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Background: Glycolysis is a central metabolic pathway for tumor cells. However, the relationship between
glycolysis and the prognosis of gastric cancer (GC) patients is not well established. In this study, we sought to
construct a glycolysis-related gene signature for GC.

Methods: The messenger ribonucleic acid (nRNA) expression profiles were analyzed using data from The
Cancer Genome Atlas (TCGA) database. Glycolysis-related gene sets and pathways were obtained from the
Molecular Signatures Database (MSigDB). Subsequently, a prognosis prediction model of the glycolysis-
related genes was constructed using Cox and least absolute shrinkage and selection operator (LASSO)
regression analyses. An external validation was conducted using data from the Gene Expression Omnibus
(GEO) database. Risk scores were also calculated based on the signature. Finally, the correlations between
the risk score and overall survival (OS), mutation, immune cell infiltration, immune score, and stromal score
were examined in 22 types of infiltrating immune cells.

Results: Fifty-five glycolysis-related genes were identified from TCGA database and MSigDB. Using
the LASSO and Cox models, 4 novel genes (i.e., VCAN, EFNA3, ADH4, and CLDNY) were identified
to construct a gene signature for GC prognosis prediction. The GC patients with low-risk scores had
significantly better OS than those with high-risk scores in the training set. Similar results were also found
in the independent GEO GSE84437 testing set. Additionally, the degree of cell infiltration in the low-risk
group was significantly higher than that in the high-risk group in terms of naive B cells, plasma cells, and
T follicular helper cells. In monocytes, M2 macrophages, resting dendritic cells, and resting Mast cells, the
degree of infiltration in the high-risk group was significantly higher than that in the low-risk group. The
immune score and stromal score of the high-risk group were also significantly higher than those of the low-
risk group. Finally, the univariate and multivariate Cox regression analyses showed that 4 glycolysis-related
genes were independent prognostic factors for GC.

Conclusions: The established 4 glycolysis-related gene signature may serve as a reliable tool for the
prognosis of GC patients and provide a potential glycolysis therapeutic target for GC.

Keywords: Gastric cancer (GC); differential analysis; LASSO and Cox regression; glycolysis; prognosis
Submitted Jun 09, 2022. Accepted for publication Sep 08, 2022.

doi: 10.21037/atm-22-3980
View this article at: https://dx.doi.org/10.21037/atm-22-3980

© Annals of Translational Medicine. All rights reserved. Ann Transl Med 2022;10(18):1010 | https://dx.doi.org/10.21037/atm-22-3980


https://crossmark.crossref.org/dialog/?doi=10.21037/atm-22-3980

Page 2 of 16

Introduction

Gastric cancer (GC) is a very common disease, has the 2nd
highest cancer-associated mortality rate and represents a
serious threat to human health worldwide (1). GC is divided
into many subtypes, including squamous cell carcinoma,
adenocarcinoma, carcinoid, and adenosquamous carcinoma.
Among them, gastric adenocarcinoma is the most
common histological type of GC. Numerous treatment
methods, including surgery, adjuvant chemotherapy and
chemoradiation, may significantly improve the survival
rate of GC patients however, the 5-year survival rate of
GC patients remains unsatisfactory (2,3). The prognosis
of GC patients is poor, as GC patients are often diagnosed
at an advanced stage and effective treatments are limited.
It has been reported that tissue type, biological behavior,
pathological stage, location, and treatment are closely
related to the prognosis of GC patients (4). An increasing
number of potential biomarkers related to prognosis and
survival of GC have been developed. However, there is still
a lack of accurate prediction models and a single biomarker
hardly achieves a good prediction effect for GC. Thus,
effective models for predicting the prognosis and guiding
the treatment of GC patients in clinical practice urgently
need to be developed.

There is increasing evidence that metabolic reprogramming
is a common hallmark of cancer cells, and plays an important
role in the proliferation, invasion, and angiogenesis of
cancer cells (5-7). Aerobic glycolysis, also known as the
Warburg effect, is one of the most common metabolic
reprogramming methods. Previous studies have shown
that inhibiting aerobic glycolysis might effectively inhibit
the growth and induce the apoptosis of cancer cells (8-10).
A gene expression signature consisting with several genetic
markers might improve the specificity and sensitivity of
prediction for GC. Some studies using data from public
databases have also shown that glycolysis-related genes
can predict the prognosis of cancer patients, including
those with clear cell renal cell carcinoma (11), lung
adenocarcinoma (12), hepatocellular carcinoma (13),
breast cancer (14,15), ovarian cancer (16), and colorectal
cancer (17). Additionally, recent research has shown that
glycolysis-related genes might be used to effectively assess
the prognosis of GC patients (18,19). However, systematic
studies on the relationship between glycolysis-related genes
and the prognosis of GC patients are still lacking.

