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Abstract
Gastric cancer remains one of the five major malignant tumors in the world, posing a great threat to
public life and health. As gene sequencing technology develops, it is urgent to find out specific molecular
markers for cancer therapy. In this study, datasets of GSE13911, GSE30727, GSE63089 and GSE118916
were investigated by bioinformatics analysis, and differentially expressed genes (DEGs) between GC
tissues and normal tissues were screened for potential cancer therapeutic targets.
Furthermore, the GSE63089 dataset was analyzed by Weighted Gene Co-expression Network Analysis
(WGCNA), and the highly related genes were clustered. Then, the hub genes were searched using coexpression network and Molecular Complex Detection (MCODE) plug-in from Cytoscape software. Finally,
ASPM, COL11A1 and CDC20 were obtained by intersection of hub genes and DEGs. The expressions of
ASPM, COL11A1 and CDC20 gene in gastric cancer tissues and normal tissues from TCGA database
were detected. For these genes, the least absolute shrink and selection operator (LASSO) Cox expression
analysis was used to establish the prognostic risk model. COL11A1 and CDC20 genes were identified as
candidate prognostic risk markers for GC. Analysis using qRT-PCR has shown that COL11A1 and CDC20
were significant differentially expressed between gastric cancer tissues and normal gastric tissues (P <
0.01). In conclusion, our study identifies specific DEGs involved in ECM process and metabolism by
cytochrome P450 process, and these DEGs may be potential targets for GC therapy. The model
constructed by COL11A1 and CDC20 genes can predict the prognosis risk of GC patients. Taken together,
these findings provide reference for further analyses of key alterations during GC progression.

Introduction
Gastric cancer (GC) is one of the five major malignant tumors worldwide, with poor survival and high
recurrence [1]. The 5-year survival rate of patients being diagnosed at an advanced stage of GC is below
20% [2]. Biomarkers are identified as indicators of normal biologic and pathological processes.
Development of biomarkers play an important role in clinical diagnosis and treatment of GC. Previous
study has suggested that monoclonal antibodies against HER2 may be used to treat GC with positive
HER2 [3]. Trastuzumab, one of the monoclonal antibodies against HER2 protein, has been approved for
the treatment of advanced GC patients [4]. In addition, approximately 40% of GC patients overexpress
programmed death ligand 1 (PD-L1), indicating that PD-L1 can be designated as a potential biomarker for
GC [5]. As a monoclonal antibody against PD-1, pembrolizumab has a certain curative effect on patients
with PD-1 positive [6]. Therefore, monitoring the clinical prognosis of high-risk GC patients and
discovering biomarkers and therapeutic targets of GC with clinical value are the current research
hotspots.
In recent years, bioinformatics analysis of different gene expression databases is a hot topic in cancer
research. These tools can identify potential biomarkers and therapeutic targets for certain disease, predict
their cellular component, molecular function and pathway annotation, and construct related prognostic
risk models. To improve the accuracy of the data in this study, we firstly screened four common mRNA
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datasets and obtained 128 potential GC biomarkers composed of differentially expressed genes (DEGs)
between GC tissues and adjacent non-cancer tissues. In addition, we analyzed one of the mRNA datasets
using Weighted correlation network analysis (WGCNA) to construct the protein-protein interaction (PPI)
network, followed by Molecular Complex Detection (MCODE) plug-in to obtain the hub genes. The
application of powerful bioinformatics allowed us to identify novel GC biomarkers from co-existing
mRNA in DEGs and hub genes. A prognostic risk model composed of COL11A1 and CDC20 gene was
finally constructed using The Cancer Genome Atlas (TCGA) database. Finally, the core genes were verified
using qRT-PCR. Quantitative RT-PCR results have shown that COL11A1 and CDC20 were significantly
different between gastric cancer tissues and normal gastric tissues.

