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Abstract

Background Gastric cancer (GC), a common and deadly malignancy worldwide, is a serious burden on society and
individuals. However, available diagnostic biomarkers for GC are very limited. The current study aimed to identify potential
diagnostic biomarkers for GC and analyze the activity of infiltrating immune cells in this pathology.

Methods Microarray data for GC were acquired from the Gene Expression Omnibus (GEO) database. The limma package
was utilized to normalize these data, thus identifying differentially expressed genes (DEGSs). For normalized data of
samples, we established a weighted gene co-expression network (WGCNA) to reveal key genes in the significant module.
Afterward, we obtained overlapping genes by intersecting the DEGs and the key genes from the WGCNA module. Next,
after applying the three algorithms (LASSO, RandomForest, and SVM-RFE) to analyze these overlapping genes and take
the intersection, we established a GC diagnosis. The diagnostic significances of these identified genes were evaluated
with receiver operating characteristic (ROC) curves and validated in the external dataset. Furthermore, ssGSEA and
CIBERSORT were employed for evaluating the infiltrating immune cells and the association of the immune cells and
diagnostic biomarkers.

Results Herein, we identified 49 overlapping genes, and the results of enrichment analysis demonstrated that these genes
may be involved in the signaling transduction-related process. Finally, BANF1, DUSP14, and VMP1 were regarded as key
biomarkers in GC patients based on the overlapping genes that we found, and these three biomarkers demonstrated
great diagnostic significance. Additionally, the hub biomarkers had different levels of association with macrophages,
neutrophils, memory B cells, and plasma cells.

Conclusions BANF1, DUSP14, and VMP1 are promising diagnostic biomarkers for GC, and infiltrating immune cells may
dramatically affect gastric carcinogenesis and progression.
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Abbreviations
GC Gastric cancer
GEO Gene expression omnibus
WGCNA  Weighted gene co-expression network analysis
DEGs Differentially expressed genes
GO Gene ontology
KEGG Kyoto Encyclopedia of Genes and Genomes
DO Disease oncology
BP Biological process
cC Cellular component
MF Molecular function
LASSO Least absolute shrinkage and selection operator
RF Random forest
SVM-RFE  Support vector machine-recursive feature elimination
ROC Receiver operating characteristic
AUC Area under the ROC curve
(O Overall survival
PPS Post progression survival

ssGSEA  Single sample gene set enrichment analysis

1 Introduction

Gastric cancer (GQC) is one of the most common magnificence in the digestive system [1]. GC at an early stage has an
excellent prognosis with a 5-year survival probability of over 90%, while the 5-year survival probability of progressive GC
is only about 30% [2, 3]. Therefore, [4, 5]. Until now, the early diagnosis of GC has relied on gastroscopy and pathological
judgment of biopsy tissue, and these methods are limited by their complexity and invasiveness [6, 7. In recent years, with
the development of high-throughput sequencing technologies, systematically identifying the diagnostic biomarkers of
GCis a promising approach from multi-omics levels, thereby providing reliable support for the prevention of GC.

Currently, the primary methods for diagnosing GC include gastroscopy and histopathological examination of biopsy
tissues. Although gastroscopy is considered the gold standard, its widespread application is limited by factors such
as its invasiveness, high cost, and dependence on the operator’s expertise [8]. Additionally, while histopathological
examination offers high specificity, its sensitivity can vary, and false-negative results may occur due to sampling errors
and tumor heterogeneity. Research reports indicate that the sensitivity of traditional gastroscopy for screening GC ranges
from 69 to 89%, with specificity ranging from 69 to 96% [9]. Furthermore, serological tests based on biomarkers, such
as carcinoembryonic antigen (CEA) and carbohydrate antigen 19-9 (CA19-9), lack sufficient sensitivity and specificity for
reliable early diagnosis [10, 11]. Hence, there is an urgent need for novel, non-invasive, and highly accurate biomarkers
to improve the early detection rate of GC.

