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Background: The crosstalk between glycolysis, ferroptosis and the gastric cancer (GC) immune microenvironment remains
poorly defined. This study aims to uncover glycolysis/ferroptosis-related regulators of the GC immune microenvironment.
Methods: Transcriptomic datasets from The Cancer Genome Atlas (TCGA)-Stomach adenocarcinoma (TCGA-STAD) and Gene
Expression Omnibus (GEO) were integrated to screen glycolysis/ferroptosis-related differentially expressed genes (DEGs). We
evaluated univariate prognostic associations of candidate genes and built a signature for stratifying patients based on Tumor
Immune Dysfunction and Exclusion (TIDE)-predicted immunotherapy response and systematically evaluated immune-related
molecular signatures based on TIDE and Microsatellite Instability (MSI) scores. Single-cell RNA sequencing combined with
CellChat was applied to explore cell-cell communication correlations. The oncogenic function of 5'-nucleotidase domain contain-
ing 2 (NT5DC2) was experimentally validated in MKN-7 GC cells and subcutaneous xenograft models.

Results: Six candidate metabolic DEGs were selected. Their individual diagnostic performance varied substantially across co-
horts, although insulin-like growth factor 2 mRNA-binding protein 3 (/GF2BP3) and fibronectin type III domain containing 5
(FNDC5), together with NT5DC2, exhibited relatively consistent expression trends across independent datasets. Single-cell Gene
Set Enrichment Analysis (GSEA) suggested a potential association between epithelial NT5DC2 and gene signatures indicative
of elevated glycolysis coupled with attenuated ferroptosis programs. Whereas B-cell IGF2BP3 was correlated with metabolic
and DNA repair gene sets. Bulk transcriptome correlation analyses indicated that elevated NT5DC2 and IGF2BP3 expressions
were associated with activated Granulin Precursor (GRN) /Transforming Growth Factor Beta 1 (TGF-p) signaling, decreased
CDS8" T cell abundance and T cell exhaustion signatures. Though direct functional evidence confirming this metabolic-immune
regulatory axis is absent, correlative observations support its existence. A three-gene signature exhibited exploratory capacity
for stratifying patients with distinct TIDE-predicted immune response profiles. Univariate survival analysis demonstrated that
high NT5DC2 expression correlated with unfavorable overall survival. This association was no longer statistically significant
after adjustment for clinical covariates including age. In vitro and in vivo assays confirmed that NT5DC2 knockdown inhibits
GC proliferation and xenograft growth. The statistical significance threshold was set at p < 0.05.

Conclusion: We identified candidate glycolysis/ferroptosis-related biomarkers for gastric cancer. Bioinformatic correlation anal-
yses indicated that NT5DC2, FNDC5 and IGF2BP3 expressions are associated with metabolic reprogramming signatures and
predicted immunosuppressive immune phenotypes in GC.
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Introduction gical resection, and molecular targeted therapy, the 5-year
survival rate of advanced GC patients post-surgery remains
suboptimal [3]. Thus, identifying new diagnostic and ther-
apeutic targets for GC is critical for improving its clinical

management.

Gastric cancer (GC) is a highly malignant and het-
erogeneous tumor. Globally, it ranks 5th in incidence and
3nd in mortality among malignant tumors [1]. Like other

malignancies, GC has a multifactorial and multistep patho-
genesis. Because early clinical symptoms are often absent,
most patients with GC are diagnosed at an advanced stage,
when opportunities for radical resection are limited. Un-
fortunately, these patients frequently experience recurrence
after chemotherapy [2]. Despite progress in GC treatment
strategies, including intensive chemotherapy, extended sur-

Metabolic reprogramming represents a core character-
istic of GC occurrence and progression. Among such re-
programming events, the interaction between two pheno-
types, “glycolysis” and “ferroptosis” has drawn increasing
attention in recent years. As the primary metabolic pathway
for tumor cells under hypoxic and nutrient-deficient con-
ditions, glycolysis can promote glucose uptake and lactate
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production via transcription factors such as HIF-1a, thereby
sustaining the cells’ capacity for rapid proliferation and in-
vasion [4,5,6]. Ferroptosis is a new form of programmed
cell death that is initiated by iron-dependent lipid peroxi-
dation [7,8]. In GC, this process is critically important for
preventing tumor progression and overcoming drug resis-
tance [9,10]. Recent studies have revealed that the RON
receptor tyrosine kinase triggers metabolic reprogramming
in thyroid carcinoma, where RON further enhances gly-
colysis via the MAPK/CREB pathway. This metabolic re-
programming likely hampers ferroptosis, which could lead
to chemotherapy resistance [11]. In the tumor microen-
vironment, lactate accumulation from increased glycoly-
sis disrupts the redox balance, thereby limiting ferroptosis
[12]. Thus, the interplay between glycolysis and ferroptosis
in GC may influence metabolic adaptability, immune eva-
sion and response to treatment. Elucidating the genetic and
molecular mechanisms underlying this relationship is es-
sential for understanding the balance between metabolism
and cell death in GC.

Over the past several years, there has been increas-
ing interest in the role of immunotherapy in GC. Immune
checkpoint inhibitors (ICIs) have shown clinical benefit
for a small group of patients; however, the low response
rate observed in most patients remains a major concern.
The principal challenge, T cell exhaustion, is the result of
chronic immunosuppression and continuous exposure to tu-
mor antigens. This condition is characterized by the loss
of effector function of T cells, upregulation of inhibitory
receptors, and excessive metabolic shift [13,14,15]. This
leads to the progressive loss of anti-tumor immunity and
reduced efficacy of ICIs [16,17]. Consequently, defining T
cell dysfunction is necessary to enhance immunotherapy in
GC.

Through the application of machine learning, this
study prioritized a robust set of glycolysis/ferroptosis
(Gly/Fer) -related transcriptomic markers within the GC
landscape, ensuring rigorous selection of key differentially
expressed genes. Using the combined training and vali-
dation sets, their expression patterns and phenotypic sen-
sitivity were characterized, and key Gly/Fer-differentially
expressed genes (DEGs) were identified. To quantify sur-
vival outcomes, we utilized The Cancer Genome Atlas
(TCGA) -Stomach adenocarcinoma (STAD) cohort to build
and verify a risk-stratification model based on the identi-
fied Gly/Fer-DEGs. By integrating single-cell transcrip-
tome data and cell communication analysis, the potential
role of these genes in CD8" T cell exhaustion was ex-
plored. In addition, we predicted the immunotherapeutic re-
sponse of TCGA-STAD patients and built a corresponding
prediction model based on key Gly/Fer-DEGs, providing a
novel perspective for unraveling the intrinsic links among
metabolism, cell death, and immune imbalance in GC and
its clinical value.

Methods

Data Download and Preprocessing

First, we retrieved GC-related microarray datasets
(GSE65801, GSE118916, GSE54129, GSE118897, and
GSE146996) from Gene Expression Omnibus (GEO).
Among them, GSE118916, GSE65801, and GSE118897
were combined as the training cohort. The intersecting
genes across the three datasets were retained, and dupli-
cate genes were averaged. Transcriptomic data under-
went log2 transformation and inter-array normalization via
the limma package (v3.54.0, Bioconductor project, Seattle,
WA, USA). To ensure data consistency, batch effects were
mitigated in the training matrix using the ComBat func-
tion from the sva package(v3.44.0, Bioconductor project,
Seattle, WA, USA). For the independent validation cohorts
(GSE54129 and GSE146996), duplicate gene entries were
averaged. these datasets then underwent log2 transforma-
tion and normalization with normalizeBetweenArrays to
produce standardized test sets. Data for the TCGA-STAD
cohort were acquired from the UCSC Xena browser and
used for the construction of prognostic models, evaluation
of TIDE-predicted response, and validation of model ex-
pression. Detailed characteristics of the data used in the
analysis can be found in Table 1. After removing cases
with incomplete clinical follow-up information, 381 tumor
patients were retained for multivariate Cox regression sur-
vival modeling. Genes related to ferroptosis, categorized
into ferroptosis drivers, markers, and suppressors, were ob-
tained from the FerrDb database. Genes related to gly-
colysis were obtained through GeneCards using the search
term “glycolysis” and identified as protein-coding genes in-
volved in glycolytic metabolism, glucose consumption, and
tumor metabolic reprogramming. The full list of genes is
available in Supplementary Table 1.

Identification of glycolysis and ferroptosis
(Gly/Fer-DEGs) in GC

Using the limma package (v3.54.0), differential ex-
pression between the GC and normal tissues in the train-
ing cohort was analyzed. A linear model was applied and
then specified for contrasts. Empirical Bayes moderation
(eBayes) was implemented to stabilize variance estimates.
To control for multiple testing, p-values were adjusted using
the Benjamini—Hochberg false discovery rate (FDR) proce-
dure. Genes with [logoFC| >1 and an adjusted p-value <
0.05 were considered DEGs.

