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Background: Gastric cancer remains a lethal malignancy, and lipid metabolic reprogramming is increasingly recognized as a key
driver of its progression. However, existing lipid metabolism-related genes (LMGs) signatures lack robust external validation. In
this study, we identified differentially expressed LMGs, constructed and externally validated a prognostic model, and evaluated
its clinical relevance with respect to the tumor microenvironment, immune escape, and drug sensitivity, while also exploring
potential therapeutic agents.

Methods: LMGs were obtained from the Gene Set Enrichment Analysis (GSEA) repository. Transcriptome data derived from
The Cancer Genome Atlas (TCGA) Stomach Adenocarcinoma cohort were systematically analyzed to identify genes exhibiting
significant expression differences. Functional characterization and biological pathway interpretation were subsequently per-
formed based on the Gene Ontology and Kyoto Encyclopedia of Genes and Genomes databases. Prognosis-related genes were
initially screened using univariable Cox regression analysis, after which a least absolute shrinkage and selection operator ap-
proach was employed to construct a risk prediction model. The predictive capacity of the constructed model was systematically
evaluated using time-to-event analyses, discrimination assessment based on Receiver Operating Characteristic (ROC) method-
ology, and multivariable independence testing. Furthermore, a clinically oriented nomogram was established by integrating
relevant clinicopathological parameters to improve translational utility. Differences in biological pathway activity, immune-
related responses, and susceptibility to chemotherapeutic agents across stratified risk categories were systematically explored
using gene set enrichment analysis, the Tumor Immune Dysfunction and Exclusion algorithm, and drug response data derived
from the Genomics of Drug Sensitivity in Cancer resource.

Results: A total of 179 differential expression lipid metabolism—associated genes were detected. Subsequent functional en-
richment analyses revealed that these genes are primarily involved in lipid droplet organization, fatty acid and sphingolipid
metabolism, and the peroxisome proliferator-activated receptor (PPAR) signaling pathway. A prognostic model was established
based on eleven key genes, and patients stratified into the high-risk subgroup exhibited markedly reduced overall survival com-
pared with the low-risk subgroup in both the training and the GSE15459 validation dataset. The prognostic model showed the
area under the ROC curve (AUC) of 0.618, 0.688, and 0.734 for 1-year, 3-year, and S-year survival intervals, respectively, with a
nomogram C-index of 0.6803. Immune characterization combined with GSEA indicated that patients classified as the high-risk
subgroup exhibited significant activation of pathways associated with the extracellular matrix and focal adhesion with elevated
Tumor Immune Dysfunction and Exclusion (TIDE), T-cell dysfunction, and immune-exclusion scores, whereas low-risk patients
showed enrichment in amino acid metabolism and DNA repair pathways, higher microsatellite instability (MSI), and distinct
drug sensitivities. Analysis of chemotherapeutic responsiveness indicated that individuals classified as the high-risk subgroup
exhibited increased sensitivity to S-fluorouracil, afatinib, and docetaxel, whereas low-risk patients showed greater sensitivity to
dasatinib, AZD1332, and BMS-754807.

Conclusion: We developed and validated an 11-gene lipid metabolism—based prognostic model for gastric cancer that demon-
strated strong predictive performance and clinical applicability. The signature stratifies patients based on risk, reflects immune
escape features and chemotherapy sensitivity, and holds potential as a tool for personalized prognosis and therapeutic decision-
making.
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Introduction

Gastric cancer (GC) is one of the most prevalent
malignancies globally and represents a leading cause of
cancer-associated mortality. In 2022, it ranked fifth glob-
ally in both incidence and mortality among all cancers [1].
Most patients with gastric cancer are diagnosed at an ad-
vanced stage, characterized by elevated risks of recurrence
and metastasis, resulting in an approximate 5-year overall
survival rate of 30% [2,3]. Although chemotherapy and ra-
diotherapy have enhanced disease control, targeted thera-
pies and immunotherapies have shown promising efficacy
in patients with advanced stages [3,4]. However, overall
treatment outcomes remain suboptimal, and long-term sur-
vival continues to pose a significant clinical challenge [5].