Bioinformatics analysis is a notable and prospective visual modality for detecting potential biomarkers in various diseases
[12, 13]. Data extraction and analysis from public databases enable personalized diagnosis and treatment for patients at
the molecular level [14]. Specifically, the combination of weighted gene co-expression network analysis (WGCNA) and
machine learning algorithms has substantially contributed to the precise detection of disease-associated biomarkers [15-171.
WGCNA, a biological network, can reveal the correlations between genes and biological functions, and specific genes and
pathways associated with diseases are further identified [18]. Meanwhile, machine learning algorithms serve a promising
role in exploring potential relationships, and making reliable predictions based on complex data [19]. The combination of
WGCNA and machine learning algorithms can broaden the horizons into pathological and molecular mechanisms of diseases,
providing valuable therapeutic targets for clinical treatment. For instance, SLC2A6 was regarded as an immunological
biomarker of sepsis by combining WGCNA and least absolute shrinkage and selection operator (LASSO) logistic regression
analysis [20]. IL1R2, IRAK3, and THBD were recognized to be key genes as promising biomarkers and therapeutic objectives
for acute myocardial infarction by combining LASSO regression and support vector machine-recursive feature elimination
(SVM-RFE) algorithms [21]. Undoubtedly, combining key approaches of machine learning (such as feature identification and
classification) with WGNCA can effectively determine the diagnostic value of biomarkers [22, 23]. However, few reports on
combining machine learning and WGCNA have explored valuable biomarkers of GC, especially the simultaneous application
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of different machine learning methods. Therefore, there is a novel thinking to investigate the GC-related biomarkers based on
multiple machine learning algorithms and WGCNA, thus providing reliable options for early diagnosis and treatment of GC.

Hence, the purpose of this study is to identify promising biomarkers of GC by combining WGCNA and machine learning
algorithms (LASSO logistic regression, RF algorithm, and SVM-RFE). First, differentially expressed genes (DEGs) were identified
between GC and control samples in the integrated dataset (GSE54129 and GSE65801). Next, WGCNA was executed based
on the expression profiles of the integrated dataset to determine key genes in the key module. Machine learning algorithms
were further utilized to determine hub biomarkers based on overlapping genes from DEGs and key genes. The diagnostic
values of hub biomarkers were further evaluated with the additional dataset (GSE66229). Furthermore, we explored the
correlation between infiltrating immune cells and hub biomarkers. This research may introduce novel biomarkers for the
diagnosis and management of GC and facilitate the clarification of the pathogenesis of gastric cancer.

2 Methods
2.1 Data collection and preprocessing

The datasets included in this study were obtained from the Gene Expression Omnibus (GEO) public database [24], including
GSE54129, GSE65801, and GSE66229. These datasets focused on the gene sequencing results of GC patients, and each
dataset contains more than 60 samples (Table 1). GSE54129 and GSE65801 were further integrated, and the batch effects
between different reports and platforms were eliminated with combat algorithm in the sva package version 3.46.0 [25]. The
integrated dataset was regarded as a training cohort, and GSE66229 was regarded as a validation cohort. Additionally, the
TCGA-GTEx dataset was further extracted to valitae the expression levels of hub genes. All analyses were performed using
R software (version 4.2.3).

2.2 Identification of differently expressed genes

In the training cohort, the “limma” package version 3.54.0 was utilized to normalize the expression matrix and identify
differentially expressed genes (DEGs) between the GC samples and control samples [26]. The limma package was applied to
perform genomic analysis of inter-specimen discrepancies, and diverse hypothesis examination and correction were further
carried out. The p-value threshold was determined by controlling for the false discovery rate, and the corrected p-value
was adjusted p-value [27]. The cut-off value was set as |log2FC|> 1 and adjusted p-value <0.05. Then, the volcano plot and
heatmap were displayed to show the expression status of DEGs.

2.3 Establishment of weighted gene co-expression network analysis (WGCNA)

WGCNA is a bioinformatics approach for introducing patterns of gene correlations between different specimens, and revealing
gene module information with biological significance [28, 29]. First, the Pearson correlation coefficient between paired genes
was computed to establish the correlation matrix. Next, this matrix was transferred into a weighted neighborhood matrix
based on the soft threshold feature. Afterward, the neighborhood matrix was further converted into a topological overlap
matrix (TOM) revealing the correlative levels between genes. 1-TOM was regarded as the distance for clustering the genes,
and the dynamic tree chopping was constructed to determine the module. The least gene number in the modules was
set to 50. Finally, we determined 13 modules by adjusting the merging threshold to 0.25. After the individual module was
identified according to the key gene expression data and the sample classification, the association of the module key genes
with sample classifications was also identified.

