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Background: An increasing body of evidence suggests an association between metabolic syndrome and gastric cancer. However, the
shared genetic signatures and underlying molecular mechanisms between them remain to be elucidated.

Methods: We obtained transcriptomic data for gastric cancer and metabolic syndrome from the GEO, TCGA, and GTEx databases.
Using the Limma and WGCNA algorithms respectively, we identified differential genes and co-expression module genes related to
metabolic syndrome and gastric cancer. Lasso and SVM were employed to further screen for hub genes, while XGBoost was utilized
to enhance the diagnostic value of these hub genes. CIBERSORT and GSVA were applied to assess the correlation among hub genes
for immune infiltration and metabolic scores. Single-cell and spatial transcriptomic analyses were conducted to explore cell
subpopulations and tissue distribution of hub genes in gastric cancer. We used qPCR experiments to detect expression differences
of hub genes between gastric cancer tissues and normal tissues.

Results: CSEIL, IL32, and CCDC86 were identified as shared hub genes between metabolic syndrome and gastric cancer. These
genes were significantly associated with immune cell infiltration and dysregulated metabolic pathways. Single-cell analysis revealed
elevated glycolysis across gastric cancer cell subpopulations, accompanied by enhanced cell-cell interactions. Spatial transcriptomic
analysis confirmed the upregulation of hub genes in tumor regions. qPCR further verified significantly higher mRNA expression levels
of these genes in gastric cancer tissues than in adjacent normal tissues.

Conclusion: CSE1L, IL32, and CCDC86 may represent potential metabolism-related biomarkers associated with gastric cancer and
metabolic syndrome. These findings provide additional insight into the molecular links between the two conditions and may support
future mechanistic studies and larger-scale clinical validation.
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Introduction

Gastric cancer (GC) remains a significant global health challenge, characterized by a high incidence rate and poor 5-year
survival outcomes. Extensive research has identified risk factors such as Helicobacter pylori (H. pylori) infection,
Epstein-Barr virus (EBV) infection, and a high-salt diet."* However, the etiology of gastric cancer remains complex
and multifactorial. Notably, gastric cancer patients often present with comorbid metabolic syndrome (MetS), which
comprises obesity, hypertension, hyperglycemia, and dyslipidemia.> ® The interplay between MetS and gastric cancer has
garnered increasing attention in recent years.
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Several studies, including that by Naoki Kimoto, have demonstrated a significant association between MetS and an
increased incidence of gastric cancer.'® Huang et al found that among gastric cancer patients who underwent gastrectomy,
MetS may serve as a predictive indicator of higher postoperative mortality, higher recurrence rates, and more surgical
complications. A prospective cohort study from South Korea, including 108,397 individuals, revealed that MetS is
associated with an increased risk of gastric cancer in the Korean population.” Liu et al, in a study involving 430,036
participants from the UK Biobank, reported that MetS is significantly associated with a 28% increased risk of
gastrointestinal cancers.® Moreover, Luo’s meta-analysis indicated that patients with MetS have a higher incidence of
complications and lower overall survival rates compared with those without MetS.° Li et al further reported that the
prevalence of MetS and its components is higher in gastric cancer patients, particularly in those with poorly differentiated
and advanced-stage tumors,” suggesting that metabolic disorders may play a crucial role in the development of gastric
cancer.

Although epidemiological and clinical findings have suggested a close association between MetS and gastric
cancer, the underlying genetic connections between these two conditions remain largely unexplored. Therefore, to
address this gap, we conducted a comprehensive analysis based on transcriptomic data from gastric cancer and
MetS. We aimed to identify the most relevant modules linking these two conditions and to screen for shared genes
associated with both gastric cancer and MetS for the construction and validation of a diagnostic model.
Furthermore, we performed multi-dimensional analyses at the single-cell and spatial transcriptomic levels to further
explore the potential mechanisms underlying gastric cancer development, offering new insights into its
pathogenesis.

Methodology

Data Acquisition

Transcriptomic datasets were obtained from publicly accessible repositories. The GSE98895 cohort (GEO accession)
included peripheral blood mononuclear cell (PBMC) RNA-seq profiles from 20 healthy controls and 20 patients with
metabolic syndrome. Gastric cancer analyses incorporated three independent datasets: GSE54129 (21 non-tumor
gastric tissues and 111 gastric cancer tissues); GSE113255 (10 histologically normal gastric tissues and 130 gastric
cancer tissues); and the TCGA-STAD/GTEx consortium dataset (174 normal gastric tissues and 375 gastric cancer
tissues).

