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ABSTRACT

Gastric cancer is one of the most common malignant tumours in the world. As one of the crucial hall-
marks of cancer reprogramming of metabolism and the relevant researches have a promising application
in the diagnosis treatment and prognostic prediction of malignant tumours. This study aims to identify a
group of metabolism-related genes to construct a prediction model for the prognosis of gastric cancer.

A large cohort of gastric cancer cases (1121 cases) from public database was included in our analysis
and classified patients into training and testing cohorts at a ratio of 7: 3. After identifying a list of
metabolism-related genes having prognostic value, we constructed a risk score based on metabolism-
related genes using LASSO-COX method. According to the risk score, patients were divided into high-
and low-risk groups. Our results revealed that high-risk patients had a significantly worse prognosis than
low-risk patients in both the training (high-risk vs low-risk patients; five years overall survival: 37.2% vs
72.2%; p < 0.001) and testing cohorts (high-risk vs low-risk patients; five years overall survival: 42.9% vs
62.9%; p < 0.001). This observation was validated in the external validation cohort (high-risk vs. low-risk
patients; five years overall survival: 30.2% vs 40.4%; p = 0.007).

To reinforce the predictive ability of the model, we integrated risk score, age, adjuvant chemotherapy,
and TNM stage into a nomogram. According to the result of receiver operating characteristic curves and
decision curves analysis, we found that the nomogram score had a superior predictive ability than con-
ventional factors, indicating that the risk score combined with clinicopathological features can develop a
robust prediction for survival and improve the individualized clinical decision making of the patient.

In conclusion, we identified a list of metabolic genes related to survival and developed a metabolism-
based predictive model for gastric cancer. Through a series of bioinformatics and statistical analyses, the
predictive ability of the model was confirmed.

© 2020 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Gastric cancer (GC) is the most frequently diagnosed type of
malignant tumour and the primary cause of cancer death world-
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wide [1]. Although significant improvement has been witnessed
in the survival of GC due to early diagnosis and comprehensive
treatment [2,3], GC’s prognosis remains relatively poor. Presently,
the American Joint Committee on Cancer (AJCC) tumour-node-
metastasis (TNM) staging system has been generally conducted
to predict the prognosis of GC [4], whereas several patients with
a similar tumour stage finally obtain different clinical outcomes,
indicating that the TNM staging system is still incomplete.

In addition, carcinoembryonic antigen (CEA), carbohydrate anti-
gen (CA) 19-9, and CA 72-4 are used in clinical prediction for GC
widely. However, these biomarkers have a restricted efficiency in
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prediction for prognosis. Currently, gene biomarkers, such as
microRNA, circular RNA, and mRNA are becoming important
increasingly in the application of GC’s prognosis [5,6]. On the other
hand, there are many pieces of research developing prognostic
classifier that could split GC patients into different risk groups
based on the multigene expression [7-10]. Unfortunately, these
studies have a small size in the sample and fail to perform an inter-
nal validation to estimate the possibility for optimism and overfit-
ting in model performance [11].

Reprogramming of cellular metabolism is an important hall-
mark of cancer and is strongly associated with the tumorigenesis
[12,13]. In the 1920s, Warburg had revealed that an increased
amount of glucose was consumed by tumour tissues compared to
normal tissues [14]. Additionally, excessive activated anaerobic
glycolysis and impaired aerobic respiration are considered features
of tumour cells [15], and this observation was also found in GC
samples [16]. Aside from the metabolism of glucose, amino acid,
lipid, nucleotide, and other metabolite metabolism also present
an increased or decreased trend in the development of GC [17].
With the increasing application of bioinformatics analysis in the
diagnosis and prognosis prediction of malignant tumours, several
investigators have linked the metabolome to the genome, which
allows broad and accurate metabolite profiles to be profiled [18].

