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Abstract
Background: Gastric cancer (GC) is the �fth most common cancer in the world and the second leading cause of cancer death.
Gastric cancer screening is one of the effective strategies to reduce the mortality. If we use gastric cancer biomarkers with
good clinical effect instead of gastroscopy screening, it can achieve early detection, early diagnosis, early treatment.

Methods: We download four gene expression pro�ling datasets of gastric cancer (GSE118916, GSE54129, GSE103236,
GSE112369), which obtained from the Gene Expression Omnibus (GEO) database. The DEGs between gastric cancer and
adjacent normal tissues were detect to explore genes that may play a key role in gastric cancer. GO and KEGG analyses of
overlap genes were performed by the Metascape online database, the protein-protein interaction (PPI) network was analyzed
by the STRING online database, and we obtained the hub genes of PPI network via using the Cytoscape software. The
survival curve analysis was performed by km-plotter and the stage plots of hub genes was performed by the GEPIA online
database. We selected CDH3, LEF1 and MMP7 as candidate biomarkers to construct a back propagation neural network
model.

Results: This study shows that MMP7, CDH3 and LEF1 are highly expressed in gastric cancer tissues.

Conclusions: The joint prediction of the MMP7, CDH3 and LEF1 is helpful for the early diagnosis of cancer.

Introduction
Gastric cancer (GC) is the �fth most common cancer in the world and the second leading cause of cancer death. Nearly 1
million new diagnoses are made every year. More than one-third of the world total occurs in China[1]. The treatment of gastric
cancer has limited effect. Although advanced gastric cancer can prolong the survival of some patients through
chemotherapy, most chemotherapy has limited e�cacy and short maintenance time. The 2-year survival rate is less than 10%
[2]. The rapid development of the tumor transcriptome data based on the second-generation high-throughput sequencing
technology comprehensively reveals the multi-genetic and highly heterogeneous measuring points of the tumor. The
diagnosis of the tumor molecular and the targeted treatment is an effective means for improving the early diagnosis rate[3]. It
is also the direction and goal of the development of the clinical treatment of the tumor, and the achievement of this goal will
ultimately depend on the search for speci�c tumor biomarkers[4].

Detection through serum tumor markers is a noninvasive, reproducible, and economical diagnostic method that is widely
applied in the clinic. However, conventional assays for carcinoembryonic antigen (CEA) and carbohydrate antigen 19–9
(CA19–9) are not sensitive or speci�c for accurate diagnosis of GC, and development of novel biomarkers is therefore
warranted[5]. Bioinformatics technology has been increasingly used to excavate the potential genetic targets of diseases,
which has assisted researchers in authenticating the differentially expressed genes (DEGs) and underlying pathways that are
associated with the occurrence and recurrence of gastric cancer[6].

However, it is di�cult to acquire credible results when using the independent microarray technology owing to the higher false-
positive rates[7]. Therefore, the present study downloaded and analyzed two human expression pro�ling datasets from the
Gene Expression Omnibus (GEO) Dataset. DEGs were searched for by GEO2R tools. The Kyoto Encyclopedia of Genes and
Genomes (KEGG) and Gene ontology (GO) analyses of overlap genes among four datasets were performed in the Metascape
database. The molecular mechanisms of the occurrence and development of gastric cancer were subsequently explored via
enrichment analysis of functions and pathways, protein-protein interaction (PPI) network analyses. The hub genes were
analyzed by Cytoscape. The survival curve analysis was performed by km-plotter and the stage plots of hub genes was
performed by the GEPIA online database. We selected CDH3, LEF1 and MMP7 as candidate biomarkers to construct a back
propagation neural network model. We provide the basis for the follow-up research of molecular mechanism.

Methods
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Download public data.

GEO[8] (http://www.ncbi.nlm.nih.gov/geo) is a public repository for high-throughput experimental data. This data includes
experiments based on single- and dual-channel microarrays, detecting mRNA, genomic DNA, and protein abundance, as well
as non-array technologies such as serial analysis of gene expression (SAGE), mass spectrometry data, and high-throughput
sequencing data. Four expression pro�ling datasets[GSE118916[9], GSE54129[10], GSE103236[11] and GSE112369[12]],
which all identify genes and pathways involved in the formation of gastric cancer from normal individuals, were obtained
from the GEO (GPL15207[Prime View] Affymetrix Human Gene Expression Array, GPL570[HG-U133_Plus_2] Affymetrix
Human Genome U133 Plus 2.0 Array, GPL4133 Agilent–014850 Whole Human Genome Microarray 4x44K G4112F (Feature
Number version),and GPL15207[Prime View] Affymetrix Human Gene Expression Array). The probes were transformed into
the homologous gene symbol by means of the platform’s annotation information.