From these DEGs, we extracted those associated with
Gly/Fer-DEGs by intersecting the list with the predefined
Gly/Fer gene sets. Results were visualized in a volcano plot
(ggplot2 v3.4.0, R package, Winston Chang, Boston, MA,
USA), where significantly up- and downregulated genes are
shown in red and green, respectively. The overlap between
DEGs and Gly/Fer genes was displayed using the ggvenn
package (v0.1.10, R package, Yan Zhao, Beijing, China),
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Table 1. Detailed information of the dataset in this study.

Data set Database  Platform Sample information Cohort assignment
GSE65801 GEO GPL14550  GC (GC = 32, Normal = 32)

GSE118916 GEO GPL15207 GC (GC = 15, Normal = 15) Training set
GSE118897 GEO GPL16686  GC (GC = 10, Normal = 10)

GSE146996 GEO GPL17586  GC (GC = 50, Normal = 15) External validation setl
GSE54129 GEO GPL570  GC (GC =111, Normal =21) External validation set2
TCGA-STAD TCGA UCSC Xena GC (GC =415, Normal = 32) Prognostic validation cohort
GSE184198 GEO GPL24676 GC (GC =1, Normal = 1) Single-cell analysis

GEO, Gene Expression Omnibus; TCGA, The Cancer Genome Atlas; GC, Gastric cancer; STAD, Stomach

adenocarcinoma.

and expression patterns of the identified Gly/Fer-DEGs
were plotted in a heatmap utilizing pheatmap (v1.0.12, R
package, Raivo Kolde, Tartu, Estonia).

Functional Enrichment Analysis of Gly/Fer-DEGs

Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway analyses were car-
ried out with the clusterProfiler package (v4.8.1, Biocon-
ductor project, Seattle, WA, USA). Using the enrichGO
function (set to “all”’), we obtained terms spanning biolog-
ical processes, cellular components, and molecular func-
tions. The enrichKEGG function was applied in parallel to
identify relevant metabolic and signaling pathways. Major
enriched GO terms and KEGG pathways were summarized
and displayed as bar plots using the visualization functions
within clusterProfiler.

Machine Learning

To reduce the risk of data leakage, the integrated train-
ing cohort was assembled by merging three independent
GEO datasets (GSE65801, GSE118916, and GSE118897),
containing 57 gastric cancer samples and 57 normal con-
trols (114 samples in total). Two separate independent
GEO cohorts (GSE146996 and GSE54129) were used as
external validation sets to assess signature generalization,
while TCGA-STAD (415 gastric cancer and 32 normal sam-
ples) was applied for subsequent prognostic validation. No
random subdivision of the merged GEO training cohort
into internal training/internal validation subsets was per-
formed in this study. Using expression data of the Gly/Fer-
DEGs as predictors, a Least Absolute Shrinkage and Se-
lection Operator (LASSO) classification model was fitted
with the glmnet package (v4.1-8, R package, Jerome Fried-
man, Stanford, CA, USA). Cross-validation curves were
generated after conducting ten-fold cross-validation (nfolds
= 10) on training data only, which also helped in optimiz-
ing model parameters. Features with non-zero coefficients
at the optimal lambda value were retained. Model perfor-
mance and generalizability were subsequently assessed us-
ing the pROC (v1.18.4, R package, Xavier Robin, Mont-
pellier, France) and rms (v6.7-0, R package, Frank Har-
rell, Nashville, TN, USA) packages. In Support Vector

Machine-Recursive Feature Elimination (SVM-RFE) anal-
ysis, a 10-fold cross-validation framework was set up via
the caret package (v6.0-94, R package, Max Kuhn, Over-
land Park, KS, USA) to iteratively evaluate feature impor-
tance solely based on training data. A SVM model with a
radial basis kernel (method = “svmRadial’) was built us-
ing the e1071 package (v1.7-13, R package, David Meyer,
Vienna, Austria). Feature sizes ranging from 2 to 40 with
a tuneLength of 3 were evaluated. A cross-validation er-
ror curve was plotted to determine the optimal number of
feature genes and extract key genes, followed by model
performance evaluation. In Random Forest (RF) analysis,
an RF model containing 500 decision trees (ntree = 500)
was constructed using the randomForest package (v4.7-
1.1, R package, Andy Liaw, Davis, CA, USA). A rank-
ing plot of the top 20 genes was generated using the gg-
pubr package (v0.6.0). Genes with an importance value
greater than 1 (MeanDecreaseGini >1) were regarded as the
key genes. Model performance was further evaluated using
ROC analysis with the pROC package (v1.18.4, R package,
Xavier Robin, Montpellier, France). In addition, calibra-
tion was assessed by a bootstrap calibration curve (method
= “boot”, B =3000) generated with the rms package (v6.7-
0, R package, Frank Harrell, Nashville, TN, USA), exam-
ining the agreement between predicted and observed out-
comes. Genes with an importance value greater than 1 were
identified as the key genes. Finally, a Venn diagram was
plotted using the ggvenn package (v0.1.10, R package, Yan
Zhao, Beijing, China) to identify the intersection of the key
genes screened by the three models. All analyses used a
random seed of 123 for reproducibility. The final selected
signature was then tested on the independent validation sets
to ensure unbiased performance estimation.

Expression and ROC Analysis of Key Genes

Box plots for the expression differences of key genes
between normal tissues and GC tissues in the training set,
validation set, and TCGA-STAD dataset were generated
utilizing the ggplot2 package (v3.4.0, R package, Winston
Chang, Boston, MA, USA). To explore the predictive value
of key genes as biomarkers, ROC curves were first plot-
ted using the pROC package (v1.18.4, R package, Xavier
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Robin, Montpellier, France) based on the mRNA expres-
sion of the training set to verify their ability to distinguish
GC samples from healthy control samples, followed by per-
formance validation in the validation set and TCGA-STAD
dataset. Considering the potential class imbalance in the
validation set and TCGA-STAD dataset, weighted ROC
analysis was performed during model validation, with sam-
ple weights assigned inversely proportional to the class fre-
quencies (higher weights assigned to minority classes).

Construction of Prognostic Model

In survival analysis for prognostic modeling, the
‘surv_cutpoint’ function of the survival package (v3.5-5,
Bioconductor project, Seattle, WA, USA) was adopted to
calculate optimal cutoffs and dichotomize key gene expres-
sion into high and low subgroups. Survival objects were
constructed prior to survival curve fitting with ‘survfit’,
while the ‘coxph’ function was applied to calculate hazard
ratios (HRs) and corresponding 95% confidence intervals.
Survival curves were visualized via the ‘ggsurvplot’ func-
tion from the survminer package (v0.4.9, R package, Al-
boukadel Kassambara, Montpellier, France).

Gene Set Enrichment Analysis (GSEA) of Key Genes

To explore molecular differences between expression
profiles, tumor samples in the training cohort were divided
into high- and low-expression groups according to the me-
dian expression of key genes. Differential expressions
between groups was identified utilizing the limma pack-
age (v3.54.0, Bioconductor project, Seattle, WA, USA, p
< 0.05). GSEA was then conducted using clusterProfiler
(v4.8.1, Bioconductor project, Seattle, WA, USA) against
the Hallmark gene set (h.all.v2023.1.Hs.symbols.gmt),
with significance set at p < 0.05. Enriched pathways were
visualized as GSEA curves using the gseaplot2 function
from enrichplot (v1.20.0, Bioconductor project, Seattle,
WA, USA).

Immune Cell Infiltration Analysis

Tumor purity was assessed with the estimate package
(v1.0.13, Bioconductor project, Seattle, WA, USA). Differ-
ences in ImmuneScore, StromalScore, and Estimation of
STromal and Immune cells in MAlignant Tumor tissues us-
ing Expression data (ESTIMATE) scores between groups
were plotted with ggpubr (v0.6.0, R package, Alboukadel
Kassambara, Montpellier, France). Missing purity values
were imputed via linear regression. The relative abundance
of 22 immune cell types was determined using the Cell-
type Identification by Estimating Relative Subsets of RNA
Transcripts (CIBERSORT) algorithm (Stanford University,
Stanford, CA, USA) with 1000 permutations, and samples
were filtered for FDR-adjusted p < 0.05. To the greatest ex-
tent possible, CIBERSORT scores were adjusted for tumor
purity before correlation analyses. Heatmaps were used to
visualize differences in immune infiltration between tumor

and normal tissues, while violin plots and correlation bub-
ble charts were used to analyze the association between sub-
sets of immune cells and gene expression.