Therefore, it is essential to combine metabolomics with geno-
mics, and transcriptomics to obtain a more comprehensive under-
standing of tumour metabolism. Previous studies have utilized
metabolism-related genes to generate a predictive model for
glioma and achieve an excellent prediction effect [19-21]. To date,
however, there are no types of research using the expression pro-
file of metabolism-related genes to assist in the prediction of GC
patient outcomes. Therefore, the present study aims to identify a
group of metabolism-related genes to construct a predictive model
for GC.

2. Method and materials
2.1. Collection of data

We downloaded the gene expression profiling of GC from the
Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/-
geo/) database. The detailed inclusion criteria for candidate data-
sets are following: Human gene expression profile; gastric cancer
specimen; samples’ total count > 90; availability of follow-up
information (overall survival) and related clinical data. A total of
five datasets (GSE84437, GSE62254, GSE26942, GSE29272, and
GSE13861) were included in our study.

For the purpose of estimating the power and robustness of the
model, The Cancer Genome Atlas stomach adenocarcinoma (TCGA-
STAD) cohort, as the external validation cohort, was obtained from
UCSC Xena website (https://gdc.xenahubs.net). Furthermore, to
evaluate the specificity of the metabolic gene signature for GC,
we downloaded the mRNA sequencing data of the remaining 32
TCGA tumours from UCSC Xena website.

In this study, clinical variates involved age, sex, American Joint
Committee on Cancer (AJCC) stage, histological grade, Lauren type,
adjuvant chemotherapy (ACT), survival status, and survival time.
Subsequently, we excluded normal tissues adjacent to cancer, gas-
tric stromal tumours, and cases that lacked survival information
from these datasets.

2.2. Data processing

The mRNA microarray data sets had been normalized before
being downloaded from the GEO database. The sequencing data
were normalized as Fragments Per Kilobase Million (FPKM) value.
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Probe identifications of gene matrix files were transformed into
gene symbols according to the annotation file from the corre-
sponding platform. All gene expression values were processed by
log2, and the average value was taken as the final expression value
if multiple probes corresponded to the same gene symbol. Because
of our data involving a combination of multiple datasets, the
Empirical Bayes method (“sva” package) was executed to diminish
the batch effect after merging these series [22]. Finally, based on
the ratio of 7: 3, these cases were randomly grouped into a training
and testing cohorts (internal validation).

2.3. Extraction of metabolism-related genes

In this study, all metabolism-related genes were derived from
Kyoto Encyclopedia of Genes and Genomes (KEGG) metabolism-
related gene sets (“c2.cp.kegg.v7.0.symbols.gmt”; http://software.
broadinstitute.org/gsea/downloads.jsp). After intersecting the
whole gene set of samples with the metabolic gene sets, we iden-
tified 703 metabolism-related genes in our transcriptome data. The
expression level of these genes was also extracted from each case
to perform further analysis.

2.4. Construction and validation of the metabolism-related signature

In the training cohort, univariate Cox regression analysis (“sur-
vival” package) was performed to screen the metabolic genes cor-
related with survival. To address the impact of overfitting, the
Least Absolute Shrinkage and Selection Operator (LASSO) algo-
rithm (“glmnet” package) was performed to select potential genes
to construct metabolic gene signature [23]. LASSO method has
many advantages in the development of the model. First of all,
the Lasso method is initially formulated for linear regression mod-
els, which makes the model more simple and visualized. It also can
reduce variance through removing and shrinking coefficients,
which provide a good prediction accuracy. Furthermore, it can
increase the model interpretability and decrease overfitting by
eliminating irrelevant variables.

The values of penalty parameter A were determined by 200-fold
cross-validations. Finally, these genes selected by LASSO were used
to develop a formula comprising the gene expression level (expr)
weighted by the corresponding coefficient:

Risk score = [Expr ofgene(1) x coefficient of gene(1)]
+ [Expr of gene (2) x coefficient of gene(2)] + ...
+ [Expr of gene (n) x coefficient of gene(n)]

Based on the optimal cut-off value of the training cohort calcu-
lated by “survminer” package, training, and test cohorts were clas-
sified into high- and low-risk groups, respectively. Next, we
applied the multivariate Cox regression analyses to determine
whether the risk score was an independent prognostic factor for
GC. Moreover, calibration curve, receiver operating characteristic
(ROC) analysis (“survival ROC” package), and decision curve analy-
sis (DCA) was used to estimate the accuracy and clinical utility of
the model for prognosis [24].