Results

Identification of DEGs
To obtain the DEGs, the following two methods were used to screen gene expression profiles of four GC
GEO datasets (Fig. 1C). According to the cut-off thresholds, 1732, 200, 438 and 1397 DEGs were
extracted from GSE13911, GSE30727, GSE63089 and GSE118916 datasets, respectively. Totally 45 DEGs
were found to be co-expressed in four datasets (Fig. 1A). The results of GO enrichment analysis of these
45 genes were shown in Fig. 1B. Additionally, the RRA method was applied to integrate gene expression
profiles of GC in four datasets, and 41 highly expressed genes and 83 low expressed genes were found
based on the cut-off thresholds. The Fig. 1D presented the top 20 high expression genes and low
expression genes, while the results of GO enrichment analysis of 20 high expression genes and 20 low
expression genes were shown in Fig. 1E and 1F. The final DEGs were obtained through the above two
methods (Table 2), followed by GO enrichment analysis and Reaction pathway enrichment analysis on
these genes (Fig. 1G and 1H).
Table 2. DEGs.
Venn and DEGs tables1 selected by RRA; MCODE App in Cytoscape software was used to process genes
obtained by WGCNA cluster analysis so as to obtain hub genes.
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Method

Gene MAL，ATP4B，FAP，ESRRG，KCNJ16，CLDN1，FUT9，KCNE2，AQP4，FBP2，

Venn

COL12A1， COL6A3，FN1，CPA2，SULF1，SPARC，CAPN9，LIPF，HPGD，PLAU，SST，LIFR，
GC，PSCA，SULT1B1，TPX2，PIK3C2G，COL1A2，UGT2B15，GKN1，TMED6，
MMP12， TNFRSF17，SLC2A12，KRT20，PLA2G7，C6orf58，CLDN4，FMO5，OLR1，
MMP7， PLA2G2A，LAMC2，CXCL10，SLC28A2 FAP，CLDN1，SULF1，MMP12，COL12A1,

RAA

CLDN4，SPP1，FN1，CLDN7，PLA2G2A， COL6A3，PLAU，MMP7，PLA2G7，BUB1，TPX2，
ASPM，COL5A2，CST1，SPARC， TIMP1，CXCL9，COL1A2，IFITM1，FNDC1，LIF，SERPINH1，
KIF20A，COL11A1， ANLN，SERPINB5，CHI3L1，SFRP4，CDC20，MAD2L1，THBS2，ASPN，
UBE2T， PI15，TOP2A，TRIM29，ATP4B，KCNE2，ESRRG，SST，TMED6，AQP4，GIF， GKN1，
PSCA，CPA2，HPGD，ATP4A，GC，KCNJ16，CAPN9，KRT20，LIPF，SLC26A7， FBP2，ADH1C，
CHGA，TFF2，PIK3C2G，C6ORF58，GKN2，AZGP1，SLC28A2， CKMT2，CHIA，FCGBP，
UGT2B15，AADAC，ALDOB，PBLD，CXCL17，CYP2C18， LIFR，PGC，REG1A，SLC2A12，
AKR7A3，CKB，FGD4，VSIG2，DUSP19，RNASE1， FAM3B，PTPRZ1，ANXA10，CA2，VSIG1，
KCNJ13，FMO5，CYP3A5，SOSTDC1， MAP7D2，CLIC6，SULT1B1，CAPN13，MAL，ADH7，
HOMER2，KLK11，PDIA2， NRG4，SELENBP1，ALDH1A1，CYP2C8，PDILT，GHRL，TRIM50，
SLC26A9，FUT9， GCNT2，ALDH3A1，SH3BGRL2，AKR1C1，CWH43，PRKACB，STX12，
SIDT2，RASSF6， SYTL2

Enriched reaction pathway is mainly composed of Gastric acid secretion, Retinal metadata, Drug
metabolism-cytochrome P450, Metabolism of xenobiology by cytochrome P450, Chemical
carcinogenesis, and ECM receptor interaction etc. In GO biological process, DEGs were mainly related to
digestion, extractive matrix (ECM) organization, extractive matrix organization, and xenobiological
metallic process. In GO cellular component, these DEGs were enriched in collagen-containing ECM,
endoplasmic reticulum lumen, and basolateral plasma membrane. In the GO molecular function, DGEs
were related to ECM structural constituent, ECM structural constituent conferring tensile strength and
oxidoreductase activity, acting on CH-OH group of donors. These results suggested that these DEGs may
be the key genes of GC.

