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Background: Gastric cancer (GC) remains a major cause of cancer related mortality worldwide. Tumor mechanics, reflecting the
physical and mechanical properties that influence tumor cell behavior and the tumor microenvironment (TME), play important roles in
cancer progression. However, the prognostic relevance of tumor mechanics-related genes (MRGs) in GC remains unclear.
Methods: GC datasets from TCGA and GEO were analyzed to identify differentially expressed genes (DEGs). WGCNA was
conducted to identify MRGs-related modules. Univariate Cox regression and three machine learning algorithms were applied to
screen prognostic genes and construct a prognostic model. Pan-cancer analysis, immune infiltration, tumor mutation burden (TMB),
immunophenotypic score (IPS), and somatic mutation analyses were performed to explore TME characteristics. Additionally, drug
sensitivity and ceRNA network analyses were conducted. Finally, the prognostic genes were verified using RT-PCR.

Results: Eight mechanics-related genes (SERPINE1, CYP1B1, LOX, HEYL, VCAN, IGFBP7, TWIST2, and ATP1B2) were
identified through integrated computational analysis. The resulting model demonstrated prognostic potential for 2-, 3-, and 5-year
survival prediction. High-risk patients exhibited increased immunosuppressive infiltration compared with low-risk patients. Drug
sensitivity analysis revealed significant differences in therapeutic responses across risk groups. Finally, the differential expression of
several prognostic genes was preliminarily confirmed by RT-PCR in limited tissue samples.

Conclusion: This study identifies eight tumor mechanics-related genes as prognostic biomarkers for GC through comprehensive
bioinformatic analyses. These findings may provide preliminary insights into prognostic assessment and targeted therapy for GC,
although further validation with larger sample sizes is required to substantiate their clinical applicability.
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Introduction
Gastric cancer (GC) is the fifth most common malignant cancer worldwide, characterized by high aggressiveness and
a strong tendency for metastasis.' > Despite advances in the diagnosis and treatment of GC in recent years, the long-term
survival of patients remains unsatisfactory.*> Meanwhile, the progression of GC is a complex biological process
influenced by the coordinated interactions among multiple cell types and signaling pathways.®® The tumor microenvir-
onment (TME) is composed of tumor cells, endothelial cells, fibroblasts, and a variety of immune cells. It plays a crucial
role in the progression of GC by forming a complex regulatory signaling network.”'°

Tumor mechanics focuses on the physical and mechanical properties that regulate the behavior of tumor cells and
their surrounding microenvironment. Studies have shown that tumor cells reside in a complex microenvironment
composed of various biomechanical factors, such as extracellular matrix (ECM) rigidity, interstitial fluid pressure, and
mechanical stress.'' Recent studies have confirmed that the physical properties of tumor tissue and the TME jointly
regulate tumor initiation, development, metastasis, and therapeutic sensitivity.'?> Compared with normal tissues, physical
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characteristics such as tumor stiffness, elasticity, fluidity, and the composition of surrounding structures exhibit sig-
nificant abnormalities that may promote malignant progression.'* In addition, the rapid proliferation of tumor cells exerts
mechanical forces on adjacent normal tissues, forcing the local microenvironment to undergo continuous adaptation and
ultimately leading to profound alterations in the TME.'*'> Notably, the TME regulates tumor cell behavior by activating
mechanical signaling pathways such as integrins, Piezol/2, and YAP/TAZ.'® These pathways not only transmit bio-
chemical cues but also influence immune cell infiltration and clinical treatment outcomes.!”'* For example, in GC,
Piezol can directly promote tumor progression by activating the PI3K/AKT/mTOR signaling pathway, and indirectly
facilitate tumor growth by enhancing the infiltration of immunosuppressive cells while reducing anti-tumor immune cells,
thereby creating an immunosuppressive microenvironment.'*=° Recently, Zhang et al reported a set of mechanics-related
genes associated with biomechanical properties such as ECM composition, cell proliferation, and adhesion. This gene set
reflects biological processes through which biomechanical forces influence tumor progression and therapeutic
responses.”’ Therefore, we applied this 79-gene mechanical signature to GC to investigate its prognostic significance.
Exploring prognostic genes from the perspective of tumor mechanics may provide novel biomarkers for mechanical
diagnosis, risk stratification, and mechanobiological therapy in GC.

In this study, we integrated transcriptomic and clinical data from TCGA and GEO to identify differentially expressed
tumor mechanics-related genes in GC and to develop and validate a prognostic model. Additionally, we explored the
association of the risk signature with the TME and drug sensitivity. Finally, the expression levels of the prognostic genes
were further validated by RT-PCR. This study may provide new insights for early screening, precise treatment, and
prognosis prediction of GC.