Thus, in this study, we analyzed the relationship between
glycolysis-related genes and the prognosis of GC patients,
and then established a novel 4 glycolysis-related gene
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signature to assess the prognosis of GC patients. Our results
provide novel insights into how to predict the prognosis of
GC patients. We present the following article in accordance
with the TRIPOD reporting checklist (available at https://
atm.amegroups.com/article/view/10.21037/atm-22-3980/rc).

Methods
Flowchart of study design
The study design is illustrated in Figure 1.

Tumor and clinical data collection

The clinical data and messenger ribonucleic acid (mRNA)
expression profiles of GC were downloaded from The
Cancer Genome Atlas (TTCGA) database (https://xena.ucsc.
edu/). In total, 350 GC samples and 31 normal control
samples were obtained from TCGA database. The somatic
mutation data of the GC samples were also downloaded
from TCGA database. Gene Expression Omnibus (GEO)
cohorts were used for the external validations. A total of
433 GC patient samples were retrieved and analyzed from
the GEO (https://www.ncbi.nlm.nih.gov/geo) database
(GSEB84437). The GES84437 cohort obtained from the
GEO database was analyzed using the GPL6947 platform.
The probe was matched to the genes. If multiple probes
were matched to the same gene, the highest expression level
of the gene was annotated as the expression level of the gene.
The clinicopathological characteristics of the GC patients
from The Cancer Genome Atlas Stomach Adenocarcinoma
(TCGA-STAD) cohort and the GSE84437 data set are set
out in Table 1. The study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013).

Identification of DEGs

R language (version 3.6.1) from the edge R package (20)
was used to compare the differential expression profiles of
the mRNAs in the GC and normal groups. Genes with a
false discovery rate (FDR) <0.05 and a |log, fold change (log,
FC)I >1 were identified as the differentially expressed genes
(DEGs) (20).

Enrichment analysis of glycolysis-related genes

We applied Molecular Signatures Database (MSigDB)
(http://software.broadinstitute.org/gsea/msigdb, version
7.1) to analyze the association of the DEGs between the
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Figure 1 The workflow for the construction of the glycolysis-related prognostic risk model for GC patients. TCGA, The Cancer Genome
Atlas; STAD, Stomach Adenocarcinoma; MSigDB, Molecular Signatures Database; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of

Genes and Genomes; LASSO, least absolute shrinkage and selection operator; GEO, Gene Expression Omnibus; GC, gastric cancer.

GC samples and normal control samples and identify the
glycolysis-related DEGs. Next, the glycolysis-related DEGs
were analyzed using the Kyoto Encyclopedia of Genes and
Genomes (KEGGQG) signaling pathways and Gene Ontology
(GO) through the R language “clusterProfiler” package (21).
An FDR value <0.05 indicated significant enrichment.

Differential expression analysis

Construction and validation of the prognostic
model of GC
The samples obtained from TCGA were used as the training

set to construct the model. A univariate Cox regression
analysis was performed to screen the glycolysis-related
DEGs whose expression levels were closely related to the
overall survival (OS) of the GC patients using the “survival”
R package. Subsequently, we further used least absolute
shrinkage and selection operator (LASSO) regression to
identify glycolysis-related genes for the prognostic signature
through the R package “glmnet” (22,23) according to the
results of the univariate Cox regression analysis (P<0.05).
Based on the results of the LASSO regression analysis, a
prognostic risk-score model was constructed. Finally, the
risk scores of 350 GC samples obtained from TCGA were
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Table 1 The clinicopathological characteristics of gastric cancer
patients obtained from TCGA-STAD and GSE84437

Characteristics TCGA-STAD GSEB84437
Number of samples 350 433
Median survival time (days) 475 2,040
Number of deaths, n (%) 146 (41.71) 209 (48.27)
Average age (years) 65.25 60.06
Gender, n (%)

Male 226 (64.57) 296 (68.36)

