the MSI and Non-MSI from the bulk RNA-seq 
data (GSE62254) were analyzed.

Estimation of immune cell infiltration in scRNA‑seq
ScRNA-seq data were transformed into Seurat objects 
using the “CreateSeuratObject” algorithm in the “Seu-
rat” package with R software (version 4.1.2) [20]. Data 
quality control was performed with the following crite-
ria: UMI count < 6000, gene count ≥ 250, and mitochon-
drial gene ratio < 0.20. We used R package “Harmony” 
to remove batch effects between different patients [21]. 
Non-linear dimensional reduction was performed using 
the UMAP method. Cell clustering was performed using 
the “FindClusters” function in Seurat, and the clusters 
were annotated by the expression of canonical marker 
genes [16–18]. The R package “CellChat” is a tool used to 
infer, analyze and visualize intercellular communication 
networks [22]. “CellChat” quantitatively characterizes 
and compares intercellular communications by analyzing 
signaling inputs and outputs for cell populations based 
on the known structural composition of ligand–receptor 
interactions.

Differentially expressed genes (DEGs) and pathway 
analysis
The R package “Limma” was used for DEGs analysis. An 
empirical Bayesian method estimated the fold change 
between clusters one and two, identified via consensus 
clustering, using moderated T-tests [23]. Adjusted P-val-
ues for multiple testing were calculated using the Benja-
mini–Hochberg correction. Genes with an absolute log2 
fold change greater than 0.25 were identified as DEGs 
between MSI and Non-MSI. Pathway and functional 
enrichment analyses, including Gene Set Enrichment 
Analysis (GSEA), the Kyoto Encyclopedia of Genes and 
Genomes (KEGG), and Gene Ontology (GO), were per-
formed using the R packages “ClusterProfiler” (version 
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Fig. 1  Inter-tumor TME heterogeneity between MSI and Non-MSI in bulk RNA-seq analysis. A Experimental design overview. B Kaplan–Meier 
survival curves for STAD comparing MSI and Non-MSI. C–E Comparisons of ImmuneScore, TumorPurity, and StromalScore between MSI 
and Non-MSI. F Boxplots illustrating the proportions of 22 immune infiltrating cells between MSI and Non-MSI. *P < 0.05; **P < 0.01; ***P < 0.001; 
****P < 0.0001; ns: not significant
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Fig. 2  The single-cell landscape of STAD. A Violin plots of RNA counts (nCount_RNA), RNA features (nFeature_RNA), and Mitochondrial RNA ratio 
(mitoRatio) after data filtering. B DimPlot showing patient-specific clustering via PCA for single-cell data. C UMAP plot visualizing patient.IDs in STAD 
after correcting for batch effects. D UMAP plot illustrating the clustering of STAD cells. E UMAP plot revealing cell lineages marked by specific genes 
in STAD. F Histograms illustrating the proportions of STAD cells between MSI and Non-MSI
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Fig. 3  A single-cell atlas of lymphocytes. A UMAP plot displaying cell lineages identified by specific marker genes in T&NK cells. B Histograms 
showing the proportions of T&NK cells between MSI and Non-MSI. C UMAP plot displaying cell lineages identified by specific marker genes in CD8+ 
T cells. D Histograms showing the proportions of CD8+ T cells between MSI and Non-MSI. E UMAP plot displaying cell lineages identified by specific 
marker genes in CD4+ T cells. F Histograms showing the proportions of CD4+ T cells between MSI and Non-MSI
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Fig. 4  A single-cell atlas of myeloid cells. A UMAP plot displaying cell lineages identified by specific marker genes in myeloid cells. B Histograms 
showing the proportions of myeloid cells between MSI and Non-MSI. C UMAP plot displaying cell lineages identified by specific marker genes 
in macrophages. D Histograms showing the proportions of macrophages between MSI and Non-MSI. E UMAP plot displaying cell lineages 
identified by specific marker genes in dendritic cells. F Histograms showing the proportions of dendritic cells between MSI and Non-MSI
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4.0.5), “org.Hs.eg.db” (version 3.13.0), “ggplot2” (version 
3.3.5), and “enrichplot” (version 1.12.3) [24].