2.5. Bioinformatic analysis

Based on Hallmarks gene set (“h.all.v7.0.symbols.gmt”), GSEA
software  (https://www.gsea-msigdb.org/gsea/login.jsp)  was
applied to identify the significantly enriched pathways between
the high- and low-risk groups. Metascape tool (http://metascape.
org/) was carried out to achieve the functional annotation of the
metabolism-related genes selected by LASSO [25]. Moreover, we
investigated the association between the risk score and immune
cell infiltration using CIBERSORT algorithm (https://cibersort.
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stanford.edu/index.php), and the algorithm can identify 22 types of 2.6. Statistical analysis

human immune cell phenotypes according to the gene expression

data [26]. Samples with a CIBERSORT result of p < 0.01 were con- All statistical analyses were performed using R version 3.6.0

sidered to be eligible for further analysis. (http://www.r-project.org). Wilcoxon and Kruskal-Wallis tests
were used to compare continuous variables. Categorical variables

Series
GSE62254 n=300
Metabolism-related GSE84437 n=433
- Excluded
gene sets GSE26942 n=217 165 cases of normal tissue
GSE13861 n=90 9 cases of gastric stromal
GSE29272 n=268 tumor
13 cases that lacked

survival information

Intersection

Entire cohort
1121 cases

Training cohort ! _
Rate 7:3 Testing cohort

782 cases 339 cases

v

A

Internal validation

Univariate Cox
regression analysis

TCGA-STAD cohort

337 cases

v
v
20 metabolism-related
LASSO-COX model ——» <+—|External validation
genes
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analysis e . nomogram
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Fig. 1. Flow diagram of the model's Construction and validation. LASSO, least absolute shrinkage and selection operator.
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were analyzed by chi-square. Overall survival (OS) was defined as
the length of time from the date of diagnosis to death from any
cause. The survival curves of the two groups were estimated using
the Kaplan-Meier method, and significant differences were exam-
ined using the log-rank test. All p values were based on two-sided
statistical tests, and p < 0.05 was considered statistically
significant.

3. Result
3.1. Patient characteristics and the Construction of the risk score

As shown in Fig. 1, we excluded 165 cases of normal tissue adja-
cent to cancer, 9 cases of gastric stromal tumour, and 13 cases that
lacked survival information. Finally, a total of 1121 cases were
included in our analysis, and patient characteristics are displayed
in Table 1. Subsequently, these cases (1121) were randomly sepa-
rated into a training cohort (7 8 2) and testing cohort (3 3 9) at a
ratio of 7: 3. In the training cohort, the univariate Cox regression
analysis was utilized to screen metabolic genes related to survival.
As a result, 56 metabolic genes (p < 0.001) were selected to achieve
further analysis. Nevertheless, Strong correlations among these
genes were observed in the training cohort (Fig. 2A). Therefore,
we used the LASSO algorithm to reduce overfitting and construct

the model.

After performing and the LASSO algorithm, a total of 20
metabolism-related genes were selected to develop the formula

(Fig. 2B, C):

Table 1

Clinicopathological characteristics.

Computational and Structural Biotechnology Journal 18 (2020) 3217-3229

Risk score = GSTZ1 x (-0.1612) + ACOX3 x (-0.0262) + CYB5R3 x
(0.1392) + PDE8B x (0.0269) + LTC4S x (0.0007) + ME2 x
(-0.0671) + AMD1 x (—0.0003) + PAFAH2 x (—0.1058) + GSTO1 x
(-0.1627) + METTL2B x (—0.3462) + TYRP1 x (0.1403) + ALDH1A3
x (0.0157) + DDC x (—0.0223) + DGKI x (0.0574) + GUCY1A2 x
(0.5639) + SCLY x (—0.0965) + CYP1B1 x (0.0125) + CD38 x (-0.2
146) + COX10 x (—0.1336) + HIBCH x (—0.1082)

Then, a risk score was calculated for each patient based on the
formula. Finally, we calculated the optimal cut-off value (—3.82)
that can generate the largest survival difference between the
high- and low-risk groups (Fig. S1). In the training cohort, the dis-
tribution of risk scores and the survival status of patients are dis-
played in Fig. 2D.