Prognostic models for GC have attracted growing
interest as tools for patient risk stratification and clin-
ical decision-making. Among these, the tumor—node—
metastasis (TNM) scheme, established by the American
Joint Committee on Cancer (AJCC), remains the most
widely utilized classification framework [6]. Neverthe-
less, considerable heterogeneity exists in clinical outcomes
among patients with similar TNM stages, underscoring the
limitations of solely relying on this system. Traditional
clinical indicators, including patient characteristics (e.g.,
age and gender), pathological parameters (e.g., lymph node
involvement and tumor differentiation), and hematological
indicators like carcinoembryonic antigen (CEA) and carbo-
hydrate antigens (CA19-9, CA12-5, CA72-4), are routinely
applied for prognostic evaluation; however, their predictive
precision remains suboptimal.

Lipids, generally defined as small-molecule metabo-
lites with molecular weights below 1500 Da, play an es-
sential role in cellular energy supply, membrane biosynthe-
sis, and signal transduction [7]. Growing evidence high-
lights that aberrant lipid metabolic processes constitute a
defining feature of malignancies and are intimately linked
to the initiation and advancement of GC [8—11]. For exam-
ple, aberrant expression of genes involved in glycerophos-
pholipid metabolism has been linked to key malignant phe-
notypes of GC, including metastasis, chemoresistance, and
recurrence [10]. Additionally, leptin-induced phosphory-
lation of ANGPTL4 has been shown to enhance lipopro-
tein lipase (LPL)-mediated lipid uptake, thereby promoting
lymph node metastasis in GC [11].

With the expanding application of bioinformatics in
oncology, the integration of metabolomic and transcrip-
tomic data has emerged as a powerful approach to char-
acterize cancer metabolic landscapes and improve prog-
nostic assessment [12,13]. Zhou et al. [14] highlighted
the significance of lipid metabolic remodeling in Hepatitis
B virus (HBV)-driven hepatocellular carcinoma and sub-
sequently developed a lipid metabolism—based prognos-
tic model to stratify patients. Similarly, studies in renal
cell carcinoma have indicated that dysregulation of lipid
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metabolism-related genes (LMGs) contributes to disease
progression, is associated with heightened immune signal-
ing, and predicts worse clinical outcomes [15].

In the context of GC, Liu et al. [16] developed a sig-
nature centered on lipid droplet metabolism—related genes
(LDMRGs), though its reliability was limited by incom-
plete internal and external validation. Although several
studies have attempted to develop gene expression—based
prognostic classifiers for GC [17-19], many are limited by
small sample sizes or insufficient validation, thereby re-
stricting their generalizability and clinical applicability.

Therefore, there is a compelling need for more precise
and dependable prognostic models in GC. In this study, we
systematically identified GC—associated lipid metabolism
genes and developed an LMG-based prognostic signature
to facilitate individualized risk prediction and guide person-
alized treatment planning.

Materials and Methods

Data Collection

Transcriptomic profiles and matched clinical data
were retrieved from The Cancer Genome Atlas (TCGA,
https://portal.gdc.cancer.gov/) and the Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). The
TCGA-STAD cohort, comprising 407 GC samples, served
as the training cohort, while 192 cases from GSE15459
were employed for independent validation. We extracted
lipid metabolism-related genes from the GSEA website
(gene set ID: M27451, https://www.gsea-msigdb.org/).

Differential Expression Analysis

Transcriptomic data and clinical information from
TCGA-STAD were extracted. Differentially expressed
LMGs were screened via the “limma” R package (v3.52.2;
Ritchie ME, Walter and Eliza Hall Institute, Melbourne,
Australia) under |log2 fold change| >0.5 and FDR <0.05.
Heatmaps produced with the “pheatmap” R package
(v1.0.12; Kolde R, Tartu, Estonia) were subsequently used
to depict the expression patterns of these genes.

