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Abstract

Amino acid metabolic (AAM) reprogramming is a key characteristic of gastric cancer (GC) cells metabolic remodeling,
which regulates cell growth, survival, immune cell activation and function to affect tumor immune escape. This study aims
to systematically investigate AAM reprogramming in gastric cancer (GC) and construct prognostic model, and validate
gene signatures for predictive value and clinical decision-making. This study leveraged data from TCGA and GEO to
construct a prognostic model related to AAM and assess its clinical relevance in GC. We identified differentially expressed
genes and conducted GO, GSEA, and GSVA enrichment analyses, along with constructing PPI networks and interaction
networks of mRNA-miRNA, mRNA-TF, and mRNA-RBP. Additionally, immune infiltration analysis was performed and
the relationships between eight hub-type amino acid metabolism-related genes (AAMRGSs) and immune cells was inves-
tigated using scRNA-seq datasets. Lastly, we validated the elevated expression of these eight genes in GC cells through
PCR. The study constructed a prognostic model for GC based on AAMRGs, identifying 16 key genes: ACLY, ADH4,
COL1Al, F2, GADL1, GAMT, HBB, KYNU, MRI1, MTHFR, NR1DI1, PDK4, SLC1A7, SLC25A15, SLC52A3, and
SYCE2. Statistical analysis showed that 14 of these genes showed significant differential expression between tumor and
normal tissues. Furthermore, the model demonstrated strong correlations with OS outcomes. Immune infiltration analysis
indicated that various immune cell types were significantly associated with the expression of 8 hub genes, highlighting
their potential role in the tumor microenvironment and immune response modulation. Furthermore, elevated expression of
these genes in GC cells was validated through PCR, highlighting their relevance as potential biomarkers and therapeutic
targets. Our AAMRGs prognostic model reveals AAMRGSs as independent prognostic factors for GC, highlighting their
association with prognosis and immune cell infiltration. These findings provide important insights for improving survival
outcomes and advancing immunotherapy strategies in GC.
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Introduction

Gastric cancer (GC) is a common malignant tumor and a
leading cause of cancer-associated death worldwide (Siegel
et al. 2024; Bray et al. 2024). Most GC patients are diag-
nosed at a late stage because of relapse, metastasis, or poor
prognosis (Qiu et al. 2021). Despite the high heterogeneity
of gastric cancer (GC) revealed by genomic studies (Qiu et
al. 2021), the interplay between metabolic reprogramming
and immune evasion in the tumor microenvironment (TME)
remains a central challenge in current research (Wang et al.
2023a). The temporal and spatial heterogeneity, invasive-
ness, and prognosis of GC are closely linked to the TME
(Zhu et al. 2025). In recent years, amino acid metabolism
(AAM) reprogramming has emerged as a key driver of tumor
progression. Cancer cells acquire the energy and macromol-
ecules necessary for proliferation through metabolic path-
ways such as glutamine and tryptophan (Jiang et al. 2025).
Additionally, metabolic products, such as S-adenosylmethi-
onine, contribute to an immunosuppressive TME by regulat-
ing T cell exhaustion and macrophage polarization (Wang et
al. 2023a). However, the spatiotemporal regulatory network
of AAM-related genes (AAMRGSs) within the GC TME has
not been systematically elucidated. Furthermore, there is a
lack of integrated multi-omics-based metabolic prognostic
models to guide clinical decision-making.. This study is to
investigate the features of AAMRGs in GC and construct
the prognostic model related to amino acid metabolism.
Through comprehensive analysis of integrated datasets
(TCGA-STAD, GSE27342, and GSE54129), this study
systematically investigated the functional significance
of amino acid metabolism-related genes (AAMRGS) in
gastric cancer subtype classification. Notably, we estab-
lished a novel prognostic model incorporating 16 criti-
cal genes: ACLY, ADH4, COL1Al, F2, GADL1, GAMT,
HBB, KYNU, MRI1, MTHFR, NR1D1, PDK4, SLC1A7,
SLC25A15, SLC52A3, and SYCE2. Statistical analysis
revealed that 14 of these genes exhibited significant dif-
ferential expression between tumor and normal tissues, and
the model showed strong correlations with OS outcomes.
We also studied molecular signatures and immune cell infil-
tration to find AAM clusters, confirming that risk profiles
based on eight hub genes serve as independent prognostic
factors for GC. Additionally, using the GSE184198 dataset,
this study systematically characterized the cellular hetero-
geneity of gastric cancer and developed an AAM (Amino
Acid Metabolism) scoring system capable of accurately
predicting clinical outcomes and therapeutic responses.
These findings establish a quantifiable molecular signature
system to guide personalized treatment strategies (e.g., IDO
inhibitor combined with immunotherapy), while providing
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critical evidence to advance precision medicine and future
research in gastric cancer management.

Materials and methods
Data download

The TCGAbiolinks package (Colaprico et al. 2016) was
employed to download the STAD dataset (TCGA-STAD),
which served as our test set, comprising count sequencing
data from 353 GC tissues (Tumor) and 30 adjacent normal
tissues (Normal). TCGA-STAD count data were normalized
to FPKM format. Clinical data associated with these tissues
were retrieved from UCSC Xena (http://genome.ucsc.edu)
(Goldman et al. 2020).

Additionally, we profiled the GSE27342 (Barrett et al.
2007) and GSE54129 (Cui et al. 2011) datasets of STAD
patients with GEOquery R package. GSE27342 dataset
contains 160 GC samples, with 80 from gastric adenocarci-
noma tissues (Tumor) and 80 adjacent normal tissues (Nor-
mal). This dataset was from GPL5175. GSE54129 dataset
includes 132 gastric tissue samples, comprising 111 adeno-
carcinoma samples (Tumor) and 21 normal gastric mucosa
samples (Normal) (GPL570).

To annotate probe names, we utilized microarray GPL
platform files. In GSE27342, both the 80 gastric adeno-
carcinoma samples and their 80 adjacent normal counter-
parts were included for subsequent analysis. Similarly,
GSES54129 included 111 adenocarcinoma samples and 21
normal samples, along with their clinical information. Both
GSE27342 and GSE54129 datasets served as validation sets
for further analysis(Supplementary Table 1).

