
Vol.:(0123456789)1 3

Clinical and Translational Oncology (2023) 25:447–459 
https://doi.org/10.1007/s12094-022-02958-w

RESEARCH ARTICLE

A novel metabolism‑related prognostic gene development 
and validation in gastric cancer

Xingxing Zhang1 · Xu Chen1,2 · Jiayun Liu1 · Yaqi Li1,2 · Jian Wu1 · Menglin Chen1,2 · Ruijuan Zhang1,2 · Xintian Xu1 · 
Tianyi Xu3,4 · Qingmin Sun1 

Received: 6 July 2022 / Accepted: 15 September 2022 / Published online: 27 September 2022 
© The Author(s), under exclusive licence to Federación de Sociedades Españolas de Oncología (FESEO) 2022

Abstract
Background The importance of metabolism-related alterations in the development of gastric cancer (GC) is increasingly 
recognized. The present study aimed to identify metabolism-related genes to facilitate prognosis of GC patients.
Methods Gene expression datasets and clinical information of GC patients were downloaded from TCGA and GEO data-
bases. We scored the enrichment of human metabolism-related pathways (n = 86) in GC samples by GSV, constructed 
prognostic risk models using LASSO algorithm and multivariate Cox regression analysis, combined with clinical informa-
tion to construct a nomogram, and finally cis score algorithm to analyze the abundance of immune-related cells in different 
subtypes. We used Weka software to screen for prognosis-related marker genes and finally validated the expression of the 
selected genes in clinical cancer patient tissues.
Results We identified that two GC metabolism-related signatures were strongly associated with OS and the levels of immune 
cell infiltration. Moreover, a survival prediction model for GC was established based on six GC metabolism-related genes. 
Time-dependent ROC analysis showed good stability of the risk prediction scoring model. The model was successfully 
validated in an independent ACRG cohort, and the expression trends of key genes were also verified in the GC tissues of 
patients. DLX1, LTBP2, FGFR1 and MMP2 were highly expressed in the cluster with poorer prognosis while SLC13A2 
and SLCO1B3 were highly expressed in the cluster with better prognosis.
Conclusions We identified a risk predictive score model based on six metabolism-related genes related to survival, which 
may serve as prognostic indicators and potential therapeutic targets for GC.
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Introduction

Gastric cancer (GC) is the fifth-most common cancer 
globally and the fourth-leading cause of cancer deaths. It 
accounts for 1,080,800 cases annually, with the highest inci-
dence in East Asia [1]. GC has a low 5-year survival rate in 
China, with more than 80% of patients being diagnosed at an 
advanced stage [2]. Traditional treatments for GC patients, 
such as surgical intervention, cytotoxic therapy, tyrosine 
kinase inhibitors (TKI), targeting of DNA damage repair 
proteins, and immunotherapy, have had less than satisfac-
tory results, while new predictive biomarkers and treatment 
options are urgently needed. Targeted therapy is a thera-
peutic approach that has emerged in the last decade in the 
field of anticancer treatment, and it can be applied alone or 
in combination with conventional chemotherapeutic agents 
[3, 4]. However, the actual benefits remain relatively low.
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The heterogeneity of GC is receiving increasing atten-
tion in the course of treatment. Molecular heterogeneity 
has been shown through the existence of subtypes that have 
been described on the basis of anatomic site, histopathol-
ogy and anatomic site, gene expression, gene amplification, 
DNA methylation, numerous cancer-relevant aberrations and 
oncogenic pathways [5]. The subtypes were associated with 
prognosis or clinical outcomes in a limited number of cases.

A growing body of evidence from clinical and laboratory 
studies suggest that abnormal metabolism is a major hall-
mark of cancer [6], among which LDH enzyme is one of the 
important enzymes that shows the disorder of metabolism in 
different types of cancer [7]. Metabolites are intracellularly 
active with many genes and proteins, and functional changes 
in upstream macromolecules (nucleic acids, proteins, etc.) 
are ultimately reflected at the metabolic level, such as 
changes in neurotransmitters, hormonal regulation, recep-
tor action effects, cellular signaling release, energy transfer 
and intercellular communication [8]. Metabolic disorders 
play a key role in the development and treatment of GC and 
its prognosis [9, 10]. Studies have shown that proteins asso-
ciated with lipid metabolism are highly expressed in many 
cancers [11]. Epidemiological studies have found a higher 
prevalence of GC in obese populations, while lipid accumu-
lation has been observed in pathological tissues of GC [12]. 
Chi et al. found that PHTF2-regulated fatty acid metabolism 
can significantly affect the tumorigenic capacity of GC cells. 
In addition, glucose metabolism was abnormally elevated in 
GC patients [13].