3.2. Validation and evaluation of the metabolic gene signature

As shown in Fig. 3A, high-risk patients remarkably had a worse
prognosis compared to low-risk patients in the training cohort
(high-risk vs. low-risk patients; five years OS: 37.2% vs. 72.2%;
p < 0.001). The results of the multivariate Cox regression analysis
showed that the risk score, as a continuous variable, was signifi-
cantly associated with OS, suggesting that it was an independent
prognostic factor (HR = 2.78, 95% CI: 2.02-3.83; p < 0.001; Table 2).

To validate the prognostic value of the signature in another
cohort, the same formula was applied to the testing cohort for cal-
culating the risk score. Similarly, patients in the testing cohort
were divided into high- and low-risk groups based on the same
cut-off value. The results revealed that a significant difference in

Variable

Training cohort (n = 782)

Testing cohort (n = 339)

high-risk group

low-risk group

high-risk group low-risk group

N
Risk score (median)
Age (median)

286
~3.58 (~3.73, —3.37)
61.00 (52.00, 68.00)

496

~4.16 (—-4.39, —3.99)
61.00 (53.00, 68.00)

Gender

Male 87 (30.5) 154 (31.1)
Female 198 (69.2) 340 (68.5)
Unknown 1(0.3) 2(0.4)
Stage

1 15 (5.2) 60 (12.1)
1 25 (8.7) 83 (16.7)
11 101 (35.3) 159 (32.1)
v 22 (7.7) 20 (4.0)
Unknown 123 (43.1) 174 (35.1)
Lauren classification

diffuse 50 (17.5) 96 (19.4)
intestinal 85 (29.7) 172 (34.7)
mixed 11 (3.8) 16 (3.2)
Unknown 140 (49.0) 212 (42.7)
Adjuvant chemotherapy

No 71 (24.8) 124 (25.0)
Yes 62 (21.7) 152 (30.6)
Unknown 153 (53.5) 220 (44.4)
Tumor location

antrum 64 (22.4) 139 (28.0)
body 62 (21.7) 112 (22.6)
cardia 25(8.7) 42 (8.5)
Unknown 135 (47.2) 203 (40.9)
Histological grade

G1/G2 34 (11.9) 79 (15.9)
G3 66 (23.1) 119 (24.0)
Unknown 186 (65.0) 298 (60.1)
Overall survival

Alive 101 (35.3) 330 (66.5)
Dead 185 (64.7) 166 (33.5)

Survival time (median)

2.67 (1.04, 5.74)

5.50 (2.26, 7.64)

123 216
~3.57 (~3.70, —3.40) ~4.19 (~4.35, ~4.01)
61.00 (52.00, 68.00) 63.00 (54.00, 68.00)

89 (72.4) 148 (68.5)
34 (27.6) 68 (31.5)
0(0) 0(0)

6 (4.9) 17 (7.9)
12 (9.8) 28 (13.0)
51 (41.5) 74 (34.3)
7(5.7) 7(3.1)

47 (38.2) 90 (41.7)
28 (22.8) 30 (13.9)
38 (30.9) 62 (28.7)
2 (1.6) 10 (4.6)
55 (44.7) 114 (52.8)
32 (26.0) 38 (17.6)
30 (24.4) 55 (25.5)
61 (49.6) 123 (56.9)
33 (26.8) 49 (22.7)
26 (21.2) 33 (15.2)
11 (8.9) 20(9.3)
53 (43.1) 114 (52.8)
17 (13.8) 38 (17.6)
32 (26.0) 41 (19.0)
74 (60.2) 137 (63.4)
51 (41.5) 132 (61.1)
72 (58.5) 84 (38.9)