GO and KEGG Enrichment Analyses

Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGQG) pathway enrichment analy-
ses were conducted with the “ClusterProfiler” R package
(v4.4.4; Yu G, Southern Medical University, Guangzhou,
China), with a significance thresholds set at p < 0.05 and q
< 0.05 (adjusted p-value). Gene annotation mapping was
achieved using the “org.Hs.eg.db” package (v3.15.0; Carl-
son M, Fred Hutchinson Cancer Center, Seattle, USA).

Construction of the Prognostic Risk Signature

We first screened LMGs for their association with
overall survival using univariate Cox regression, as per-
formed with the “survival” R package (v3.4-0; Therneau
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Fig. 1. Heatmap illustrating lipid metabolism—associated genes exhibiting differential expression in gastric cancer (GC).

TM, Mayo Clinic, Rochester, MN, USA). Subsequently,
a prognostic signature was developed through least abso-
lute shrinkage and selection operator (LASSO) Cox regres-
sion employing the “glmnet” (v4.1-4; Friedman J, Stan-
ford University, Stanford, CA, USA) and “survival” pack-
ages. Using the median risk score as a cutoff, individuals
in the TCGA and GEO cohorts were stratified into low-
and high-risk subgroups. Kaplan—Meier survival curves
for individual genes and risk strata were generated with
the “survminer” R package (v0.4.9; Kassambara A, Insti-
tut de Recherche en Cancérologie, Montpellier, France).
To identify factors independently associated with progno-
sis, univariate and multivariate Cox regression analyses
were performed. The prognostic model accuracy was then
quantified using time-dependent Receiver Operating Char-
acteristic (ROC) curves and the associated the areas under
the ROC curve (AUCs), implemented with the “timeROC”
R package (v0.4; Blanche P, University of Lyon, Lyon,
France).

Nomogram Construction

Using the “rms” R package (v6.3-0; Harrell FE, Van-
derbilt University Medical Center, Nashville, TN, USA), a
nomogram combining clinical features and risk scores was

constructed to estimate 1-, 3-, and 5-year overall survival
rates. The discriminatory ability and predictive reliability
of the model were assessed via the concordance index (C-
index) in combination with calibration curve analysis.

Gene Set Enrichment Analysis

Pathway-level enrichment was evaluated using GSEA
implemented in R with ClusterProfiler (version 4.4.4;
Southern Medical University, Guangzhou, China). The
curated KEGG gene set c2.cp.kegg.v7.5.1.symbols.gmt
downloaded from the GSEA molecular signatures database
was analyzed.

Tumor Mutational Burden (TMB) Analysis

Somatic mutation data from the TCGA-STAD co-
hort were collected, and the mutational profiles distinguish-
ing the high-risk and low-risk subgroups were visualized
using the maftools package implemented in R (v2.10.0;
Mayakonda A, National University of Singapore, Singa-
pore). TMB was quantified by normalizing the overall
count of somatic variants to the size of the exonic region
in megabase. Individuals were subsequently classified into
low-risk and high-risk subgroups using the median risk
score as the cutoff.
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Fig. 2. Analysis of the functional roles of genes associated with lipid metabolism that exhibited differential expression. (A) Circle
plot illustrating Gene Ontology (GO) enrichment of differentially expressed lipid metabolism-related genes. (B) Bar plot illustrating
GO enrichment of differentially expressed lipid metabolism-related genes. (C) Circle plot illustrating Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment of differentially expressed lipid metabolism—related genes. (D) Bar plot illustrating KEGG

pathway enrichment of differentially expressed lipid metabolism-related genes.

sented using “ggpubr” (v0.4.0; Kassambara A, Montpellier,
France) and “reshape2” (v1.4.4; Wickham H, Posit PBC,
Boston, MA, USA).