Materials and Methods

Data Acquisition and Pre-Processing

Transcriptome data of GC were downloaded from The Cancer Genome Atlas (TCGA, https://www.cancer.gov/tcga),
comprising 368 GC samples and 33 normal samples. In addition, the datasets GSE84437 (431 GC samples), GSE66229
(300 GC samples and 100 normal samples), and GSE54129 (111 GC samples and 21 normal samples) were downloaded

from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo). To avoid the impact of non—tumor-related

death and to minimize statistical bias, subsequent analyses included only patients with complete clinical survival data,
excluding those with an overall survival (OS) shorter than 30 days.”**’ Furthermore, mechanics-related genes (MRGs)
were obtained from previously published literature (Table S1).%'

Differential Expression Analysis
We first performed differential expression analysis on the TCGA dataset using the R package limma (v 3.62.1). Genes
with P.adj < 0.05 and |log2FC| > 0.5 were considered differentially expressed genes (DEGs).

Weighted Gene Co-Expression Network Analysis

To expand the potential genes associated with MRG in GC, we applied the weighted gene co-expression network analysis
(WGCNA) and identified the significant gene modules with MRG. Initially, single-sample gene set enrichment analysis
(ssGSEA) scores (MRG scores) were calculated for each sample.>* Next, to construct a scale-free co-expression network,
a series of soft-thresholding powers (B) were evaluated, and the optimal value was selected based on the scale-free
topology criterion (R* > 0.85) together with an assessment of mean connectivity. During this procedure, the scale-free
topology fit curve showed that p = 5 was the first power at which the R? value approached 0.9, satisfying the predefined
criterion and aligning with WGCNA'’s recommended strategy for parameter selection. Accordingly, p = 5 was chosen as
the soft-thresholding power. The topological overlap matrix (TOM) was then calculated to quantify network intercon-
nectedness, followed by hierarchical clustering using average linkage and dynamic tree cutting (minimum module size =
50 genes) to identify robust modules. Finally, the gene module most significantly correlated with the MRG score was
identified as the key gene module (WGCNA-MRGs) for further analysis.
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Screening and Functional Enrichment Analysis of GC Mechanics-Related Genes

We intersected the DEGs with WGCNA-MRGs to obtain tumor mechanics-related genes (T-MRGs). To explore the
biological processes and regulatory pathways associated with the T-MRGs, we performed Gene Ontology (GO) enrich-
ment and Kyoto Encyclopedia of Genes and Genomes (KEGGQG) pathway analyses using the R package clusterProfiler (v
4.12.6)*>2% The protein-protein interaction (PPI) network of tumor mechanics-related genes was obtained from the
STRING website (interaction score > 0.15; https://string-db.org/).>’

Construction and Evaluation of Prognostic Models

Candidate MRGs significantly associated with patient survival were first screened using univariate Cox regression
analysis, and genes with p < 0.05 were retained. Subsequently, the TCGA cohort was randomly divided into training
and testing sets at a 1:1 ratio, and further filtering was performed in the training set. A hierarchical machine learning
pipeline was subsequently applied to refine the Cox-filtered gene set. First, XGBoost was used to rank feature importance
based on tree-based contribution scores. The top 40 ranked genes identified by XGBoost were subsequently input into
SVM to eliminate redundant predictors and retain the most informative subset. The SVM analysis was implemented
using the caret R package with function rfe. A 10-fold cross-validation procedure (method = “cv”, number = 10) was
employed to select the optimal feature subset. Finally, to further optimize feature selection, LASSO Cox regression was
performed, and the optimal penalty parameter was determined via 10-fold cross-validation (lambda.min = 0.03303032).
A multivariate Cox regression model was constructed using the LASSO-selected genes, and a risk score was calculated
for each patient. Patients were then stratified into high- and low-risk groups based on the median risk score. The receiver
operating characteristic (ROC) curve was plotted using the R package timeROC (v 1.18.5) to assess the model’s
discriminative ability. Meanwhile, Kaplan-Meier (KM) survival analysis was performed to compare survival differences
between risk groups and clinical subgroups. Additionally, to evaluate the relationship between prognostic risk scores and
clinical features, the Wilcoxon rank-sum test was applied. To further visualize the contribution of each variable and its
impact on patient survival, a nomogram was constructed using the R package regplot (v 1.1). Calibration curves were
subsequently utilized to evaluate the accuracy and reliability of the nomogram.