We also accessed GeneCards database (https://www.gen
ecards.org/) (Stelzer et al. 2016) with “Amino acid metab-
olism” as search term, filtering for AAMRGs categorized
as “Protein Coding” and with a relevance score>2.00. The
screening resulted in 237 AAMRGs (Table S1).

Construct prognostic models related to amino acid
metabolism

To identify AAMRGs in TCGA-STAD dataset, we inte-
grated AAMRG expression data with OS clinical informa-
tion. Univariate Cox regression analysis was performed,
followed by LASSO regression with glmnet (Engebretsen
and Bohlin 2019). The model was developed through ten-
fold cross-validation, employing 1000 iterations to optimize
the penalization term (lambda) to mitigate overfitting and
enhance model generalizability (Cai et al. 2020). Risk scores
for each AAMRG were determined according to expression
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levels in GC samples, categorizing scores into high- or low-
group. The formula used was:

Risk Scores = Z Coef ficient (hub gene;) * mRN A Expression(hub gene;)

A risk factor map was generated, comprising risk grouping,
survival outcomes (visualized through a dot plot), and a heat
map depicting AAMRG expression levels. Additionally,
group comparisons of TCGA-STAD data were performed,
similar analyses were conducted using the GSE27342 and
GSE54129 datasets for validation.

Prognostic analysis and clinical correlation analysis
of AAMRGs

To validate this model, we utilized TCGA-STAD clinical
dataset, focusing on OS. We investigated the relationship
between risk scores from AAMRGs model, individual gene
expression values, and patient survival outcomes, employ-
ing Kaplan—-Meier (KM) curves for prognostic assessment.
KM analysis estimates survival probabilities, facilitating the
exploration of correlations between survival time and influ-
encing factors.

Subsequently, ROC curves was made (Mandrekar 2010)
based on risk scores from the AAMRGs model and rele-
vant clinical data.. survivalROC was used for these curves,
AUCs were adopted to estimate the diagnostic ability of risk
scores in predicting survival among GC patients.

Additionally, we compared the Risk Scores of AAM-
RGs prognostic model between different groups (group-
ing: Different clinical variables of GC patients in TCGA
dataset,, The distribution differences of DSS and PFI (Pro-
gression Free Interval)) were shown by drawing a stacked
bar chart.

Differentially expressed genes (DEGs) in TCGA-STAD

To assess DEGs associated with risk in TCGA-STAD data-
set, DESeq2 was applied for analyzing gene expression pro-
files (Love et al. 2014). DEGs were identified if | logFC |>0
and p.adj<0.05. Volcano maps and heatmap were created
by ggplot2 and pheatmap.

Functional enrichment analysis (GO)

GO[16]is widely adopted for functional enrichment anal-
ysis. ClusterProfiler was used. P. Adj<0.05 and FDR (q.
value)<0.05 were defined as significant, Benjamini-Hoch-
berg (BH) was used for correction.

GSEA enrichment analysis

GSEA (Subramanian et al. 2005) enrichment analysis was
performed in TCGA-STAD dataset between high and low
risk groups by clusterProfiler with following parameters:
seed: 2022, number of calculations: 10,000, 500 <number
of genes:>10, and p-value correction method was BH.
Pathways (3050) gene set in MSigDB database (Liberzon,
etal. 2011) was used as reference. p. Adj<0.05 and FDR (g.
value) <0.05 was defined as significant. To enhance analyti-
cal clarity, GSEA and GSVA were performed for comple-
mentary purposes rather than interchangeable use. GSEA
was used to evaluate phenotype-driven, directional enrich-
ment between high- and low-risk groups, whereas GSVA
quantified sample-wise pathway activity in an unsupervised
manner. GSVA was used as a cross-validation approach to
confirm whether the major biological pathways identified
by GSEA remained consistently enriched at the single-sam-
ple level.

GSVA enrichment analysis

GSVA (Hanzelmann et al. 2013) was conducted to evalu-
ate pathway enrichment in high or low-risk groups delin-
eated by this model using TCGA-STAD dataset. Expression
matrix was transformed to compare gene expression across
samples. We accessed the MSigDB database to utilize c2.cp.
all.v2022.1.hs.symbols.GMT gene set for this analysis.
Pathway results were derived from high-risk group within
TCGA-STAD dataset, focusing on those with p.adj<0.05.
Pathways were ranked by logFC in ascending and descend-
ing order, identifying top 10 positively or negatively corre-
lated pathways. These results were subsequently visualized
through a heatmap, providing insights into the differential
enrichment of pathways between two risk groups in STAD
patients.

Protein—protein interaction (PPI) network

PPI networks contain proteins that interact to regulate vari-
ous biological processes. PPl networks related to AAM-
RGs was created with STRING (minimum interaction
score: low confidence 0.9) (Szklarczyk et al. 2019; Shan-
non et al. 2003). We employed Multiple algorithms, such
as MCC(Boughorbel et al. 2017), DMNC, MNC, EPC and
Degree, were used to assess AAMRG scores and identify
hub genes among the top 10. Additionally, the GeneMA-
NIA database (http://genemania.org) (Gao et al. 2022) was
utilized for gene function analysis and prioritization, while
Cytoscape facilitated visualization of the PPI network.
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Construct the interaction network of mMRNA-miRNA,
mRNA-TF and mRNA-RBP

miRDB database (Chen et al. 2020) was adopted to evalu-
ate how miRNAs interacts with hub genes, and those with
Target Score>90 were used for visualization by Cytoscape.

ChIPBase (3.0) (Zhou et al. 2017) was used to predict
how transcription factors (TFS) regulate genes And cyto-
scape was used for visualization.

In addition, ENCORI (3.0) (Wu et al. 2021) provided
insights into interactions involving microRNAs, IncRNAs,
and RNA-binding proteins (RBPs), utilizing data from
CLIP-seq and other sequencing techniques. ENCORI was
used to predict RBPs interacting with hub genes, filtering
for mRNA-RBP interactions with clip Exp Num> 5. Results
weres visualized by Cytoscape, allowing for comprehensive
analysis of the regulatory interactions involving mRNAs,
miRNAs, TFs, and RBPs.

Immune infiltration analysis

ssGSEA algorithm was applied to evaluate tumor micro-
environment, utilizing 28 gene sets to identify various
tumor-infiltrating immune cell types (Bindea et al. 2013).
Enrichment scores obtained from GSVA represented
immune cells’ infiltration levels. Comparisons of immuno-
of different risk groups were illustrated via group compari-
son plots. Significant correlations between immune cells
across groups were performed by Spearman’s correlation
and visualized by ggplot2.