Immune Cell Infiltration Analysis

The relative proportions of immune cell populations
infiltrating the tumor microenvironment were estimated
through application of the CIBERSORT computational

framework (https://cibersort.stanford.edu/).  Differential
analyses between the low-risk and high-risk cohorts were
subsequently conducted using the limma package in R
(v3.52.2; Walter and Eliza Hall Institute, Melbourne, Aus-
tralia; p < 0.05), and the results were graphically repre-

TIDE Immune Dysfunction and Exclusion Analysis

Indices reflecting tumor immune evasion—including
T-cell dysfunction, immune exclusion, microsatellite in-
stability, and the composite Tumor Immune Dysfunction
and Exclusion (TIDE) metric—were retrieved from the
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TIDE online platform (http://tide.dfci.harvard.edu/). Dif-
ferences in these immunological parameters between the
high-risk and low-risk subgroups were evaluated employ-
ing the Wilcoxon rank-sum test.

Drug Sensitivity Analysis

Predicted sensitivity to chemotherapeutic agents was
inferred using the oncoPredict package in R (version 0.3;
Maeser D, Zurich University Hospital, Switzerland), with
model training based on pharmacogenomic response pro-
files derived from the Genomics of Drug Sensitivity in
Cancer (GDSC) resource (https://www.cancerrxgene.org/).
Half-maximal inhibitory concentration values were individ-
ually estimated for each patient, after which statistical dif-
ferences between the low-risk and high-risk cohorts were
assessed using the Wilcoxon rank-sum method.

Statistical Analysis

All statistical procedures were performed inR (v4.2.1;
R Foundation for Statistical Computing, Vienna, Austria).
The distribution of continuous variables was initially ex-
amined using the Shapiro—Wilk normality test. Variables
following a normal distribution were compared using Stu-
dent’s ¢ test, whereas non-normally distributed variables
were compared using the Wilcoxon rank-sum test. A two-
tailed p-value below 0.05 was considered statistically sig-
nificant.

Results

Differential Expression Analysis of Lipid
Metabolism-Related Genes

Transcriptomic data from TCGA were analyzed for
differential expression and cross-referenced with lipid
metabolism—related genes, identifying 179 lipid-associated
genes with altered expression in GC. The expression pro-
files of these genes were visualized as a heatmap (Fig. 1),
in which genes showing increased expression levels were
denoted in red, whereas those exhibiting reduced expres-
sion were represented in blue.

GO and KEGG Enrichment Analyses

GO and KEGG analyses were performed to inves-
tigate the functional roles of the 179 lipid metabolism—
associated genes showing differential expression. GO re-
sults revealed predominant associations with lipid droplets,
peroxisomes, endoplasmic reticulum membranes, and lyso-
somal compartments. They were enriched in biological
processes, including fatty acid metabolism, lipid catabolic
processes, phospholipid metabolism, and fatty acid biosyn-
thesis, and were functionally associated with acyltrans-
ferase activity, lipid transfer protein activity, oxidore-
ductase activity, monooxygenase activity, and phospholi-
pase activity (Fig. 2A,B). KEGG signaling pathway map-
ping demonstrated that differentially expressed genes were

predominantly concentrated in glycerophospholipid and
arachidonic acid metabolism, sphingolipid metabolism,
peroxisome proliferator-activated receptor (PPAR) signal-
ing, fatty acid and unsaturated fatty acid biosynthesis, a-
linolenic acid metabolism, and steroid biosynthetic path-
ways (Fig. 2C,D).
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Fig. 3. Univariate Cox proportional hazards analysis of lipid
metabolism—associated genes in GC. The forest plot displays
genes whose expression levels were significantly correlated with
overall survival (OS) within The Cancer Genome Atlas (TCGA)
cohort.

Development and Evaluation of the Prognostic Risk
Prediction Model

Univariate Cox proportional hazards analysis revealed
18 genes significantly correlated with overall survival
(0S) in GC (Fig. 3). Subsequent LASSO Cox analysis
narrowed this set down to 11 key genes (ATP Binding
Cassette Subfamily A Member 1 (4BCAI), Ankyrin Re-
peat Domain 1 (ANKRDI), Apolipoprotein Al (APOAI),
Butyrylcholinesterase (BCHE), CD36, Cell Death Induc-
ing DFFA Like Effector C (CIDEC), Cubilin (CUBN),
Cytochrome P450 Family 19 Subfamily A Member 1
(CYP1941), ELOVL Fatty Acid Elongase 2 (ELOVL2),
Gamma-Glutamyltransferase 5 (GGT5), and Paraoxonase
1 (PONI)), which were integrated into a multigene prog-
nostic signature (Fig. 4A,B). Patients were stratified into
high-risk and low-risk cohorts using the median risk score
as the cutoff.