Table 1 Information on

. . Dataset Platform GC Control
microarray datasets obtained
from GEO database GSE54129 GPL570 111 21
GSE65801 GPL14550 32 32
GSE66229 GPL570 300 100
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2.4 Functional enrichment analysis

The overlapping genes from DEGs and the key module were selected to perform functional enrichment analysis based
on the “clusterProfiler” package version 4.10.1 [30]. Gene ontology (GO) enrichment analysis was conducted to explore
gene-associated biological processes (BP), encompassing cellular components (CC) and molecular functions (MF). Kyoto
encyclopedia of genes and genomes (KEGG) enrichment analysis was performed to identify gene-related signaling pathways.
Disease Ontology (DO) enrichment analysis was executed to identify gene-related diseases. Adjusted P value < 0.05 was
considered statistically significant.

2.5 Screening of hub biomarkers

The abovementioned genes were further utilized to identify significant feature genes, thus diagnosing GC. The feature
identification approach is a procedure of limiting the number of factors, specifically vital for establishing a predictive model
[31]. The (LASSO, random forest (RF) algorithm, and SVM-RFE were included in this study to explore feature genes. The
“glmnet” package version 4.1-8 was applied to conduct minimum LASSO regression, thus choosing the linear model and
keeping the reliable variables [32]. Binomial distribution variables were further presented in the LASSO categorization, with
a standard error value as the minimum parameter. Next, according to various dependent decision trees from a training pool,
the RF algorithm promotes the precision of the model by randomly limiting the overfitting of individual decision trees [33,
34]. SVM-RFE can identify optimal parameters by removing the SVM-derived eigenvectors [35]. An SVM module based on the
“e1071"package version 1.7-14 was created to further evaluate the diagnostic value of the selected biomarker in GC [36]. The
intersected genes, as the most significant feature genes from these three algorithms, were identified for subsequent analysis.

2.6 Diagnostic nomogram construction and validation

The expression difference of hub biomarkers was presented in box plots based on the limma package and ggpubr package
version 0.6.0 [8, 26], and the receiver operating characteristic (ROC) curve was displayed to indicate the area under the
curve (AUQ) for identifying hub genes, and access the diagnostic significance of these genes in GC with the “ROCR" package
version 1.0-11 [37]. The nomogram was also established with the “rms” package version 6.7-0 [38]. Similarly, the expression
difference and diagnostic significance of the hub biomarkers were also evaluated with a validation cohort (GSE66229) based
on differential analysis and ROC curves. Additionally, the prognostic significance of these biomarkers in GC was investigated
on the Kaplan-Meier online website (https://kmplot.com/analysis/) [39].

2.7 Immune cells infiltration analysis

The single sample gene set enrichment analysis (ssGSEA) and CIBERSORT algorithms were applied to analyze the normalized
gene expression data in the integrated dataset, and the fraction of immune cells was identified [40, 41]. For ssGSEA, we utilized
the immune cell gene signatures curated from 24 human hematopoietic cell types published by Bindea et al.[42], which
include 18 adaptive/innate immune cell subtypes (e.g., T helper cells, cytotoxic T cells, dendritic cells) and 6 non-immune
stromal components. CIBERSORT analysis was performed with the LM22 leukocyte gene matrix containing 22 functionally
defined immune cell types [43]. The relative fractions of immune cells were calculated using the GSVA R package (v1.46.0)
for ssGSEA and the CIBERSORT web tool (https://cibersort.stanford.edu) with 1000 permutations.Violin plots were displayed
to present the expressional difference of the immune infiltrating cells. And Spearman correlation analysis was executed to
investigate the association between immune infiltrating cells and hub biomarkers [44]. These results were visualized with
the “ggplot2” package version 3.5.1 [45]. P-values < 0.05 demonstrated statistical significance.

3 Results
3.1 Identification of DEGs between GC and control samples
The integrated dataset composed of GSE54129 and GSE65801 was applied to determine DEGs between GC and control

samples. Totally, 913 DEGs were determined with a criterion of |log2FC|> 1 and adjusted p-value <0.05. 415 DEGs were

@ Discover


https://kmplot.com/analysis/
https://cibersort.stanford.edu

Discover Oncology (2025) 16:872 | https://doi.org/10.1007/512672-025-02624-x
Analysis

up-regulated in the GC samples in comparison to control samples, while 498 DEGs were down-regulated (Fig. 1A). The
top 30 enriched DEGs in samples were presented in Fig. 1B. To investigate the specific developmental mechanism of GC,
these up-regulated genes in GC were selected for subsequent analysis.