We also utilized CIBERSORT (Newman et al. 2015),
which employs linear support vector regression to deconvo-
lute transcriptome data for estimating immune cell compo-
sition. By applying the LM22 feature gene matrix, immune
cels withl enrichment scores>zero were filtered, resulting
in a comprehensive immune cell abundance matrix. Corre-
lations between immune cells and hub genes across groups
were also evaluated and visualized using ggplot2 and pheat-
map for clarity.

Construction of clinically relevant prognostic model
and prognostic correlation analysis

To determine prognostic values of hub genes in TCGA-
STAD dataset, we first evaluated expression levels and
related clinical information of hub genes in STAD patients.
Variables (p<0.1) in univariate analysis were carried to
multivariate Cox regression analysis to construct a clinically
relevant prognostic model. Then, a nomogram was created
(Park 2018). After setting each variable a certain scale, total
score was obtained for predicting probability.
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Calibration curve was then used for measuring nomo-
gram’s accuracy and resolution. TCalibration plot (Perkins
et al. 2019) DCA (Van Calster et al. 2018) chart was then
used to assess accuracy and discrimination of clinically rel-
evant prognostic models. ggDCA was adopted to draw DCA
plots to Tataranni et al. (2019) measure the effect of clini-
cally relevant prognostic models.

Single cell data download

We downloaded the scRNA-seq dataset GSE184198
(Zhao et al. 2022), which profiles GC (GC) patients using
10X Genomics technology on an Illumina NovaSeq 6000
(GPL24676). This dataset includes one GC tissue sample
(group: GC) and one normal gastric tissue sample (group:
NT) from the same patient. All samples were utilized. Sin-
gle-cell data processing was carried out with Seurat, where
we created Seurat objects. The PercentageFeatureSet func-
tion calculated the percentage of mitochondrial genes per
cell, filtering out those with>5% mitochondrial content, as
this may indicate apoptosis or lysis. We also excluded low-
quality cells with fewer than 500 features and those with
over 20,000 unique molecular identifiers (UMIs).

Post-quality control, linear dimension reduction was con-
ducted, computing Principal Components (PCs) from the
most variable genes. We applied Seurat's “FindNeighbors”
and “FindClusters” functions to screen optimal cell clusters,
and UMAP was used for two-dimensional visualization of
cell clusters.

Quality control of single cell datasets

Seurat v4.0 is widely used for single-cell data analysis
encompassing quality control, cell screening, type identifi-
cation, gene selection, differential expression analysis, and
data visualization.

GSE184198 was used to create Seurat objects. The data-
set was filtered and normalized with “LogNormalize”. We
identified 2000 variable features with “FindVariableFea-
tures” of “vst” method, followed by scaling the data with
“ScaleData” to account for sequencing depth. PCA was con-
ducted to assess significant Principal Components (PCs),
with Elbowplot for visualization.

Forty PCs were chosen for UMAP analysis. The “Find-
Neighbors” function utilized default parameters and the
selected PCs to create k-nearest neighbors according to
Euclidean distance. Subsequently, “FindClusters” function,
along with the “clustree” function at a resolution of 0.6, was
used to cluster cells, with “RunUMAP” facilitating dimen-
sionality reduction for visualization.
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Cell type annotation and DEGs

Harmony package was applied for data integration. Single
cell population was named according to published litera-
ture and the cell marker gene information in CellMarker
2.0. (Hu et al. 2023). We identified cell types by annotat-
ing GSE184198 with cell marker information in the Cell-
Marker 2.0 website. Subsequently, we used the “DotPlot”
and “FeaturePlot” functions to evaluate the correlation
between expression levels of marker genes and different cell
types. For the annotated cell groups, “FindAllMarkers” was
applied to identify DEGs between all cell groups with log-
2FoldChange>2 and p. Adj<0.01(more genes, The genes
screened by improving the screening criteria were identified
as single cell group scDEGs for further study.

AUCell scored cell populations

AUCell uses the “Area Under Curve” (AUC) to evaluate
whether a subset is enriched in each cell. We through the
use of PanglaoDB cell markers information in web site (h
ttps://panglaodb.se/index.html) for single-cell GSE184198
(scRNA—seq) dataset based on grade AUCell get high
scores on subgroup of cells in cell type annotation, to iden-
tify the cell types.

RNA isolation and RT-qPCR

Total RNA from gastric mucosal epithelial cell (GES1),
HGC-27, NCI-N87 and AGS was isolated with TRIzol
(ACO0101-B;). PCR was carried out with 2xHQ SYBR
qPCR Mix (ZF501) on an Applied Biosystems 7500 cycler.
Primers were shown in Supplementary Table 2.

Statistical analysis

R (4.2.2) was adopted for data processing. Comparisons
between two groups were made by t-test. Non-normally
distributed data were analyzed by WilCoxon rank sum
test. Survival differences and survival time were shown by
KM curves and Log-rank test. Correlation was assessed by
Spearman. p<0.05 was designated as significant.

Results

Construct prognostic models related to amino acid
metabolism

We analyzed public data to identify genes associated with
amino acid metabolism (AAM) (Supplementary Fig. 1),
and obtain Amino acid metabolism Related Model Genes

(AAMRMGs) from TCGA-STAD dataset. The expression
of AAMRGs was combined with OS clinical data, then
analyzed by Univariate Cox. LASSO was conducted using
the glmnet package on 25 genes with p<0.05 (Table S2
for details). The simplest model (lambda.1se) was selected
as the prognostic model. Our LASSO results identified 16
AAMRGs (ACLY, ADH4, COL1Al, F2, GADL1, GAMT,
HBB, KYNU, MRI1, MTHFR, NR1D1, PDK4, SLC1A7,
SLC25A15, SLC52A3, SYCE2) for GC diagnosis (Fig. 1A).
We visualized the LASSO regression outcomes, producing
a variable trajectory map (Fig. 1B). The lambda values for
each AAMRG in the prognostic model were extracted for
risk scores calculation and stratification. Risk score is calcu-
lated as a weighted sum of multiple factors (Supplementary
Appendix formulas 1).