Pan-Cancer Analysis and Functional Enrichment Analysis
To investigate potential biomarkers across various cancer types, the Gene Set Cancer Analysis (GSCA) database (http://
bioinfo.life.hust.edu.cn/GSCA/) was used to analyze the expression patterns of the identified prognostic genes in other

cancers.”® First, the R package DESeq2 (v 1.44.0) was applied to assess gene expression differences between the high-
and low-risk groups. Subsequently, to further explore the potential functional characteristics of the DEGs, gene set
enrichment analysis (GSEA) was performed using the R package clusterProfiler (v 4.12.6).%° Functional annotation was
conducted based on gene sets obtained from the Molecular Signatures Database (MSigDB; https://www.gsea-msigdb.org/

gsea/msigdb).30 Enrichment results with p < 0.05 and |[NES| > 1 were considered statistically significant.

Immune Infiltration Analysis Between Risk Groups

To compare immune and stromal components between the two risk groups, the ESTIMATE algorithm (R package
ESTIMATE, v 0.99.0) was used with method = “estimate” and default parameters.>! Infiltration scores for 28 immune
cell types were calculated using ssGSEA (v 1.52.3) with default settings (minSize = 1, maxSize = Inf, alpha = 0.25,
normalize = TRUE). Here, alpha = 0.25 represents the recommended weighting exponent used to moderate the impact of
highly expressed genes, while normalization ensures comparability across samples. Additionally, the MCP-counter
algorithm (R package MCP-counter, v 0.99.0) was used to quantify the infiltration of eight immune cell types and two
stromal cell types (endothelial cells and fibroblasts).*>

Anti-Cancer Immune Cycle, Immunophenotypic and Somatic Mutation Analyses
To examine differences in the activity of the seven steps of the cancer immunity cycle between the two risk groups,
activity scores were obtained from the Tracking Tumor Immunophenotype (TIP) platform (https://biocc.hrbmu.edu.cn/
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TIP/).>* Additionally, immune phenotypes related to GC were obtained from The Cancer Immunome Atlas (TCIA;
https://tcia.at/home) to evaluate the potential responsiveness to immunotherapy. Finally, somatic mutation data from GC

samples were obtained using the R package TCGAmutations (v 0.4.0) and visualized using maftools (v 2.20.0).

Drug Sensitivity Analysis and Competing Endogenous RNA (ceRNA) Analysis
To assess drug sensitivity of GC samples, we used the Genomics of Drug Sensitivity in Cancer (GDSC; https:/www.
cancerrxgene.org/) database and the R package pRRophetic (v 0.5). Furthermore, to elucidate the regulatory mechanisms

underlying prognostic genes, we identified potential miRNAs using miRanda (http://www.microrna.org/), MicroCosm

(https://tools4mirs.org/software/mirna_databases/microcosm-targets/), and TargetScan (https://www.targetscan.org/vert
80/). Additionally, IncRNAs with interaction scores greater than 2 were obtained from the StarBase database (https://
rnasysu.com/encori/). Finally, the IncRNA-miRNA-mRNA regulatory networks were visualized using the R package
ggalluvial (v 0.12.5).

RT-PCR

Six GC tissues and six adjacent non-tumor tissues were collected from The First Affiliated Hospital of Anhui Medical
University. This study was conducted in accordance with the Declaration of Helsinki and was approved by the Ethics
Committee of The First Affiliated Hospital of Anhui Medical University (approval number: PJ-YX2025-043) on July 1,
2025 (Supplementary Documents 1 and 2). At the same time, informed consent was obtained from all subjects involved

in the study. Total RNA was extracted from GC tissues and tumor-adjacent tissues using the TRIzol (Tiangen, China).
Subsequently, cDNA synthesis was performed using the Hifair™ III 1st strand cDNA synthesis supermix, according to the
manufacturer’s protocol. RT-PCR amplification was conducted to detect the expression of identified prognostic genes.
The primer sequences used are listed in Table 1. Gene expression relative to B-actin was determined using the 2744

method.