WGCNA and co-expression analysis
The genes in GSE63089 dataset were selected for WGCNA cluster analysis. A total of five color modules
were obtained, of which the genes in blue, brown, turquoise and yellow modules were used for the
subsequent analysis, while the genes in the gray module were excluded (Fig. 2). The co-expression
network of these four modules was constructed by STRING and visualized using Cytoscape (Fig. 3). After
that, these DEGs were screened and extracted by MCODE using Cytoscape software (Table 1). The
obtained hub genes intersected with DEGs, which indicated that ASPM, COL11A1 and CDC20 genes may
be the key genes of GC, and then the following analysis was carried out in TCGA dataset.
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Table 1
Datails of four data sets in GEO.
GEO

Platform

Normal

Tumor

GSE13911

GPL570

31

38

GSE30727

GPL5188

30

30

GSE63089

GLP5175

45

45

GSE118916

GPL15207

15

15

Expression of key genes in GC dataset and construction of
prognosis risk model
The gene expression of ASPM, COL11A1 and CDC20 genes in 381 tumor samples and 32 normal gastric
tissue samples were compared, which showed a significant difference in the expression of these genes
between GC tissues and normal tissues (Fig. 3A). To predict the impact of these genes on clinical
outcomes, the LASSO Cox regression algorithm was applied. COL11A1 and CDC20 genes were selected
to construct prognosis model using prognostic RS formula as follows: prognosis model =
3.03995515383844×10 − 5 * COL11A1 -1.53094355024689×10 − 5 * CDC20. The gene symbol in the
model represented the gene count of the gene in the sample (Fig. 3B and 3C). To explore the correlations
of COL11A1 and CDC20 genes with the prognosis of GC, the patients from TCGA database were divided
into low-risk group and high-risk group based on the median RS, suggesting a higher mortality rate in
high-risk group (Fig. 3D).

Correlation of RS in clinicopathological features of GC
After screening out COL11A1 and CDC20 genes by prognosis model, we systematically studied the
relationship between these genes and the pathological characteristics of GC patients in TCGA dataset,
including classification, stage, risk score, T status, M status, N status, age, gender, fustat (Fig. 4A). ROC
curve showed that the RS could predict the 5-year survival rate of GC patients (Fig. 4B). The results of Cox
regression analysis indicated that the RS could be used as an independent prognostic indicator for GC
patients, while univariate and multivariate Cox regression analysis results demonstrated that overall
survival (OS) was associated with risk score, gender, age, stage, T status, M status, and N status (Fig. 4C
and 4D).