We then visualized the grouping in our model using a risk
factor map (Fig. 1C) which has three parts: 1. Risk group-
ing: samples are grouped by the median of Risk Scores pre-
dicted by AAMRGs; 2. Survival outcomes: dot plots were
used to show survival time and outcomes of TCGA-STAD
dataset. Heat map: levels visualization of AAMRGs in
TCGA-STAD dataset.

We then plotted group comparison plots of AAMRGS in
tumor or normal tissues) (Fig. 1D). After excluding AAM-
RGs that could not be found in the above GEO dataset, dif-
ferent groups in GSE27342 dataset (Fig. 1E) and GSE54129
dataset (Fig. 1F) were drawn in Tumor, Normal for verifica-
tion. The results showed that genes such as ACLY, COL1AI,
and KYNU made the most significant contributions to the
risk score, with their expression patterns showing signifi-
cant differences between tumor and normal tissues (p<0.05,
Fig. 1D-F). Specifically, ACLY, COL1A1l, and GAMT
exhibited significantly differential expression in three inde-
pendent datasets (TCGA: p<0.05; GSE27342/GSE54129:
p<0.01), suggesting their universal roles in gastric cancer
development (Fig. 1D-F).

Prognostic analysis and clinical correlation analysis
of AAMRGs prognostic model

To check our model’s efficacy, Relationships of Risk Scores
and OS in STAD patient samples were evaluated. We plot-
ted KM curves, examining Risk Scores of AAMRGs model
(Fig. 2A) and the 16 AAMRGSs.The results showed that
four AAM-related genes (PDK4, SLCIA7, SLC25A15,
SLC52A3, and SYCE2) were significantly associated
with patient prognosis, and seven AAM-related genes
(GAMT, MRI1, MTHFR, PDK4, SLC25A15, SLC52A3,
and SYCE2) were significantly associated with overall sur-
vival (OS) (p<0.05) (Fig. 2B—Q). This indicates that the
risk scores derived from the AAM-related genes model are
closely related to patient survival.

@ Springer
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Fig. 1 Construction of AAMRGs prognostic model. AAMRGs prog-
nostic model plot of (A, B) Lasso regression modelvariable trajec-
tory plot. C Plot of risk factors for AAMRGs prognostic model. D-F

Subsequently, based on the TCGA-STAD dataset, this
study compared the clinical characteristics of gastric can-
cer patients in the high and low risk groups, including
staging (Supplementary Fig. 2A—C), pathological staging
(Supplementary Fig. 2D), age (Supplementary Fig. 2F),
overall survival (OS) (Supplementary Fig. 2G), disease-
specific survival (DSS) (Supplementary Fig. 2H), and
progression-free interval (PFI) (Supplementary Fig. 2I).
Stacked bar charts (Fig. 4A-I) showed that these indicators
were significantly different between the two groups. The
relevant baseline data are presented in Table 1. Overall,
patients in the high-risk group exhibited more advanced
tumor stages and poorer survival outcomes, suggesting
that this risk stratification may be closely related to the
aggressive biological behavior and poor prognosis of gas-
tric adenocarcinoma.
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Group comparison plots of AAMRGs of D TCGA-STAD dataset, E
GSE27342 dataset and F GSE54129 dataset

Differential analysis and functional enrichment (GO)
analysis in TCGA-STAD dataset

To identify risk-associated DEGs STAD patients, DESeq2
was used. A total of 533 DEGs were identified: 512 with
logFC>0 and 21 with logFC <0. We visualized these results
using a volcanic plot (Fig. 3A). Subsequently, we analyzed
expression differences of 16 AAMRGs (ACLY, ADH4,
COL1Al, F2, GADL1, GAMT, HBB, KYNU, MRII,
MTHFR, NR1D1, PDK4, SLC1A7, SLC25A15, SLC52A3,
SYCE2) across high or low-risk groups, generating a heat-
map by pheatmap (Fig. 3B).

To assess biological processes associated with these
genes, we conducted Gene Ontology (GO) enrichment
analysis, revealing significant enrichment in carboxylic
acid biosynthetic processes, organic acid biosynthesis, and
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Fig. 2 Prognostic analysis of AAMRGs in TCGA-STAD. A KM curve
of Risk Scores of AAMRGs prognostic model and patient prognostic
OS. B-Q KM curves of ACLY, ADH4, COL1A1, F2, GADL1, GAMT,
HBB, KYNU, MRI1, MTHFR, NR1D1, PDK4 SLC1A7, SLC25A15,

SLC52A3, SYCE2 of patient prognosis OS in TCGA-STAD dataset
are shown. R Time-dependent ROC curves of Risk Scores of AAM-
RGs prognostic model and patient prognostic OS in TCGA-STAD
dataset are shown
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Table 1 Patient characteristics of STAD patients in the TCGA datasets

Characteristics Low High P value
N 176 177

Stage T, n (%) 0.035
T1 15 (4.3%) 3(0.9%)

T2 35 (10%) 39 (11.2%)

T3 81 (23.2%) 82 (23.5%)

T4 44 (12.6%) 50 (14.3%)

Stage N, n (%) 0.006
NO 63 (18.4%) 40 (11.7%)

N1 53 (15.5%) 43 (12.6%)

N2 31 (9.1%) 41 (12%)

N3 26 (7.6%) 45 (13.2%)

Stage M, n (%) 0.050
MO 162 (48.1%) 152 (45.1%)

Ml 7 (2.1%) 16 (4.7%)
Pathologic_stage, n (%) 0.028
Stage I 30 (8.9%) 18 (5.3%)

Stage 1T 62 (18.3%) 47 (13.9%)

Stage 11 65 (19.2%) 81 (24%)

Stage IV 13 (3.8%) 22 (6.5%)

Gender, n (%) 0.551
Male 111 (31.4%) 117 (33.1%)

Female 65 (18.4%) 60 (17%)
Age, n (%) 0.152
>60 124 (35.1%) 112 (31.7%)

<60 52 (14.7%) 65 (18.4%)

OS, n (%) <0.001
No 132 (37.4%) 78 (22.1%)

Yes 44 (12.5%) 99 (28%)
DSS, n (%) <0.001
No 147 (44.3%) 97 (29.2%)

Yes 22 (6.6%) 66 (19.9%)

PFL, n (%) <0.001
No 137 (38.8%) 95 (26.9%)

Yes 39 (11%) 82 (23.2%)

TCGA the cancer genome atlas, STAD stomach adenocarcinoma, OS
overall survival, DSS disease specific survival, PFI progression free
interval

No stands for patient survival status: Alive

Yes represents the survival status of the patient: Dead

sulfur compound metabolism related to GC (Supplementary
Table 3). Key molecular functions included binding to vita-
mins and L-amino acid transmembrane transporter activity.
GO enrichment results are illustrated as bar graphs (Fig. 3C)
and network diagrams (Fig. 3D, E).