Statistical Analysis

All statistical analyses and plots were conducted using R software (v 4.4.1) and GraphPad Prism (v 10.1.2). For
comparisons between groups, the Wilcoxon rank-sum test was used for non-normally distributed data, whereas the
Student’s #-test was applied for normally distributed data. Correlation analysis was assessed using Spearman’s method.
For analyses involving large-scale multiple testing, including differential expression analysis, functional enrichment

analysis, and immune scores between high- and low-risk groups, P values were adjusted using the Benjamini—Hochberg

Table | The Primers Used in This Study

Homo-HMGN4-F
Homo-HMGN4-R
Homo-KRT 10-F
Homo-KRT10-R
Homo-MAPREI-F
Homo-MAPREI-R
Homo-NUCKSI-F
Homo-NUCKSI-R
Homo-VARS-F
Homo-VARS-R
Homo-ACTIN-F
Homo-ACTIN-R

Primer Names Sequence
Homo-EAFI-F ACAAACGGCCTTACCAGAAAG
Homo-EAFI-R AATGCTGCTACTGAGTTTTTCCA

GATCAGCTCGGTTGTCTGCTA
GCAGGGTTGTTCCCATCCTT
TCCTACTTGGACAAAGTTCGGG
CCCCTGATGTGAGTTGCCA
AAGCTAGAACACGAGTACATCCA
AGTTTCTTGACCTTGTCTGGC
GGCCTGTCAGAAATAGGAAGGT
TTTAGCTTCTCGGGGAGATGAT
TACGCCGACACGGAGTTAATA
TCTAGGACGTATCGGAAAGGC
CATGTACGTTGCTATCCAGGC
CTCCTTAATGTCACGCACGAT
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false discovery rate (FDR). For analyses with a limited number of pre-specified comparisons (eg, risk scores across
limited clinical subgroups), unadjusted two-sided P values were reported. Statistical significance was defined as P < 0.05.

Results

Identification and Functional Analysis of Tumor Mechanics-Related Genes in GC

A total of 3636 DEGs (1770 upregulated genes and 1866 downregulated genes) were identified from the TCGA dataset
(Figure 1A). To evaluate the enrichment of MRGs in each GC patient and normal sample, we performed ssGSEA. The
ssGSEA analysis revealed a significant difference between the GC and control groups, providing a basis for subsequent
analyses (Figure 1B). Initially, the “goodSamplesGenes” function was employed to remove outliers and unqualified
samples, and sample dendrogram and heatmap were constructed (Figure S1A). To construct the gene co-expression
network, the optimal soft-thresholding power was set to 5 (R* =~ 0.9, minimum module size = 50), resulting in the
identification of 15 distinct gene modules (Figure 1C-E). Subsequently, the correlations between gene modules and
clinical traits were assessed to identify key modules. As shown in Figure 1F, the purple and cyan modules exhibited the
strongest correlations with MRG scores. These two modules collectively contained 724 genes, which were subsequently
defined as the WGCNA-MRGs (Figure 1G and H).

By intersecting the DEGs with WGCNA-MRGs, 248 T-MRGs were identified (Figure 11I). To explore their potential
biological roles, functional enrichment analyses were performed. Functional enrichment analysis revealed that these
genes were significantly enriched in GO terms, including external encapsulating structure organization, extracellular
matrix structural constituent, and collagen-containing extracellular matrix (Figure S1B). Moreover, several signaling
pathways, including the PI3K-Akt signaling pathway, protein digestion and absorption, and ECM-receptor interaction,
were also significantly enriched (Figure 1J). From the 248 genes, a PPI network was generated, containing 246 nodes and

7,288 edges (Figure S1C).

Machine Learning-Based Identification of Prognostic Genes and Risk Model

Construction in GC

To identify prognostic genes, three machine learning approaches were applied to the 248 T-MRGs. First, univariate Cox
regression was utilized to filter genes, resulting in the identification of 189 genes with p < 0.05. The 20 genes exhibiting
the strongest associations were highlighted in Figure 2A. Subsequently, the top 40 genes were determined using the
XGBoost algorithm (Figure 2B). Based on the results from the XGBoost algorithm, the SVM algorithm further identified
37 genes (Figure 2C). Finally, a novel prognostic signature was constructed through LASSO regression analysis, leading
to the identification of 8 genes, SERPINE1, CYPIBI1, LOX, HEYL, VCAN, IGFBP7, TWIST2, and ATP1B2
(Figure 2D).

Using multivariate Cox regression analysis, a prognostic model was constructed, with the regression coefficients for
each gene detailed in Table 2. The formula for the prognostic model is as follows: RiskScore = (0.494995 x expression
value of SERPINEI) + (0.154756 x expression value of CYP1B1) + (0.298706 x expression value of LOX) + (0.087153
x expression value of HEYL) + (0.017439 x expression value of VCAN) + (0.288547 x expression value of IGFBP7) +
(—0.741817 x expression value of TWIST2) + (0.281551 x expression value of ATP1B2). The constructed prognostic
model achieved a concordance index (C-index) of 0.7019, indicating that the model had good discrimination ability.>*

Additionally, ROC curve analysis was performed to assess the predictive performance of the prognostic model. As
shown in Figure 2E, the AUC values for 2-, 3-, and 5-year survival in the TCGA training cohort were 0.736, 0.728, and
0.799, respectively. Furthermore, the AUC values of the test set and the GSE84437 validation set also demonstrated good
predictive performance (Figure 2F and G). The KM analysis showed significant differences in survival rates among
different risk groups (Figure 2H-J).