Female 124 (35.43) 137 (39.14)
FIGO stage, n (%)

| 46 (13.14) NA

Il 110 (31.43) NA

1] 145 (41.43) NA

\% 35 (10.00) NA

NA 14 (4.00) NA
Grade, n (%)

1 9 (2.57) NA

2 125 (35.71) NA

3 207 (59.14) NA

NA 9 (2.57) NA

TCGA, The Cancer Genome Atlas; STAD, Stomach Adenocarcinoma;
FIGO, International Federation of Gynecology and Obstetrics;
NA, not applicable.

calculated according to the model. The GC patients in
the training and testing sets were divided into the high-
and low-risk groups based on the median risk score. The
survival rates between the 2 groups were compared using
the log-rank test.

Immune cell infiltration analysis

In this study, the differences between the high- and low-risk
groups in terms of the mutation, immune cell infiltration,
immune score, and stromal score for the 22 types of
immune cells in the GC sample were performed using the R
language (version 3.6.1). The mutations of the 22 immune
cells in the GC sample were assessed using the “maftools”
R package. The infiltration levels of the 22 immune cells
in the GC sample were assessed based on CIBERSORT
(http://cibersort.stanford.edu/) (24). The immune and
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stromal scores of the 22 immune cells in the GC sample
were assessed using the “estimate” R package.

Statistical analysis

Univariate and multivariate Cox analysis were performed
by using the “survival” R package. LASSO analysis was
performed using the R package “glmnet”. The immune
and stromal scores in the GC sample were assessed using
the “estimate” R package. P value <0.05 was considered
statistically significant.

Results
Identification analysis of DEGs in TCGA

The differential expression profiles of the GC and normal
samples from TCGA were analyzed. Among the 381
samples of TCGA, 350 were GC samples and 31 were
normal control samples. The criteria for the DEGs were an
FDR value <0.05 and a llog, FCI value >1. As Figure 24
shows, a total of 3,058 DEGs were identified, of which 1,304
were upregulated and 1,754 were downregulated. The top
100 DEGs genes were selected and a heatmap was drawn
according to the Ilog, FCI values (see Figure 2B).

Envichment analysis of glycolysis-related DEGs

We analyzed the glycolysis-related genes in GC using the
MSigDB, and the MSigDB gene sets of 290 glycolysis-
related genes were then acquired (see Appendix 1). We
combined 3,058 DEGs and 290 glycolysis-related genes to
verify the glycolysis-related genes that differed significantly
between the GC and normal control samples. As Figure 3
shows, we identified a total of 55 glycolysis-related genes
that differed significantly between the GC and normal
control samples. To reveal the function of the glycolysis-
related DEGs, GO and KEGG analyses, including analyses
of the biological processes (BPs), molecular functions
(MFs), and cellular components (CCs), were performed on
the 55 glycolysis-related DEGs. The 55 glycolysis-related
DEGs were significantly enriched in the following BPs and
pathways: purine nucleoside monophosphate metabolism,
carbohydrate catabolism, purine nucleoside monophosphate
biosynthesis, adenosine diphosphate (ADP) metabolism,
glucose metabolism, nucleotide phosphorylation, and
gluconeogenesis (see Figure 4). Interestingly, none of the
55 glycolysis-related DEGs were enriched in terms of the
CCs (see Figure 4).
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Figure 2 Establishment of DEGs for GC in TCGA. (A) Volcano plot of the DEGs between the GC tissues and normal control tissues.
Upregulated genes (red), downregulated genes (green), and DEGs that were not statistically significant (gray). (B) A heatmap of top 100
DEGs. DEG, differentially expressed gene; GC, gastric cancer; TCGA, The Cancer Genome Atlas.

Glycolysis

Figure 3 Venn diagram showing the 55 glycolysis-related DEGs.
Orange indicates DEGs between GC tissues and normal control
tissues. Blue indicates the MSigDB glycolysis-related gene set.
Opverlap indicates DEGs. DEG, differentially expressed gene; GC,
gastric cancer; MSigDB, Molecular Signatures Database.

Construction and validation of the glycolysis-related gene
prognostic signature

We used 350 GC samples obtained from TCGA as the
training set to construct the model. We also conducted
a univariate Cox regression analysis to examine the
relationship between the 55 glycolysis-related DEGs
and patients’ OS in the training set. The univariate Cox
regression analysis showed that 4 glycolysis-related

© Annals of Translational Medicine. All rights reserved.