Single-Cell Data Processing

All analyses were performed using R (v4.0.1, R Foun-
dation for Statistical Computing, Vienna, Austria). The
quality control steps resulted in a final count of 2956 normal
gastric cells and 3623 tumor cells. Cells were filtered based
on nFeature RNA between 200 and 2500 and <5% mito-
chondrial gene content. Batch effects were corrected utiliz-
ing Harmony (v0.1.0, R package, Ilya Korsunsky, Boston,
MA, USA). Dimensionality reduction was performed us-
ing Principal Component Analysis (PCA) (with the top 15
components) followed by t-distributed Stochastic Neigh-
bor Embedding (t-SNE). Cell types were annotated based
on established marker genes in combination with the Cell-
Marker database and were further refined manually. The
visualization of highly variable genes was achieved utiliz-
ing dot plots, and dropout effects were minimized by ap-
plying expression smoothing with MAGIC (v3.0, Python
toolkit, Dana Pe'er Lab, New York, NY, USA). Patterns and
distribution of gene expression were depicted with ggplot2
and Nebulosa(v1.0.1, R package, Jose Alquicira Hernan-
dez, Austin, TX, USA).

In this study, the use of Cell-Cell Communication
(CellChat, v1.1.3, R package, Suoqin Jin, Los Angeles,
CA, USA) involved analyzing cellular communication.
Potential ligand-receptor pairs were determined after the
CellChat object was built from normalized data and cell
labels. Communication probability and pathway activity
were inferred and integrated into a global signaling net-
work. Heatmaps were used to assess differences between
normal and tumor groups, whereas bubble and circle plots
were used to depict interaction patterns between cell types.
The signaling functions of epithelial and B cells were in-
vestigated using network-based methods. Sankey diagrams
provided an overview of signaling, focusing on the most
significant pathways. The expression of selected ligand—
receptor pairs and correlations among hub genes were visu-
alized accordingly.

TIDE-Predicted Response Prediction and Modeling

TIDE-predicted response was estimated using the
TIDE algorithm based on TCGA-STAD data. Associa-
tions between gene expression and immunotherapy-related
markers were assessed using Spearman correlation and vi-
sualized as a heatmap. Patients were stratified into re-
sponder and non-responder groups, and survival differences
were analyzed using the log-rank test via survival package
(v3.5-5, Bioconductor project, Seattle, WA, USA). A lo-
gistic regression model including fibronectin type III do-
main containing 5 (FNDC5), NT5DC2, and insulin-like
growth factor 2 mRNA-binding protein 3 (IGF2BP3) was
constructed. Model performance was evaluated using ROC
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analysis, with AUC as the main metric, and calibration was
assessed using bootstrap-based calibration curves. Finally,
multivariate results were summarized as odds ratios with
95% confidence intervals and presented in a forest plot via
forestmodel (v0.5.0, R package, Nick Kennedy, London,
UK).

Cell Culture

GES-1 and MKN-7 cells (Procell, CL-0563 and CL-
0574, Wuhan, China) were maintained in RPMI-1640 (Pro-
cell, PM150110, Wuhan, China) supplemented with 10%
FBS (Gibco, 10099141, Grand Island, NY, USA) and
1% penicillin-streptomycin (Meilunbio, MA0110, Dalian,
China) at 37 °C with 5% CO,;. All cell lines were authenti-
cated by short tandem repeat (STR) profiling and confirmed
to be free of mycoplasma contamination before use.

Quantitative Real-Time Polymerase Chain Reaction
(qPCR) Analysis

Total RNA was extracted with TRIzol reagent
(CWBI, CW0581M, Beijing, China), followed by reverse
transcription using the Evo M-MLV RT Master Mix
(Accurate Biology, AG11706, Changsha, China). qPCR
was performed with SYBR Green Pro Taq HS Premix
(Accurate Biology, AG11701, Changsha, China), using
Glyceraldehyde-3-Phosphate Dehydrogenase (GAPDH)
as the internal control. The 2722t relative quantification
method was adopted to calculate the relative mRNA
expression levels. The cycling conditions included an
initial denaturation at 95 °C for 30 s, followed by 40 cycles
of 95 °C for 5 s and 60 °C for 30 s. Primer sequences:
NT5DC2 F:  5-GTGGCTTCTATGGCAAGGGT-3',
R:  5-TTCACATGCACGTCTCGGAT-3'; GAPDH
F: 5-AGAAGGCTGGGGCTCATTTG-3', R: 5
GGGGCCATCCACAGTCTTC-3'.

Western Blotting

Proteins were separated on 10% Sodium Dodecyl
Sulfate-Polyacrylamide Gel Electrophoresis (SDS-PAGE)
gels (Boster, AR0138, Wuhan, China) and transferred onto
Polyvinylidene Difluoride (PVDF) membranes (Millipore,
IPVH00010, Burlington, MA, USA) at 200 mA for 60 min.
The membranes were then incubated with primary anti-
bodies against NT5SDC2 (1:3000, Proteintech, 31739-1-AP,
Wuhan, China) and GAPDH (1:10,000, Proteintech, 60004-
1-Ig, Wuhan, China), followed by Horseradish Peroxidase
(HRP)-conjugated secondary antibodies (1:10,000, ZSGB-
BIO, ZB-2301/ZB-2305, Beijing, China). Protein bands
were detected using Enhanced Chemiluminescence (ECL)
reagents (Meilunbio, MA0186-1, Dalian, China). Imagel
software was used to measure the integrated optical density
(IOD) of each band; the relative protein expression of target
genes was normalized to the IOD of the internal reference
GAPDH band.
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Cell Transfection

For transient knockdown, cells were trans-
fected with synthetic small interfering RNAs (siR-
NAs), including si-NT5DC2 (si-1, sense: 5'-
GCGUGGACUUCACCUUCUACC-3', antisense:
5'-UAGAAGGUGAAGUCCACGCGG-3%; si-2,

sense: 5'-AGCUGUUCCUCAUCACCAACA-3', an-
tisense: 5'-UUGGUGAUGAGGAACAGCUGU-3")
or a negative control siRNA (si-NC, sense:  5'-
UUCUCCGAACGUGUCACGUTT-3', antisense: 5'-
ACGUGACACGUUCGGAGAATT-3"). Briefly, 100

pmol siRNA and 6 pL Lipofectamine 2000 (Invitrogen,
11668-019, Carlsbad, CA, USA) were diluted in Opti-
MEM (Yuchun, YC-3039A, Shanghai, China), incubated
for 20 min at room temperature, and then added to cells
cultured in RPMI-1640. The culture medium was replaced
with fresh complete medium 5 h post-transfection, and the
knockdown efficiency was evaluated using qPCR at 30 h.

For stable knockdown, MKN-7 cells were transfected
with shRNA plasmids targeting NTSDC2 (sh-1, target
sequence: 5-TGGCAAGGGTCCCTCCATTAA-3'; sh-2,
target sequence: S5-TCCGCTGAGGGCACCTTTATT-
3’ sh-3,  5'-TCCACCCAGACAAGCAATAAA-3")
or a negative control plasmid (sh-NC, sequence: 5'-
TTCTCCGAACGTGTCACGTTT-3') using Lipofec-
tamine 2000 according to a similar protocol, with 2 pg of
plasmid DNA used per well in a 6-well plate. The medium
was likewise refreshed after 5 h. At 48 h post-transfection,
cells were subjected to continuous selection in complete
medium supplemented with 2 pg/mL puromycin for 14
days to eliminate untransfected cells. Surviving single-cell
clones were isolated, expanded, and verified via qPCR to
select clones with stable and optimal NT5DC2 knockdown
for subsequent in vivo xenograft assays.

To ensure persistent gene silencing throughout the an-
imal studies, NTSDC2 expression was verified by qPCR
in the stable cell suspensions immediately prior to subcuta-
neous injection.

Cell Viability Assay

Cell viability after 0, 24, 48, 72, and 96 hours was
assessed using the Cell Counting Kit-8 assay (Beyotime,
C0039, Shanghai, China). We seeded 2 x 103 cells per well
in 96-well plates with 100 pL complete medium per well.
After adding 10 pL of the reagent to each well and incubat-
ing for 1 h, the absorbance was measured at 450 nm.

Cell Migration Assay

Cell migration was assessed using Transwell inserts (8
um; Falcon, 353097, Corning, NY, USA). Transfected cells
(3 x 10* per well) in serum-free medium were added to the
upper chamber, and medium containing 30% FBS (Gibco,
Grand Island, NY, USA) was added to the lower chamber.
After 24 h, the cells that had migrated were fixed, stained
with Crystal Violet (Solarbio, G1063, Beijing, China), and
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counted under a microscope (200x). Three random non-
overlapping visual fields were selected for each well, and
the average cell count of the three fields was recorded as
the migration cell number of the well.