Construction and Validation of a Prognostic Nomogram for GC Survival
Multivariate Cox regression analysis identified N stage and risk score as significant independent prognostic factors for
GC patients (Figure 3A). Based on these factors, a nomogram model was built to predict survival probabilities
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Table 2 Multivariate Cox Regression Analysis of Prognostic

Genes
Gene Coefficients | HR L95CI H95CIH
SERPINEI | 0.494995 1.640489 | 1.155694 | 2.328649
CYPIBI 0.154756 1.167374 | 0.806461 | 1.689804
LOX 0.298706 1.348114 | 0.877509 | 2.071103
HEYL 0.087153 1.091064 | 0.700522 | 1.699333
VCAN 0.017439 1.017592 | 0.653423 | 1.584721
IGFBP7 0.288547 1.334486 | 0.873422 | 2.038940
TWIST2 —0.741817 0.476248 | 0.307327 | 0.738014
ATPI1B2 0.281551 1.325183 | 0.917363 | 1.914303

(Figure 3B). The resulting model demonstrated good discriminative performance, achieving a concordance index
(C-index) of 0.7166. The predictive validity of this index was reliably confirmed by calibration curve verification
(Figure 3C). Furthermore, ROC curve analysis yielded an AUC of 0.659, supporting the model’s discriminative ability
(Figure 3D-F). Additionally, KM survival curves revealed that elevated nomogram scores were associated with poorer
survival (Figure 3G-I). Meanwhile, deceased patients were mainly distributed in the high-risk group (Figure S2A-C).

Subsequently, patients were categorized into high- and low-risk groups according to the risk scores derived from the
prognostic model. Significant disparities in survival outcomes were observed between the two groups after stratification
according to sex, age, T stage, N stage, and stage (p < 0.05) (Figure 4A—E). Moreover, integration of the risk score with
clinical parameters demonstrated a strong association with tumor progression indicators, which was consistent with
findings from the validation cohort (Figure 4F and G).

Differential Biological Pathways and Prognostic Genes Expression in High- vs Low-Risk
GC Patients

To explore the underlying biological mechanisms, GSEA was performed on GC patients stratified into high- and low-risk
groups. High-risk patients showed enrichment in GO terms related to cardiac muscle contraction, calcium-mediated
signaling, and modulation of phagocytosis (Figure 5A). KEGG pathway analysis revealed significant enrichment in cell
adhesion molecules, cytokine-cytokine receptor interaction, and calcium signaling pathway (Figure 5B).

To further investigate the expression patterns of 8 prognostic genes in GC and normal tissues, their expression levels
were analyzed. In the TCGA dataset and external validation sets (GSE66229 and GSE54129), SERPINE1, LOX, VCAN,
and IGFBP7 were significantly overexpressed in tumor tissues (Figure SC—E). Survival analysis revealed that patients
with low expression of these four genes had a significantly better survival rate than those with high expression, a finding
that was further validated in the GSE84437 data set (Figure 5F). Finally, dot plots demonstrate the differential expression
patterns of these genes in the 13 cancer types (Figures 5G and S3A-D).

Immune Infiltration Analysis of the Risk Score Model

To investigate the relationship between immune cells and the risk model, we applied multiple algorithms, including
MCP-counter, ssGSEA, and ESTIMATE algorithm. The results revealed that ESTIMATE, immune, and stromal scores
were significantly elevated in high-risk patients compared to those in the low-risk patients, and all three scores showed
a positive correlation with the risk score (Figure 6A and B). In addition, the MCP-counter revealed that 10 cell types
were significantly enriched in high-risk patients and showed strong positive correlations with prognostic genes,
particularly dendritic cells, monocytes, fibroblasts, endothelial cells, and cytotoxic lymphocytes (Figure 6C and D). To
further validate the above findings, ssGSEA was conducted to evaluate 28 types of immune cells. As expected, the high-
risk group exhibited significantly elevated levels of multiple immune cells, including Tregs, macrophages, and mast cells
(Figure 6E). The correlation heatmap in Figure 6F showed that SERPINE1, LOX, VCAN, and IGFBP7 were positively
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Figure 5 Differential biological pathways and prognostic genes expression in high- vs

Low-risk GC patients. (A) GO analysis of different risk groups. (B) KEGG analysis of

different risk groups. (C) Expression levels of prognostic genes in the TCGA-GC cohort. (D) Expression levels of prognostic genes in the GSE66229 cohort. (E) Expression
levels of prognostic genes in the GSE54129 cohort. (F) Survival analysis of prognostic genes. (G) Expression of prognostic genes in 13 cancers. **¥p < 0.0001, ***p < 0.001,

*p < 0.01, *p < 0.05, ns stands for non-significance.
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correlated with macrophages, mast cells, T cells, and other immune cells. These findings suggest that the high-risk group
exhibited increased immune infiltration with immunosuppressive characteristics compared to the low-risk group.