DEGs (i.e., VCAN, EFNA3, ADH4, and CLDNY9) were
significantly correlated with patients’ OS in the training set
(see Figure 5). A Kaplan-Meier analysis revealed that the OS
of the VCAN, ADH4, and CLDNY high-expression groups
was significantly worse than that of the VCAN, ADHA4,
and CLDNY low-expression groups (see Figure 5A,5B,5D).
The Kaplan-Meier analysis also showed that the OS of the
EFNA3 high-expression group was significantly higher than
that of the EFNA3 low-expression group (see Figure 5C).

Next, the corresponding 4 glycolysis-related genes of
VCAN, EFNA3, ADH4, and CLDN9 were selected for
the LASSO regression analysis. Based on the results of
the LASSO regression analyses, the 4 glycolysis-related
genes of VCAN, EFNA3, ADH4, and CLDN9 were used
to establish and validate the risk model for predicting GC
patients’ outcomes and coefficients (see Figure 6 and Table 2).
In the training set, the risk scores of the 350 GC samples
obtained from T'CGA were calculated using a LASSO
regression analysis according to the predictive signature
model of the 4 glycolysis-related genes. The following
formula was used to calculate the risk scores of the 4
glycolysis-related genes: risk score = 0.013876966 x Expr
(VCAN) - 0.016756713 x Expr (EFNA3) + 0.002457761 x
Expr (ADH4) + 0.018168653 x Expr (CLDNY).

Next, the GC patients in TCGA-STAD training set
were divided into high- and low-risk groups based on
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Figure 4 GO and KEGG analyses of the 55 glycolysis-related DEGs. (A) GO enrichment analysis of the 55 glycolysis-related DEGs by BP.
(B) GO enrichment analysis of the 55 glycolysis-related DEGs by MF. (C) KEGG enrichment analysis of the 55 glycolysis-related DEGs.
GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; ADP, adenosine diphosphate; CH-OH, CH-OH group; NAD,
nicotinamide adenine dinucleotide; NADP, nicotinamide adenine dinucleotide phosphate; DEG, differentially expressed gene; BP, biological

process; MF, molecular function.

the median value of the risk score using the log-rank
test (P=0.00074<0.001). As Figure 7 shows, in TCGA-
STAD training group, the OS of the high-risk group
was significantly worse than that of the low-risk group,
and the median survival time of the low-risk patients
was significantly prolonged. Additionally, the efficacy of
the predictive signature model was further validated by
the external independent GSE84437 testing set (n=433
samples) obtained from the GEO database (log-rank test
P=0.022<0.05). The prediction efficiency of the GSE84437

© Annals of Translational Medicine. All rights reserved.

testing set was consistent with the results of TCGA-STAD
training set (see Figure §).

Identification of the risk scores of the 4 glycolysis-related
genes corvelated biological pathways

We also examined whether high-risk GC scores were
correlated with specific mutations. As Figure 9 shows, the
mutation rate of 5 genes was >19% in the high-risk score
group, and the mutation rate of 25 genes was >19% in
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Figure 5 Kaplan-Meier curve of OS in the 4 glycolysis-related DEGs. (A) Kaplan-Meier curves of OS in the high- and low-expression
VCAN groups. (B) Kaplan-Meier curves of OS in the high- and low-expression ADH4 groups. (C) Kaplan-Meier curves of OS in the high-
and low-expression EFNA3 groups. (D) Kaplan-Meier curves of OS in the high- and low-expression CLDN9 groups. Green indicates a low

expression level. Red indicates a high expression level. OS, overall survival; DEG, differentially expressed gene.

the low-risk score group. Notably, we did not find any
significant correlations between the higher rates of gene
mutations and low-risk scores.

Estimation of the immune cell infiltration and immune
infiltration scores in different risk groups

To further explore the correlations between immune
cell infiltration and the 2 risk groups, we identified the
infiltration of 22 types of immune cells in TCGA training

© Annals of Translational Medicine. All rights reserved.

set using CIBERSORT. As Figure 10 shows, in 22 types of
immune infiltrating cells, the immune infiltration of naive B
cells, plasma cells, T follicular helper cells, monocytes, M2
macrophages, resting dendritic cells, and resting Mast cells
differed significantly between the high- and low-risk groups.
The immune infiltrations of naive B cells (P=0.006), plasma
cells (P=0.002), and T follicular helper cells (P=0.001) of
the low-risk groups were much greater than those of the
high-risk groups (see Figure 10). Moreover, the immune
infiltrations of monocytes (P<0.001), M2 macrophages
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Table 2 LASSO regression analysis

No. Gene Coefficient

1 VCAN 0.013876966
2 EFNA3 -0.016756713
3 ADH4 0.002457761

4 CLDN9 0.018168653

LASSO, least absolute shrinkage and selection operator.