Recently, the Cancer Genome Atlas (TCGA) network pro-
posed four GC subtype classification schemes based on the 
molecular biology of the underlying tumors in each subtype, 
and the classification study was a milestone. Methods to 
classify tumors based on genomic atlas such as gene expres-
sion, mesenchymal tumor microenvironment and DNA 
methylation have been continuously explored [14–16]. The 
aim of this study was to investigate the possible clinical sig-
nificance of metabolism-related features on the prognostic 
stratification of patients. Two metabolism-related clusters 
were established through analyzing the gene sets associated 
with metabolism-related pathways. In addition, we found 6 
metabolism-related genes with better performance to predict 
the subtypes of GC.

Materials and methods

Public sample collection and processing

We systematically collected the gene expression datasets 
of GC that were publicly available and reported full clini-
cal annotations. Patients without survival information were 
removed from further evaluation. In total, we gathered six 

chemo-naïve state cohorts of samples from patients with 
GC for this study: GSE15459, GSE29272, GSE34942, 
GSE57303, ACRG/GSE62254, and TCGA-STAD. The raw 
data from the microarray datasets generated by Affymetrix 
and Illumina were downloaded from the Gene Expression 
Omnibus (GEO: https:// www. ncbi. nlm. nih. gov/ geo/). The 
raw data from Affymetrix were processed using the RMA 
algorithm for background adjustment in the Affy software 
package. RMA was used to perform background adjustment, 
quantile normalization, and final summarization of oligonu-
cleotides per transcript using the median polish algorithm. 
The raw data from Illumina were processed using the lumi 
software package.

Consensus clustering

Consensus clustering was applied to identify potential sub-
types of GC according to the expression profiles of metabo-
lism-related pathways by the k-means method. The number 
of clusters and their stability were determined by the con-
sensus clustering algorithm using the “Consensus Cluster 
Plus” package. The maximum clustering number was set 
to six, and the optimal number was determined according 
to the consensus index and cumulative distribution func-
tion (CDF). We performed 100 repetitions to guarantee the 
stability of our classification.

Immune status analysis among different clusters

We used the CIBERSORT algorithm to quantify the pro-
portions of immune cells in GC [17]. CIBERSORT is a 
deconvolution algorithm that uses a set of reference gene 
expression values (a signature with 547 genes) considered a 
minimal representation for each cell type and, based on those 
values, infers cell type proportions in data from bulk tumor 
samples with mixed cell types using support vector regres-
sion. We uploaded the normalized gene expression profiles 
prepared using standard annotation files to the CIBERSORT 
web portal (https:// ciber sort. stanf ord. edu/ index. php) using 
the LM22 signature and 1000 permutations.

Function analysis

Differential analysis was performed using the R package 
limma to obtain differential genes between the two groups, 
followed by Gene Ontology (GO) analysis with differentially 
expressed genes, enrichment of related pathways using the 
“Cluster Profiler” R package, and visualization in the gene 
set enrichment analysis (GSEA) of Metascape5. We obtained 
the GSEA software (version 3.0) from the GSEA website, 
divided the samples into two groups based on pathway clus-
tering analysis, and downloaded the c2.cp.v7.2.symbols.gmt 

https://www.ncbi.nlm.nih.gov/geo/
https://cibersort.stanford.edu/index.php
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subset from the Molecular Signatures Database to evaluate 
the relevant pathways and molecular mechanisms.

The establishment of a PS‑score scoring model

We established an efficient prediction model using the Least 
absolute shrinkage and selection operator (LASSO) regres-
sion model. Overall survival (OS) was then used to derive 
the most useful predictive features from the training cohort. 
The “glmnet” package was used to carry out statistical 
calculations and analysis of the binary logistic regression 
model. The whole process of data analysis is depicted in 
Fig. 1. We further implemented stochastic gradient descent 
in weka3.8.4 software for learning various linear models 
[binary class Support vector machines (SVM)] and BestFirst 
(Searches the space of attribute subsets by greedy hill climb-
ing augmented with a backtracking facility) for further filter-
ing of markers. PS-Score = 1.0751*expDLX1 + 3.9879*exp-
FGFR1 + 0.4858*expLTBP2 + 2.7009*expMMP2 
− 1.0202*expSLC13A2 − 0.322*expSLCO1B3.