Definition and validation of hub genes
Hub genes were identified as the intersection of cytokine-
related pathways derived from GSEA, KEGG, and GO 
enrichment analyses, resulting in 8 hub genes. Their 
expression patterns were then verified at both the bulk 
RNA-seq and scRNA-seq levels. Notably, among these 
hub genes, TNFSF9 showed higher expression in both 
bulk RNA-seq and scRNA-seq. Finally, the significance 
of TNFSF9 was validated using public database analyses 
and experimental data.

IHC
For IHC analysis, paraffin-embedded tissue sections 
were incubated with TNFSF9 antibody overnight at 4 °C, 
treated with secondary antibodies, and visualized using 
the DAB staining protocol, followed by hematoxylin 
counterstaining for background clarity. The assessment 
of the area and density of stained regions, as well as the 
integrated optical density (IOD) of the IHC sections, was 
performed using Image-Pro Plus software version 6.0 
(Media Cybernetics, Rockville, MD, USA, https://​media​
cy.​com/). The evaluation of density signals within five 
randomly selected fields of the tissue sections was carried 
out in a blinded manner, followed by a statistical analysis 
to determine their significance.

Cell culture and quantitative polymerase chain reaction 
(qPCR)
The SNU-1 cell line, classified as MSI, and the AGS 
cell line, classified as Non-MSI [25], were cultured in 
1640 medium supplemented with 10% fetal bovine 
serum under conditions of 5% CO2, 37  °C, and humidi-
fied environment. A total of 1×106 cells from each type 
were selected for subsequent qPCR analysis. Total RNA 
extraction from the cells was performed using Tissue 
RNA Purification Kit Plus (EZBioscience, cat# EZB-
RN001-plus). 1  μg RNA was used for reverse tran-
scription using the Colour Reverse Transcriptase Kit 
(EZBioscience, cat# A0010CGQ). Gene expression was 
quantified by qPCR using SYBR Green qPCR Mix (EZBi-
oscience, cat# A0012-R2). For qPCR analysis, specific 
primers for TNFSF9 were used, with the forward primer 

sequence as 5′-AAA​TGT​TCT​GAT​CGA​TGG​G-3′ and 
the reverse primer sequence 5′-CCG​CAG​CTC​TAG​
TTG​AAA​GAAGA-3′ [26]. The expression levels were 
normalized to GAPDH, and the qPCR reaction was per-
formed using a CFX96 Real‐Time PCR Detection System 
(Bio‐Rad). The relative expression of TNFSF9 was calcu-
lated using the 2−ΔΔCt method.

Western blot analysis
Cells were lysed using M-PER Mammalian Protein 
Extraction Reagent (Thermo Scientific), followed by 
sodium dodecyl sulfate–polyacrylamide gel electropho-
resis. The membrane was blocked with 5% non-fat dry 
milk in TBST for 1 h at room temperature. After block-
ing, the membrane was incubated overnight at 4 °C with a 
TNFSF9 monoclonal antibody (Proteintech, cat# 66450-
1-lg). The following day, the membrane was washed with 
TBST and incubated with a secondary antibody for 1 h at 
room temperature. After additional washing, the mem-
branes were visualized using the Tanon 4600 chemilu-
minescence imaging system (Tanon, Shanghai, China), 
with Immobilon Western Chemiluminescent HRP Sub-
strate (Millipore). Quantification of a specific protein was 
achieved by calculating the ratio of its intensity bands 
to those of α-Tubulin, utilizing the ImageJ software for 
analysis.

Survival analysis
Statistical analyses were performed using R software 
(version 4.1.2). Gene expression data were log2 trans-
formed and standardized. The Wilcoxon test was used 
to compare TNFSF9 expression between MSI and Non-
MSI. Cox proportional hazards model and Kaplan–Meier 
curve were used for survival analysis. Spearman’s cor-
relation was used to investigate the association between 
TNFSF9 expression and immune cell infiltration. A sig-
nificance level of P < 0.05 was applied. Data visualization 
was performed using R software.