Cross-Disease Differential Expression Analysis

To identify shared pathogenic mechanisms between metabolic syndrome and gastric carcinogenesis, multi-cohort
differential expression analysis was performed using disease-specific thresholds. For the GSE98895 metabolic syndrome
cohort (PBMC transcriptomes), genes with false discovery rate (FDR)-adjusted p-values < 0.05 were considered
differentially expressed. In the GSE54129 gastric cancer cohort, DEGs were defined as genes meeting both [log2 fold
change| > 0.5 and FDR < 0.05. Intersection analysis of these condition-specific DEG sets was conducted using Venn
diagrams to identify commonly upregulated and downregulated genes. Particular emphasis was placed on genes showing
concordant dysregulation, with consistent expression trends across both diseases.

Cross-Pathway Enrichment Profiling
Shared differentially expressed genes (DEGs) were comprehensively annotated using two analysis platforms. Primary
pathway screening was conducted via the Sangerbox analytical suite (v2.0, http://vip.sangerbox.com/)"" using the Kyoto

Encyclopedia of Genes and Genomes (KEGG) module with Fisher’s exact test (P<0.05). Subsequently, Gene Ontology
(GO) term enrichment was performed through Metascape’s bioinformatics pipeline (https:/metascape.org/).'? This

analysis incorporated the hypergeometric algorithm and Benjamini-Hochberg correction. Biological pathways that
remained significant in both platforms were retained for downstream interpretation in order to improve the robustness

of enrichment results.
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Integrative Co-Expression Network Profiling
The technical batch effects across the GSE98895, GSE54129, GSE113255, and TCGA-GTEX transcriptomic datasets
were mitigated using the SVA package'® (Supplementary Figure 1). Normalization efficacy was validated by principal

component analysis (PCA) of samples before and after correction. Expression matrices from the GSE98895 (metabolic
syndrome) and GSE54129 (gastric cancer) cohorts underwent hierarchical clustering to identify and remove outliers.
Weighted Gene Co-Expression Network Analysis (WGCNA) was implemented based on a scale-free topology criterion,
using a fit index of R? > 0.85.'" The optimal soft thresholding power was dynamically determined through gradient
testing of network connectivity metrics. Module-trait association analysis identified conserved co-expression patterns,
with significance thresholds set at Bonferroni-adjusted (P < 0.01). Intramodular hub genes were extracted based on
module membership and gene significance. We cross-referenced these network-centric genes with pre-identified signature
DEGs using intersection analysis and applied strict consistency criteria for shared pathway annotations.

Diagnostic Model Development and Validation

The identified candidate genes were modeled using two algorithms: least absolute shrinkage and selection operator
(Lasso) regression and support vector machine (SVM). Intersection analysis of gene subsets derived from the algorithms
identified overlapping candidates for subsequent diagnostic model construction. Hyperparameters were optimized using
Bayesian search combined with XGBoost’s built-in tree pruning. The GSE54129 cohort served as the primary training
set, while GSE113255, TCGA-GTEX, and GSE98895 datasets were used for validation across multiple cohorts. Model
performance was quantitatively assessed through receiver operating characteristic (ROC) curve analysis, precision-recall
(PR) curve evaluation, and confusion matrix decomposition.

Immune-Metabolic Profiling

Transcriptomic datasets from the GSE98895 cohort (metabolic syndrome) and the GSE54129 cohort (gastric cancer)
were analyzed. A comprehensive characterization of their microenvironments was then performed. Immune cell subset
proportions were quantified via CIBERSORTx deconvolution analysis, which used the LM22 signature matrix and
1000 permutations for robust cell-type fraction estimation.'> Metabolic pathway activity was assessed using Gene Set
Variation Analysis (GSVA) based on the hallmark/classical metabolism-related gene sets. Spearman’s rank correlation
analysis was performed to evaluate the associations among hub gene expression, immune cell infiltration, and metabolic
pathway scores.