Apoptosis Analysis by Flow Cytometry

After transfection, MKN-7 cells were harvested at 30
h, treated with PBS (Servicebio, G4202, Wuhan, China),
and then stained with Annexin V-PE/7-AAD (Meilunbio,
MAO0429, Dalian, China) for 15 min in the dark at room
temperature. Samples were analyzed on a BD FACSVerse
flow cytometer. Unstained cells, Annexin V single-stained
and 7-AAD single-stained control groups were prepared
to calibrate instrument voltages and set quadrant gating
thresholds. FSC/SSC scatter plots were first applied to
isolate intact single cells and remove cell debris, followed
by calibrated PE/7-AAD two-dimensional plots to catego-
rize cell subgroups. The total apoptosis rate was calcu-
lated as the sum of early apoptotic cells (Q3-4, Annexin
V*/7-AAD") and late apoptotic cells (Q3-2, Annexin V*/7-
AAD").

Tumor Xenograft Experiment

As for the animal experiments, ethical approval was
granted by the Ethics Committee of Zibo Central Hospi-
tal (Approval No. 202211008). The study used female
BALB/c nude mice (4—6 weeks old, 20-25 g) from Jinan
Xingkang Biotechnology Co., Ltd. The mice were assigned
into 2 groups (n = 4/per group): sh-NT5DC2 and sh-NC.
Each mouse was inoculated subcutaneously with 1 x 10°
transfected MKN-7 cells on the right flank. Tumor vol-
ume was calculated using the formula: V (mm?) = (length
x width?) / 2. After 27 days of tumor observation, mice
were humanely euthanized with 5% isoflurane in oxygen (1
L/min). After breathing ceased for at least one minute, cer-
vical dislocation was performed to confirm death prior to
tumor harvest, weighing and photography. Tumor tissues
were fixed for subsequent hematoxylin and eosin (H&E)
staining and immunohistochemical (IHC) staining. All pro-
cedures complied with the ARRIVE Guidelines 2.0.

H&E Staining

Harvested xenograft tumor tissues were fixed in 4%
paraformaldehyde for 24 h, followed by graded ethanol de-
hydration and paraffin embedding. Tissue blocks were cut
into 4 um sections. After xylene dewaxing and hydration,
sections were subjected to routine H&E staining and mor-
phological observation under optical microscopy.

IHC Staining

Paraffin slices (4 um) underwent standard dewaxing
and antigen retrieval. After blocking, sections were incu-
bated with anti-Ki67 primary antibody (1:200, ab16667,
Abcam, Cambridge, UK) overnight at 4 °C, followed by
HRP-conjugated secondary antibody (1:200, ab214880,

Abcam, Cambridge, UK) incubation at room temperature
for 60 min. 3,3’-Diaminobenzidine (DAB) was applied for
chromogenic reaction, and hematoxylin was used for nu-
clear counterstaining prior to microscopic examination. At
the same time, we used the plus IHC Profiler plugin module
in ImageJ software to conduct quantitative analysis of im-
munohistochemical images to calculate Ki67 positive cell
ratios for statistical comparison [18].

Statistical Analysis

Data were analyzed in R (v4.0.1, R Foundation for
Statistical Computing, Vienna, Austria). After normaliza-
tion and preprocessing, two-group comparisons were per-
formed using Student’s ¢-test, and multiple-group compar-
isons were conducted with one-way ANOVA. For survival
analyses, the Kaplan—-Meier method with the log-rank test
was applied, and Cox proportional hazards regression mod-
els were used to evaluate prognostic factors. Associations
between gene expression and immune infiltration or clinical
characteristics were determined using correlation analysis,
as appropriate. Shapiro-Wilk test was used to judge normal
distribution. Normally distributed data adopted Student’s #-
test/ ANOVA, while non-normal data applied Wilcoxon and
Kruskal-Wallis tests. Unless otherwise specified, a two-
sided p < 0.05 was considered statistically significant.

Results

Identification of Gly/Fer-Related Genes in GC

To investigate the role of Gly/Fer in GC, GSE65801,
GSE118916, and GSE118897 were combined as the train-
ing set, whereas GSE54129 and GSE146996, which have
larger sample sizes, were used as independent validation co-
horts. In the training set, 681 DEGs were identified using
the thresholds adj.p.Val < 0.05 and |logFC| >1, and visual-
ized by a volcano plot (Fig. 1A). Intersection analysis with
Gly/Fer-related gene sets yielded 29 Gly/Fer-DEGs, includ-
ing 15 upregulated and 14 downregulated genes (Fig. 1B,
Supplementary Table 2), with expression patterns shown
in a heatmap (Fig. 1C).

Functional enrichment analysis indicated that these
genes were mainly involved in cholesterol metabolism,
mineral absorption, HIF-1 signaling, pluripotency regula-
tion, nitrogen metabolism, and cellular senescence path-
ways (Fig. 1D), implying their involvement in metabolic
reprogramming, oxidative stress response, stemness main-
tenance and cell cycle regulation. GO enrichment further
supported their functions at multiple levels (Fig. 1E). For
biological processes, these genes were closely related to
plasma lipoprotein particle clearance, hypoxia response,
and metabolic stress. At the cellular component level, they
were enriched in chylomicrons, very-low-density lipopro-
tein particles and protein—lipid complexes. Significant en-
richment was observed in molecular functions related to
growth factor receptor binding and protein kinase B (AKT)
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Fig. 1. Identification and functional characterization of glycolysis/ferroptosis-related differentially expressed genes (Gly/Fer-
DEGs) in gastric cancer (GC). (A) Volcano plot of all genes. (B) Venn diagram showing the intersection between Gly/Fer-related
genes and DEGs. (C) Heatmap of the Gly/Fer-DEGs differentially expressed in GC. (D) Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis of Gly/Fer-DEGs. (E) Gene Ontology (GO) enrichment analysis of Gly/Fer-DEGs.

binding. These metabolic processes, stress responses, lipid
transport, and signaling pathways involved in intracellular
communication.

Identification of Core Gly/Fer-DEGs

For hub gene identification, a combination of three
machine-learning techniques was employed. In the ran-
dom forest model, classification error was stable when the
number of trees reached approximately 500 (Fig. 2A).

From this model, 16 genes were identified with importance
scores >1 (Fig. 2B). Both the calibration and ROC anal-
yses in the training cohort demonstrated a good predic-
tive performance, with an AUC of 0.964 (Fig. 2C,D). Us-
ing the penalty and coefficient curves, LASSO regression
identified 12 candidate genes (Fig. 2E,F), and the model
showed an AUC of 0.993, indicating a good performance
(Fig. 2G,H). The SVM-RFE algorithm identified 8 optimal
feature genes (Fig. 2I) with classification efficiency, with
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an AUC of 0.997 (Fig. 2J,K). Finally, six stable core genes
(CA9, FNDCS5, IGF2BP3, MTIG, NT5DC2, and SIRT4)
were obtained by intersecting the three gene sets (Fig. 2L),
supporting their critical roles in modulating glycolysis and
ferroptosis in gastric cancer.

Expression Patterns and ROC Analysis of Key
Gly/Fer-DEGs

To further prioritize the clinically relevant candidate
biomarkers, we performed a comprehensive survival anal-
ysis of the six previously identified key genes, including
CA9, FNDCS5, IGF2BP3, MTIG, NT5DC2, and SIRTH4.
Based on the log-rank test in the TCGA-STAD cohort,
only FNDC5, IGF2BP3, and NT5DC?2 exhibited a statisti-
cally significant association with patient survival (p <0.05).
As shown in Fig. 3A-D, the expression levels of CA9,

FNDC5, MT1G, and SIRT4 generally showed a downward
trend in the training set and TCGA-STAD cohort, while
IGF2BP3 and NT5DC2 showed an upward trend. How-
ever, no significant difference was observed for SIRT4 in
the validation set GSE146996, for MT1G in the valida-
tion set GSE54129, or for C4A9 in the TCGA-STAD cohort.
Fig. 3E-H present ROC curves of individual hub genes
for distinguishing gastric cancer from normal tissues. In
the training cohort, NT5SDC2 (AUC = 0.906), SIRT4 (AUC
=0.901), CA9 (AUC = 0.880), IGF2BP3 (AUC = 0.902),
FNDCS5 (AUC = 0.871), and MT1G (AUC = 0.849) ex-
hibited relatively high AUC values. Weighted ROC anal-
ysis was applied in three external cohorts to offset sam-
ple size imbalance between tumor and normal groups. In
GSE146996, the AUCs were 0.820 for NT5DC2, 0.593
for SIRT4, 0.859 for CA9, 0.764 for IGF2BP3, 0.741 for


https://www.discovmed.com/

A

Expression of 6 Genes in Training set

B Expression of 6 Genes in validation set-GSE146996

2567

ok » ***.
10 ok
3 NN bt T s
3 . ]
= P Type
_% ok .g B Control
g5 : . * £, A wmee
: =, W :
w . . w ke . ke
. ]
3 . L]
. . .
Rk (Tan B
CA9 FNDCS5 IGF2BP3 MT1G NT5DC2 SIRT4 CA9 FNDCS5 IGF2BP3 MT1G NT5DC2 SIRT4
c Expression of 6 Genes in validation set-GSE54129 D Expression of 6 Genes in TCGA-STAD
ns
15
10.0 * ns_ * |
ok B
5 -
3 $
- ok
3 g B Control
g g . wex HmGC
T +-I- L
== -I-_]_ - !
0 . H

FNDC5 IGF2BP3 MT1G NT5DC2 SIRT4
ROC Curves in Training set

CA!