Results
MSI is associated with better survival
The experimental design is outlined in Fig. 1A. Survival 
analysis revealed that MSI was associated with better 
prognosis in STAD, as observed in the bulk RNA-seq 
data from GSE62254 (P < 0.05; Fig.  1B). Cox regression 

(See figure on next page.)
Fig. 5  Significance of cytokine-related pathways in MSI TME. A Volcano plot illustrating differential gene expression between MSI and Non-MSI. 
B–D GSEA, GO, and KEGG pathway enrichment analyses consistently identify the cytokine-cytokine receptor interaction pathway as significantly 
enriched in MSI. E RankNet analysis conducted with CellChat showing relative information flow of key signaling pathways between MSI 
and Non-MSI. F NetAnalysis SignalingRole heatmap conducted with CellChat uncovering distinct signaling patterns for MSI (left) and Non-MSI 
(right)

https://mediacy.com/
https://mediacy.com/


Page 8 of 14Zhou et al. European Journal of Medical Research          (2025) 30:214 

Fig. 5  (See legend on previous page.)
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analysis of unadjusted covariates confirmed this asso-
ciation, which remained significant after adjusting for 
covariates (Table S1). These findings indicated that MSI 
is associated with better prognosis and survival.

TME heterogeneity between MSI and Non‑MSI in bulk 
RNA‑seq
We assessed the heterogeneity of TME between MSI and 
Non-MSI using bulk RNA-seq data (GSE62254). The 
analysis revealed no significant differences in immune 
score, stromal score or tumor purity score between MSI 
and Non-MSI (P > 0.05; Fig.  1C–E). To further char-
acterize their immunologic landscape, we analyzed 22 
immune infiltrating cells using the “CIBERSORT” algo-
rithm. The results indicated that MSI exhibited a higher 
abundance of CD4⁺ memory-activated T cells and M1 
macrophages, but a lower abundance of CD4⁺ memory-
resting T cells, plasma cells, and eosinophils compared to 
Non-MSI (Fig. 1F).

TME heterogeneity between MSI and Non‑MSI 
in scRNA‑seq
We analyzed the single-cell-level heterogeneity of the 
TME between MSI and Non-MSI. Data quality control, 
PCA dimensionality reduction, and batch effect removal 
are shown in Fig.  2A–C. Based on cell lineage-specific 
marker genes (Figure S1A), the cells were classified into 
eight types: T&NK cells, B cells, epithelial cells, endothe-
lial cells, fibroblasts, mast cells, myeloid cells, and plasma 
cells (Fig. 2D–E). The analysis revealed that T&NK cells 
constituted a higher proportion in MSI (46% vs. 34%), 
whereas plasma cells and fibroblasts were more abundant 
in Non-MSI (Fig. 2F).

We further analyzed lymphocytes within MSI (N = 7) 
and Non-MSI (N = 19). Distinct clusters of T&NK cells 
were identified by specific markers (Fig.  3A), including 
CD4+T, CD8+T, proliferating T cells (T pro)  cells, and 
NK cells (Figure S1B). The results revealed an increased 
abundance of NK cells (14% vs. 11%) in MSI, while 
CD4+T cells were more abundant in Non-MSI (Fig. 3B). 
No significant differences were observed in the propor-
tions of T pro cells or CD8⁺ T cells. Within the CD8⁺ T 
cell population, distinct clusters were identified using 

marker genes (Figure S1C), including cytotoxic CD8+T 
cells, effector memory CD8+T cells, exhausted CD8+T 
cells, mucosal-associated invariant T (MAIT) CD8⁺ T 
cells, and naive CD8⁺ T cells (Fig. 3C). The results indi-
cated that exhausted CD8⁺ T cells (23% vs. 13%) were 
more abundant in MSI, whereas effector memory CD8⁺ T 
cells were more abundant in Non-MSI (Fig. 3D). Within 
the CD4+T cell population, distinct clusters were iden-
tified using marker genes (Figure S1D), including naive 
CD4+T cells, effector memory CD4+T cells, regulatory 
CD4+T cells, Th1-like CD4+T cells, and Th17 CD4+T 
cells (Fig. 3E). The analysis revealed that regulatory CD4⁺ 
T cells (33% vs. 26%) and Th1-like CD4⁺ T cells (15% vs. 
11%) were enriched in MSI, whereas naive CD4⁺ T cells 
and effector memory CD4⁺ T cells were more abundant 
in Non-MSI (Fig. 3F).