Kaplan—Meier analysis demonstrated that elevated ex-
pression levels of the 11 genes were individually associ-
ated with reduced overall survival in GC patients (all p <
0.01) (Fig. 4C—M), supporting their role as adverse prog-
nostic markers. To assess their combined predictive power,
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Fig. 4. Development and independent validation of a prognostic model based on lipid metabolism. (A) Coefficient trajectories
of candidate genes derived from least absolute shrinkage and selection operator (LASSO) analysis. (B) Ten-fold cross-validation used
to identify the optimal penalty parameter (\) for the selection of 11 critical genes. (C) Kaplan—Meier survival curves for ATP Bind-
ing Cassette Subfamily A Member 1 (4BCAI). (D) Kaplan—-Meier survival curves for Ankyrin Repeat Domain 1 (ANKRDI). (E)
Kaplan—Meier survival curves for Apolipoprotein Al (4POAI). (F) Kaplan—-Meier survival curves for Butyrylcholinesterase (BCHE).
(G) Kaplan—Meier survival curves for CD36. (H) Kaplan—Meier survival curves for Cell Death Inducing DFFA Like Effector C (CIDEC).
(I) Kaplan—Meier survival curves for Cubilin (CUBN). (J) Kaplan—Meier survival curves for Cytochrome P450 Family 19 Subfamily A
Member 1 (CYPI1941). (K) Kaplan—Meier survival curves for ELOVL Fatty Acid Elongase 2 (ELOVL2). (L) Kaplan—-Meier survival
curves for Gamma-Glutamyltransferase 5 (GGT5). (M) Kaplan—Meier survival curves for Paraoxonase 1 (PONI). (N) Kaplan—-Meier
curve comparing overall survival between the high- and low-risk subgroups defined by the median risk score within the TCGA cohort.
(O) Validation of the prognostic model in the independent GSE15459 dataset.
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Fig. 5. Assessment of independent prognostic indicators and model predictive capability. (A) Univariate Cox regression of clinical

characteristics alongside the risk score. (B) Multivariate Cox regression analysis. (C) Time-dependent Receiver Operating Characteristic

(ROC) curves illustrating the comparative prognostic accuracy of clinical variables and the risk score. (D) Time-dependent ROC curves

for 1-, 3-, and 5-year overall survival based on the prognostic risk model.

the 11 genes were incorporated into a multigene risk model
using LASSO Cox regression. Within the TCGA cohort,
patients were stratified into high- and low-risk subgroups
based on the median risk score, and those in the high-risk
subgroup exhibited markedly shorter overall survival (p <
0.001) (Fig. 4N). This risk-based classification was further
validated in the independent GSE15459 cohort, in which in-
dividuals assigned to the high-risk subgroup likewise expe-
rienced significantly poorer survival outcomes (p = 0.012)
(Fig. 40).

Cox analyses identified that age, tumor stage, and
the risk score independently predicted patient survival (p
< 0.05) (Fig. 5A,B). The predictive accuracy of the risk
model alongside clinical variables was evaluated through
receiver operating characteristic ROC analysis (Fig. 5C),
revealing the risk score as the most accurate predictor (AUC
= 0.734), followed by age (AUC = 0.606), tumor stage
(AUC = 0.606), gender (AUC = 0.559), and grade (AUC
= 0.548). Time-dependent ROC analysis confirmed the

model’s strong prognostic performance, yielding AUC val-
ues of 0.618, 0.688, and 0.734 for predicting 1-, 3-, and
5-year overall survival, respectively (Fig. SD).