CA9 FNDC5 IGF2BP3 MT1G NT5DC2 SIRT4
F Weighted ROC Curves in validation set-GSE146996

1.00

0.75

Gene
£ == NT5DC2 (AUC=0.906) Gene
2 = SIRT4 (AUC=0.901) & == NT5DC2 (Weighted AUC=0.820)
K] o CAQ (AUC=0.880) 2 == SIRT4 (Weighted AUC=0.593)
3% = IGF2BP3 (AUC=0.902) & 0.50 = CA9 (Weighted AUC=0.859)
@ FNDC5 (AUC=0.871) 8 == IGF2BP3 (Weighted AUC=0.764)
MT1G (AUC=0.849) @ == FNDCS5 (Weighted AUC=0.741)
MT1G (Weighted AUC=0.825)
0.25
02s
J 4
] ’
| -
‘ 7
0.00 7
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - Specificity - Specificity
G Weighted ROC Curves in validation set-GSE54129 H Weighted ROC Curves in TCGA-STAD
1.00 1.00
0.76 0.75
Gene Gene
2 == NT5DC2 (Weighted AUC=0.939) 2 == NT5DC2 (Weighted AUC=0.620)
2 == SIRT4 (Weighted AUC=0.944) .E == SIRT4 (Weighted AUC=0.783)
B 050 == CA9 (Weighted AUC=0.907) @ 050 == CAS (Weighted AUC=0.572)
5 == IGF2BP3 (Weighted AUC=0.823) @ == IGF2BP3 (Weighted AUC=0.842)
@ = FNDC5 (Weighted AUC=0.822)

0.25

0.00

A
.

0.00

= FNDCS5 (Weighted AUC=0.701)
MT1G (Weighted AUC=0.558)

0.50
1 - Specificity

0.25 0.75 1.00

050
1 - Specificity

0.25

0.75

1.00

MT1G (Weighted AUC=0.704)
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Gly/Fer, glycolysis/ferroptosis; DEGs, differentially expressed genes; CA9,

Carbonic Anhydrase 9; FNDCS, fibronectin type III domain containing 5; IGF2BP3, insulin-like growth factor 2 mRNA-binding protein
3; MT1G, Metallothionein 1G; NT5DC2, 5'-nucleotidase domain containing 2; SIRT4, Sirtuin 4; TCGA, The Cancer Genome Atlas;

STAD, Stomach adenocarcinoma.
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FNDCS5, and 0.825 for MT1G. In GSE54129, the corre-
sponding AUCs were 0.939, 0.944, 0.907, 0.823, 0.701,
and 0.558, respectively. In the TCGA-STAD cohort, the
AUCs were 0.620 for NT5DC2, 0.783 for SIRT4, 0.572 for
CA9, 0.842 for IGF2BP3, 0.822 for FNDCS5, and 0.704 for
MTIG. Notably, several genes yielded AUC values near
the random classification threshold (AUC = 0.5) in cer-
tain validation sets. S/RT4 scored 0.593 in GSE146996,
MTIG scored 0.558 in GSE54129, and CA9 scored 0.572
in TCGA-STAD. These results reflected limited discrimi-
native power of these genes in specific patient populations.
Overall, the six Gly/Fer-related DEGs exhibited inconsis-
tent diagnostic performance across independent datasets.
Only NT5DC2, IGF2BP3 and FNDCS5 exhibited moderate
discriminatory performance across most cohorts. The re-
maining genes showed unstable predictive performance and
were therefore unlikely to serve as reliable standalone diag-
nostic markers.

Exploratory Prognostic Association Analysis of
Candidate Genes

High expression levels of FNDCS5, IGF2BP3, and
NT5DC?2 were significantly associated with poorer overall
survival (OS) of patients in the TCGA-STAD cohort in uni-
variate survival analysis, suggesting that these genes have
potential prognostic correlation with GC outcomes (Fig.
4A—C). The multivariate Cox regression forest plot includ-
ing all available clinical covariates (NT5SDC2, tumor stage,
age, gender) is presented in Fig. 4D. In this fully adjusted
model, NT5DC2 no longer reached conventional statistical
significance (HR = 1.20, 95% CI 0.98-1.48, p = 0.080),
while advanced tumor stage and older age remained inde-
pendent adverse prognostic factors. Prior to Cox regression
modeling, all patients with incomplete clinical metadata
were excluded, leaving a total of 381 eligible TCGA-STAD
samples for this multivariate survival analysis. Stage II pre-
sented a marginal elevated risk trend (p =0.149, HR = 1.63,
95% CI = 0.84-3.15). Stage III-1V correlated with signif-
icantly worse overall survival (p <0.001, HR = 3.08, 95%
CI = 1.68-5.65). Increasing age also independently pre-
dicted worse survival outcome (HR = 1.03, 95% CI 1.01-
1.04, p = 0.003). Gender had no significant prognostic ef-
fect. Collectively, univariate survival analyses confirmed
elevated expression of the three genes correlates with worse
GC prognosis. Nevertheless, NT5DC?2 cannot be defined as
an independent prognostic biomarker after full adjustment
of major clinical confounders including age.

Association of Key Genes With Immune Infiltration
in Gastric Cancer

ESTIMATE analysis showed higher ImmuneScore,
StromalScore, and ESTIMATEScore in GC tissues, to-
gether with reduced tumor purity compared with normal
samples (Fig. 5A, p < 0.05), indicating increased stromal
and immune components.

After filtering for quality (33 normal and 34 GC
samples), the immune cell composition analysis showed
marked variability between samples (Fig. 5B). Correlation
analysis was conducted after adjusting for tumor purity. A
full correlation matrix was subsequently analyzed. In the
normal group, several immune cell subtypes were corre-
lated. Specifically, there was a correlation between mem-
ory B cells and CD4" T cells, as well as between dendritic
cells and mast cells (Fig. 5C). This pattern was not observed
in the GC tissues. In GC samples, Tregs and yo T cells were
positively correlated (r = 0.65, p < 0.001). Additionally,
MO macrophages and neutrophils were also positively cor-
related (r = 0.55, p < 0.01) (Fig. 5D).

The group comparisons demonstrated distinct differ-
ences in immune composition (Fig. SE). In GC, plasma
cells, CD8" T cells, and resting NK cells were decreased,
whereas Tregs, v T cells, activated NK cells, and MO/M1
macrophages were increased.

The relationship between key genes and immune infil-
tration was further examined. NT5DC2 expression showed
a weak negative correlation with CD8" T cells (Fig. 5F, p
< 0.05). IGF2BP3 was negatively associated with plasma
cells (Fig. 5G, p < 0.05). FNDC5 showed a significant
negative correlation with T follicular helper cells (r < 0, p
< 0.001) and was also related to Tregs, mast cells, and MO
macrophages (Fig. 5H, r <0, p <0.05).