(P<0.001), resting dendritic cells (P=0.007), and resting
Mast cells (P<0.0001) of high-risk groups were much
greater than those of the low-risk groups (see Figure 10). To
further examine the differences between the immune score
and stromal score of the 2 risk groups, we used Estimation
of Stromal and Immune cells in MAlignant Tumor tissues
using Expression data (ESTIMATE) to evaluate the
immune score and stromal score in TCGA training set. The
ESTIMATE results showed that the immune and stromal
scores of the high-risk groups were significantly higher than
those of the low-risk groups (P=1.1e-09, P<2.2e-16) (see
Figure 11).

The 4 glycolysis-related gene signature as an independent
prognostic factor

To explore whether the 4 glycolysis-related gene signature
was an independent prognostic factor for GC, a univariate

© Annals of Translational Medicine. All rights reserved.

Cox regression analysis was conducted using the TCGA
training set. The univariate analysis results indicated
that risk score [hazards ratio (HR): 4.99; 95% confidence
interval (CI): 2.55-9.77; P<0.001], age (HR: 1.02; 95%
CI: 1.01-1.04; P=0.007), histologic grade (HR: 1.31; 95%
CI: 0.98-1.75; P=0.068), gender (HR: 1.32; 95% CI: 0.93—
1.89; P=0.068), and tumor stage (HR: 1.22; 95% CI: 1.02—
1.46; P=0.028) were independent prognostic factors for
GC (see Table 3). The multivariable analyses also indicated
that risk score (HR: 5.42; 95% CI: 2.76-10.66; P<0.001),
age (HR: 1.03; 95% CI: 1.02-1.05; P<0.001), and tumor
stage (HR: 1.27; 95% CI: 1.05-1.53; P=0.012) remained
independent prognostic factors for GC (see Table 3).
These results demonstrated that risk score, age, and tumor
stage were significantly correlated with the OS of the GC
patients. After controlling for clinical features, including,
age, histologic grade, gender, and tumor stage, the risk
score of the 4 glycolysis-related gene signature was still
an independent prognostic indicator for GC patients (see
Table 3).

Discussion

Due to the complicated molecular mechanisms and
phenotypes of GC, the traditional prognostic systems,
including Lauren classification, TNM staging and
Borrmann classification, might be inaccurate at determining
the prognosis of GC patients in clinical practice. Thus,

Ann Transl Med 2022;10(18):1010 | https://dx.doi.org/10.21037/atm-22-3980
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Figure 7 Validation of the 4 glycolysis-related gene signature model in TCGA-STAD training set. (A) Kaplan-Meier survival curve analysis

for the OS of GC patients from the TCGA-STAD training set. Green indicates the low-risk group. Red indicates the high-risk group.
(B-E) The risk score, survival, and censoring of the high- and low-risk groups. (F) A heat map of VCAN, EFNA3, ADH4, and CLDNY gene
expression in the high- and low-risk groups. TCGA, The Cancer Genome Atlas; STAD, Stomach Adenocarcinoma; OS, overall survival;

GC, gastric cancer.

specific prognostic signature genes for GC patients urgently
need to be identified.

There is increasing evidence that glycolysis plays an
important role in the development of GC (25,26). To
explore the relationship between glycolysis-related genes
and the prognosis of GC patients, we first identified a total
of 55 glycolysis-related genes between the normal and
GC samples. Next, 4 glycolysis-related genes (i.e., VCAN,
EFNA3, ADH4, and CLDN9) were identified using
univariate Cox and LASSO regression analyses, and a risk
model for predicting GC patients was then established. The
GC patients were divided into high- and low-risk groups
in TCGA-STAD and the GSE84437 data sets according

© Annals of Translational Medicine. All rights reserved.

to the median risk score. We found that the OS of the
high-risk group was significantly worse than that of the
low-risk group, and the median survival time of the low-
risk patients was significantly prolonged in TCGA-STAD
and the GSE84437 data sets. The 4 glycolysis-related
gene signature also provided insights into immune cell
infiltration and immune infiltration scores in different risk
groups. Additionally, we confirmed that the 4 glycolysis-
related gene signature was an independent prognostic
indicator for GC patients.