Verification of Core Genes
To verify the authenticity of the 2 core genes, we obtained gastric cancer tissues and normal gastric
tissues from 15 patients with gastric cancer for analysis using qRT-PCR. The qRT-PCR results shown in
Fig. 5A and Fig. 5B demonstrated that COL11A1 and CDC20 were significantly differentially expressed
between gastric tissue and normal gastric tissue (P < 0.01).
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Discussion
GC, also known as stomach cancer, seriously affects public health and life safety because most of
patients admitted to the hospitals are advanced GC [1]. At present, the common treatment for GC includes
surgery, chemotherapy, radiotherapy, targeted and immunotherapy, among which surgery is the most
effective way to treat GC, but the recurrence rate is high [7]. Although cancer mortality has slowly
decreased since 1991, it remains a challenge to explore potential therapeutic targets of GC due to
increased drug resistance and heavy economic burden [8]. Therefore, we integrated four sets of
microarray datasets from GEO databases and identified a total of 128 DEGs by means of two
bioinformatics analysis methods, which mainly involved in ECM process and metabolism by cytochrome
P450.
ECM is composed of different macromolecular substances secreted by cells into extracellular matrix,
including collagen, proteoglycans/glycosaminoglycans and fibronectins, which forms a threedimensional network around the cell [9, 10]. ECM also undertakes a variety of biological functions, such
as cellular differentiation, cell growth, cell survival, cell migration, homeostasis and morphogenesis [10].
Tumor-related microenvironment is mainly composed of ECM, while the imbalance of ECM can lead to
the development of tumor cells [11]. For example, the imbalance of ECM can prevent the behavior
regulation of stromal cells, and promote tumor-related angiogenesis and inflammatory reaction, allowing
a favorable microenvironment for tumor growth [11]. Therefore, the abnormal ECM dynamics is one of
the common clinical causes of cancer [12].
Moreover, cytochrome P450s (P450s) consists of various hemoproteins and belongs to the largest and
most functionally versatile superfamily. The functional range of P450 activity is of great significance in
both microorganisms and humans[13]. Many studies have found that different members of the P450s
family play important roles in activating different carcinogenic compounds [14–16]. P450s can not only
promote the metabolism of carcinogens by regulating polycyclic aromatic hydrocarbon metabolism [17–
20], but also affect the tumor metastasis and growth-related inflammatory process [21]. Hence, P450s
plays an essential role in tumorigenisis, cancermetastasis, chemoprevention and chemotherapy [16].
Most pre-existing GC prognostic models have limitations since there is only one gene or mRNA invovled
in the model [22]. The clinical outcome of GC is found to be associated with multiple genes. In the current
study, overlapped DEGs including ASPM, COL11A1 and CDC20 genes were noticed by using WGCNA and
co-expression analysis. These DEGs not only controled the number of genes in the prognosis model, but
also improved the specificity and accuracy of the model. To further explore the relationship of ASPM,
COL11A1 and CDC20 with GC, data from TCGA database was used to draw the heatmap of their
expression in tumor tissues and normal tissues. The results showed a significant high expression of
ASPM, COL11A1 and CDC20 in tumor tissues. After that, LASSO Cox regression analysis was used to
screen COL11A1 and CDC20 genes,and constructed a prognostic risk model. According to RS, cancer
patients were divided into high-risk group and low-risk group. The results of survival curve demonstrated
that the prognosis of these two groups was remarkably different. The results of ROC curve showed that
the RS predicted the 5-year survival rate of GC patients, while the multivariate Cox regression analysis
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reflected that RS could be used as an independent prognostic indicator. Several studies have shown that
COL11A1 gene can promote the cell proliferation, migration and invasion of GC cells [23]. Researchers
from a previous study have also found an overexpressed COL11A1 gene in a study of recurrent non-small
cell lung cancer, which can promote cell proliferation, migration, invasion and drug resistance [24].
Additionally, COL11A1 gene may also contribute greatly to the occurrence and development of ovarian
cancer, breast cancer, pancreatic cancer and esophageal squamous cell carcinoma [25–28]. Moreover,
the carcinogenic effect of CDC20 gene can cause ubiquitination and degradation of securin, leading to
chromosome segregation and blockage of cell cycle, which means CDC20 may be a promising target for
anti-tumor therapy of GC [29, 30]. Another study has reported that the phosphorylation of Mcl-1 can
induce CDC20 gene to initiate cell apoptosis [31]. In addition, 2 core genes (COL11A1 and CDC20) were
found to be significantly differentially expressed between gastric cancer tissue and normal gastric tissue
using qRT-PCR. Therefore, from the clinical and bioinformatics point of view, COL11A1 and CDC20 genes
can be used as prognostic risk markers of GC.

Conclusion
This study identifies specific DEGs involved in ECM process and metabolism by cytochrome P450
process, and these DEGs may be potential targets for GC therapy. The model constructed by COL11A1
and CDC20 genes can predict the prognosis risk of GC patients. Taken together, these findings provide
reference for further analyses of key alterations during GC progression.