Expression Patterns of FNDC5, NT5DC2, and
IGF2BP3 in GC Single-Cell Data

In this single-patient exploratory dataset, t-SNE di-
mensionality reduction was first used to visualize cell dis-
tributions derived from one normal gastric sample and one
gastric cancer sample. A total of 11 major cell popu-
lations were annotated, including B cells, CD4" T cells,
effector CD8" T cells, epithelial cells, exhausted CD8 T
cells, macrophages, monocytes, neutrophils, plasma cells,
stem cells, and tissue-resident memory CD8" T cells (Fig.
6A). The bubble plot of highly variable genes further out-
lined characteristic molecular markers for each cell sub-
type (Fig. 6B). Gene expression density mapping across
cell clusters indicated FNDC5 predominantly localized to
stem cell populations, NT5DC?2 concentrated within epithe-
lial cell clusters, and /GF2BP3 primarily distributed in B
cell subsets (Fig. 6C). MAGIC imputation was applied to
mitigate sparsity inherent to single-cell transcriptomic data,
and expression comparisons were carried out on the im-
puted matrix. Broad expression trends across all captured
cells suggested relatively lower FNDC5 abundance and
relatively higher NT5DC2 and IGF2BP3 levels in tumor-
derived cells relative to normal gastric cells (Fig. 6D). Cell-
type-restricted expression profiling further revealed a trend
of reduced FNDCY5 signals in stem cell clusters, elevated
NT5DC?2 expression within epithelial populations, and in-
creased /GF2BP3 abundance in B cell subsets (Fig. 6E).
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Observable expression shifts were visually mild in certain
cell groups due to sparse single-cell read coverage.

GSEA Analysis of FNDCS5, NTSDC2, and IGF2BP3
in Specific Cells

In this single-patient exploratory dataset, single-
cell-level pathway enrichment analysis was performed
to explore potential functions of the three genes within
distinct cell subsets. Fig. 7A,B displays GSEA results
linked to NT5DC2 expression in tumor epithelial cells.
The enrichment patterns implied potential engagement
of multiple signaling programs relevant to cellular
metabolism and survival. Several gene sets associated
with ferroptosis suppression were enriched, including
HALLMARK OXIDATIVE PHOSPHORYLATION,

HALLMARK MTORCI1 SIGNALING, HALL-
MARK PROTEIN SECRETION, HALL-
MARK FATTY_ACID METABOLISM, and HALL-

MARK PEROXISOME. These signatures raise the hy-
pothesis that altered energy metabolism, cellular stress tol-
erance, and lipid homeostasis may contribute to suppressed
ferroptosis programs and favor tumor cell survival. Gene
sets related to glycolytic metabolism also exhibited enrich-
ment trends, such as HALLMARK MYC TARGETS V1,
HALLMARK MTORCI1 SIGNALING, HALL-
MARK FATTY_ ACID _METABOLISM, HALL-
MARK_PI3K_AKT MTOR_SIGNALING, and HALL-
MARK GLYCOLYSIS. These pathway patterns suggest
potential links between enhanced glucose metabolic
signatures and sustained tumor cell proliferation. Taken to-
gether, these correlative enrichment observations generate
the hypothesis that elevated NT5DC?2 in tumor epithelial
cells may coincide with metabolic reprogramming signa-
tures, alongside signatures reflecting altered ferroptosis
and glycolysis programs.

Fig. 7C,D presents GSEA enrichment patterns
associated with IGF2BP3 within tumor-infiltrating B
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MATEScore, TumorPurity, and StromalScore between normal and GC samples in the experimental set. (B) Relative abundances of
immune cell types in each GC sample, represented by distinct colors. (C) Correlation matrix of immune cells in normal patients after
TumorPurity adjustment. (D) Correlation matrix of immune cells in tumor patients after TumorPurity adjustment. (E) Comparison of
22 immune cell types between GC samples and healthy controls after TumorPurity adjustment. (F—H) Correlations between 3 key genes
(NT5SDC2, IGF2BP3, FNDCS5) and immune cell infiltration in GC patients. *p < 0.05, **p <0.01, ***p <0.001, ****p <0.0001, ns, not

significant.

tures related to glycolysis and ferroptosis regula-
tion, including HALLMARK MYC TARGETS VI,
HALLMARK MTORCI1_SIGNALING, HALL-

cells.  Enriched gene sets linked to high /GF2BP3
expression could be grouped into two broad func-

tional categories.  The first group contained signa-
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Fig. 6. Expression patterns of FNDC5, NT5DC2, and IGF2BP3 in GC single-cell data. (A) t-SNE plot showing dimensionality
reduction of single cells from normal and tumor patients (cell types: B cells, CD4 T cells, Effector CD8 T cells, Epithelial Cells,

Exhausted CDS8 T cells, Macrophages, Monocytes, Neutrophils, Plasma cells, Stem cells, Tissue resident memory CD8 T cells). (B)
Bubble plot of highly variable genes across 11 cell types. (C) Expression density plots of FNDCS5, NT5DC2, and IGF2BP3 in the t-SNE
dimension. (D) Violin plot showing the difference in imputed FNDC5, NT5DC2, and IGF2BP3 expression levels between normal and
tumor groups (all cells). (E) Bar plot showing the difference in imputed FNDC5 (in Stem cells), NT5DC?2 (in Epithelial cells), and
IGF2BP3 (in B cells) expression levels between normal and tumor groups. *p < 0.05, **p <0.01, ****p <0.0001.

MARK OXIDATIVE PHOSPHORYLATION,
HALLMARK UNFOLDED PROTEIN RESPONSE.
Within tumor-infiltrating B cells, these pathway
natures hint at potential metabolic adaptation
improved stress tolerance that may support B cell
persistence. The second category included gene sets
related to genome maintenance and environmental
adaptation, such as HALLMARK DNA REPAIR and
HALLMARK XENOBIOTIC METABOLISM.  These
signatures imply potential mechanisms enabling B cells
to withstand apoptotic stimuli and microenvironmental
stressors.  Given the apparent cell-cell communication
trends between tumor epithelial cells and tumor-infiltrating
B cells identified via CellChat, these B cell-associated
pathway signatures serve as correlative clues for future

and

sig-
and

investigation into tumor progression. Collectively, the
pathway enrichment profiles provide exploratory clues
that /GF2BP3 may correlate with altered metabolic and
stress response signatures to sustain the viability of
tumor-infiltrating B cells.

Gene sets showing enrichment trends linked to
FNDCS5 in normal gastric stem cells included mTORC1
signaling, oxidative phosphorylation, MYC target genes,
the G2/M checkpoint, DNA repair, and cholesterol home-
ostasis signatures (Fig. 7E). While these pathways are
broadly implicated in cell proliferation and metabolic ac-
tivation, their coordinated enrichment trends observed in
FNDC5-high normal gastric stem cells raise a hypothesis
of a distinctive homeostatic regulatory profile associated
with normal gastric stem cell physiology. Additional path-
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Fig. 7. Gene Set Enrichment Analysis (GSEA) of NT5DC2, IGF2BP3, and FNDCS5 in single-cell data. (A) GSEA curves of NT5SDC2
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way signatures also displayed enrichment trends alongside =~ Cell Communication Analysis Further Reveals
FNDCS5, including coagulation, UV response DN, and myo- ~ Heterogeneity of Cell Interactions in Normal/GC
genesis gene sets (Fig. 7F). These functional programs are Patients

associated with tissue homeostasis, DNA damage response
and cell differentiation. The observed enrichment patterns
suggest potential combinative contributions to the steady-
state phenotype of normal gastric stem cells in this sample.

In this single-patient exploratory dataset, a cell-cell
communication network was constructed based on single-
cell transcriptomic profiles to explore divergent cell inter-
action patterns between normal gastric tissue and GC tissue
(Supplementary Fig. 1A). In normal tissue, cell popula-
tions including plasma cells, monocytes and effector CD8"
T cells displayed active intercellular communication. For
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example, plasma cells exhibited frequent communication
events with other cell subsets (103 interactions with B cells,
151 interactions with CD4" T cells, and 159 interactions
with effector CD8" T cells). By comparison, the commu-
nication network in GC tissue displayed broader and in-
tensified interaction patterns. Notably, epithelial cells, ex-
hausted CD8* T cells and B cells showed elevated commu-
nication frequency and intensity (e.g., 130 communication
links between epithelial cells and effector CD8" T cells, and
33 links between B cells and exhausted CD8 T cells). Shell
plots (Supplementary Fig. 1B) further illustrated a trend
of increased signal transmission from epithelial cells toward
exhausted CD8™ T cells, alongside elevated communication
intensity from B cells to exhausted CD8" T cells. These
observations raise the hypothesis that tumor-associated cell
interactions linked to immunosuppressive phenotypes may
be augmented within the tumor microenvironment. In addi-
tion, module clustering analysis was performed on incom-
ing and outgoing signals in the GC sample (Supplementary
Fig. 1C). For outgoing signal modules, B cells, epithelial
cells and exhausted CD8" T cells formed independent clus-
ters. Effector CD8" T cells clustered together with stem
cells, whereas monocytes shared a module with neutrophils.
Correspondingly, within incoming signal modules, B cells,
epithelial cells and exhausted CD8" T cells still constituted
separate clusters. Effector CD8" T cells clustered with
plasma cells, and monocytes remained grouped with neu-
trophils alongside neutrophils. Two Sankey diagrams fur-
ther displayed ligand-receptor pairs associated with these
modules. These profiles suggest enhanced heterogeneity of
cell-cell communication in GC tissue and highlight candi-
date interaction links between immune cells and tumor ep-
ithelial cells for further validation.