Aerobic glycolysis, which is a main energy source,
provides ATP and nutrients for tumor cells, which
contributes to the unlimited proliferation and distal

Ann Transl Med 2022;10(18):1010 | https://dx.doi.org/10.21037/atm-22-3980



Page 10 of 16

A
100 7 Risk score
< =k= High
;; 75 1 e LOW
=
3
O 50 =—immmmem—— = o iy
[o R
S 1 1
< 1 1
5 25 1 1
@ 1 1
1 1
0 P=0.022 1 1
T T T T T T
0 1000 2000 3000 4000 5000
OS, days
C
Number at risk
o
§ High 4216 142 102 80 24 0
% Low 4217 162 119 77 20 0
o

0 1000 2000 3000 4000 5000
0OS, days

Number of censoring

No. censor
O—NWhuUl

0 1000 2000 3000 4000 5000
OS, days

Liu et al. A glycolysis-related gene signature for the prognosis of GC

B i
. Lo&*
o High g8k
0.5
o
9]
(8]
(7] -
X
i)
T
-05- ¢
H
I. T T T T
0 100 200 300 400
Patients (increasing risk score)
D
5000
o ® %o ° ® o0 e lLive
S & S, e - e
» 7 s %0 . % TH% JLan,0 "5“. n
g B ey § MO o0
- T e [ L) o o .ﬁ... ® ®
© A ¥ e % . ¢ o ® %eo %o
% 2000 - .;..‘.‘.8 o‘:.c‘.o e ®e .. : .*'. .... .‘
> L]
I N o T Ly
') ®e ° *ogn, 0 PO,
AL AT o A Sl o
T T T T T
0 100 200 300 400
Patients (increasing risk score)
F
TINTERNEID Group . 4
‘ VCAN =,
0
EFNA3
B -2
‘ ADH4 I -4
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for the OS of the GC patients from the GSE84437 training set. Green indicates the low-risk group. Red indicates the high-risk group. (B-E)
The risk score, survival, and censoring of the high- and low-risk groups. (F) A heat map of VCAN, EFNA3, ADH4, and CLDN9Y gene

expression in the high- and low-risk groups. OS, overall survival; GC, gastric cancer.

metastasis of tumor cells (27-29). Recent studies have
focused on clarifying the role of glycolysis-related genes
in tumors. Zhang et 4/l. found an 11-gene signature related
to glycolysis for predicting the prognosis of breast cancer
patients (14). Zhu et 4. identified a 5 glycolysis-related gene
signature for predicting the prognosis of colorectal cancer
patients (17). Bi er al. constructed a 5 glycolysis-related gene
signature for predicting the prognosis of ovarian cancer
patients (30). Yu et al. also constructed a 7-gene signature
for predicting the prognosis of GC patients (18).

There is increasing evidence that single gene features
are poor reliable prognostic markers. Studies examining
the relationship between glycolysis-related genes and the
prognosis of GC patients are still lacking. In this study,

© Annals of Translational Medicine. All rights reserved.

we downloaded clinical materials from TCGA database
to screen out a total of 55 glycolysis-related genes, which
differed significantly between the GC and normal control
samples. A total of 55 glycolysis-related genes were
significantly enriched in the BPs and pathways of purine
nucleoside monophosphate metabolism, carbohydrate
catabolism, purine nucleoside monophosphate biosynthesis,
ADP metabolism, glucose metabolism, nucleotide
phosphorylation, and gluconeogenesis.

We also conducted univariate Cox and LASSO
regression analyses to identify 4 glycolysis-related genes
(i.e., VCAN, EENA3, ADH4, and CLDNY9). VCAN, which is
a kind of chondroitin sulfate proteoglycan, is a component
of the extracellular matrix (27932299). Some studies have

Ann Transl Med 2022;10(18):1010 | https://dx.doi.org/10.21037/atm-22-3980
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shown that VCAN is positively correlated with a poor
prognosis in GC patients (31-33). EFNA3 is expressed in a
variety of tumors and is high in GC tissues, and thus might
be used as a prognostic marker for GC patients (18,34).
ADH#4 is a member of the ADH family and can metabolize
retinol and ethanol. Wei ez al. reported that ADH4 can be
used as a potential prognostic marker for hepatocellular
carcinoma (35). There is increasing evidence that CLDN9
can be used as a potential prognostic marker for some
cancer types, including esophageal adenocarcinoma,
endometrial cancer, and GC (18,36,37).