Construction of nomogram

The optimal truncation value of the risk score was calcu-
lated. For the nomogram, the data of survival time, survival 
status and 4 features were integrated using the R package 
rms, and the nomogram was created using the COX method.

ROC analysis of the predict model

The PreScore of each sample was calculated according to 
the expression level of the sample, and the PreScore distri-
bution of the sample was also characterized. Furthermore, 

the R package time Receiver operating characteristic (ROC) 
was used to perform ROC analysis of the PreScore subtype 
classification.

Quantitative PCR analyses

Total RNA was extracted from patient tumor tissue and 
adjacent normal tissue using a  FastPure® Cell/Tissue Total 
RNA Isolation Kit V2 (Vazyme). The RNA was reverse tran-
scribed to cDNA using HiScript®IIIRT SuperMix for qPCR 
(+gDNA wiper) (Vazyme, China), and cDNA products were 
amplified using a 96-well PCR Plates (Monad) with Taq 
Pro Universal SYBR qPCR Master mix (Vazyme). The 
expression of DXL1, FGFR1, LTBP2, MMP2, SLC13A2, 
SLCO1B3 mRNA in tissue was normalized to that of 
β-actin. Results were obtained by relative expression ratio 
(own CT/internal reference CT) (a lower Ct ratio represents 
a higher expression). The PCR primers sequences are shown 
in Table 1.

Human gastric tumor tissues collection 
and processing

The study was approved by the Ethics Committee of the 
Affiliated Hospital of Nanjing University of Traditional 
Chinese Medicine (Jiangsu Provincial Hospital of Tra-
ditional Chinese Medicine) (No. 2021NL-187-02), and 
written consent was obtained from all enrolled patients. 
Gastric tumor tissue from 60 patients came from the Affili-
ated Hospital of Nanjing University of Traditional Chinese 
Medicine (Jiangsu Provincial Hospital of Traditional Chi-
nese Medicine), including 60 pairs of gastric tumor tissue 
and adjacent non-tumor tissue. Inclusion criteria were as 

Fig. 1  Flow chart of the data 
analyzing process
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follows: (a) histological identification of GC; (b) absence 
of combined malignancy; and (c) availability of complete 
follow-up data. Patients who died within 1 month or had 
received chemotherapy or radiotherapy at the time of gas-
trectomy were excluded. From 2018 to 2021, 60 samples 
of gastric tumor tissue and adjacent non-tumor tissue were 
randomly collected and analyzed by Q-PCR, and patient 
information is shown in Table 2.

Follow‑up

All patients were systematically followed up by trained phy-
sicians who adhered to the institutional follow-up program; 
options for follow-up included outpatient services, letters, 
telephone calls, mail or visits. Survival time was defined as 
the time from the date of surgery to the last follow-up visit 
or date of death.

Survival analysis

Overall survival was performed by R package survival. The 
survival time, survival status and different immune groups 
were used to calculate the probability of survival.

Results

Identification of GC molecular subtypes based 
on metabolism‑related pathways

We performed the enrichment scores of 86 human metab-
olism-related pathways on GC samples to investigate the 
association with prognosis by Gene Set Variation Analysis 
(GSVA). The results showed that 34 metabolism-related 
pathways were significantly associated with prognosis (p 
value < 0.05; Supplemental Table1). Clustered analysis was 
also performed in all the samples (GSE57303, GSE34942, 
GSE84437, ACRG/GSE62254, GSE15459, GSE29272 and 
TCGA-STAD) through these 34 significant metabolism-
related pathways to identify metabolism-related GC sub-
types. To characterize the expression pattern of metabo-
lism-related pathways in different GC subtypes, Consensus 
Cluster Plus—an R package—was used to conduct consist-
ent clustering for the expression profiles, and the maximum 
cluster number was set to 6. Based on the enrichment score 
of metabolism-related pathways, the optimal clustering num-
ber of 2 was selected (Fig. 2A–C and Supplemental Fig. 1). 
The enrichment score of metabolism-related pathways in the 
two subclasses can be seen from the diagram as parts with 
differences (Fig. 2D). The heatmap showed that cluster 1 
(C1) had a high enrichment score in 11 pathways, including 
diseases of metabolism and diseases associated with gly-
cosaminoglycan metabolism. Cluster 2 (C2) showed high 
enrichment in 23 pathways, such as metabolism of nucleo-
tides and metabolism of cofactors. We further explored the 
relationship between our identified GC subtypes and clini-
cal features. Survival analysis (n = 1097) based on TCGA-
STAD dataset and 5 GEO datasets (GSE57303, GSE34942, 
GSE84437, GSE15459 and GSE29272) showed that these 
two subtypes had significantly different prognoses: C2 had a 
better prognosis while C1 had a poorer prognosis (log-rank 
P value < 0.0001, Fig. 2E).