Identification of Key Signals for Communication
Between Epithelial Cells/B Cells and Exhausted
CD8" T Cells in Tumor Samples

To explore candidate signal crosstalk among epithe-
lial cells, B cells and exhausted CD8" T cells in GC tissue,
signaling patterns of the BMP, TGF-$, EGF and GRN path-
ways were characterized (Supplementary Fig. 2). Signal
intensity scatter plots revealed the following trends. The
BMP pathway was dominated by epithelial cells and ex-
hausted CD8" T cells; epithelial cells acted as prominent
signal senders, while exhausted CD8" T cells served as pri-
mary signal receivers. In the TGF-p pathway, exhausted
CD8" T cells exhibited high activity for both signal sending
and receiving, and epithelial cells also ranked highly among
signal receivers. For the EGF pathway, effector CD8" T
cells and epithelial cells constituted major signal sources,
and exhausted CD8" T cells represented the primary re-
ceiving population. Within the GRN pathway, epithelial
cells and B cells functioned as main signal senders, whereas
CD4" T cells and exhausted CD8" T cells were predomi-
nant receivers. Bubble plots indicated that communication
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from B cells to exhausted CD8" T cells relied on the GRN-
SORTT1 ligand-receptor axis. Interactions originating from
epithelial cells toward exhausted CD8" T cells engaged
four pathways (BMP, TGF-B, EGF, GRN) involving 22
ligand-receptor pairs. Among these, interactions including
AREG—(EGFR+ERBB2), TGFBI-(TGFBR1+TGFBR2),
AREG-EGFR, and TGFB1-(ACVR1+TGFBR1)/TGFB3-
(TGFBR1+TGFBR2) appeared most prominent. Expres-
sion profiling visualized the distribution of these ligand-
receptor pairs across epithelial cells, B cells and exhausted
CDS8" T cells. Correlation analyses showed correlative
trends whereby epithelial NT5DC?2 exhibited positive corre-
lations with GRN (r = 0.87), AREG (r=0.57), and TGFB1
(r=0.35), alongside negative correlations with BMP2 (r=—
0.37) and BMP4 (r=-0.36). These correlative patterns gen-
erate the hypothesis that NTSDC2 may be associated with
tumor-related intercellular signaling, potentially amplify-
ing epithelial cell influences on exhausted CD8" T cells and
corresponding signatures linked to immune escape. In B
cells, IGF2BP3 displayed a positive correlation trend with
GRN expression. This pattern suggests a candidate linkage
between /GF2BP3 and communication events connecting
B cells to exhausted CD8™ T cells.

Construction of an TIDE-Predicted Response
Classification Model

To evaluate the potential roles of FNDC5, NT5DC?2,
and /GF2BP3 in the response to GC immunotherapy, this
study first analyzed the correlations between the TIDE in-
dex, Interferon Gamma (IFNG), Microsatellite Instability
(MSI), CD8" T score of TCGA-STAD patients, and the
expression of the three genes (Supplementary Fig. 3A).
The overall trend showed that high expression levels of
NT5DC?2 and IGF2BP3 were positively correlated with the
TIDE index, and negatively correlated with IFNG, MSI,
and CD8" T score, suggesting that they might inhibit im-
mune response and promote immune escape; the expression
of FNDC5 was positively correlated with both the TIDE in-
dex and CD8" T score, but negatively correlated with IFNG
and MSI, indicating that it might have a bidirectional role
in immune regulation. Immunotherapy survival analysis
(Supplementary Fig. 3B) showed that the overall survival
of patients who responded to immunotherapy was signifi-
cantly higher than that of non-responder patients, indicating
that this score was consistent with clinical practice. The
ROC analysis of single-gene and gene combination mod-
els (Supplementary Fig. 3C) showed the following re-
sults: among the single-gene models, FNDC5 achieved the
highest predictive performance (AUC = 0.724), followed
by NT5DC2 (AUC = 0.611) and /GF2BP3 (AUC = 0.557);
among the two-gene models, the FNDC5 + NT5DC2 com-
bination yielded the highest AUC (0.756), followed by
FNDC5 + IGF2BP3 (0.728) and NT5DC2 + IGF2BP3
(0.624). The AUC of the triple-gene combination (FNDC5
+ NT5DC2 + IGF2BP3) reached 0.762, indicating that the
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triple-gene combination model had the highest predictive
performance. The calibration curve further demonstrated
good agreement between the predicted and observed TIDE-
predicted responses (Supplementary Fig. 3D). To ana-
lyze the comprehensive effect of the three genes on TIDE-
predicted response, a multivariate logistic regression model
(Supplementary Fig. 3E) was constructed. The results
showed that FNDCS5 (OR = 0.57, 95% CI 0.49-0.67, p <
0.001), NT5DC2 (OR =0.52,95% C10.38-0.71, p<0.001),
and /GF2BP3 (OR = 0.90, 95% CI 0.82-1.00, p = 0.043)
were all independent factors affecting TIDE-predicted re-
sponse, which indicated that the three genes still had inde-
pendent predictive value in the comprehensive model. In
general, high expression levels of NT5DC2 and IGF2BP3
might promote immune suppression and escape, whereas
the mechanism of FNDC5 was more complex. Neverthe-
less, the triple-gene combination could effectively predict
the TIDE-predicted response of GC patients.

NT5DC2 Modulates Proliferation, Migration, and
Apoptosis in GC Cells

Among the three survival-relevant hub genes
(FNDCS5, IGF2BP3, NT5DC2), NT5DC?2 displayed con-
sistent differential expression trends across all datasets.
In addition, NT5DC?2 is specifically expressed in gastric
epithelial tumor cells, whereas FNDCS5 and IGF2BP3 are
mainly enriched in stem cells and B cells, respectively,
making it more convenient for cellular functional experi-
ments. Therefore, we prioritized NT5DC?2 for subsequent
in vitro and in vivo functional validation to further clarify
its biological role in GC progression. As shown in Fig.
8, qPCR and Western blot analyses demonstrated that
NT5DC?2 expression was significantly upregulated at both
the mRNA and protein levels in the gastric cancer cell line
MKN-7 compared with the normal gastric epithelial cell
line GES-1 (Fig. 8A,B, p < 0.05). NT5DC2 was subse-
quently silenced in MKN-7 cells using siRNA, and gPCR
analysis confirmed that si2-NT5DC2 achieved the highest
knockdown efficiency, which was therefore selected for
subsequent functional assays (Fig. 8C, p < 0.05). CCK-8
assays revealed that knockdown of NT5DC2 markedly
suppressed the proliferative capacity of MKN-7 cells
(Fig. 8D, p < 0.05). Consistently, cell migration assays
showed that NT5DC?2 silencing significantly attenuated the
migratory ability of MKN-7 cells (Fig. 8E, p < 0.05). In
addition, flow cytometric analysis indicated that depletion
of NT5DC?2 significantly increased apoptosis in MKN-7
cells (Fig. 8F, p <0.05). In vitro experiments demonstrated
that NT5DC2 was highly expressed in gastric cancer cells.
Knockdown of NT5DC2 reduced cell proliferation and
migration while increasing apoptosis.

NT5DC?2 Silencing Suppresses Tumor Growth In Vivo

A xenograft model was established using nude mice
injected with MKN-7 cells expressing either control (sh-

NC) or NT5DC2-targeting (sh-NT5DC2) shRNA. NT5DC2
was subsequently silenced in MKN-7 cells using shRNA.
qPCR analysis confirmed that sh-NT5DC2-3 achieved the
highest knockdown efficiency; therefore, it was selected for
subsequent functional assays (Fig. 9A, p < 0.05). Tumors
in the sh-NT5DC2 group were smaller in size, weight, and
volume than those in the control group (Fig. 9B-D, p <
0.05). IHC staining indicated reduced tumor proliferative
activity, with decreased expression of Ki67 in sh-NT5DC2
tumors (Fig. 9E, p < 0.05). H&E staining confirmed that
sh-NC tumors had higher cellular density and more mitotic
figures, while sh-NT5DC2 tumors had a more diffuse ar-
rangement with fewer mitotic cells (Fig. 9F).