3.2 Establishment of a co-expression network and hub module

WGCNA was further performed to identify the key gene correlated with the biological process of GC. The outliers and
missing values were corrected by sample clustering, and the soft threshold was set to 4 (scale-free R2=0.88; slope=—1.64)
to align with the scale-free network (Fig. 2A, B). The co-expression matrix was established based on a one-step approach,
and a total of 13 gene modules were acquired from dynamic hybrid shearing (Fig. 2C). The relationship of these gene
modules with GC and adjacent controls was displayed in the heatmaps (cyan module as a hub module with 701 genes)
presenting the strongest correlation (cor) with GC (cor=0.77; p-value =2e —39) (Fig. 2D). The genes from the cyan module
were considered key genes involved in the development of GC.

3.3 Functional enrichment analysis of overlapping genes based on DEGs and WGCNA

Based on the abovementioned results, the intersection of DEGs and key genes identified 49 overlapping genes (Fig. 3A).
To explore the molecular function of overlapping genes correlated with GC, enrichment analyses were conducted. As
shown in Fig. 3B, the overlapping genes were markedly enriched in signaling transduction and immune-related pathways,
such as receptor-ligand activity and regulation of cytokines. The findings of KEGG enrichment analyses demonstrated
that the DEGs were significantly associated with immune- and metabolism-related pathways (Fig. 3C). Additionally, DO
enrichment analysis was also conducted, and these overlapping genes were correlated with the development of stomach
cancer (Fig. 3D). In summary, these findings ascertained the physiological procedures and abnormal signaling pathways
participating in the development of GC.

3.4 Screening of hub genes via machine learning algorithms

To determine the potential hub genes in GC samples from 49 overlapping genes, machine learning algorithms were
chosen. The LASSO regression analysis was first conducted. Employing the LASSO model with a minimum of A, 14 of
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Fig.2 Construction of the weighted gene co-expression network analysis (WGCNA). A Determination of soft-thresholding power in the
WGCNA. B Histogram of connectivity distribution and checking the scale-free topology when B=4. C The cluster dendrogram of the genes.
Each branch in the figure represents one gene, and every color below represents one co-expression module. D Heatmap of the module-trait
relationships. The cyan module was significantly correlated with GC

the 49 DEGs were considered to further establish a model sufficient to quantify the individual (Fig. 4A). Afterward, the
RF algorithm was also applied. Based on the plot of the model error versus the number of decision trees, 500 trees were
selected as the variables of the definite model, demonstrating the great reliability of this model (Fig. 4B). The importance
of the top 20 genes from overlapping genes was displayed, and the most significant 10 genes in importance were selected
to further analysis. Additionally, SYM-RFE analysis demonstrated that the SVM model based on the overlapping genes
presented the best accuracy rate (0.939) and error rate (0.0611, Fig. 4C). Finally, the intersection genes of three machine
learning algorithms were found and further considered as hub genes (Fig. 4D). These 3 hub genes (BANF1, DUSP14, and
VMP1) were used for subsequent analysis.

3.5 Evaluation of diagnostic values for hub genes

The expression differences of the 3 hub genes were presented in Fig. 5A. We observed that these genes demonstrated
an higher expression level in the GC samples compared to control samples. Meanwhile, the ROC curves were utilized to
assess the diagnostic robustness of these genes. The AUC values of these 3 genes were over 0.700, implying that these
genes had an excellent diagnostic value for GC (Fig. 5B). Afterward, a nomogram model based on the integrated dataset
was established to predict the incidence of GC patients (Fig. 5C), and ROC curves demonstrated that the predictive power
of the nomogram model was great (Fig. 5D).

The expression status of these 3 hub genes was also evaluated in GSE66229. The results from GSE66229 were consistent
with the abovementioned differential expression analysis (Fig. 6A). To further validate their diagnostic reliability, the
clinical value of these hub genes was also confirmed. The VMP1 had an AUC value of 0.642, while other genes had an AUC
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value of over 0.700 (Fig. 6B). Additionally, the prognostic significance of these 3 hub genes for GC patients was discussed
by the Kaplan—-Meier online tool, and the prognostic values of these genes were displayed in Fig. 6C. The low expression of
BANF1 and DUSP14 were correlated with the superior prognosis of GC patients, while this correlation was not discovered
between VMP1 and prognosis. Meanwhile, the expression of BANF1 and DUSP14 were negatively correlated with the
PPS, while the opposite performance was observed in VMP1 (Fig. 6D). We further analyzed the expressive levels of these
hub genes in TCGA-GTEx dataset, and the results was presented in Figure S1.