Intra-group data repeatability test

The R programming language is used to provide software and operating environments for statistical analysis and graphic
drawing. The correlation between all samples from the same data set is tested using a correlation heat map, which is also
drawn using R. Principal component analysis (PCA) is a common method for sample clustering. It is usually used for gene
expression, diversity analysis, resequencing, and other sample clustering based on various information[13]. Sample cluster
analysis was used to test the repeatability of the data within the group.

DEGs identi�ed by GEO2R

The GEO2R[8] (http://www.ncbi.nlm.nih.gov/geo/geo2r) is an online data analysis tool for screening DEG between gastric
cancer and normal tissues adjacent to the cancer. After establishing a difference experiment group for a GEO series, GEO2R
can execute a command to compare the difference classi�cations so that DEG can be identi�ed. When the gene symbol
corresponds to the probe set, this data is considered valuable and will be retained. The statistical signi�cance value was set
as P value ≤0.05 and fold change (FC)≥2. A volcano mapping tool (https://shengxin.ren) was used to map the volcano. Four
data sets were then introduced into Fun Rich (a feature rich analysis tool) (http://www.funrich.org/) to �lter DEGs. Using the
online Venn tool (http://bioinformatics.psb.ugent.be/webtools/Venn/) to depict the Venn diagram, you can clearly see the
DEG shared between the four data sets. The Circos diagram shows gene overlap and function overlap between different gene
lists.

Construction of weighted gene co-expression network analysis (WGCNA)

The R package (version 3.5.0) was used to preprocess the raw data of GSE54129. The control group and gastric cancer
samples were arranged according to the P value from small to large. A total of 5000 DEGs were selected as WGCNA[14].
WCGNA is a systematic biology method used to describe patterns of gene association between different samples. It can be
used to identify highly synergistically changing sets of genes, and to identify candidate organisms based on the
interconnectivity of gene sets and the association between gene sets and phenotypes. Mark genes or therapeutic targets.
WGCNA analysis is based on two assumptions: (1) Genes with similar expression patterns may be co-regulated, functionally
related, or in the same pathway. (2) Gene networks conform to a scale-free distribution. Based on these two points, the gene
network can be divided into different modules based on the similarity of expression to �nd the pivot genes. First, WGCNA
performs module identi�cation, and performs hierarchical clustering analysis based on weighted correlation to obtain
different gene models. Then, WCGNA construct a gene co-expression network and study the module relationship. Finally, the
correlation between genetic modules and phenotypes is calculated, and modules related to clinical characteristics are
identi�ed.

Functional annotation of DEGs by DAVID analyses.

http://%28http//www.ncbi.nlm.nih.gov/geo
http://%28http//www.ncbi.nlm.nih.gov/geo/geo2r
http://%28http//www.funrich.org/
http://%28http//bioinformatics.psb.ugent.be/webtools/Venn/
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The Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.8 comprises a full Knowledgebase update to
the sixth version of our original web-accessible programs[15]. DAVID (https://david.ncifcrf.gov/home.jsp) provides a
comprehensive set of functional annotation tools for investigators to understand biological meaning behind large list of
genes. Also, provides gene functional classi�cation, gene ID conversion and Gene Ontology (GO) term enrichment analysis to
highlight the most relevant Gene Ontology (GO) terms associated with a given gene list. The Kyoto Encyclopedia of Genes
and Genomes (KEGG) (https://www.kegg.jp/) is an understanding of advanced functions and biological systems (such as
cells, organisms, and ecosystems), generated from molecular-level information, especially large molecular datasets A utility
database resource for genome sequencing and other high-throughput experimental techniques. Used to �nd signal pathways
for gene enrichment. GO standardized the description of gene products from functions, participating biological pathways,
and localization in cells. Metascape[16] is again used for DEG enrichment analysis. P <0.05 is considered to indicate a
statistically signi�cant difference.

Enrichment analysis by Gene Set Enrichment Analysis (GSEA)

Gene Set Enrichment Analysis[17] (GSEA) is an analysis method for genome-wide expression pro�le microarray data that
compares genes with prede�ned gene sets. That is, based on the existing information base of gene location, properties,
functions, biological signi�cance, etc., a molecular tag database is constructed. In this database, known genes are classi�ed
according to chromosomal positions, established gene sets, patterns, and tumor-related genes Group and GO gene set to
group and classify multiple functional gene sets. By analyzing the gene expression pro�le data, we can understand their
expression status in a speci�c functional gene set, and whether this expression status has some statistical signi�cance. GO
and KEGG pathway enrichment analysis was performed on the identi�ed DEGs using GSEA analysis. Analyze all sequenced
genes of gastric cancer tissue and normal gastric tissue by GSEA software, import gene annotation �les, the software will
analyze and sort the genes according to the algorithm to get a gene sequence list, and then position all genes in the sequence
list After analyzing and accumulating them, we obtain the enrichment score (ES). After standardizing ES, we can fully
understand the effect of the richness of the feature set on the biological function of genes. Set P<0.05 as the cutoff standard.