GSEA and GSVA assay of TCGA-STAD dataset

To evaluate effects of gene expression on GC occurrence in
different risk groups, GSEA was carried out (Supplemen-
tary Table 4). Data demonstrated that all genes were con-
siderably enriched in mitochondrial translation (Fig. 4B),
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DNA replication (Fig. 4C), and mitochondrial translation
(Fig. 4B). diseases_of metabolism (Fig. 4D), digestion
(Fig. 4E) and other pathways (Supplementary Table 4).

In addition, we carried out GSVA analysis on all genes.
The top 10 positively correlated pathways were mainly
related to DNA_replication, such as reactome DNA repli-
cation_initiation, were presented by heatmap (Fig. 4F) (Sup-
plementary Table 5). Notably, the major pathways identified
through GSEA (including DNA replication, mitochondrial
translation, and metabolic reprogramming signatures) were
consistently validated by GSVA, indicating convergence
across independent enrichment frameworks and supporting
the robustness of the pathway-level findings.

PPI network, mRNA-miRNA, mRNA-TF, mRNA-RBP
interaction network were constructed

We constructed the PPI network of AAMRGs using the
STRING database (minimum interaction score: 0.150),
which included 14 AAMRGs (Fig. 5A). Using the cyto-
Hubba tool in Cytoscape (Degree, DMNC, EPC, MCC, and
MNC algorithms), we identified the top 10 AAMRGs with
the highest scores (Fig. SB-F) and selected 8 hub genes:
ACLY, ADH4, COL1A1, GAMT, HBB, MTHFR, NR1D1,
and PDK4 (Fig. 5G). Thereafter, we adopted GeneMANIA
database to assess the association of eight hub genes (ACLY,
ADH4, COL1A1, GAMT, HBB, MTHFR, NR1D1, PDK4)
with other genes.The results showed that six hub genes
(ACLY, ADH4, GAMT, MTHFR, NR1D1, PDK4) had Co-
localization and Co-expression with other genes (Fig. SH).
Levels of that six hub genes in some GC cell lines were
higher than normal cells,in particular ACLY and NR1DI1
(Fig. 6).

We further analyzed the interactions between the hub
genes and miRNAs using the miRDB database, construct-
ing a network that included 7 hub genes and 59 miRNAs
(Supplementary Fig. 3A, Supplementary Table 6). We
explored the interactions between the hub genes and tran-
scription factors (TFs) using the ChIPBase database, con-
structing a network that included 8 hub genes and 29 TFs
(Supplementary Fig. 3B, Supplementary Table 7). Addition-
ally, we predicted the interactions between the hub genes
and RNA-binding proteins (RBPs) using the ENCORI data-
base, constructing a network that included 7 hub genes and
35 RBPs (Supplementary Fig. 3C, Supplementary Table 8).

Differential analysis of immune characteristics of
TCGA-STAD dataset

To investigate immune characteristics of hub genes, ssGSEA
was adopted to assess infiltrating abundance of 28 types of
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Fig. 3 Differential analysis and GO analysis results. A Volcano plot
display of DEGs related to amino acid metabolism in GC patient sam-
ples from TCGA-STAD. B Display of AAMRGs heat map results. C

immune cells, which was analyzed by Mann—Whitney U
test, then displayed in Fig. 7A. Analysis revealed consider-
able differences in immune cell infiltration, between high-
and low-risk groups.

Infiltrating abundances of 23 immune cells were corre-
lated (Fig. 7B). Additionally, we examined the correlation
between these immune cells and ACLY, ADH4, COL1A1,
GAMT, HBB, MTHFR, NRI1D1, and PDK4. Notably,
PDK4 showed positive correlations with all 23 immune cell
types, whereas NR1D1 exhibited significant negative cor-
relations with most immune cells (Fig. 7C).

To further explore immune infiltration differences,
CIBERSORT was applied to STAD patient samples. Cor-
relation between immune cell infiltration and risk groups
is illustrated in a group comparison plot (Fig. 7D). Results
demonstrated that high and low-risk groups had signifi-
cantly different immune-cell infiltration (Fig. 7E). Impor-
tantly, infiltration of activated CD4 memory T cells and 8
hub genes was negatively correlated (Fig. 7F).

organic anion transmembrane transporter activity
~7SLC1AT

Bar chart presentation of GO results of AAMRGs in TCGA-STAD. D
and E Network graph presentation of GO results (BP, MF)

Construction of clinically relevant prognostic
models in TCGA-STAD dataset

We investigated the prognostic value of ACLY, ADH4,
COL1A1, GAMT, HBB, MTHFR, NR1D1, and PDK4,
integrating their levels with clinical factors and OS. Vari-
ables (p<0.1) in univariate regression were used for a
multivariate regression (Table 2). A forest plot (Fig. 8A)
summarizes the univariate Cox results. Risk scores (Risks-
core) were evaluated according to levels of relevant clinical
variables, stratifying patients into High or Low group. Risk
scores were calculated as a weighted sum of multiple factors
(Supplementary Appendix formulas 2).

Subsequently, nomogram assay was applied to evaluate
our model’s ability (Fig. 8B). Nomogram assigns scores
to each variable, facilitating the calculation of a total
score for predicting event probabilities. Notably, ADH4
demonstrated greater prognostic utility compared to other
variables.
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SLC52A3

e

SLC25A15

COL1A1

Fig. 5 PPI network. A PPI network of AAMRGs. B-F Degree (B)
DMNC, (C) EPC, (D) MCC, (E) and MNC, (F) algorithm top 10 node
network. G Venn diagram results of top 15 nodes of MCC, DMNC,

Nomogram was calibrated for 1-, 3-, or 5-year (Fig. 8C—
E) survival predictions. Calibration plots compare pre-
dicted survival probabilities against actual data, with closer
alignment to ideal gray line indicating better accuracy.
Calibration analysis indicated that the model's predictive
performance ranked as 5 years>3 years>1 year.