2.14 (1.16, 6.07) 4.05 (1.88, 7.03)
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Fig. 2. Construction of the risk score in the training cohort. (A). The correlation analysis of the 56 metabolism-related genes (B). LASSO coefficient of the 20 metabolism-
related genes. The dotted vertical line shows the value of lambda selected by 200-fold cross-validation via minimum criteria; (C). The 200-fold cross-validation for variable
selection in the LASSO model. The two dotted vertical lines indicate the optimal values by using the minimum criteria and the 1-SE criteria; (D). Distribution of the risk score

and survival state of patients in the training cohort.

survival was observed between the two groups in the testing
cohort (high-risk vs low-risk patients; five years OS: 42.9% vs
62.9%; p < 0.001; Fig. 3B). Consistently, multivariate Cox regression
analysis suggested that adjusting for covariates of age, ACT, and
tumour stage, the risk score (continuous variable) was identified
as an independent prognostic factor in the testing cohort
(HR = 2.08, 95% CI: 1.37-3.14; p < 0.001; Table 3).

Subsequently, we estimated the predictive ability of the risk
score for the two-, three-, and five-year OS by analyzing the
time-dependent ROC curve. The ROC results in training, testing
and entire cohorts were depicted in Fig. 3D, E, and F, respectively.
Finally, principal component analysis (PCA) was performed to
investigate the different distribution patterns between the high-
and low-risk groups on the basis of the metabolic genes and
whole-genome expression. The result showed that whether based
on the metabolism-related genes or whole-genome expression, the
two groups presented a distinct separation in the training and test-
ing cohorts, respectively. (Fig. S2).

3.3. Correlation between the risk score and clinical features

To explore the prognostic value of the signature in a different
population, the entire cohort was classified into several subgroups
based on clinical features to estimate survival curves between the
high- and low-risk group. However, subgroup survival analyses
found that whether tumour stage I/II or III/IV, and receiving ACT
or not, the patients in the high-risk group were significantly asso-
ciated with a poor prognosis (all p < 0.001; Fig. 4A-D). Additionally,

3221

cases in the entire cohort were used to investigate the correlations
between the risk score and clinicopathological characteristics of
patients (Fig. 5A). The results showed no differences in the risk
score between different sexes, age groups, histological grade, Lau-
ren classifications, and tumour locations (all p > 0.05). However,
we found that a higher risk score was significantly associated with
advanced tumour stage (p < 0.001).

We finally evaluated the association between the risk score and
immune microenvironment using CIBERSORT algorithm. As shown
in Fig. 5B, B cells naive, T cells CD4 memory resting, monocytes,
macrophage M2, and mast cells resting were more enriched in
the samples of the high-risk group. However, plasma cells, T cells
CD8, T cells CD4 memory activated, T cells follicular helper, and
macrophage M1 showed more abundant density in the samples
of the low-risk group (all p < 0.05).

3.4. External validation in the independent dataset

After excluding 38 GC patients without survival information, we
used TCGA-STAD cohort containing 337 GC patients as external
validation. By using the same formula, we calculated risk score
for each patient in TCGA-STAD cohort. Patients were separated into
high- and low-risk groups based on the median of the risk scores as
cut-off value. The survival curve showed that the low-risk group
were significantly associated with lower mortality (high-risk vs
low-risk patients; five years overall survival: 30.2% vs 40.4%;
p = 0.007; Fig. 6A). This finding was consistent with observations
from the training cohort.
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Fig. 3. The association between the overall survival and risk score. (A)-(C). Kaplan-Meier curves for overall survival between the high- and low-risk groups in the training,
testing, and entire cohorts, respectively; (D)-(F). The time-dependent Receive operating characteristic (ROC) curves for the risk score in the training, testing, and entire

cohorts, respectively.