Table 1  Primer sequences of the internal reference and the screened 
target genes

Gene name Direction Primer sequence (5′-3′)

β-Actin Forward TCA CCC ACA CTG TGC CCA TCT ACG A
β-Actin Reverse CAG CGG AAC CGC TCA TTG CCA ATG G
DLX1 Forward ACC ACC ATG CCA GAA AGT CTC AAC 
DLX1 Reverse GTA GGA CTG CAC CGA ACT GAT GTA G
FGFR1 Forward GGC CTC TAT GCT TGC GTA AC
FGFR1 Reverse GAG CTA CGG GCA TAC GGT TT
LTBP2 Forward AGA GAC TCA CTC CAA CCC AAA 
LTBP2 Reverse CCC ATT GGA ACC CAT CAT 
MMP2 Forward GTG ATG GTG TCT GCT GGA AA
MMP2 Reverse GGA AGC AAA CCT CGA ACA GA
SLC13A2 Forward GCC ATC AGC ATC CTA TTC GTC ATC C
SLC13A2 Reverse GCA TCT TCT GGT TCA CCG TCT TCC 
SLCO1B3 Forward AAG GCA TCG GAC AAT GAA AG
SLCO1B3 Reverse CAG TGA AAG ACC AGG AAC ACC 

Table 2  Clinical data of gastric cancer patients

Stage I + II (n = 11) Stage III (n = 49) P value
n/% n/%

Age (years) 0.2014
 < 60 0/0.00 16/32.65
 ≥ 60 11/1.00 33/67.35

Gender 0.2151
 Male 7/63.64 35/71.43
 Female 4/36.36 14/28.57

T stage 0.4918
 T1 + T2 2/18.19 2/4.08
 T3 + T4 9/81.81 47/95.92

N stage 0.4287
 N0 + N1 11/1.00 6/12.24
 N3 + N4 0/0.00 43/87.76

M stage 0.5136
 M0 11/1.00 48/97.96
 M1 0/0.00 1/2.04

Survival status 0.0227
 Dead 3/27.27 26/53.06
 Survival 8/72.73 23/46.94
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Differential gene expression and functional analysis

To further investigate and verify the accuracy of the above 
results, we applied subtype classification to gene expres-
sion data from the Asian Cancer Research Group (ACRG) 
cohort. We used the R package t test function to evaluate 
the significance of each gene in the comparison group and 
control group, and calculated the significant FDR of each 
gene using the p.adjust function, and finally obtained the dif-
ference information of each gene (p value < 0.05, |log2(fold 
change)|> 1) to finally obtain 528 differentially expressed 
genes. The differential expression between the two sub-
groups based on the metabolism-related typing could also be 
observed by the heat map which suggested that the clusters 
based on the metabolism-related pathways could be repro-
duced in other GC cohorts (Fig. 3A). Gene Ontology (GO) 
enrichment analysis of the differentially expressed genes 
generated by the two categories described above showed 
that most of the differentially expressed genes were enriched 
in extracellular matrix and skeletal muscle-related biological 
processes (Fig. 3B, C and Supplemental Fig. 2).

To elucidate the relationship between these enrichment 
pathways and clusters, we performed gene set enrichment 
analysis (GSEA) used to assess the relative expression 

differences between the two clusters. The results showed that 
11 pathways were more highly expressed in cluster1 com-
pared to cluster2 (Supplemental Table 2), while 10 pathways 
were more highly expressed in cluster2 compared to cluster1 
(Supplemental Table 3). Cluster 1 enriched pathways were 
associated with metastatic spread of GC and their upregula-
tion in expression often predicts a poor prognosis [18, 19]. 
Cluster 2 enriched pathways were associated with transmem-
brane transport of substances and glucose metabolism [20], 
which upregulation of expression of these pathways is posi-
tively correlated with a good prognosis. These results were 
consistent with the analysis of survival differences between 
cluster 1 and cluster 2.