3.6 Analysis of immune cell infiltration

To explore the discrepancy in immune cell infiltration between GC and control samples, the ssGSEA algorithm was applied
to evaluate their association in the integrated dataset. The layout of 28 immune cells in the GC samples was shown in
Fig. 7A, B.The finding of the immune infiltrating analysis indicated a markedly greater level of CD4 +T cells, CD8 +T cells,
natural killer (NK) cells, and dendritic cells in the GC samples compared to control samples, indicating that these immune
cells are significantly associated with the development of GC. Moreover, the relationship of hub genes with 28 immune
cells was explored. As shown in Fig. 7C, DUSP14 was positively correlated with NK T cell, mast cell, macrophage, and y
O T cell. And VMP1 was positively correlated with activated dendritic cells. These findings provided further evidence for
the essential role of these immune cells in the development of GC.
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3.7 Correlation between hub biomarkers and infiltrating immune cells

The CIBERSORT algorithm was also utilized to generate an enrichment abundance index of 22 immune cell species
in the integrated dataset. The fraction of naive B cell, activated CD4 T cell, activated NK cell, MO/M1 macrophage,
and neutrophil was markedly higher in the GC samples than in the healthy control, while the fraction of plasma cell,
resting memory CD4 T cell, and resting NK cells was markedly lower in the GC tissues compared with the control
tissues (Fig. 8A). The correlation of 22 kinds of immune cells was further discussed (Fig. 8B). Meanwhile, the correlation
between these hub genes and infiltrating immune cells was analyzed. As displayed in Fig. 8C, BANF1 was positively
associated with MO/M1 macrophage, activated NK cells, naive B cells, monocytes, activated memory CD4 T cells, and
follicular helper T cells, while the opposite correlation was observed in memory B cells, memory resting CD4 T cells,
and plasma cell (Fig. 8C). A similar correlation between other biomarkers (DUSP14 and VMP1) and infiltrating immune

cells was also observed (Fig. 8D, E)

4 Discussion

The available machine learning algorithms enable bioinformatic technology to more accurately and rapidly identify
hub biomarkers correlated with disease initiation and development, allowing for disease diagnosis, treatment, and
therapeutic agents’ investigation. Given the lack of obvious symptoms in the early stage of gastric cancer [46],
sensitive tumor biomarkers are essential to maximizing the benefits of personalized treatment. Therefore, applying
machine learning algorithms to investigate tumor biomarkers is a promising application direction.

In this research, we first determined 415 up-regulated DEGs in the GC samples compared with healthy control in
the integrated dataset. Next, 49 genes of up-regulated genes were considered intersection genes based on DEGs and
key genes from WGCNA. These genes were observed to be associated with signaling transduction-related processes,
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which may be correlated with the progression of GC. We hypothesized that these genes could serve a pivotal part
in GC by modulating signal transduction and stress response. Emerging reports have also demonstrated that stress
response was responsible for the development of tumors [47-49]. Hence, this research may facilitate the elucidation
of the molecular mechanism of GC.

To further optimize the availability of GC-related biomarkers for pre-screening objectives, diverse machine-learning
algorithms were performed, including LASSO logistic regression, RF algorithms, and SVM-RFE. LASSO logistic regression
identifies variables by looking for A based on the minimum incidence of categorical error [50]. RF is composed of an
integrative decision tree, where an individual internal node represents a test of the categorical property [51]. SVM-RFE is
consistent with the statistical learning principle and determines the optimal parameters by subtracting the developed
feature vectors [52]. Based on the intersection of feature genes from these algorithms, BANF1, DUSP14, and VMP1 were
identified as promising diagnostic biomarkers for GC.
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Fig. 7 Analysis of GC-related immune landscape with ssGSEA algorithm in the integrated dataset. Violin plot (A) and Heatmap (B) displays
the distribution of 28 types of immune cells in GC samples and control samples. C The relationship between 3 hub genes and immune cell
infiltration

The expression levels of the three hub biomarkers were different between GC and control samples. Certainly, these
genes were a significantly higher expression in the GC samples. The specificity and sensitivity for the diagnosis of GC
were also accessed, and the results demonstrated that these genes were reliable diagnostic biomarkers. Subsequently,
the external dataset was applied to evaluate the expression status of three hub biomarkers in GC and control samples,
and the findings were consistent with the previous conclusion from the integrated dataset. Meanwhile, the prognostic
significance of these biomarkers was explored on the Kaplan-Meier website, and we observed that high expression
of BANF1 and DUSP14 were significantly associated with poorer prognosis in GC patients. However, no significant
association was noted between VMP1 expression levels and survival outcomes. The varying prognostic performance
of VMP1 across different cohorts may reflect the evolution of the tumor microenvironment during tumor progression.
VMP1 is closely associated with early outcomes in the GEO cohort and EMT features across all datasets, suggesting its
relevance to the treatment of localized disease.