Table 2

Univariate and multivariate Cox regression analyses of the risk score and clinical characteristics with the overall survival in the training cohort.

Univariate analysis Multivariate analysis

Variable HR 95%Cl p-value HR 95%Cl p-value
Age 1.02 1.01-1.03 <0.001 1.02 1.01-1.03 0.006
Gender (male vs. female) 1.18 0.93-1.48 0.170
Tumor stage (III/IV vs. I/II) 3.34 2.40-4.64 <0.001 349 2.45-4.98 <0.001
Adjuvant chemotherapy (Yes vs. No) 0.53 0.40-0.71 <0.001 0.48 0.35-0.65 <0.001
Risk score 3.61 2.83-4.60 <0.001 2.78 2.02-3.83 <0.001
Table 3
Univariate and multivariate Cox regression analyses of the risk score and clinical characteristics with the overall survival in the testing cohort.
Univariate analysis Multivariate analysis
Variable HR 95%Cl p-value HR 95%CI p-value
Age 1.00 0.99-1.02 0.571
Gender (male vs. female) 0.78 0.56-1.09 0.143
Tumor stage (III/IV vs. I/1I) 3.25 1.91-5.55 <0.001 3.91 2.18-7.01 <0.001
Adjuvant chemotherapy (Yes vs. No) 0.61 0.40-0.94 0.026 0.50 0.32-0.78 0.002
Risk score 2.75 1.95-3.89 < 0.001 2.08 1.37-3.14 <0.001

To estimate the specificity of the metabolic gene signature for
GC, we applied the same formula to the mRNA sequencing data of
32 types of TCGA tumours, including 30 solid tumours and two
blood system tumours. Based on the result, we found that the sig-
nature can significantly distinguish patients with different survival
outcomes in seven types of tumours (cervical cancer, mesothe-
lioma, ovarian cancer, cutaneous melanoma, kidney chromophobe,
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rectal cancer, and thymoma; p < 0.05; Fig. 6B-H). Moreover, the sig-
nature was also marginally associated with survival outcomes in
four types of tumours (ocular melanoma, bladder cancer, sarcoma,
and kidney papillary cell carcinoma; Fig. 61-L). Although the results
of log-rank test did not reach the level of statistical significance
(p < 0.05), the survival curves were remarkably separated and the
result of the hazard ratio was acceptable in the four tumours.
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Fig. 4. Stratified survival analysis of the high- and low-risk groups in the entire cohort. (A). Kaplan-Meier curves for overall survival between high- and low-risk group in the
patients with I/II stage; (B). Kaplan-Meier curves for overall survival between high- and low-risk group in the patients with III/IV stage; (C). Kaplan-Meier curves for overall
survival between the high- and low-risk group in the patients who received adjuvant chemotherapy. (D). Kaplan-Meier curves for overall survival between the high- and low-

risk group in the patients who did not receive adjuvant chemotherapy.

3.5. Construction and evaluation of nomogram

To reinforce the model’s predictive power, we integrated the
risk score and three clinical variables, including age, ACT, and
tumour stage into a nomogram (Fig. 7A). The calibration curves
for the nomogram showed favourable consistency between actual
observation and predictive value (Fig. 7B). In Fig. 8A, we displayed
the ROCs for the five-year OS of these variables. the Area Under
Curves (AUCs) of the nomogram score were 0.81, 0.75, and 0.80
in the training, testing, and entire cohorts, respectively, with better
prognostic efficiency compared to the other variables (p < 0.05).
Lastly, DCA was used to compare the clinical net benefit between
the nomogram and other models. As shown in Fig. 8B, the nomo-
gram had a better net benefit across a wider scale of threshold
probabilities for predicting three-year OS than conventional stag-
ing system and risk score.