Nomogram Construction

To improve clinical utility, a nomogram combining
the 11-gene risk score with standard clinical factors (age,
sex, tumor grade, and stage) was constructed (Fig. 6A).
The model achieved a concordance index of 0.6803, indi-
cating satisfactory prognostic accuracy. Calibration curves
for 1-, 3-, and 5-year overall survival showed strong agree-
ment between predicted probabilities and observed out-
comes, supporting the accuracy and stability of the nomo-
gram (Fig. 6B).

Gene Set Envichment Analysis

GSEA was performed to probe into intrinsic biolog-
ical disparities among distinct risk subgroups. Patients in
the high-risk subgroup showed significant enrichment in
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pathways involving extracellular matrix—receptor interac-
tions, focal adhesion, neuroactive ligand—receptor signal-
ing, dilated cardiomyopathy, and hypertrophic cardiomy-
opathy (Fig. 7A), all of which are commonly linked to
tumor invasiveness, cell adhesion, and aggressive disease
progression. In contrast, Conversely, patients in the low-
risk subgroup exhibited prominent enrichment in a panel
of biological pathways, encompassing aminoacyl-tRNA
biosynthesis, DNA replication, proteasome, amino sugar
and nucleotide sugar metabolism, and glycerophospho-
lipid metabolism pathways (Fig. 7B), suggesting enhanced
metabolic homeostasis and biosynthetic capacity, which
may contribute to better clinical outcomes.

Tumor Mutation Burden

To examine genomic variation between risk cate-
gories, somatic mutation profiles were assessed in the
TCGA dataset. Among 177 high-risk patients, 158 (89.3%)
harbored at least one somatic alteration (Fig. 8A), whereas
171 of 184 low-risk patients (92.9%) showed detectable
mutations (Fig. 8B), indicating a slightly higher overall mu-
tation burden in the low-risk subgroup. Across both co-
horts, missense variants represented the most prevalent type
of genetic alterations, followed by nonsense mutations and
frameshift insertions/deletions.
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Immune Cell Infiltration

In order to investigate heterogeneities within the im-
mune microenvironment among various risk subgroups, the
CIBERSORT computational tool was used to quantify 22
distinct immune cell subsets. Patients in the low-risk sub-
group demonstrated markedly higher levels of infiltration
by activated CD4 memory T cells and plasma cells, whereas
the high-risk subgroup was characterized by prominent en-
richment of resting mast cells and M2 macrophages. Het-
erogeneities in the composition and relative abundance of
immune cells between the two subgroups are illustrated in
the boxplots (Fig. 9B) and bar graph (Fig. 9A).

Immune Evasion and Immunotherapy Response

Patients in the high-risk subgroup exhibited notably
increased T-lymphocyte dysfunction scores in comparison
with those in the low-risk subgroup (p < 0.01) (Fig. 10A),
which suggests more pronounced impairment of T-cell
functional activity. In addition, the scores of immune exclu-
sion were substantially elevated in the high-risk subgroup
(p < 0.001) (Fig. 10B), suggesting strengthened barriers to
the infiltration of immune cells within the tumor’s immune
microenvironment. Conversely, Microsatellite Instability
(MS]) indices exhibited significantly elevated levels in the
low-risk subgroup (p < 0.001) (Fig. 10C), indicating in-
creased tumor immunogenicity. In contrast, the compos-
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ite TIDE index was substantially increased in the high-risk
subgroup (p < 0.01) (Fig. 10D), reflecting a pronounced
immune-evasion phenotype that could potentially compro-
mise ICI efficacy.

Drug Sensitivity Analysis

To evaluate the prospective therapeutic implications
associated with the lipid metabolism—based signature, drug
sensitivity was predicted using the GDSC database. Indi-
viduals in the high-risk subgroup were anticipated to be
more responsive to S-fluorouracil, afatinib, cisplatin, cy-
tarabine, and docetaxel (Fig. 11A—E), whereas low-risk in-
dividuals were more sensitive to dasatinib, AZD1332, and
BMS-754807 (Fig. 11F-H). Collectively, these findings
suggest that the risk stratification model may serve to in-
form the formulation of personalized therapeutic strategies
for GC.