Materials And Methods

The source of gastric cancer related gene expression
datasets
Microarray datasets related to GC were downloaded from the publicly Gene Expression Ominibus (GEO)
databases (www.ncbi.nlm.nih.gov/geo): GSE13911, GSE30727, GSE63089 and GSE118916. All sample
tissues were collected from GC patients in each dataset with sample size greater than or equal to 30
(Table 1). The above four mRNA datasets were used to find co-expressed genes between GC tissues and
adjacent tissues. In addition, the RNA-seq transcriptome data of 381 tumor tissues and 32 normal
tissues, and the relevant clinical information of 443 tumor patients from stomach adenocarcinoma
(STAD) cohort were recorded in database of TCGA (https://cancergenome.nih.gov/).

Dataset preprocessing
After downloading the series files of GSE13911, GSE30727, GSE63089 and GSE118916 from GEO
database, R software (version 4.0.0, http://www.r-project.org/) was applied to annotate the genes. Then,
the ‘normalizeBetweenArrays’ function in limma package was carried out to normalize the samples of
each files [32], and the results were saved in TXT format. The Venn diagrams were generated through the
VennDiagram package, followed by apply the Robust Rank Aggrg (RRA) package to process the files for
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the second time. Under the null hypothesis of uncorrelated input, the RRA algorithm detects genes that
are ranked consistently better than expected under null hypothesis of uncorrelated inputs and assigns a
significance score for each gene [33]. The cutoff criterion of DEGs were adjusted as P < 0.05 and |log fold
change (FC)| ≥ 1. After obtaining the GC gene expression file from TCGA database, we used R software
to annotate the gene again. After screening the related genes, the next step analysis was carried out.

Differentially Expressed Genes (DEGs) enrichment analysis
The clusterProfiler package [34] was used for Gene Ontology (GO; http://geneontology.org/) and Kyoto
Encyclopedia of Genes and Genomes (KEGG; https://www.genome.jp/kegg/) pathway enrichment
analyses of DEGs. False Discovery Rate (FDR) and adjusted P < 0.05 were considered as statistically
significant differences.

Weighted correlation network analysis (WGCNA)
WGCNA in R software package is a comprehensive collection of R functions, which was used to establish
co-expression network of highly related gene clusters, allowing the discovery of candidate biomarkers for
GC [35]. The GSE63089 dataset was selected for identification of co-expression module because of the
large sample size. The ‘hclust’ function in the fastcluster package was chose to cluster samples and
remove abnormal samples (Fig. 1). Soft threshing power β was calculated by clicking ‘westhold’ R
function (Fig. 2). The relevant parameters of the identification module were power = 7, min module size =
30, and merge cut height = 0.6.

PPI network construction and MCODE analysis
The Search Tool for the Retrieval of Interacting Genes (STRING, https://string-db.org/) database was
used to determine the relationship between DEGs and form an interaction network [36]. The validated
interactions with cut-off scores of 0.9 were considered as significant. The integration of PPI network was
visualized by Cytoscape software v3.7.2[37]. The clusters of the co-expression networks were obtained
using MCODE plug-in with node score cutoff = 0.2 and k-core = 2 [38]. The hub genes in sub-clusters were
selected as candidate genes for subsequent GC analysis.

Least absolute shrinkage and selection operator (LASSO)
analysis
To study the expression of DEGs in predicting prognosis, the R software package glmnet was used for
LASSO Cox regression analysis. LASSO regression can reduce the weighted mean value of case mean
square prediction error by identifying the regression coefficient of genes [39]. According to the expression
of the selected genes in LASSO analysis and the correlation coefficient of Cox proportional hazard
analysis, the risk score (RS) of death was calculated for patients with GC.

Statistical Analysis
The wilcox.test and rank sum test were applied to obtain the ASPM, COL11A1 and CDC20 gene
expressions in 381 tumor tissues and 32 normal gastric tissues from TCGA dataset. A chi-square test
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was used to compare the expression level of clinical data in patients with gastric cancer. Kaplan Meier
curve analysis was performed according to the calculated RS to assess its relationship with overall
survival. The intermediate value was defined as the cut-off. Univariate and multivariate Cox regression
analysis were conducted to explore the relationship between RS and clinical prognostic features. ROC
curve (AUC) was also used to verify the accuracy of the prognostic risk model. All incomplete or missing
samples were removed from the analysis.