Risk Stratification Reveals Distinct Immune Profiles, Drug Sensitivity, and ceRNA
Networks in GC

To elucidate the variations in anti-cancer immune cycle steps across different risk groups, we assessed the immune
activity scores in patients with GC. The results showed that release of cancer cell antigens, T cell recruitment,
macrophage recruitment, and immune cell infiltration within tumor tissues were significantly enriched in high-risk
patients, suggesting a more active immune response and enhanced immune cell infiltration in this group (Figure 7A).
The immunophenotypic score (IPS) analysis demonstrated that patients in the low-risk group exhibited higher IPS values
compared to those in the high-risk group, suggesting a potentially better response to immunotherapy (Figure 7B). In
addition, both TTN and TP53 mutations were frequently observed in the two groups, with tumor mutation burden (TMB)
rates exceeding 50% in each group (Figure 7C and D).

Next, we evaluated the association between patients’ risk scores and their clinical responses to chemotherapy and
targeted therapy for GC. The analysis revealed that the IC50 values for ABT-263, GDC-0449, Pyrimethamine, and VX-
702 were significantly higher in samples from patients in the low-risk group than in samples from patients in the high-
risk group. Interestingly, the low-risk group exhibited significantly greater sensitivity to Bexarotene, Epothilone B, FTI-
277, Lapatinib, LFM-A13, and RO-3306 compared to the high-risk group (Figure 7E and Table S2). These results
suggest that risk stratification may have predictive value for chemosensitivity and targeted therapy response.

To identify potential regulatory axes involved in GC progression, we performed a ceRNA regulatory analysis. A total
of 4 miRNAs were identified through the integration of three databases (Figure 7F). Subsequently, IncRNAs targeting
these miRNAs were predicted using the StarBase database, and a comprehensive IncRNA-miRNA-mRNA regulatory
network was constructed based on these interactions. The resulting ceRNA network revealed that 4 specific miRNAs
interacted with 16 IncRNAs and 2 mRNAs (Figure 7G).

RT-PCR Validation of Prognostic Genes

To further validate the mRNA expression levels of the identified prognostic genes, we collected six pairs of GC tissues
and matched adjacent normal tissues to perform RT-PCR (Table S3). As shown in Figure 8, the expression levels of
HEYL, IGFBP7, LOX, and VCAN were significantly upregulated in GC tissues, consistent with the data from TCGA.
Similarly, TWIST2, ATP1B2, and CYPIBI1 exhibited downregulated expression in GC tissues, aligning with their
expression patterns in the TCGA dataset. These results support the robustness of our bioinformatic predictions.
However, SERPINE1 was found to be downregulated in GC tissues in our RT-PCR results, which was contrary to its
expression trend observed in TCGA.

Discussion
GC, one of the most frequent digestive system cancers, is strongly influenced by the formation and progression of the
TME.?3¢ However, the role of tumor mechanics-related genes in GC remains unclear. Therefore, in this study, we
employed bioinformatic approaches to systematically investigate the potential functions of tumor mechanics-related
genes in the context of GC. In recent years, immune, ferroptosis, and metabolism-related GC prognostic models have
been proposed to predict patient survival and describe the tumor microenvironment.>’ >° In contrast to these models, our
prognostic model focuses on tumor mechanics-related features, including genes involved in extracellular matrix organi-
zation, tissue stiffness, and mechanical signaling, thereby capturing the often overlooked mechanical dimension of the
tumor microenvironment. In addition, we combined risk scores and clinical indicators to develop a nomogram model for
predicting individual outcomes in GC patients.