Single-Cell Transcriptomic Profiling

The GSE167297 cohort included 4 normal samples and 10 tumor samples. These samples were processed with quality
control thresholds as follows: nFeature RNA ranged from 200 to 3000; mitochondrial gene ratio was less than 15%; and
hemoglobin gene ratio was less than 3%. The single-cell data were sequentially normalized, log-transformed, and
screened for highly variable genes. Thereafter, batch effects across samples were corrected using the Harmony algorithm
implemented in Seurat. After integration, cell clusters were annotated according to canonical marker genes of major cell
subpopulations. Stacked bar plots were used to display the changes in the proportions of cell subpopulations across
different samples. Two-dimensional UMAP plots visualized the annotated cell subpopulations. Wilcoxon tests were
conducted to analyze the expression differences of hub genes between normal and tumor samples. The AddModuleScore
algorithm was utilized to score common metabolic pathways at the single-cell level. CellChat was employed to explore
the interaction strength and number between different cell subpopulations.

Spatial Transcriptomics Analysis

For the spatial transcriptomics analysis, we included the gastric cancer samples GSM7990475 and GSM7990476. Based
on the corresponding hematoxylin and eosin (H&E) - stained histological images, two independent pathologists manually
assessed and annotated the regions of interest. Accordingly, normal tissue, transitional zones, and tumor tissue were
identified in both samples. The spatial expression patterns of the selected hub genes were then examined across these
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distinct regions, and differences in gene expression among regions were compared to evaluate potential spatial
heterogeneity.

Tissue Acquisition and qPCR Analysis

This study retrospectively analyzed paired tumor-normal tissue samples from eight treatment-naive gastric cancer (GC)
patients who underwent radical resection at the First Affiliated Hospital of Anhui Medical University. The study was
approved by the Ethics Committee of the First Affiliated Hospital of Anhui Medical University. Additionally, this
research was conducted in accordance with the principles outlined in the Declaration of Helsinki. Fresh tissues were
rapidly frozen in liquid nitrogen within 5 minutes after resection. They were then stored at —80°C until further
processing. We extracted total RNA by lysing the tissue with TRIzol reagent, then sequentially adding chloroform,
isopropanol, 75% ethanol, and RNase-free water. We measured RNA concentration using the NanoDrop 2000 spectro-
photometer. The purity of RNA was confirmed by an A260/A280 ratio greater than 1.8. Reverse transcription used 1 pg
of RNA as the template and the ExonScript RT SuperMix with dsDNase kit (EXONGEN: Chengdu, China). The thermal
cycling conditions for reverse transcription were as follows: 25°C for 10 minutes, 55°C for 15 minutes, and 85°C for
5 minutes. We performed qPCR analysis using the Fast SYBR Green qPCR Master Mix kit (EXONGEN: Chengdu,
China). The cycling parameters were as follows: 95°C for 5 minutes for enzyme activation, then 40 cycles of 95°C for
5 seconds for denaturation, and 65°C for 20 seconds for annealing. Gene-specific primers are listed in Supplementary
Table 1, with GAPDH serving as the endogenous control. We calculated the relative expression levels using the 2 44"
method.

Results

Differential Analysis

In the metabolic syndrome cohort (GSE98895), we identified 1354 upregulated and 1285 downregulated differentially
expressed genes (DEGs) (Figure 1A). In the gastric cancer cohort GSE54129, 2833 genes were upregulated, while 3197
genes were downregulated (Figure 1B). Venn diagram analysis revealed 228 commonly upregulated DEGs and 165
commonly downregulated DEGs shared between the metabolic syndrome and gastric cancer cohorts (Figure 1C and D).