Discussion

Gastric cancer is often diagnosed at an advanced stage,
with a five-year overall age-standardized relative survival
rate of 38.3% (2007-2011), 40.6% (2012-2016), and a pre-
dicted 42.9% (2017-2021) according to US SEER-based
model analysis [19]. Prompt surgical resection is the only
potentially curative treatment available at this time; how-
ever, outcomes are highly variable by stage. These dis-
crepancies reinforce the importance of developing novel
treatment options. Improved outcomes may be achieved
through the identification of consistent molecular targets
[20]. Immune evasion has emerged as one of the core
mechanisms underlying the failure of immunotherapy in
GC [21]. Research findings have demonstrated that, in
GC patients, reduced CD8" T cell infiltration, low activ-
ity of the IFN-y signaling pathway, elevated tumor im-
mune suppression indices, and decreased microsatellite
instability (MSS/low-MSI status) are closely associated
with poor responses to ICIs [22]. In the present study,
we confirmed through immune infiltration analysis that
GC samples exhibited significantly higher ImmuneScore,
StromalScore, and ESTIMATEScore compared with nor-
mal tissues, while tumor purity was remarkably decreased.
Further analysis revealed that high expression levels of
NT5DC2 and IGF2BP3 were positively correlated with
TIDE and other immune evasion-related indicators. Fur-
ther correlation analysis revealed that high expression lev-
els of NT5DC2 and IGF2BP3 were positively correlated
with TIDE and other immune evasion-related indicators.
Although FNDC5 showed complex immune correlations, it
retained independent predictive weight in the combined sig-
nature. Based solely on bulk and single-cell transcriptome
correlation data, we put forward a hypothetical linkage be-
tween glycolysis-ferroptosis transcriptional programs and
the GC immunosuppressive microenvironment. Notably,
this correlative observation cannot be defined as a con-
firmed regulatory axis without targeted pathway blocking
or immune co-culture functional tests.

For the three screened genes, existing literature pro-
vides partial evidence linking them to tumor metabolism,
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cell apoptosis.

experiments.

cell fate, and immune regulation: /GF2BP3, an mRNA-
binding protein, has been reported in multiple studies to
stabilize pro-proliferative and metabolism-related mRNAs
to promote tumor glycolytic reprogramming and prolif-
eration (linking to invasion and poor prognosis) [23,24].
It can also enhance ferroptosis resistance in colon can-
cer by stabilizing SLC7A11 and is regulated by miR-98-5p
[25]. NT5DC2, identified as an oncogenic factor in sev-
eral tumor types, may regulate cell metabolism and sur-
vival through pathways such as EGFR [26]. In this study,
its upregulation in epithelial cells was associated with en-
hanced glycolysis-related pathways and ferroptosis inhibi-
tion, supporting the hypothesis that NT5DC?2 participates in

*p < 0.05, *¥*p < 0.01, ***p < 0.001, ns, not significant.

n = 3 biologically independent replicates for all cellular

metabolic reprogramming of epithelial cells to promote fer-
roptosis resistance. FNDC5/Irisin has complex functions in
different tumor contexts—some studies confirm its protec-
tive/differentiation or tumor-suppressive roles (by inhibit-
ing the mTOR pathway and ROS) [27,28,29]. In this study
(overall downregulation of FNDC5 in tumors but worse
prognosis in patients with high expression), its “dual reg-
ulatory role” involves both glycolysis inhibition and fer-
roptosis inhibition, where the balance of these functions
shifts in different tumor progression stages or cellular con-
texts (e.g., ferroptosis inhibition outweighs proliferation in-
hibition in some environments, leading to high expression-
associated poor prognosis). Thus, IGF2BP3 and NT5DC2
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act as oncogenic molecules that “promote glycolysis and
inhibit ferroptosis”, while FNDC5 may show opposite clin-
ical associations in different contexts due to its bidirectional
regulatory effect—an explanation consistent with the cell-
type-specific expression observed at the single-cell level
and GSEA results.

Through single-cell analysis and cell communication
network investigation, this study found that in tumor sam-
ples, crosstalk between epithelial cells (with high NT5DC2
expression) and exhausted CD8" T cells was significantly
enhanced via pathways including GRN (progranulin), EGF,
TGF-B, and BMP. Evidence shows that TGF-f mediates
immunosuppression in the tumor microenvironment (TME)
(inducing Tregs, inhibiting effector CD8" T cell activity
and infiltration) [30,3 1] and correlates with immune check-

point therapy resistance [32,33]. EGF signaling promotes
epithelial/tumor cell proliferation and indirectly facilitates
immunosuppression [34,35,36]. GRN and its receptors
(e.g., SORT1) drive immunosuppressive phenotypes and
treatment resistance [37], while BMP signaling affects
myeloid cells, the negative correlation between NT5DC2
and BMP2/4 suggests NT5DC2 does not drive epithelial-to-
exhausted CD8" T cell signaling via BMP upregulation—
BMP may instead reflect other cell types (e.g., myeloid
cells) status or act as a compensatory/feedback pathway
[38,39]. Regarding B cells, the positive correlation between
IGF2BP3 and GRN, combined with the finding that B cells
mediate the GRN-SORT1 axis towards exhausted CD8" T
cells, suggests that B cells may promote CD8* T cell ex-
haustion by secreting GRN or regulating receptor—ligand
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pairing, thereby impairing anti-tumor immunity [37,40,41].
Naumnik et al. [42] found B cell-attracting chemokine-1
and GRN in bronchoalveolar lavage fluid of patients with
lung cancer. We hypothesize that the two genes may co-
operatively reshape an immunosuppressive microenviron-
ment and induce T cell exhaustion by modulating glycol-
ysis and anti-ferroptosis signatures, but the direct causal
connection between metabolic reprogramming and immune
dysfunction remains unvalidated in our current experimen-
tal system. These observations are consistent with the im-
mune infiltration patterns, as well as the correlations be-
tween NT5DC2/IGF2BP3 expression and immunotherapy-
related indicators, such as TIDE scores, IFNG expression,
and CD8" T cell levels.

Of note, functional validation in the current research
was selectively performed only on NT5DC?2 rather than
IGF2BP3 and FNDCS5. This selection was mainly based
on NT5DC2’s predominant epithelial localization, which
facilitates in vitro cellular experiments and subsequent in
vivo xenograft assays. Knockdown of NT5DC?2 signifi-
cantly restrains GC cell proliferation, migration and subcu-
taneous tumor growth in nude mice. By contrast, FNDC5
and /GF2BP3 exert predominant regulatory effects on im-
mune cells and the tumor immune microenvironment, as in-
dicated by our multi-omics analyses. Therefore, functional
verification of these two candidates will be addressed in fu-
ture independent research focusing on immune microenvi-
ronment modulation.

Our study was limited by the use of only one GC
cell line, which fails to reflect gastric cancer heterogeneity.
In addition, although candidate hub genes were identified
through bioinformatic enrichment of glycolysis and ferrop-
tosis pathways, rescue experiments or direct biochemical
detection of glycolysis and ferroptosis indicators were not
performed. Therefore, the regulatory network connecting
NT5DC?2 to glycolysis/ferroptosis-associated immunosup-
pressive microenvironment phenotypes remains to be ex-
perimentally validated. We rely solely on correlation anal-
ysis and CellChat prediction to hypothesize potential links
between NT5DC2/IGF2BP3 and CD8+ T cell exhaustion
via TGF-B and GRN-mediated intercellular communica-
tion, without corresponding co-culture or pathway inhibi-
tion verification experiments. Meanwhile, in this single-
patient exploratory dataset, CellChat and expression corre-
lations suggested potential signaling relationships that re-
quire validation in independent multi-patient cohorts. Fur-
thermore, our TIDE-based response classification signa-
ture was only assessed using computationally predicted re-
sponse status within the TCGA-STAD dataset and lacks
external validation in clinical cohorts with real-world im-
munotherapy outcome data. These mechanistic verifica-
tions will be addressed in future independent investigations.
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Conclusion

Glycolysis- and ferroptosis-related genes were ana-
lyzed in gastric cancer, identifying FNDC5, NT5DC2, and
IGF2BP3 as candidate hub genes. Integrated analyses of
bulk and single-cell transcriptomic data, immune profiling
and cell-cell communication analyses support a hypothet-
ical model in which NT5DC2 and IGF2BP3 may correlate
with immune-related signatures alongside altered glycoly-
sis and ferroptosis pathway programs. Nevertheless, our
study lacks direct functional experiments to validate this
metabolic-immune regulatory cascade. A signature built
upon these genes exhibited exploratory capacity to strat-
ify patients according to TIDE-predicted immunotherapy
response. Functional assays indicated that N75DC2 knock-
down reduced proliferation and migration, increased apop-
tosis in MKN-7 cells, and also suppressed tumor growth in
a subcutaneous xenograft model.
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