Initially, we obtained datasets related to GC and employed bioinformatics techniques to identify 248 tumor
mechanics-related genes. Subsequently, 8 prognostic genes were identified through univariate Cox regression analysis
combined with machine learning approaches. SERPINE1, a member of the serine protease inhibitor family, is associated
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with immune responses in GC and is widely recognized for promoting tumor growth, angiogenesis, invasion, and
metastasis within the tumor microenvironment.**** However, SERPINE1 expression was predicted to be upregulated in
GC patients by bioinformatic analyses, but RT-PCR analysis showed significantly downregulated expression. This
difference may result from sample heterogeneity. The Chinese GC tissue samples collected in this study differ from
those in the GEO datasets, which include patients of diverse ethnic backgrounds. Moreover, batch effects between
sequencing and RT-PCR platforms, differences in tissue processing or RNA integrity, and inter-patient differences in
tumor stage, grade, or anatomical location may also have contributed to this discrepancy. Finally, the small size of our
validation cohort (n = 6) may have affected the RT-PCR results. Therefore, it is necessary for future studies to further
confirm the biological significance of SERPINEI in gastric cancer through larger multicenter cohorts, combined with
protein level detection and functional experiments. Zhu et al demonstrated that LOX is significantly upregulated in GC
tissues, suggesting its potential involvement in regulating key pathways and modulating immune activity within the
TME.* Moreover, previous studies have shown that VCAN modulates tumor mutation burden and contributes to the
remodeling of the tumor microenvironment in GC, ultimately affecting patient prognosis.** IGFBP7 has also been
identified as an independent prognostic marker in GC, playing a promotive role in cell proliferation, invasion, and
migration.*> Similarly, HEYL is not only highly expressed in GC but also serves as an independent risk factor for patient
prognosis.*® TWIST2 has been reported to promote and modulate epithelial-mesenchymal transition (EMT) in multiple
cancer types, thereby influencing the initiation and progression of GC.*” CYP1BI1 has also been reported to be closely

associated with GC prognosis and the immune microenvironment.**** Currently, research on ATP1B2 primarily focuses
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on glioma and esophageal squamous cell carcinoma. The inhibition of ATP1B2 has been shown to impede cancer cell
migration, indicating its potential role in regulating tumor development and progression.*®

GSEA analysis revealed significant differences in the calcium signaling pathway and ECM-receptor interactions
between the high- and low-risk groups, and these pathways have been widely reported to correlate with the prognosis of
GC. Among the genes included in our model, SERPINEI, LOX, VCAN, and IGFBP7 act as key regulators of ECM
architecture and remodeling. Specifically, SERPINEI alters ECM degradation dynamics and enhances mechanical
resistance within the tumor microenvironment by inhibiting MMP2 activity.’' As a critical enzyme involved in ECM-
receptor interaction, LOX overexpression increases ECM stiffness, thereby promoting angiogenesis and accelerating
gastric cancer progression.”*”> VCAN, a large extracellular proteoglycan, participates in the regulation of cell adhesion,
migration, and inflammatory infiltration, ultimately facilitating tumor development.”* IGFBP7 has also been shown to
influence the deposition of tumor-associated ECM and modulate tumor cell behavior.”> Regarding the calcium signaling
pathway, dysregulation of E-cadherin disrupts cell-cell junctions and promotes dissemination of gastric cancer cells into
the lymphatic system.’® For instance, TWIST2 facilitates tumor metastasis by downregulating E-cadherin and tight
junction proteins, thereby weakening calcium-dependent intercellular adhesion.”

Immune infiltration analysis showed that the high-risk group had a higher degree of immune cell infiltration,
especially a significant increase in Tregs, dendritic cells, and macrophages, suggesting that this group may be in
a more pronounced immunosuppressive state. As the predominant immunosuppressive populations in the tumor micro-
environment, Tregs and macrophages play critical roles in the progression of gastric cancer. Previous studies have
demonstrated that high Treg infiltration in the gastric tumor microenvironment is generally associated with poor
prognosis and resistance to immunotherapy. Tregs suppress the activity of effector T cells primarily through the secretion
of immunoregulatory cytokines such as TGF-B and IL-10, thereby promoting an immunosuppressive milieu and
facilitating the immune escape of gastric cancer cells.’® ®® Meanwhile, macrophages in the gastric cancer microenviron-
ment not only increase significantly in number but also preferentially polarize toward the M2 phenotype.®' M2-type
tumor-associated macrophages further recruit Tregs by secreting IL-10, TGF-p, CCL2/CCL22, and other immunosup-
pressive factors, establishing an interconnected suppressive network that promotes tumor growth and angiogenesis.®*¢*
In addition, Wang et al reported that dendritic cells (DCs) also serve as key regulators within the gastric cancer tumor
microenvironment.®> However, DCs in the TME are frequently functionally impaired or exhibit tolerogenic phenotypes,
which not only diminish their antigen-presenting capacity but also exacerbate tumor immune evasion.®® Additionally, the
lower ESTIMATE scores of patients in the low-risk group essentially reflected the overall lower proportion of
nonneoplastic components of the tumor microenvironment, including immune cells and stromal cells. For example,
Xu et al found in a multi-cancer cohort study that patients with lower stromal scores generally had a more significant
survival advantage.®’ Notably, the low-risk group showed higher TMB and IPS despite the lower level of overall immune
infiltration. It has been reported that the increase of TMB is usually accompanied by the accumulation of more somatic
non-synonymous mutations, which may generate more neoantigens. These neoantigens can be recognized by the immune
system, which in turn stimulates T cell-dependent immune responses and ultimately enhances anti-tumor immunity.**¢°
At the same time, the higher IPS score also suggests that this group of patients may have greater potential sensitivity to
immunotherapy such as immune checkpoint inhibitors.”® In summary, the low-risk group presents a unique immune
microenvironment feature: although the level of immune infiltration is limited, the combination of high TMB and high
IPS may have a greater capacity for anti-tumor immune response, and a higher potential for immunotherapy response.