Finally, we employed DCA to assess our model’s useful-
ness at 1-, 3-, or 5-year (Fig. 8F-H). DCA plots demon-
strate that the model consistently outperformed both “All

Net works
71 Co-ocalization
Co-expression

MNC, EPC, and Degree algorithms in PPI are presented. H hub gene's
GeneMANIA database analysis results are displayed in PPI network

positive” and “All negative” lines across assessed time
points, further confirming its clinical prediction efficacy as
5 years>3 years>1 year.

The risk factor plot (Supplementary Fig. 4A) displays
the model grouping, including risk stratification, survival
outcomes, and a heatmap of core gene expression levels.
Based on the risk scores and overall survival (OS) data,
we analyzed the survival outcomes of the low-risk and
high-risk groups, generating Kaplan—-Meier (K-M) curves
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Fig.6 The RNA expression level of 8 hub genes in GC cell. RNA level of 8 hub genes were verified at transcript levels by using GES1, HGC-27,
NCI-N87 and AGS. A ACLY, B ADH4, C COL1A1, D GAMT, E HBB, F MTHFR, G NR1DI1 and H PDK4 mRNA levels

(Supplementary Fig. 4B). The results showed a significant
difference in prognosis between the two groups. Addition-
ally, we evaluated the predictive accuracy of the risk scores
using time-dependent receiver operating characteristic
(ROC) curves (Supplementary Fig. 4C) and plotted ROC
curves for the core genes (Supplementary Fig. 4D—-G). The
results indicated that the expression levels of the core genes
had a relatively low correlation with the diagnostic classifi-
cation of patient risk groups.

Cellular heterogeneity

Read10X function of Seurat v4.0 was applied to import all
samples from the GSE184198 dataset. After retaining cells
with a minimum of 3 cells and at least 200 genes, we merged
the samples. The dataset includes one GC tissue sample and
one normal gastric tissue sample (NT) from a GC patient.
We filtered the GSE184198 matrix to exclude cells with
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mitochondrial gene content exceeding 5%, fewer than 500
features, and UMI counts over 20,000. We then compared
the number of gene features (nFeature RNA) across groups
(GC/NT), as well as gene counts (nCount RNA) and mito-
chondrial proportions (mitoRatio), revealing significant dif-
ferences (Fig. 9A).

Next, we applied Harmony software for batch effect cor-
rection, leading to a single-cell dimensionality reduction
map (Fig. 9B). Quality control metrics indicated a strong
correlation between nCount and nFeature (R=0.69), con-
firming the presence of batch effects. Using UMAP for visu-
alization, we classified 7160 cells into 17 distinct clusters
with a resolution set to 0.6 (Fig. 9C). Annotation via the
CellMarker 2.0 database identified 11 cell types, including
CD4+T cells, M1 macrophages, fibroblasts, plasma cells,
etc (Fig. 9D). We illustrated 14 cell marker genes (e.g.,
PRL30, CCLS5, CD3D) across the clusters using bubble
plots (Fig. 9E).



Amino acid metabolism-related model for prognosis and immunity in gastric cancer

Page 13 of 21 18

We assessed expression differences among cell popula-
tions, displaying a heatmap of the top 20 DEGs (Fig. 9F).
Notably, IGHG1, IGHG4, IGHG3, and IGKC were highly
expressed in plasma cells. Additionally, we analyzed per-
centages of various cell subsets in GC samples, revealing
that CD4+T cells constituted the highest proportion, fol-
lowed by M1 macrophages, while cancer stem cells repre-
sented the lowest (Fig. 9G).

Active AUCell score and novel subtype analysis of
M1 macrophage cells for MAEMTRDEGs

To verify the activity degree of 6 AAM-related DEGs in
different cell groups of GSE184198 single-cell dataset,
AUCell was adopted to display activity of AAM-related
DEGs in GC samples of single-cell dataset with UMAP dia-
gram (Fig. 10A). By UMAP mapping, we found that Myofi-
broblast cells had a high AUCell score.

To assess gene differences between M1 macrophages
and other cell populations in the single-cell dataset, we
conducted pathway enrichment analysis. Using M1 mac-
rophages as a reference, we employed the “FindAllMark-
ers” function to identify DEGs between M1 and other
cell groups. Eight significant DEGs were chosen for GO
analysis. Data demonstrated that DEGs were enriched in
BP including RNA splicing regulation, molecular func-
tions (MF) like cell-substrate junctions, and cellular
components (CC) including ubiquitin-like protein ligase
binding. GO functional enrichment results are depicted
in bar graphs (Fig. 10B), while BP, MF, and CC pathway
enrichments are illustrated through ring network diagrams
(Figs. 10C-E).

To explore new subtypes of M1 macrophage cells, we
clustered clusters of M1 macrophage cells, and then we
applied UMAP dimensionality reduction for visualiza-
tion, with a resolution of 0.6, M1 macrophage cells from
GSE184198 single-cell dataset were successfully clas-
sified into three independent clusters (Supplementary
Fig. 5A). We used the cell marker information in the Pan-
glaoDB website to re-annotate types of GSE184198. We
identified cell cluster as a total of three M1 macrophage
cell subtypes (Supplementary Fig. 5B). GPR183—MI1
macrophage, HLA-DRB1-M1 macrophage, KLRC1-M1
macrophage). Violin plot and heat map were utilized to
show expression of three independent clusters in different
subtypes (Supplementary Fig. 5C—F). We then generated
a volcano plot based on differential analysis, and labeled
genes were DEGs related to amino acid metabolism (Sup-
plementary Fig. 5G).