Patients in the two molecular subtypes exhibited 
different immune status

Immunotherapy has become an established pillar of anti-
cancer therapy, achieving improved prognosis for a signifi-
cant number of cancer patients. Therefore, the present study 
further explored the expression levels of immune cells in 
metabolism-related subtypes. We totally found six types of 
immune cells have significantly difference between differ-
ent GC clusters. The results showed that the expression of 

Fig. 2  Identification of GC molecular subtypes based on metabolism-
related pathways. A Color-coded heatmap corresponding to the con-
sensus matrix for k = 2 obtained by applying consensus clustering. 
Color gradients represent consensus values from 0 to 1; white cor-
responds to 0 and dark blue to 1. B Delta area curves for consensus 
clustering indicating the relative change in area under the cumulative 

distribution function (CDF) curve for each category number k com-
pared to k-1. The horizontal axis represents the category number k 
and the vertical axis represents the relative change in area under CDF 
curve. C Consensus among clusters for each category number k. D 
Heatmap visualizing of metabolic differences between the two sub-
groups. E Survival curve of the patients in the two subgroups
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fibroblasts, mast cells resting and monocytes in C1 were 
higher than that in C2. Meanwhile, the activated NK cells, 
activated memory CD4+ T cells and regulatory T cells were 
expressed in C2 at higher levels than C1. (Fig. 4). These 
results suggested that there was an immune infiltration dif-
ference between the two subtypes obtained based on metabo-
lism. Immune dysregulation between subtypes may be asso-
ciated with poor prognosis in patients with GC.

Construction of a GC classification model based 
on metabolism‑related clusters

In addition, we performed differential gene analysis 
between clusters and enriched for relevant marker genes. 
We used a lasso regression model based on gene expres-
sion in the ACRG cohort (300 samples). Random sam-
pling of leave-one-out cross validation was performed for 
stability and accuracy of results from 528 differentially 
expressed genes. Finally, 59 genes were selected to con-
struct a diagnostic model 
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will be classified into cluster 1 (shorter survival). String 
11.0 software was used to infer the interaction between 
genes, and we found that MMP2, Thrombospondin 1 
(THBS1), CLCX12, Versican (VCAN) and TIMP Metal-
lopeptidase Inhibitor 2 (TIMP2) played important roles 
(Fig. 5A). To further narrow down the scope of the marker, 
we applied binary class SVM (Implements stochastic 
gradient descent for learning various linear models) and 
BestFirst (Studies the space of attribute subsets by greedy 
hill climbing augmented with a backtracking facility) in 
Weka3.8.4 software. The 9 markers were filtered using the 
greedy hill climbing search method with a backtracking 
facility (Fig. 5B and Supplemental Table 4). Grouping of 
combinations based on Weka software with nine genes 
could well distinguish between the two subtypes, and there 
was a significant survival prognosis difference between the 
two subtypes (p < 0.0001) (Fig. 5C), and then validated 
the analysis of each dataset for ROC validation analysis 
(Fig. 5D). So far, nine marker genes were obtained by 

Fig. 3  Differential gene expression and functional analysis. A The heat map shows that GSE62254 can be divided into two clusters. B, C Circle 
plot and network visualizing the biological processes enriched by gene ontology (GO) analysis
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Fig. 4  Two molecular subtypes exhibit different immune states. A–F 
The expression levels of fibroblasts (A) mast cells (B) monocytes (C) 
NK cells activated (D) T cells CD4+ memory activated (E) and regu-

latory T cells (F) in C1 and C2 were analyzed using CIBERSORT. G 
The heatmap of CIBERSORT analysis of six immune cells
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screening for differential genes among subtypes obtained 
based on metabolism.