Additionally, we conducted a subset analysis of myeloid 
cells within MSI and Non-MSI. Unique clusters of mye-
loid cells were identified using marker genes (Figure S1E), 
including monocytes, macrophages, and dendritic cells 
(DCs) (Fig. 4A). The analysis revealed that DCs (19% vs. 
16%) and monocytes (53% vs. 34%) were more abundant 
in MSI, while macrophages were predominantly enriched 
in Non-MSI (Fig. 4B). Within the macrophage subtypes, 
distinct clusters were identified based on marker genes 
(Figure S1F), including M0 macrophages, M1 mac-
rophages, and M2 macrophages (Fig.  4C). The results 
showed that M1 macrophages (40% vs. 28%) were more 
prevalent in MSI, whereas M0 and M2 macrophages 
were more abundant in Non-MSI (Fig.  4D). DCs were 
identified using marker genes (Figure S1G), including 
activated DCs, conventional dendritic cells 1 (cDC1s), 
conventional dendritic cells 2 (cDC2s), and plasmacytoid 
dendritic cells (pDCs) (Fig. 4E). Activated DCs (22% vs. 
10%) and cDC1s (13% vs. 6%) were significantly enriched 
in MSI, whereas cDC2s were more abundant in Non-MSI 
(Fig. 4F).

Cytokine‑related pathways in the TME of MSI
To further investigate the differences in the TME between 
MSI and Non-MSI, we initially screened for DEGs using 
bulk RNA-seq data. A total of 338 DEGs were identi-
fied, with selection criteria of fold change (FC) > 0.25 

Fig. 6  TNFSF9 enhances antigen presentation and promotes anti-tumor responses in MSI. A Venn diagram depicting gene overlaps 
within cytokine-related pathways. B, C Boxplots showing increased TNFSF9 expression in MSI based on data from GSE62254 and TCGA databases. 
D FeaturePlot showing TNFSF9 expression across different STAD cell lines. E Violin plot illustrating heightened TNFSF9 expression in MSI tumor 
epithelial cells at the single-cell level. F IHC staining showed high TNFSF9 expression in MSI. a, IHC staining of TNFSF9 in MSI (magnification, × 200); 
b, IHC staining of TNFSF9 in MSI (magnification, × 200); c, IHC staining of TNFSF9 in Non-MSI (magnification, × 200); d, IHC staining of TNFSF9 
in Non-MSI (magnification, × 400). G Mean IOD of TNFSF9 between MSI (N = 13) and Non-MSI (N = 10). H qPCR analysis comparing TNFSF9 
expression between SNU-1 (MSI) and AGS (Non-MSI) cell lines. I WB analysis of TNFSF9 expression between SNU-1 (MSI) and AGS (Non-MSI) cell 
lines, with the original blot is in Supplementary Fig. 2. J Correlation analysis of TNFSF9 expression with M1 macrophages

(See figure on next page.)
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Fig. 6  (See legend on previous page.)
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and adjusted P < 0.05. This set included 112 upregulated 
and 225 downregulated DEGs (Fig.  5A). GSEA analysis 
revealed significant enrichment of DEGs in the Cytokine-
cytokine receptor interaction pathway (Fig. 5B). GO anal-
ysis highlighted the enrichment of DEGs in the Cytokine 
activity pathway (Fig. 5C). Similarly, KEGG analysis dem-
onstrated a marked enrichment of DEGs in the Cytokine-
cytokine receptor interaction pathway (Fig.  5D). 
Additionally, we performed cell-to-cell communication 
analysis using the “CellChat” package. The “RankNet” 
analysis revealed that the CXC chemokine ligand (CXCL) 
pathway exhibited significantly higher information flow 
in MSI (Fig.  5E). The “NetAnalysis Signaling Role heat-
map” further confirmed the enrichment of CXCL in MSI 
(Fig. 5F).