3.6. Exploration of biological function

To determine the potential biological pathway, GSEA software
was utilized to explore the differences in the Hallmark pathway
between the two groups. According to our results, the six pathways
were significantly enriched in the high-risk groups (all p < 0.05,
FDR q < 0.25, INES| > 1), including “myogenesis”, “epithelial-
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mesenchymal transition”, “UV response DN”, “angiogenesis”, “api-
cal junction”, and “hedgehog signaling” (Fig. 9A). Next, we demon-
strated the top five pathways in the high- and low-risk groups in
Fig. 9B. Finally, the Metascape tool was used to achieve the func-
tional annotation for the 20 metabolism-related genes and to help
us explore the potential molecular mechanisms (Fig. 9C, D). The
result showed that the biological processes of these genes primar-
ily engaged in the pathways named “tyrosine metabolism”, “cofac-
tor metabolic process”, “metabolism of amino acids and

derivatives”, “monocarboxylic acid metabolic process”, “nucleotide

» o«

metabolic process”, “biological oxidations”, and “generation of pre-
cursor metabolites and energy”.

4. Discussion

As the only predictive model generally used in clinical, the TNM
staging system merely used clinicopathological features of patients
to predict outcomes. Owing to the high heterogeneity of GC,
patients with similar stage often have different survival outcomes,
indicating that the TNM staging system has reached its limit of pre-
dicting patients’ survival. Although numerous prognostic models
using molecular signature have been developed by researchers,
only conventional Her-2, CEA, CA19-9, and CA72-4 were applied
to assisting prediction for GC patients’ outcomes in clinical practice
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Fig. 5. (A). Distribution of the risk score in different clinicopathological features in the entire cohort. (B). Comparisons of 22 infiltrated immune cells between the high- and

low-risk groups.

[27]. However, these biomarkers were mainly used in diagnosis
and monitoring of recurrence in GC patients. The biomarker that
can play a key role in prognostic prediction for GC were rare. With
the rapid development of gene sequencing technology, a lot of
solid biomarkers that have prognostic value for GC patients has
been identified and validated in multiple independent datasets
[28], which promotes the accuracy of prediction for prognosis.

To ensure the effectiveness and stability of the predictive
model, the study involved multiple datasets (1121 cases) in con-
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structing a novel gene signature and performed external valida-
tion in an independent cohort. The main finding showed that
patients with high-risk scores were negatively associated with
survival, and this observation was confirmed in the internal val-
idation cohort. This finding was also validated in the TCGA-STAD
cohort. In the analysis of specificity for the signature, we
selected the 32 types of TCGA tumours to validate the 20 genes
signature. According to the survival curve analysis, the signature
was correlated with overall survival in the 11 types of tumours.
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One explanation for this result may be that the metabolic signa- an important role in tumorigenesis. Identification of these path-
ture is specific to several tumours to some extent. In these ways will contribute to the research of the mechanism and
tumours, there may be similar metabolic pathways that play development of the drug.
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Fig. 7. Construction of nomogram; (A). A nomogram that integrated the risk score and age, adjuvant chemotherapy,

three, and five-year overall survival.

To determine whether tumour stage and use of ACT can affect
the predictive ability of the risk score, stratification analysis was
conducted to compare the two groups’ survival in a different sub-
group (tumour stage I/Il or III/IV, and receiving ACT or not). The
results showed that a survival advantage for the low-risk group
could be displayed in the four subgroups, suggesting that the risk
score has a broad utility in GC patients. Moreover, we integrated
risk score, age, ACT, and TNM stage into a nomogram and then, cal-
culated a nomogram score for each patient. According to the result
of ROC and DCA, we found that the nomogram score had a superior
predictive ability than conventional staging system (p < 0.001),
suggesting that the risk score combined with other clinical
information can develop a robust prediction for survival. In the
future clinical practice, oncologists can use genetic detection to
obtain information of expression of the 20 metabolic genes.
Through combing with clinical variables mentioned above, our
nomogram can accurately calculate the specific survival probabil-
ity of each patient, which improves the individualized clinical deci-
sion making of GC patient.