Discussion

We established an 11-gene lipid metabolism signature
and validated its strong prognostic accuracy and clinical
relevance in GC. The developed prognostic model exhib-
ited robust performance in stratifying individuals into well-
delineated risk subgroups characterized by substantially di-
vergent overall survival (OS) outcomes, and retained its sta-
tus as an independent prognostic factor after adjusting for
well-established clinicopathological parameters. In addi-
tion, the incorporation of the signature into clinical param-
eters facilitated the development of a nomogram featuring
robust predictive capacity, which underscores its prospec-
tive performance for tailored risk stratification and treat-
ment decision-making.

Notably, several genes within this panel are implicated
in tumor lipid reprogramming. For instance, CD36—a
key transmembrane fatty acid transporter—has been docu-
mented to promote palmitate-driven tumor metastasis in GC
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the low-risk subgroup.

through the AKT/GSK-33/3-catenin signaling axis [20—
22]. Similarly, APOA1 has attracted considerable attention.
Xu et al. [23] demonstrated that APOA1 is overexpressed
in GC and may drive tumor progression by remodeling
cholesterol metabolism and activating the PPAR signaling
pathway, a mechanism further confirmed in vitro. In con-
trast, other studies have linked downregulated APOAI ex-
pression to aggressive GC phenotypes and poor prognosis,
with serum APOAL levels increasing following treatment
[24]. These conflicting observations suggest a potentially
context-dependent, spatiotemporally heterogeneous role of
APOAL in GC biology, warranting further mechanistic in-
vestigation.

ABCA I, which facilitates cholesterol export and high-
density lipoprotein formation, has been implicated in col-
orectal cancer [25] and may similarly drive GC progres-
sion through lipid-associated mechanisms [16]. Although
preliminary evidence supports its tumor-promoting role,
mechanistic validation in GC remains limited. Other model
genes also represent promising biological mediators; for
example, CIDEC regulates lipid droplet metabolism and
apoptosis [26,27]. ELOVL2, a key enzyme catalyzing
the elongation of very-long-chain fatty acids, exhibits el-
evated expression across multiple cancer types [28,29].
GGTS5 may modulate GC development through glutathione
metabolism and PI3K-Akt signaling [30]. In addition,
PONI polymorphisms influence oxidative stress and GC
risk [31], CYPI9AI regulates estrogen biosynthesis and
has been linked to GC progression [32], and CUBN ex-
pression correlates with GC susceptibility and may influ-

ence tumor biological behavior and clinical outcomes [33].
BCHE may participate in tumor-immune metabolic regula-
tion [34], while ANKRD contributes to Wnt pathway regu-
lation and cancer metastasis [35,36]. Taken together, these
genes reflect the multifaceted roles of lipid metabolism in
tumor initiation, immune modulation, and metastatic dis-
semination.

The prognostic accuracy of our LMG-based signa-
ture was further validated in an independent GEO dataset
(GSE15459), demonstrating consistent survival stratifica-
tion and promising AUC metrics. Our analysis identi-
fied a marginally elevated TMB in the low-risk subgroup
compared with the high-risk subgroup—an observation
that appears paradoxical considering the typical associa-
tion of increased TMB with genomic instability and ad-
verse prognosis across numerous malignancies. Increas-
ing evidence indicates that the prognostic effect of TMB is
highly context-dependent and influenced by tumor-specific
biology, immune-microenvironmental features, and muta-
tion composition rather than mutation quantity alone [37].
In GC, high TMB is frequently linked to microsatellite
instability-high (MSI-H) status and POLE/POLD1 muta-
tions, both of which are known to activate robust antitu-
mor immunity and confer favorable clinical outcomes [38].
Consistent with this observation, our findings revealed sig-
nificantly elevated microsatellite instability (MSI) indices
in the low-risk subgroup, which implies that the modestly
increased TMB in this subgroup could reflect an immuno-
genic mutation profile. Prior studies have also reported
that MSI-H and TMB-high gastric tumors exhibit greater
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neoantigen load, stronger immune infiltration, and im-
proved survival compared with microsatellite-stable coun-
terparts [39].