TNFSF9 plays an important role in the TME of MSI
To identify key hub genes, we analyzed the overlap of 
genes associated with cytokine-related pathways and 
identified 8 hub genes (Fig. 6A). Notably, the expression 
of TNFSF9 was significantly higher in MSI across both 
GSE62254 and TCGA datasets (Fig. 6B, C). Subsequently, 
we conducted a single-cell analysis and observed that 
TNFSF9 was predominantly expressed in stromal cells, 
with partial expression in tumor epithelial cells in MSI 
(Fig. 6D, E). The expression of TNFSF9 in MSI and Non-
MSI tissues was evaluated using IHC. The results showed 
that TNFSF9 expression was significantly higher in stro-
mal cells and was also observed in tumor epithelial cells 
in MSI (Fig. 6F). Quantitative analysis of the IHC stain-
ing revealed that the mean IOD value of TNFSF9 was sig-
nificantly higher in MSI (Fig. 6G). qPCR analysis showed 
higher TNFSF9 expression in the SNU-1 (MSI) cell line 
compared to the AGS (Non-MSI) cell line (Fig. 6H). Simi-
larly, WB analysis confirmed higher TNFSF9 expression 
in SNU-1 (MSI) cells (Fig. 6I). To explore the relationship 
between TNFSF9 expression and immune infiltration, we 
examined its co-expression with 22 immune-related cell 
types. The analysis revealed a positive correlation with 
M1 macrophages, classified as antigen-presenting cells 
(APCs) (Fig. 6J).

Discussion
TCGA database classified STAD into four subtypes, 
including MSI, EBV, CIN and GS [1]. Recently, immune 
checkpoint inhibitors (ICIs) have demonstrated signifi-
cant clinical efficacy in patients with MSI but limited effi-
cacy in Non-MSI. Studies found that MSI was associated 
with a better prognosis, even without immunotherapy 
[7]. Consistent with these observations, our study con-
firmed that MSI was associated with better prognosis 
and survival. Previous studies highlighted the correla-
tion between MSI and high tumor mutational burden, 

which promoted increased infiltration of CD4+ T and 
CD8+ T cells [11]. However, these studies did not clarify 
the detailed immune profile or the mechanisms underly-
ing it. Thus, our approach integrated bulk RNA-seq and 
scRNA-seq analyses to provide a more comprehensive 
understanding of the TME differences between MSI and 
Non-MSI in STAD.

Notably, we observed a significant abundance of Th1-
like CD4+ T cells in MSI, which played a key role in anti-
gen presentation. DCs enhanced antigen presentation 
with the help of CD4+ T cells [27]. Th1 CD4+ T cells 
induced type 1 immune responses by activating M1 mac-
rophages to combat intracellular pathogens [28]. Follow-
ing activation by APCs, Th1 CD4+ T cells, differentiated 
from naive CD4+ T cells, expressed CD40L and secreted 
cytokines such as IL-2, IFN-γ, and TNF to amplify their 
immune function [29]. Activated Th1 CD4+ T cells 
played an essential role in immune responses by secret-
ing IL-2 and other cytokines to stimulate cytotoxic T cell 
activation and support cellular immunity [30]. The inter-
action between APCs and Th1 CD4+ T cells illustrated a 
mechanism that enhanced antigen presentation in MSI, 
promoting effective anti-tumor immunity.

However, we also observed instances of immunosup-
pression within MSI, primarily due to the increased 
abundance of regulatory T cells and “exhausted” CD8+ T 
cells. Tregs were recognized for their role in suppressing 
tumor immunity; however, they also prevented autoim-
munity by modulating excessive immune responses [27]. 
We verified that MSI exhibited robust immune responses 
and hypothesized that the overexpression of Tregs might 
have resulted from an exaggerated immune reaction. 
Additionally, a significant abundance of exhausted CD8+ 
T cells was observed in MSI. Prolonged antigenic stimu-
lation led to a dysfunctional state, termed “exhaustion,” 
in tumor-specific CD8+ T cells [31]. Despite the eleva-
tion of immunosuppressive cells in MSI, we proposed 
that sustained and potent antigenic stimulation, coupled 
with efficient antigen presentation, ultimately shifted the 
balance toward anti-tumor immunity. Moreover, stud-
ies showed that exhausted CD8+ T cells regained their 
tumor-killing functionality upon treatment with ICIs 
[32]. This phenomenon partly explained the clinical ben-
efits of immunotherapy in MSI tumors.