Screening and clinical validation of marker genes

To explore the relationship between our identified marker 
genes and clinical features, we performed survival analysis 
on the ACRG cohort. Among the 9 genes we screened, we 
found that six marker genes (6/9, 66.7%) were significantly 
correlated with survival in GC (p value < 0.05). Notably, 
a high expression level of four markers (DLX1, FGFR1, 
LTBP2, MMP2) revealed a significantly poor overall sur-
vival (OS) (Fig. 6A–D). Meanwhile, a high expression level 
of two genes (SLC13A2 and SLCO1B3) was associated 
with a significantly better OS (Fig. 6E, F). Three of these 
genes were not significantly associated with survival in GC 
(Fig. 6G–I). Then, we constructed the Nomogram based on 
the clinical information of the patients and the established 
risk model (Fig. 6J). The actual model was shown to be 
largely consistent with the ideal model in the training set 
GSE26942, indicating that our model has a high accuracy 
(Fig. 6K, L). In addition, it also showed better predictive 
power in other validation cohorts (Figure S3).

To test the accuracy of the relationship between the six 
marker genes and survival prognosis, we verified the expres-
sion of the six genes in the tumor tissues of patients. DLX1, 

FGFR1, LTBP2 and MMP2 were all highly expressed in 
patients with advanced GC (stage III) (Fig. 7A–D), while 
SLC12A2 and SLCO1B3 were highly expressed in patients 
with early GC (stage I and II) (Fig. 7E, F). The Human 
Protein Atlas showed that the risk genes DLX1, FGFR2, 
LTBP2, and MMP2 were highly expressed in tumor tissues, 
while the protein expression levels of the protective genes 
SLCO1B3 and SLC13A2 were not significantly detected 
in normal and cancer tissues (Supplemental Fig. 3). Over-
all, it showed that there were significant differences in the 
expression of the six screened biomarkers in tumor tissues 
of patients with different survival stages, and the expression 
trend of each gene was consistent with the database analysis.

Discussion

In the present study, we identified two molecular subgroups 
with significant differences in overall survival by consensus 
clustering. Functional analysis revealed that most of the dif-
ferentially expressed genes were enriched in extracellular 
matrix and skeletal muscle-related biological processes. 
It was shown that extracellular matrix (ECM) remodeling 
plays an important role in both adipocyte shape/expansion 
remodeling and skeletal muscle (SM) metabolism [21]. The 
extracellular matrix not only serves as a tissue scaffold, but 

Fig. 5  Construction of a GC classification model based on metabolism-related clusters. A Gene Interaction Network. B LASSO analysis with 
minimal lambda. C Prognosis after combination of 9 markers. D ROC validation analysis
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also provides key biochemical and biomechanical cues that 
guide cell growth, survival, migration and differentiation as 
well as regulate vascular development and immune func-
tion [22].

In addition, there was growing evidence that the tumor 
mesenchyme was an important determinant of cancer pro-
gression, and the literature reports that the extracellular 
matrix contributes to the development and progression of 

Fig. 6  Survival analysis of marker genes in the classification model. 
A DLX1. B FGFR1. C LTBP2. D MMP2. E SLC13A2. F SLCO1B3. 
G-I Genes with no significant differences in survival analysis: 

APOC3, CPM, POU2F3. J Nomogram integrating risk score and 
clinical features. K, L Calibration of the nomogram at 3 and 5 years 
in the training cohort
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GC [23]. In the present study, GSEA results showed an 
enrichment of integrin-related pathways with collagen-
related pathways in cluster 1. Recent studies have shown 
that integrin signaling drives multiple stem cell functions, 
including tumor initiation, epithelial plasticity, metastatic 
reactivation, and resistance to oncogenes and immune-tar-
geted therapies [24]. The predictive value of αvβ6 integrin 
in GC has been highlighted, as their increased expression 
is frequently associated with lymph node metastasis and 
reduced patient survival in gastrointestinal cancers [25, 26]. 
Collagen has been shown to be dysregulated in the advanced 
stages of GC [27, 28]. Notably, a subset of collagen genes 

are considered to be powerful independent prognostic mark-
ers capable of distinguishing precancerous from malignant 
lesions [29]. The presence of collagen in the tumor micro-
environment has been reported to affect the metastasis of 
cancer cells [19], where COL10A1 has been shown to be 
a potential inducer of epithelial mesenchymal transition 
(EMT). Li et al. reported that COL10A1 may play a key 
role in GC progression and serve as a potential biomarker 
and therapeutic target for GC patients [30]. The SLC fam-
ily proteins, PPAR and P53 in the cluster 2 related path-
way are associated with the prognosis of GC [31–34]. The 
current study shows that pathways enriched in cluster 1 are 