In our study, the Kaplan-Meier analysis revealed that
VCAN, EFNA3, ADH4, and CLDNY were significantly
associated with the OS of GC patients. VCAN, ADH4,
and CLDN9 were positively correlated with the OS of

Dataset TCGA
5000 1 Wilcoxon, P=1.1e-09 Wilcoxon, P<2.2e-16
2500 A
< ‘
I}
O
(%}
0 -
Risk Score
B High risk
—2500 -| B Low risk

T T
Immune Score Stromal Score

Figure 11 Immune score and stromal score in the high- and low-
risk groups. Green indicates the low-risk group. Red indicates the

high-risk group. TCGA, The Cancer Genome Atlas.

Table 3 Univariable and multivariable analyses for clinical feature
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GC patients. EFNA3 was negatively correlated with the
OS of GC patients. Further, we developed and validated
a glycolysis-related gene signature and risk-score model
based on the expression of VCAN, EFNA3, ADH4, and
CLDN?Y. The risk score model was divided into high- and
low-risk groups. Our results showed the OS of the high-
risk group was significantly worse than that of the low-
risk group and the median survival time of the low-risk
patients was significantly prolonged in TCGA-STAD and
the GSE84437 data sets. Additionally, we found the risk
score of the 4 glycolysis-related gene signature was an
independent prognostic indicator for GC patients. Our
results demonstrated that the 4 glycolysis-related gene
signature was a reliable model for predicting the prognosis
of GC patients.

Many studies have suggested that the immune
microenvironment plays an important role in cancer
development (38-40). The diverse clinical outcomes of
cancer patients with the same histological type might be
associated with different levels of immune infiltration.
Zheng et al. show that EFNA3 is negatively correlated with
the infiltration of immune cells in GC (34). Huang er al.
demonstrated that VCAN is positively correlated with the
high infiltration of immune cells in GC (31). Yu ez al. also
found that EFNA3 and CLDNY are closely correlated to
high immune infiltration in GC (18).

In this study, we identified the infiltration of 22 types of
immune cells in TCGA training set using CIBERSORT.
Our results suggest that immune infiltrations of naive B
cells, plasma cells, and T follicular helper cells in the low-
risk groups were much greater than those of the high-risk
groups. Additionally, the immune infiltrations of monocytes,
M2 macrophages, resting dendritic cells, and resting Mast
cells in the high-risk groups were much greater than those

of the low-risk groups. Additionally, we used ESTIMATE

Univariate analysis

Multivariate analysis

Variable

HR 95% ClI P value HR 95% Cl P value
Risk score 4.99 2.55-9.77 <0.001 5.42 2.76-10.66 <0.001
Age 1.02 1.01-1.04 0.007 1.03 1.02-1.05 <0.001
Histologic grade 1.31 0.98-1.75 0.068 - - -
Gender 1.32 0.93-1.89 0.12 - - -
Tumor stage 1.22 1.02-1.46 0.028 1.27 1.05-1.53 0.012

HR, hazards ratio; Cl, confidence interval.

© Annals of Translational Medicine. All rights reserved.
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to calculate immune and stromal scores in TCGA training
set. Our ESTIMATE results indicated that the immune and
stromal scores of the high-risk groups were significantly
higher than those of the low-risk groups. These results
indicated that the 4 glycolysis-related gene signature was
closely associated with immune cell infiltration in GC
patients.

The present study had some limitations. First, the
clinical information of GC patients was downloaded from
public databases. Second, we need to further validate
the prediction model in large-scale multicenter cohorts.
Third, we need to verify our findings by conducting basic
experiments at our hospital

In conclusion, a 4 glycolysis-related gene signature
(comprising VCAN, EFNA3, ADH4, and CLDNY9) was
constructed and validated and found to be related to the
prognosis of GC patients based on bioinformatics and
biological validation studies. Our results indicate that a
higher risk score indicates a poorer prognosis for GC
patients. The 4 glycolysis-related gene signature could also
provide novel insights into immunological biomarkers and

the underlying mechanism of GC.
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