Furthermore, our analysis showed that MSI was associ-
ated with increased APCs. The connection between anti-
tumor immunity and MSI cancers stemmed from MSI’s 
tendency to accumulate frameshift mutations, making 
these cancers highly immunogenic [10]. The resulting 
neoantigens were linked to APCs activation, as indicated 
by the observed abundance of M1 macrophages and acti-
vated DCs in MSI. DCs, as professional APCs, played a 
crucial role in orchestrating adaptive immune responses 
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[33]. M1 macrophages, activated by T-helper type-1 
cytokines, played a key role in inhibiting cell proliferation 
and inducing tissue damage [34]. The results highlighted 
that the abundance of tumor-associated antigens in MSI 
promoted activation of APCs and enhanced antitumor 
immunity.

In addition, further analysis of DEGs and pathway 
enrichment revealed a significant association between 
MSI and cytokine-related pathways. 8 hub genes were 
identified, with TNFSF9 standing out due to its exclusive 
expression in MSI, as observed in both bulk RNA-seq 
and scRNA-seq. TNFSF9, a member of the TNF super-
family, acted as a ligand for CD137 and was expressed 
in APCs [35, 36]. TNFSF9 was also expressed in vari-
ous types of tumor cells [37, 38]. CD137, predominantly 
expressed in activated leukocytes, particularly T cells 
and DCs, played a critical role in immune activation [39]. 
Interaction with its ligand TNFSF9 activated key signal-
ing pathways, including NF-κB, JNK/SAPK, and p38/
MAPK, leading to the activation of CD4+ and CD8+ T 
cells [40]. Beyond T cells, this interaction bi-directionally 
activated APCs, such as monocytes, and facilitated the 
initiation of cytotoxic T-cell responses by activating DCs 
[41]. In summary, elevated TNFSF9 expression in MSI 
and its positive correlation with APCs suggest a critical 
role in shaping the MSI TME and enhancing immuno-
therapy effectiveness.

Finally, our integrative analysis of bulk RNA-seq and 
scRNA-seq data offered valuable insights into the immu-
nological differences between MSI and Non-MSI. How-
ever, several limitations must be considered. While 
supported by existing literature, further in-depth mech-
anistic studies are needed to validate these findings and 
elucidate the underlying pathways.

While our study provides valuable insights into the 
immunological differences between MSI and Non-MSI 
in STAD through integrative bulk RNA-seq and scRNA-
seq analysis, several limitations should be acknowledged. 
First, the findings are largely correlative, and further 
experimental validation is required to establish the causal 
mechanisms, particularly the role of TNFSF9 in epithe-
lial cells and its impact on immune modulation. Second, 
the resolution of scRNA-seq analysis, while informative, 
may not fully capture rare cell populations or subtle tran-
scriptional changes. Third, patient heterogeneity, such 
as clinical and demographic factors, was not accounted 
for and may influence the immune profiles observed. 
Finally, while TNFSF9 emerged as a hub gene, its mech-
anistic pathways in MSI require further exploration 
using functional studies. Addressing these limitations in 
future research will enhance the understanding of MSI-
associated immune responses and their implications for 
immunotherapy.

Conclusions
In conclusion, this study highlighted significant differ-
ences in the TME of MSI and Non-MSI in STAD. MSI 
showed a higher abundance of antigen-presenting cells, 
including M1 macrophages and activated dendritic cells. 
Additionally, MSI was associated with pro-inflamma-
tory Th1-like CD4⁺ T cells and cytokine-related path-
ways. However, MSI also demonstrated elevated levels 
of regulatory CD4⁺ T cells and exhausted CD8⁺ T cells, 
indicating a complex immune landscape. TNFSF9 was 
identified as a potential hub gene upregulated in MSI, 
and its expression was positively correlated with M1 
macrophages. These findings underscore the critical role 
of TNFSF9 in shaping the MSI-specific TME.
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