The expression of three hub biomarkers was disordered in GC samples in comparison to control samples, implying
that these biomarkers could be essential to the occurrence and development in GC. Despite diverse reports that have
discussed three hub biomarkers associated with the management and prognosis of several tumors, their potential roles
in initiation and development in GC are not yet adequately known [53, 54]. BANF1 (BAF Nuclear Assembly Factor 1)
has been discovered to be correlated with the integration of retroviral DNA [55]. Moreover, BANF1 can regulate various
cellular processes, such as protein dimerization, it's binding to DNA, and subcellular localization of the protein [56]. Thus,
BANF1 may be critical to supporting an inherent cellular genome. DUSP14 (Dual Specificity Phosphatase 14), a widely
expressed phosphatase, is involved in the negative regulation of apoptosis in gastrointestinal tumor cells [57]. More
importantly, DUSP14 can regulate the immune response by modulating the phosphatase activity of MAPK substrates
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Fig.8 Analysis of GC-related immune landscape with CIBERSORT algorithm in the integrated dataset. A Violin plot of the estimated fraction
of 22 types of immune cells between GC and control samples. B Correlation heat map of 22 types of immune cells. A positive and negative
correlation was respectively shown in blue and red color, whereas the number represents the correlation parameters. C-E Correlation map
of 22 types of immune cells and 3 hub biomarkers

[58]. Therefore, DUSP14 may serve a crucial function in GC by modulating apoptosis and immunological activity. VMP1
(Vacuole Membrane Protein 1), endoplasmic reticulum-resident transmembrane proteins for the regulation of autophagy,
has been observed to be associated with lipids distribution by modulating cholesterol and phosphatidylserine [59, 601.
Hence, VMP1 may serve a decisive role in GC by modulating autophagy and lipid metabolism.

Then, this study adopted ssGSEA and CIBERSORT to assess the role of the infiltrating immune cells in GC. Based on the
finding of this study, an obvious enrichment of macrophages and neutrophil might be correlated with GC occurrence
and progression. As is well known, although they have a typical protective role in the immune system, macrophages
can be selected by tumor cells to promote tumor growth [61]. Tumor-associated macrophage is one of the elements
of the immunosuppressive myeloid microenvironment and promotes local immune escape when polarized by diverse
signaling pathways [62]. Similar to macrophages, Tumor-associated neutrophils are also an important component of
the immunosuppressive myeloid microenvironment [63]. The ratio of different subtypes of neutrophils has important
implications for tumor development, both killing tumor cells and promoting tumor growth in different situations.
Neutrophils can also directly promote tumor development, metastasis, and angiogenesis [64]. Similarly, other immune
cells serve a crucial part in the tumor microenvironment of GC, such as follicular helper T cells and NK cells [64]. These
findings reveal a significant correlation between the immune microenvironment and the development of GC. We also
explored the relationship between three hub biomarkers and immune cells, and the findings displayed a significant
correlation with multiple immune cells. This correlation reflects the unfavorable role of hub genes in the immune
microenvironment, thus affecting the progression of GC.

Inevitably, there are certain deficiencies and limitations in this research. The findings of our study should be further
confirmed in vivo or in vitro studies. Also, the prognostic value of these hub biomarkers is pending to be evaluated in
the external database with complete survival information. Therefore, further experimental and prospective studies are
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necessary in the future, and future studies employing single-cell sequencing and pathway perturbation models will
clarify how these biomarkers orchestrate immune evasion through specific molecular cascades.

5 Conclusions

Taken together, based on bioinformatics analysis of WGCNA and three machine learning algorithms (LASSO, Random
Forest, and SVM-RFE), three hub biomarkers (BANF1, DUSP14, and VMP1) were screened, and these biomarkers may
participate in the development of GC. Moreover, this research presents promising perspectives for the immune infiltration
landscape of GC and its underlying immunomodulatory mechanisms. Further investigation of these biomarkers and
corresponding immunological significance will contribute to understanding the pathogenesis of GC and provide
guidance for clinical diagnosis and targeted agent exploration.
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