Repurposing existing drugs for the treatment of GC offers a novel therapeutic strategy, which can not only reduce the
time and cost associated with drug development, but also better reflect real world drug related adverse reactions. Our
analysis revealed significant differences in sensitivity to ten drugs, including lapatinib and bexarotene, between high- and
low-risk groups. Lapatinib competitively binds to the ATP-binding sites in the kinase domain of EGFR and HER2,
thereby effectively inhibiting the downstream targets and affecting the survival of GC cells.”' As an RXR agonist,
bexarotene can inhibit angiogenesis and prevent drug resistance by regulating RXRa and RXR related signaling in
GC.”7* These findings suggest that the risk model may offer a novel approach for guiding personalized drug selection
and optimizing treatment strategies in GC patients. The ceRNA regulatory network offers a novel entry point for
exploring the potential post-transcriptional regulatory mechanisms involved in GC. Although the construction of this
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network largely relies on database-based predictions, several of the implicated miRNAs have previously been reported to
participate in the proliferation, metastasis, or drug resistance of gastrointestinal malignancies. These findings support the
hypothesis that they may, to some extent, contribute to gastric cancer progression. For example, miR-200c is typically
downregulated in GC tissues and is associated with multiple biological processes, including angiogenesis, EMT, and the
TGF-B signaling pathway, collectively promoting tumor progression and metastasis.”* As another member of the miR-
200 family, miR-429 has been shown to inhibit cell proliferation when overexpressed in GC cells.”” In addition, miR-
200b-3p is significantly downregulated in most GC tissues and cell lines, and its reduced expression correlates with poor
patient prognosis. It may influence tumor development by regulating cell viability, invasion, and cell-cycle progression.”®
Meanwhile, IncRNAs such as MALAT1 and NEATI can bind to miR-200b-3p through a sponge-like adsorption
mechanism, thereby regulating the expression of downstream genes and participating in tumor progression by activating
EMT pathways.”” " It should be noted, however, that most of these IncRNA-miRNA-mRNA regulatory axes are still
supported primarily by predictive analyses or indirect evidence, and their precise biological roles require further
experimental validation.

This study identified 8 tumor mechanics-related prognostic biomarkers through comprehensive bioinformatics
analyses and preliminary experimental validation. Several limitations should be noted. Methodologically, WGCNA
was performed on the entire transcriptome, whereas ssGSEA-derived MRG scores were used solely as external
phenotypic traits to identify co-expression modules associated with mechanics-related biological variation. While this
approach enables the detection of broader transcriptomic patterns, using a trait derived from a subset of genes may
introduce a degree of dependence. In addition, the reliability and robustness of the bioinformatics results may be
influenced by the quality and completeness of the original datasets. Although RT-PCR provided preliminary validation,
the number of clinical samples was limited, potentially constraining the generalizability of the findings. Future studies
will involve expanding the clinical cohort to strengthen validation. Moreover, comprehensive in vitro and in vivo
experiments are needed to elucidate the mechanistic roles of these biomarkers in GC progression and to further evaluate
their translational potential.

Conclusion

In conclusion, this study identified eight mechanics-related prognostic genes in GC through the integration of multiple
machine-learning approaches and constructed a prognostic model based on these features. Although the model exhibited
favorable predictive performance in the training dataset and moderate performance in external validation datasets, further
verification is still needed. These findings provide preliminary insights into the tumor mechanics underlying GC
prognosis. However, additional validation in larger, multicenter cohorts and experimental studies is warranted to confirm
the clinical utility of this model.
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