Enrichment Analysis

The enrichment analysis of upregulated genes revealed significant over-representation in the following KEGG pathways:
Rapl signaling pathway, B cell receptor signaling pathway, Primary immunodeficiency, Yersinia infection, Choline
metabolism in cancer, Focal adhesion, Leukocyte transendothelial migration, Human T-cell leukemia virus 1 infection,
Fc gamma R-mediated phagocytosis, Apoptosis, Regulation of actin cytoskeleton, T cell receptor signaling pathway,
Inositol phosphate metabolism, PI3K-Akt signaling pathway, and Pathways in cancer (top 15) (Figure 2A). The GO
analysis of upregulated genes indicated primary enrichment in the following biological processes: immune system
process, multicellular organismal process, positive regulation of biological process, developmental process, and response
to stimulus (top 5) (Figure 2B). For downregulated genes, the KEGG enrichment analysis highlighted significant over-
representation in the following pathways: Apelin signaling pathway, Circadian rhythm, Transcriptional misregulation in
cancer, cGMP-PKG signaling pathway, Ether lipid metabolism, Signaling pathways regulating pluripotency of stem cells,
TGF-beta signaling pathway, Glycerophospholipid metabolism, Terpenoid backbone biosynthesis, Phosphatidylinositol
signaling system, Fatty acid metabolism, Th17 cell differentiation, Toxoplasmosis, Butanoate metabolism, and Acute
myeloid leukemia (top 15) (Figure 2C). The GO analysis of downregulated genes demonstrated primary enrichment in
the following biological processes: localization, cellular process, regulation of biological process, growth, and positive
regulation of biological process (top 5) (Figure 2D).

WGCNA Analysis

We conducted Weighted Gene Co-expression Network Analysis (WGCNA) on 172 samples, excluding two outlier
samples identified after clustering (Figure 3A and B). Based on the scale-free topology fit index and mean connectivity,
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Figure | Differential Gene Expression Analysis of Metabolic Syndrome and Gastric Cancer Cohorts. (A) Volcano plot showing differentially expressed genes in the
metabolic syndrome cohort. (B) Volcano plot of differential analysis in the gastric cancer cohort. (C) Venn diagram showing differentially upregulated genes commonly
expressed in both metabolic syndrome and gastric cancer. (D) Venn diagram showing differentially downregulated genes commonly expressed in both metabolic syndrome
and gastric cancer.

we determined the optimal power value to be 5 (Figure 3C and D). Fourteen co-expression modules were identified, with
genes in the pink module showing significant positive correlations with metabolic syndrome and gastric cancer
(Figure 3E-H). Subsequently, we performed Venn diagram analysis to identify the intersection between DEGs and
genes in the pink module identified by WGCNA. This analysis revealed 26 shared genes (Figure 31).

Model Construction and Validation

Through Lasso regression analysis, we identified six genes associated with gastric cancer (Figure 4A and B). Meanwhile,
the Support Vector Machine (SVM) identified four genes associated with gastric cancer (Figure 4C). Based on the
intersection, we identified CSEIL, IL32, and CCDC86 as the candidate genes for constructing a diagnostic model for
gastric cancer or metabolic syndrome (Figure 4D). The results of the XGBoost model demonstrated excellent perfor-
mance using Bayesian method. In the training cohort (GSE54129), both the area under the receiver operating character-
istic curve (AUC-ROC) and the area under the precision-recall curve (AUC-PR) were 1.0, and the confusion matrix
showed high discriminative power (Figure 4E). In the validation cohort (GSE113255), the AUC-ROC and AUC-PR were
0.923 and 0.994, respectively. The confusion matrix indicated that four normal individuals were misclassified as tumor
patients, while seven tumor patients were misclassified as normal individuals (Figure 4F). In the TCGA-GTEX cohort,
the AUC-ROC and AUC-PR were 0.963 and 0.980, respectively. The confusion matrix showed that 73 normal
individuals were misclassified as tumor patients, while only one tumor patient was misclassified as normal
(Figure 4G). In the GSE98895 cohort, the AUC-ROC and AUC-PR were 0.935 and 0.943, respectively. The confusion
matrix revealed that two normal individuals were misclassified as metabolic syndrome patients, while three metabolic
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Figure 3 WGCNA Analysis. (A) Sample clustering of the combined metabolic syndrome and gastric cancer cohorts. (B) Clustering after removal of outlier samples. (C and
D) Determination of the optimal soft threshold. (E and F) Identification of gene modules. (G) Correlation of the selected module with gastric cancer. (H) Correlation of the
selected module with metabolic syndrome. (I) Venn diagram showing the intersection of genes in the selected module and differentially expressed genes.

syndrome patients were misclassified as normal individuals (Figure 4H). Overall, the diagnostic model exhibited good
diagnostic performance, although a relatively high false-positive rate was observed in some validation cohorts.