Discussion

GC is a malignant tumor which characterized by high het-
erogeneity, mild initial symptoms, and various biological
characteristics. Tumor subtypes characterization according
to gene profiling help to better understand of GC’s features
and heterogeneity (Comprehensive molecular characteriza-
tion of gastric adenocarcinoma 2014). Amino acid metabo-
lism plays a key role in tumor cell transformation, immune
evasion, drug resistance, etc. (Ling et al. 2023).However
Amino acid metabolism genes are double-edged swords
with dual potential in GC. It has been reported that AAM
is key in innate immunity and antitumor responses (Procac-
cini et al. 2021; Sinclair et al. 2013). Many researches have
focused on a specific gene (Wang et al. 2023b; Zhao et al.
2023; Dai et al. 2021). However the overall effect mediated
by AAMRGS and links between AAMRGs and TME is not
clear. We investigated the characteristics of AAMRGs in GC
systematically and constructed the prognostic model related
to amino acid metabolism and uncovered the correlation
between AAMRGS between and immune cell (Fig. 10).
Through comprehensive multi-omics analysis of TCGA-
STAD, GSE27342 and GSE54129 datasets, this study sys-
tematically characterized the molecular features of amino
acid metabolic reprogramming (AAMRGS) in gastric cancer
and their dynamic interplay with the immune microenviron-
ment. We established a robust prognostic model incorporat-
ing 16 key regulatory genes (including ACLY, COL1A1 and
PDK4), with 14 genes demonstrating significant differen-
tial expression in tumor tissues (p<0.05). The model's risk
stratification showed strong prognostic value, significantly
correlating with overall survival (HR=2.34, p<0.001) and
demonstrating moderate predictive accuracy for 3-year and
5-year survival (AUC=0.72 and 0.68, respectively).
Although SYCE2, SLC52A3, and MRI1 have not been
widely reported in gastric cancer, our multi-omics analy-
sis provides several layers of evidence supporting their
biological and clinical relevance. First, pathway enrich-
ment analysis revealed that these genes are embedded in
networks associated with cell cycle regulation, metabolic
remodeling, and DNA replication, all of which are essential
hallmarks of gastric tumorigenesis. For instance, SYCE2,
originally known for its role in meiotic chromosomal syn-
apsis, has recently been implicated in mitotic instability,
chromosomal segregation defects, and proliferation of mul-
tiple cancers, suggesting that its reactivation in somatic cells
may contribute to genomic instability and malignant pro-
gression (Hosoya and Miyagawa 2021). SLC52A3 encodes
a riboflavin transporter that regulates redox balance and
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{ Fig. 7 Immune infiltration analysis. The group comparison figure
of ssGSEA immune infiltration results of A TCGA-STAD dataset is
shown. B Correlation of immune cell infiltration in TCGA-STAD data-
set are presented. C Correlation between immune cells and hub genes.
D Group comparison diagram of CIBERSORT immune infiltration
analysis results of TCGA-STAD dataset. E The results of correlation
analysis of immune cell infiltration abundance in TCGA-STAD dataset
are presented. F Dot plot of correlation between immune cells and hub
genes in TCGA-STAD dataset

mitochondrial metabolism; dysregulated riboflavin uptake
has been linked to altered oxidative phosphorylation and
metabolic stress pathways frequently activated in gastric
cancer (Nagano et al. 2021; Zhang et al. 2022). MRI1, a
key enzyme in methionine salvage and methylthioribose
metabolism, participates in one-carbon metabolism and
methyl donor generation, both of which influence epigene-
tic modifications and immune-metabolic remodeling within
the tumor microenvironment (Zhou et al. 2023; Shibata et
al. 2024). In our prognostic model, all three genes showed

consistent differential expression in independent datas-
ets and strong associations with survival, supporting their
functional relevance. Together, these findings suggest that
although these genes are not classical gastric cancer mark-
ers, they represent previously underappreciated metabolic
and genomic regulators that may contribute to gastric can-
cer progression through metabolic reprogramming, redox
regulation, and genomic instability. This underscores the
advantage of data-driven multi-omics approaches in uncov-
ering non-canonical but biologically meaningful prognostic
biomarkers.

Single-cell transcriptomic profiling revealed a com-
plex regulatory network involving 8 hub genes (ACLY,
ADH4, GAMT et al.) that modulate immune cell infil-
tration patterns, particularly CD8+T cells and M1 mac-
rophages. Experimental validation confirmed significant
upregulation of these core genes in gastric cancer cell
lines (p <0.01), highlighting their potential as therapeutic

Table 2 Cox analysis of dataset Characteristics Total (N)  Univariate analysis Multivariate analysis
TCGA-STAD Hazard ratio (95% CI) P value  Hazard ratio (95% CI) P value
Stage T 349
Tl 18 Reference Reference
T2 74 6.729 (0.914-49.550) 0.061  2.839(0.359-22.459) 0.323
T3 163 9.428 (1.309-67.896) 0.026  4.337 (0.490-38.359) 0.187
T4 94 9.652 (1.325-70.285) 0.025  4.900 (0.535-44.857) 0.160
Stage N 342
NO 103 Reference Reference
N1 96 1.629 (1.001-2.649) 0.049  1.396 (0.694-2.810) 0.350
N2 72 1.656 (0.980-2.798) 0.060  1.690 (0.701-4.076) 0.242
N3 71 2.647 (1.627-4.307) <0.001  1.838(0.763-4.429) 0.175
Stage M 337
MO 314 Reference Reference
Ml 23 2.100 (1.184-3.724) 0.011 1.119 (0.450-2.779) 0.809
Pathologic stage 338
Stage 1 48 Reference Reference
Stage 1T 109 1.553 (0.783-3.082) 0.208  0.952(0.333-2.722) 0.927
Stage III 146 2.385(1.258-4.522) 0.008  0.860 (0.212-3.483) 0.833
Stage IV 35 3.827 (1.855-7.898) <0.001  1.615(0.400-6.522) 0.501
Gender 353
Male 228 Reference
Female 125 0.771 (0.541-1.101) 0.152
Age 353
>60 236 1.479 (1.020-2.145) 0.039  1.806(1.193-2.733) 0.005
<60 117 Reference Reference
ACLY 353 1.256 (1.010-1.562) 0.040  1.141 (0.888-1.467) 0.303
ADH4 353 1.141 (1.026-1.269) 0.015  1.282(1.122-1.465) <0.001
COL1A1 353 1.136 (1.014-1.272) 0.027  1.184(1.047-1.338) 0.007
GAMT 353 1.259 (1.099-1.442) <0.001  1.301 (1.099-1.539) 0.002
MTHFR 353 0.645 (0.441-0.942) 0.023  0.584 (0.368-0.928) 0.023
NRI1D1 353 1.281 (1.055-1.556) 0.012  1.493 (1.167-1.912) 0.001
TCGA The cancer genome atlas, HBB 353 1.125 (1.016-1.246) 0.024  1.093 (0.963-1.240) 0.170
STAD Stomach adenocarcinoma  PPK4 353 1.126 (1.023-1.238) 0.015  1.104 (0.984-1.238) 0.093
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Fig. 8 Construction of clinically relevant prognostic model. A Forest
plot presentation of univariate Cox regression model. B Nomogram of
clinically relevant prognostic models. C—E. Calibration curves at 1-
(C), 3- (D) or 5-years (E). F-H DCA plots at 1- (F), 3- (G), or 5-year
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(H). H Risk factor plots. I ROC of Risk Scores of prognostic models
and patient prognostic OS in TCGA-STAD dataset. The nomogram
can be used by summing the points assigned to each predictor variable
and converting the total score to survival probabilities
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{ Fig. 9 Data quality control of GSE184198 dataset. A Violin plot of
gene number, sequenced counts, and mitochondria proportion in
GSE184198 dataset. B Scatter plot of the correlation between nCount
and nFeature in all cells of the GSE184198 dataset. C The 7160 cells
of GSE184198 dataset were clustered into 17 cell clusters by UMAP.
D Annotation of 17 cell clusters into 11 cell types through cell marker
information in CellMarker 2.0 website. E Visualization of bubble plots
of expression levels of 14 cell marker genes in 17 independent clusters.
A darker color indicates a higher expression level, and a larger circle
indicates a higher proportion of genes expressed within the cell popu-
lation. F Heat map of DEGs (top 20) between cell clusters (color from
dark to light represents gene expression from strong to weak). G Plot
of the proportion of cell taxa in GC samples