Nomogram-prediced 3-year OS
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Nomogram-prediced 5-year OS

and tumour stage. (B). The calibration curves for two,

Numerous researches have reported that the immune infiltrates
in the tumour are of clinical importance [29-31]|. Zeng et al.
revealed that infiltrating immune cell was an independent prog-
nostic biomarker in GC, and estimated its value in predicting
chemotherapeutic and immunotherapeutic outcomes [32,33].
Therefore, we compared the differential abundance of tumour-
infiltrating immune cells between the two groups and observed
ten types of immune cells that were significantly different. There-
into, plasma cells, T cells CD8+, T cells CD4 + memory activated,
and macrophage M1 were more enriched in the low-risk group.
Liu et al. found that high densities of T cells CD8 + and T cells
CD4 + were associated with better clinical outcomes in GC [34].
Matsumoto et al. reported that high levels of CD8 + and CD4 + T cell
infiltrate were correlated with better survival in triple-negative
breast cancer [35]. Extensive literature has shown that tumour-
infiltrating plasma cells have a positive prognostic effect for cancer
[36]. Furthermore, we also observed a higher level of macrophage
M2 and a lower level of macrophage M1 in the high-risk group
than the low-risk group. Nevertheless, there is plenty of evidence
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Fig. 8. Evaluation of the nomogram. (A). The ROC curves for five-year overall survival

cohorts, respectively. (B). Decision curve analysis for the risk score, TNM staging system,

grey line represented all patients would die.

that high infiltration of M2 macrophages in tumour and low infil-
tration of M1 macrophages were associated with reduced OS
[37,38]. Accordingly, the above immune cell infiltration patterns
may help to explain the outcome that the low-risk group had a bet-
ter prognosis.

In addition, we explored the biological processes in the two
groups using GSEA analysis. The results revealed that a total of
six pathways were significantly enriched in the high-risk group.
Thereinto, “epithelial-mesenchymal transition” (EMT) is consid-
ered integral in the development and wound healing, whereas it
contributes pathologically to tumorigenesis [39]. As the canonical
signalling pathway in tumorigenesis, EMT was significantly corre-
lated with initiation, invasion, and metastasis of GC [40]. The path-
way called “Angiogenesis” might be related to the metabolic
alteration of glucose metabolism previously mentioned [15]. In
the 2000 s, Constant et al. reported that an increased level of lac-
tate could promote angiogenesis by inducing tumour-related stro-
mal cells to secrete vascular endothelial growth factor (VEGF) [41].
Furthermore, overexpression of the hedgehog signalling pathway
can repair the damaged gastric mucosa caused by helicobacter
pylori (H pylori) infection [42]. Nevertheless, the low-risk group
was primarily concentrated on MYC target and cell cycle-related
pathways. Based on previous studies, MYC can drive specific meta-
bolic pathways [43]. Activation of the cyclin-dependent kinase
(CDK) can lead to the progression of the cell cycle, whereas overex-
pression of cyclin D1 and D2 were detected in GC [44]. In summary,
these enriched pathways were mainly linked to gastric tumorigen-
esis and the alteration of metabolism. Exploration of underlying
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Threshold probability

Threshold probability

of the risk score and other clinical variables in the training, validation, and entire
and the nomogram. The solid black line represented no patients would die, and the

molecular mechanisms helps to develop novel therapeutic targets
for GC.

However, our present work has several limitations. First, all of
the research data are derived from a public database, which makes
it difficult to collect complete clinical information for each patient.
Moreover, this study involved multiple series, and the batch effect
was inevitable despite applying the statistical method to reduce it.
Last but not least, this was a retrospectively designed study, and
the potential bias correlated with unbalanced clinicopathological
features cannot be ignored. Further prospective studies and exper-
iments are urgently needed to validate the prognostic value of
metabolic genes.

5. Conclusion

In this study, for the first time, we identified a list of metabolic
genes related to survival and developed a metabolism-based gene
signature for GC. Through a series of bioinformatics and statistical
analyses, the predictive ability of the signature was confirmed. We
believe that it will lead to the discovery of a novel landscape for the
therapeutic strategy of the tumour.
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