Conversely, although the high-risk group exhibited
slightly lower TMB, it may harbor more aggressive driver
alterations or molecular features associated with immune
evasion. Based on the TIDE computational framework,
Jiang et al. validated that tumor-associated immune dys-
function and immune exclusion can substantially attenuate
TMB-mediated immunogenic benefits, thereby enabling tu-
mors with moderate or even low TMB to exhibit poor sur-
vival outcome [40]. This observation is consistent with
our findings, wherein the high-risk subgroup exhibited el-
evated TIDE indices alongside prominent molecular signa-
tures of immune exclusion and dysfunction. These observa-
tions imply that the reduced TMB in the high-risk subgroup
likely coexists with a more immunosuppressive microenvi-
ronment, thereby reducing immune surveillance and con-
tributing to poorer outcomes. From a clinical perspective,
the co-occurrence of modestly elevated TMB and enriched
MSI in the low-risk subgroup could indicate enhanced re-
sponsiveness to immune checkpoint inhibitors (ICIs). In
contrast, elevated TIDE indices in the high-risk subgroup
suggest a more prominent immune escape phenotype, with
potentially decreased sensitivity to ICI-based immunother-
apy. Collectively, these findings highlight the complex
interplay among TMB, the immune landscape, and lipid-
metabolism-related gene expression, underscoring the im-
portance of integrating genomic and immunologic biomark-
ers when interpreting clinical outcomes or informing treat-
ment strategies in GC.

Given that cytotoxic chemotherapy remains the cor-
nerstone of advanced GC management [41], we further
evaluated drug response patterns via GDSC-based pre-
diction. High-risk patients were more sensitive to 5-
fluorouracil, afatinib, cisplatin, cytarabine, and docetaxel,
whereas low-risk patients exhibited higher sensitivity to
dasatinib, AZD1332, and BMS-754807 [42,43]. These data
support a model’s role in informing individualized thera-
peutic strategies and identifying candidate agents for spe-
cific metabolic subtypes of GC.

Taken together, this study underscores the central role
of lipid metabolic dysregulation in GC progression and
therapeutic responsiveness. Several limitations should be
acknowledged. First, the TCGA-STAD dataset provides
only limited information on whether patients received ra-
diotherapy or chemotherapy, and lacks details on specific
drug regimens, preventing direct validation of predicted
drug responses against actual treatments. Second, the risk
model was constructed primarily from public datasets, and
heterogeneity in sample sources as well as incomplete clin-
ical records may affect its stability and generalizability. As
a retrospective analysis, the model has not yet been vali-
dated in prospective, multi-center cohorts; therefore, eval-
uation in larger real-world populations is needed to deter-
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mine its clinical utility. Moreover, the key genes incorpo-
rated in the model have not been systematically validated
through functional experiments, and their precise biologi-
cal roles in tumor progression remain unclear. Future re-
search integrating multi-omics analyses with in vitro and
in vivo functional experiments, alongside mechanistic in-
vestigations, may help refine and enhance the model while
also informing potential metabolic—-immune combinational
therapeutic strategies.

Conclusion

In this study, we developed a prognostic model for
GC based on lipid metabolism-related genes, and validated
its reliability in an external cohort. This lipid metabolism-
centered signature surpassed previous prognostic models in
predictive performance, facilitated reliable stratification of
patients into distinct risk subgroups, revealed heterogene-
ity in the tumor immune microenvironment, and laid a the-
oretical basis for predicting therapeutic responses to ICI-
based immunotherapies and conventional chemotherapies.
We further constructed a clinically applicable nomogram
that integrates molecular signatures with clinical attributes
of patients to improve the accuracy of individualized sur-
vival predictions and inform clinical therapeutic decision-
making. This integrated approach paves the way for preci-
sion oncology in GC and could guide the development of
future metabolism-targeted therapeutic strategies.
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