targets. These findings align with recent advances in gas-
tric cancer prognostication, including: (1) multi-omics-
derived immune infiltration signatures (ICI scores) that
predict chemotherapy sensitivity (Wang et al. 2025),
and (2) machine learning-identified 32-gene classifiers
that stratify molecular subtypes and treatment responses
(Cheong et al. 2022).

Interestingly, our single-cell AUCell analysis revealed
that myofibroblasts displayed the highest amino-acid—meta-
bolic (AAM) activity among all stromal and immune cell
populations. Myofibroblasts, which share functional char-
acteristics with cancer-associated fibroblasts (CAFs), are
known to participate in metabolic symbiosis by supply-
ing nutrients such as amino acids, lactate, or glutamine to
tumor cells (Noom et al. 2024). Elevated AAM activity in
these stromal cells suggests a potential role in shaping the
metabolic landscape of the gastric tumor microenviron-
ment, possibly supporting tumor growth, modulating ECM
remodeling, and influencing immune infiltration through
nutrient competition or metabolic signaling. Although the
current study is computational, these findings raise the
possibility that AAM-high myofibroblasts may represent a
previously underappreciated stromal component contribut-
ing to metabolic conditioning of the TME. Future studies
integrating spatial transcriptomics and stromal-targeted per-
turbation models will be necessary to elucidate the mecha-
nistic implications and therapeutic relevance of this stromal
metabolic phenotype.

Notably, our study provides novel insights into meta-
bolic-immune crosstalk, demonstrating NR1D1's negative
correlation with immune infiltration versus PDK4's pan-
immune positive correlation—consistent with established
mechanisms of metabolic immunomodulation (Procaccini
et al. 2021; Vickram et al. 2025). The AAM-based nomo-
gram and decision curve analysis (C-index=0.71 for 5-year
survival) outperformed existing lactate-score (Yang et al.
2023) and transcription factor-based (Zhou et al. 2021)
models, offering improved stratification tools.

@ Springer

For clinical translation, patients were stratified into high-
and low-risk groups using the median risk score of the
TCGA cohort. The same cutoff was applied to GEO valida-
tion datasets. This threshold stratification allows the nomo-
gram to be applied consistently across cohorts and supports
risk grouping for survival prediction.

To facilitate future clinical application, we provide a
transparent workflow for using the model: (1) obtain mRNA
expression of the 16 AAMRGs from tumor tissue; (2) cal-
culate the individualized risk score using the provided coef-
ficient table; (3) determine whether the patient falls into
the high- or low-risk group based on the predefined cutoff;
and (4) apply the nomogram to estimate 1-, 3-, and 5-year
survival probabilities. This stepwise approach enables clini-
cians and researchers to integrate the model into prospective
trials or molecular pathology workflows.

While limited by retrospective data, this work makes
two key contributions. First, it delineates the spatiotem-
poral dynamics of AAMRG-TME interactions, informing
combination strategies (e.g., IDO inhibitors with immu-
notherapy) (Butler et al. 2021). Second, it validates clini-
cally actionable targets like COL1A1, previously linked to
tumor aggressiveness (Comprehensive molecular charac-
terization of gastric adenocarcinoma 2014). Future stud-
ies should employ prospective clinical samples to validate
these findings and elucidate AAMRGS’ role in treatment
resistance.

In this study, several limitations exist. First, the analy-
ses are primarily based on bulk transcriptomic data, which
lack spatial resolution and may obscure cell-type—specific
metabolic and immune interactions. Although we per-
formed single-cell annotation using a publicly available
scRNA-seq dataset to partially address this limitation, the
findings remain inferential. Second, the metabolic—-immune
associations identified through enrichment analyses were
not validated experimentally using approaches such as
immunohistochemistry, qPCR, or spatial profiling. As our
primary aim was to establish a computational framework
and identify candidate amino acid—metabolic regulators,
future studies will incorporate prospective cohorts, spa-
tial transcriptomics, and wet-lab validation to confirm the
mechanistic roles of these AAM-related genes in the tumor
microenvironment. Importantly, the prognostic nomogram
developed in this study has not yet been evaluated in pro-
spective clinical cohorts. Because the AAMRG-based
model may inform combination-therapy stratification—par-
ticularly for metabolic checkpoint inhibitors and immune
checkpoint blockade—future work should include prospec-
tive trials to determine its predictive value for treatment
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response and its applicability in guiding individualized
therapeutic decisions.

Conclusion

In this study, we constructed an AAMRGs model for the
prognosis of GC patients, and its risk score was significantly
associated with overall survival. Additionally, hub genes’
risk profiling were identified as independent prognostic fac-
tors for GC, indicating the association between AAMRGS
and prognosis. Lastly, we profile cellular heterogeneity link-
ing hub genes to immune cells. These studies offers new
insightss for the survival prognosis and GC’s immunother-
apy. Future studies should further investigate the regulatory
mechanisms of AAMRGs in immunotherapy response to
advance precision medicine applications.
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