Immune Infiltration and Metabolic Correlation Analysis

In the GSE54129 cohort, significant differences were observed in the abundance of several immune cell types. These
included plasma cells, CD4 memory resting T cells, CD4 memory activated T cells, follicular helper T cells, regulatory
T cells (Tregs), gamma delta T cells, resting and activated NK cells, monocytes, M0, M1, and M2 macrophages, resting
dendritic cells, resting mast cells, eosinophils, and neutrophils (Figure 5A). In contrast, in the metabolic syndrome
GSE98895 cohort, significant differences were noted only in CDS8 T cells, follicular helper T cells, MO macrophages, and
neutrophils (Figure 5D). Correlation analysis of immune infiltration revealed that, in the GSE54129 cohort, the
expressions of CSE1L, IL32, and CCDCS86 significantly positively correlated with infiltration of CD4 memory activated
T cells, M1 and MO macrophages, regulatory T cells (Tregs), and activated NK cells. Conversely, these genes showed
significant negative correlations with infiltration of CD4 memory resting T cells, resting NK cells, monocytes, resting
mast cells, and plasma cells (Figure 5B). In the metabolic syndrome GSE98895 cohort, CSE1L and CCDC86 were
negatively correlated with neutrophil infiltration, although the correlation for IL32 did not reach statistical significance
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Figure 5 Correlation of Hub Genes with Immune Infiltration and Metabolic Pathways. (A) Differences in Immune Cell Infiltration between Normal and Tumor Groups in the GSE54129 Gastric Cancer Cohort. (B) Heatmap of
Correlation between Hub Genes and Immune Infiltration in Gastric Cancer in the GSE54129 Cohort. (C) Heatmap of Correlation between Hub Genes and Metabolic Pathway Scores in Gastric Cancer in the GSE54129 Cohort. (D)
Differences in Immune Cell Infiltration between Normal and Metabolic Syndrome Patients in the GSE98895 Metabolic Syndrome Cohort. (E) Heatmap of Correlation between Hub Genes and Immune Infiltration in Gastric Cancer in the
GSE98895 Cohort. (F) Heatmap of Correlation between Hub Genes and Metabolic Pathway Scores in Gastric Cancer in the GSE98895 Cohort.

Notes: *: P<0.05; **: P<0.01; ***: P<0.001.
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(Figure SE). Metabolic score correlation analysis showed that in the GSE54129 cohort, the expression levels of CSEIL,
IL32, and CCDC86 were significantly positively correlated with glycolysis and hypoxia metabolic scores, while showing
significant negative correlations with heme metabolism, adipogenesis, bile acid metabolism, fatty acid metabolism, and
oxidative phosphorylation metabolic scores (Figure 5C). In the metabolic syndrome cohort GSE98895, 1132 and
CCDCB86 were significantly positively correlated with glycolysis and oxidative phosphorylation scores (Figure 5F).