Verification of Core Genes
A total of 15 pairs of specimens (gastric cancer tissues and adjacent normal samples) were obtained
from gastric cancer patients who received surgical treatment between December 2020 and March 2021 at
The Second Affiliated Hospital and Yuying Children’s Hospital of Wenzhou Medical University. All patients
provided written informed consent prior to collection of specimens. Total RNA was extracted from tissues
using TRIzol reagent. Total RNA was reverse transcribed into cDNA using the PrimeScript™ RT Master Mix
(Takara, Wenzhou, China). Quantitative PCR primers were designed using Primer Premier 5.0 and Beacon
Designer 7.8. Real-time PCR was used for statistical analysis of gene expression differences. Human
GAPDH was used as the internal reference gene. The data were analyzed using the comparative cycle
threshold (CT, 2-ΔΔCT) method. Quantitative RT-PCR program settings are as follows: predenaturation at
95°C for 5 min, denaturation at 95°C for 30 sec, annealing/extension at 60°C for 30 sec, and repeat 40
cycles; other parameters are performed according to the instrument default settings.
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Figure 1
Identification and enrichment analysis of differentially expressed genes (DEGs). A. Venn diagrams of
gene chip. B. Gene Ontology (GO) enrichment analysis of 45 DEGs in Venn diagrams. C. The volcano
plots of gene chips. Red dots represent log2 (fold change)≥ mean (abs(logFC)) + 2*sd (abs(logFC)),
adjusted P<0.05. Blue dots represent log2 (fold change)≤ -mean (abs(logFC)) + 2*sd (abs(logFC)),
adjusted P<0.05(mean:mean value，abs:absolute value，sd:standard deviation). D. Each column of the
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heatmap represents an independent gene chip, and each row represents the log2 (fold change) of a gene
compared with para-carcinoma tissues in different microarrays. The heatmap shows the top 20 genes
screened by Robust Rank Aggreg (RRA). E and F. GO enrichment analysis of high expression genes (E)
and low expression genes (F). G and H. Gene ontology (GO) enrichment analysis (G) and Reactome
pathway enrichment analysis (H) of final DEGs screened by two methods.

Figure 2
WGCNA analysis of GSE63089 dataset. The blue, brown, yellow and turquoise color indicate the different
co-expression network modules for genes and the removal genes are shown in the gray module.
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Figure 3
Data analysis of ASPM, COL11A1 and CDC20 genes in TCGA database. A. The expression levels of
ASPM, COL11A1 and CDC20 genes in different samples, the higher the absolute value of gene
expression, the darker the color, red: up-regulation, green: down-regulation. In the bar chart, blue
represents normal tissue samples and red represents tumor samples. B and C. The coefficient calculated
by multivariate Cox regression using LASSO. D. The survival of patients in high-risk group and low-risk
group using Kaplan Meier method. *P < 0.1, **P < 0.05, and ***P < 0.01.
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Figure 4
Clinical data analysis of COL11A1 and CDC20 genes. A. The relationship between COL11A1 and CDC20
gene expression heatmap and clinicopathological characteristics. The higher the absolute value of gene
expression, the darker the color, Red: up-regulated, Green: down-regulated. The bar chart represents the
clustering results of different experimental groups. The information represented by different colors is
shown on the right side of the picture. B. The ROC curve shows the accuracy of the risk score in predicting
5-year survival. C. The relationship between survival rate and clinicopathological features by Univariate
Cox regression analysis, including risk score. D. The relationship between survival rate and
clinicopathological features using Multivariate Cox regression analysis, including risk score. *P < 0.1, **P
< 0.05, and ***P < 0.01.
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Figure 5
Quantitative RT-PCR verification of core genes. A. The expression of CDC20 gene in gastric cancer
tissues(N) was significantly higher than that in normal gastric tissues(T) in groups 1, 7, 8, 9, 10, 11, 12,
13, 14 and 15 (P<0.01). B. In groups 1, 7, 8, 10, 11, 12, 13 and 15, the expression of COL11A1 gene in
gastric cancer tissue(T) was significantly higher than that in normal gastric tissue(N) (P<0.01).
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