Fig. 7  Further validation of prognosis-related genes. A–F Expres-
sion of 6 markers in tumor and adjacent normal tissue of GC patients. 
***p < 0.001; ****p < 0.0001. G–L Immunohistochemical pic-
tures of paracancerous and cancerous tissues. G DLX1 (Antibody 

HPA045884). H FGFR1 (Antibody HPA056402). I LTBP2 (Anti-
body HPA003415). J MMP2 (Antibody CAB002788). K SLC13A2 
(Antibody HPA014963). L SLCO1B3 (Antibody HPA050892)
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associated with poor progression of GC, consistent with the 
poorer survival prognosis of cluster 1. It suggests that GC 
can be classified into two subtypes based on metabolism.

In addition, we assessed the abundance of immune-asso-
ciated cells between the two clusters. We found that immune 
cells highly expressed in cluster 1 were able to secrete a 
variety of pro-invasive factors [35] or increase vascular per-
meability [36] to promote tumor invasion and metastasis. 
Both immune cells enriched in cluster 2 are associated with 
a good prognosis, for example, NK cells are an important 
component of the body’s immune surveillance system [37] 
while CD4+ T cells can both remove tumor cells indepen-
dently [38] and play an important effect in cellular immunity.

Finally, we screened metabolism-related genes in GC 
patients to obtain six genes that were significantly associ-
ated with prognosis in GC patients. The six genes used for 
risk modeling in this study have been shown to be strongly 
associated with tumor development and progression. DLX1 
is associated with metastatic status in prostate cancer and 
is a recognized non-invasive biomarker for prostate cancer 
(PCa) diagnosis [39]. DLX1 expression is upregulated in 
high-grade ovarian cancer and promotes the growth and 
migration/invasion of ovarian cancer cells [40]. In GC, 
LTBP2 has been shown to promote migration and invasion 
of GC cells and to predict poor prognosis in GC patients 
[41]. FGFR1 is a key driver in promoting GC progression 
and chemoresistance and has been increasingly recognized 
as a potential therapeutic target for GC [42]. MMP2 has been 
shown to have a pro-cancer role in hepatocellular carcinoma 
[43] and is associated with poor prognosis in several cancers 
[44, 45]. Studies on GC have shown that downregulation of 
the invasion-related gene MMP2 suppresses invasion and 
metastasis of gastric cancer [46, 47]. SLC13A2 encodes a 
transporter protein that transports intermediates of the tri-
carboxylic acid cycle and plays an important physiological 
role in the oxidative metabolism of cells [48]. SLCO1B3 of 
the organic anion transporter family was detected in breast, 
colon, pancreatic, gastric and prostate cancer cells, among 
which high expression in breast cancer inhibits the develop-
ment of breast cancer and can be used as a clinical indicator 
of prognosis [49]. These reports were consistent with our 
findings that DLX1, LTBP2, FGFR1 and MMP2 were risk 
factors for prognosis of GC patients, while SLC13A2 and 
SLCO1B3 were protective factors. In addition, the nomo-
gram we constructed combined the clinical patient’s gender, 
age, stage and risk model constructed based on six marker 
genes, had a more accurate prognosis and could be used as a 
prognostic tool for GC patients. Secondly, the clinical patient 
validation results also confirmed that the six marker genes 
associated with GC metabolism were significantly associated 
with GC prognosis. Therefore, our results suggested that GC 
metabolism-related heterogeneity was correlated with the 
prognosis of GC patients. The risk model constructed based 

on GC metabolism-related genes is expected to be a survival 
prediction model for GC. The six GC metabolism-related 
marker genes may be potential therapeutic targets for GC, 
and relevant assays can be developed in the future to guide 
the diagnosis and prognosis of GC clinics.

Conclusions

In conclusion, we staged GC based on metabolism, obtained 
two metabolically distinct GC subtypes, and further assessed 
the immune infiltration differences behind these subtypes, 
which provides additional insights into the relationship 
between tumor metabolism and immunity. In addition, a 
survival-related prediction model for GC was constructed 
based on six screened differential metabolism-related genes 
in gastric cancer and validated in the ACRG cohort and 
tissue samples from clinical patients. Our results provide 
a good theoretical guide for further study of metabolism-
related heterogeneity in GC and a target for therapeutic strat-
egies for metabolism-related heterogeneity in GC patients.
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