Single-Cell Analysis

We conducted quality control (QC) on the single-cell matrix data from the GSE167297 cohort. The pre-QC results are
shown in Figure 6A. After applying our QC criteria, the total number of cells included in the study is presented in
Figure 6B. Following normalization and batch correction using Harmony with 10 principal components, the results are
shown in Figure 6C. The selection of highly variable genes is illustrated in Figure 6D. The clustering results are shown
by t-distributed Stochastic Neighbor Embedding (t-SNE) and Uniform Manifold Approximation and Projection (UMAP)
in Figures 6E and Figure 6F, respectively. Ultimately, the cells were annotated into eight major cell subtypes: B cells,
T cells, myeloid cells, epithelial cells, plasma cells, endothelial cells, myofibroblasts, and mast cells, as shown in
Figure 6G. The cell proportion analysis revealed that among all cell types, myeloid cells exhibited the most pronounced
increase in tumor tissues compared to normal tissues (Figure 7A). Figure 7B shows UMAP plots of CSEIL, IL32, and
CCDCS86 expression across cell subtypes in normal and tumor tissues. These plots reveal generally higher gene
expression levels in tumor tissues. Visual inspection of these plots indicates that the expression levels of these genes
are generally higher in tumor tissues. Wilcoxon rank-sum test analysis showed that only IL32 and CCDC86 exhibited
significant differences in expression between normal and tumor tissues, whereas CSE1L did not reach statistical
significance (Figure 7C). Further analysis of individual cell subtypes showed significant upregulation of IL32 in
B cells, T cells, myeloid cells, epithelial cells, plasma cells, and myofibroblasts in tumor tissues compared to normal
tissues. Conversely, CCDC86 was significantly upregulated only in myeloid cells within the tumor microenvironment,
with no significant differences in other cell types (Figure 7D). The heatmap illustrating the distribution of CSE1L, I1L32,
and CCDC86 across different cell subtypes in normal and tumor tissues is shown in Figure 8A and B. Compared to
normal tissues, tumor tissues exhibited significantly elevated glycolysis scores in Myeloid cells (P<0.001), Epithelial
cells (P<0.001), B cells (P<0.001), Mast cells (P<0.05), Myofibroblasts (P<0.05), Plasma cells (P<0.001) and T cells
(P<0.001) (Figures 8C). The expression pattern of IL32 in single-cell analysis showed a notable similarity to the
distribution of glycolysis-related gene expression. This finding suggests that IL32 may be associated with glycolytic
activity in gastric cancer (Figure 8D). Glycolysis scores were highest in myeloid cells (Figure 9A). Consequently, we
stratified myeloid cells into two groups based on the median glycolysis score: high-glycolysis-score and low-glycolysis-
score myeloid cells. The high-glycolysis-score myeloid cells exhibited significantly higher interaction frequency and
strength (Figure 9B and C). The ligand-receptor interaction bubble plot is shown in Figure 9D. Compared to low-
glycolysis-score myeloid cells, high-glycolysis-score myeloid cells showed a marked enhancement of the MIF signaling
pathway during interaction with epithelial cells. The specific interaction modes are illustrated in Figures 9E and Figure
9F. Figure 9G shows a heatmap of output and input interactions. The high-glycolysis-score myeloid cells exhibited the
strongest output signaling, while B cells had the strongest input signaling. Additionally, a two-dimensional scatter plot
(Figure 9H) confirmed that high-glycolysis-score myeloid cells had the average highest interaction strength.

Spatial Transcriptomics Analysis

We performed spatial transcriptomics analysis on gastric cancer samples GSM7990475 and GSM7990476. Figure 10A
and Figure 10B show the expression patterns of CSE1L, IL32, and CCDCB86 in these samples. Wilcoxon rank-sum test
analysis showed that CSE1L, IL32, and CCDC86 expression was significantly higher in tumor tissues than in normal
tissues in both GSM7990475 and GSM7990476 samples (Figure 10C and Figure 10D).

gPCR Validation in Tissue Specimens
We validated gene expression in tissue specimens using quantitative real-time PCR (qPCR). The expression levels of
CSE1L mRNA (P < 0.05), IL32 mRNA (P < 0.05), and CCDC86 mRNA (P < 0.01) were significantly higher in tumor
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tissues compared to adjacent normal tissues. These results further support our earlier analyses, including transcriptomic,

single-cell, and spatial transcriptomic studies (Supplementary Figure 2).

Discussion

Gastric cancer is a major global health concern with a high incidence rate. Patients with advanced gastric cancer often
face poor prognoses.'® This highlights the critical need for early intervention. Accumulating evidence from various
studies suggests a potential link between metabolic syndrome and gastric cancer.”'* Several researchers have identified
a significant correlation between these two conditions. Given this association, metabolic dysregulation may contribute to
gastric cancer development and progression, and exploring shared biomarkers may improve our understanding of disease
mechanisms and support early detection strategies. Moreover, early-stage gastric cancer is associated with a higher
survival rate compared to advanced stages. Therefore, identifying biomarkers for the early diagnosis of gastric cancer

may have potential clinical value.
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In our study, we identified three hub genes for the diagnosis of gastric cancer and metabolic syndrome through co-
expression analysis and machine learning. To better understand the mechanisms of gastric cancer, we performed
a thorough literature review on three genes of interest—CSEI1L, I1L32, and CCDC86—using PubMed. Our objective
was to explore their potential roles and underlying mechanisms in gastric cancer development and progression. CSEIL,
referred to as CAS, is a key functional component of the nuclear pore complex (NPC). It orchestrates the bidirectional
transport network between the nucleus and the cytoplasm, facilitating the selective transmembrane transport of macro-
molecules such as ribosomal subunits and transcription factors. Additionally, it is involved in the dynamic remodeling of
chromatin spatial conformation, thereby integrating intranuclear and extranuclear signaling pathways. CSEIL plays
a pivotal role in various types of cancer, including gastric cancer, bladder cancer, lung cancer, hematological malig-
nancies, pancreatic cancer, osteosarcoma, and breast cancer.!”?* He et al found that gastric cancer tissues significantly
upregulate both mRNA and protein levels of CSE1L compared to adjacent normal tissues. Importantly, elevated CSE1L
expression is strongly associated with poor prognosis in gastric cancer patients. Functionally, CSE1L has been shown to
promote the migration, invasion, and proliferation of gastric cancer cells. Mechanistically, CSE1L can enhance the
antitumor effects of Defactinib by inhibiting FAK phosphorylation, thereby modulating the functional phenotype of
gastric cancer cells.'” Similarly, Li et al demonstrated that CSEIL acts as an oncogene in gastric cancer. Their research
revealed that suppression of CSE1L leads to decreased expression of MITF and GPNMB, subsequently activating the
PI3K/AKT/mTOR and MEK/ERK signaling pathways. This cascade of events ultimately results in the inhibition of
tumor growth and metastasis in gastric cancer.”’ These findings emphasize the important role of CSEIL in gastric cancer
and its potential as a therapeutic target. Interleukin-32 (IL-32) is an emerging cytokine implicated in carcinogenesis and
inflammatory processes. Research by Sumiya Ishigami has demonstrated that IL-32 is associated with tumor invasion
depth and lymph node metastasis in gastric cancer, and it serves as an independent prognostic risk factor for patients with
this malignancy.?® Similarly, studies conducted by Chung-Ying Tsai have identified analogous findings, indicating that
elevated IL-32 expression is significantly correlated with tumor aggressiveness and prognosis. Ectopic expression of IL-
32 promotes a tumor-promoting phenotype by inducing VEGF, IL-8, MMP9, and MMP2 expression, as well as activating
the p-AKT/p-GSK-3B/active B-catenin/HIF-1a signaling pathway.”® The role of CCDC86 in gastric cancer remains
largely unexplored. However, Wang et al reported that CCDCS86 is significantly upregulated in nasopharyngeal carci-
noma (NPC) cell lines and tissues. Moreover, its expression is strongly associated with the prognosis of patients with
NPC. CCDC86 enhances proliferation, invasion, and migration of NPC cells by promoting epithelial-mesenchymal
transition (EMT) and upregulating matrix metalloproteinases (MMPs). Furthermore, CCDC86 targets EGFR, activating
the PI3K/Akt signaling pathway and promoting malignant tumor behavior.?” Taken together, these previous findings
provide biological plausibility for the involvement of CSEIL and IL32 in gastric cancer, whereas the role of CCDC86
remains to be clarified. Our multi-omics analyses suggest that these genes may be associated with immune infiltration
and metabolic dysregulation in gastric cancer, but the underlying mechanisms require further experimental confirmation.

Nonetheless, our study has several limitations that warrant consideration. First, it primarily relies on public datasets;
although we validated our findings using clinical samples, the qPCR validation cohort was relatively small, and further
validation in larger, independent cohorts is needed to consolidate the results. Second, the diagnostic model may exhibit
a modest false-positive rate, which could be improved by integrating additional datasets and refining model parameters.
Therefore, its clinical utility should be interpreted cautiously at the current stage. Third, while CSE1L and IL32 have
been previously reported in gastric cancer, CCDC86 remains largely unexplored, and its underlying mechanisms require
further investigation. Finally, although we observed associations between immune infiltration and glycolysis, these
represent correlations rather than established causal relationships; further functional studies are required to clarify their
mechanistic roles. In particular, in vitro and in vivo experiments will be necessary to determine whether these hub genes
directly regulate metabolic remodeling and immune interactions in gastric cancer.

Overall, our findings identify metabolism-related biomarkers with diagnostic potential in gastric cancer and highlight
possible links between metabolic dysregulation and immune interactions. While these results are promising, they should
be interpreted with caution given the above limitations. Future studies should focus on mechanistic investigation,
functional validation, and large-scale clinical validation to determine the robustness and translational relevance of
these biomarkers.
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