Construction and analysis of protein-protein interaction (PPI) network and the analysis and mining of hub genes

STRING (http://string-db.org)[18] is a system that searches for known and predicted protein-protein interactions. Such
interactions include both direct physical interactions and indirect functional correlations between proteins. After importing
DEG into the search tool, a PPI network is obtained. PPI analysis provides a new research basis for the pathophysiology of
gastric cancer. The minimum requirement for constructing the network is a medium credibility with an interaction score>0.4.
Cytoscape[19] (version 3.6.1) is a software for graphically displaying networks and analyzing and editing them. Based on the
topology principle, Cytoscape’s plug-in molecular complex detection (MCODE)[20] (version 1.5.1) can �nd tightly coupled
regions. Cytoscape software originally built a PPI network diagram. Second, MCODE identi�es the most important modules in
the network map. The criteria for MCODE analysis are degree cutoff = 2, MCODE score>5, maximum depth = 100, k score = 2
and node score cutoff = 0.2. When the degree is set (degrees≥10), the wheel gene is excavated.

RT-qPCR assay

Total RNA was extracted from gastric cancer and normal gastric tissue samples using RNAiso Plus (Trizol) (Thermo�sher,
Massachusetts, USA), and then reverse-transcribed into cDNA to calculate △CT. CDH3, MMP7, and LEF1 speci�c primers
were designed (Table 1). 2-ΔΔCt is expressed as a fold change in gene expression relative to the experimental group of the
control group. GAPDH was used as an internal reference. All experiments were approved by the Ethics Committee of the
Fourth Hospital of Hebei Medical University. And all the written informed contents were obtained from all the patients.

Western blot analysis

Gastric cancer tissue is frozen in liquid nitrogen. Isolate total protein in lysis buffer by

http://%28https//david.ncifcrf.gov/home.jsp
http://%28https//www.kegg.jp/
http://string-db.org/
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10% sodium lauryl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) and transfer to Polyvinylidene �uoride (PVDF)
membranes by electricity. For MMP7 protein, use anti-MMP7 polyclonal antibody (1: 500 dilution, proteintech, UK).

The result was analyzed with Image-Pro Plus 6.0 (Media Cybernetics, US).

The construction of neural network model

The data is randomly divided into calibration data and training data, and the ratio is 1: 7. Five samples are calibration data
and 35 samples are training data. We use Matlab (version 8.3) to complete the standardized processing of variable values,
network simulation, network training, and network initialization. The number of input neurons in input layer is same as the
number of input variables. The hidden layer is designed as 1 layer, and the output layer is also designed for 1 layer. One
output variable is relative expression of MMP7. When training to 2678 steps after repeated training, the

falling gradient is 0, and the training speed is uniform. At the same time, the training error is 0.033031, and the R (relativity)
value reached 0.9624.

Statistical analysis

Results are expressed as mean ± standard error of the mean. After comparing the two groups, an unpaired student’s t-test
was performed to determine statistical signi�cance. A Pearson-test was performed to compare the correlation between gene
expression and gastric cancer status. When any analysis results reached the free statistical threshold p<0.2 for each
comparison, risk factors were forced into a univariate linear regression model to con�rm independent risk factors for gastric
cancer. Univariate and binary logistic regression analysis was used to calculate the odds ratios (ORs) of each hub gene
expression for the status of gastric cancer. The receiver operator characteristic (ROC) curve analysis was performed to
determine the usefulness of MMP7, CDH3 and LEF1 for predicting gastric cancer. The high-risk early warning range of gastric
cancer was analyzed by cubic spline interpolation algorithm. Statistical analysis was performed using SPSS software
version 21.0 (IBM Corp., Armonk, NY, USA). P<0.05 is considered to indicate a statistically signi�cant difference.

Results
Check data quality

We used Pearson’s correlation test and principal component analysis (PCA) to verify the repeatability of the data within the
group. Based on the Pearson correlation test, we found a strong correlation between the samples in the control group and the
gastric cancer group in the GSE54129 data set (Figure 1A). According to the PCA analysis, we found that the repeatability of
the data in the GSE54129 group also met the analysis requirements (Figure 1B). According to Pearson’s correlation test, we
found a strong correlation between the GSE112369 each group. (Figure 1C). PCA shows that the distance between the
samples in the control group in the GSE112369 data set is very close, and the distance between the samples in the gastric
cancer group is also close in the PC1 dimension (Figure 1D).

DEGs identi�ed between control and gastric cancer tissues.

DEGs of controls and gastric cancer tissue in GSE118916, GSE54129, GSE103236, and GSE112369 data set using volcano
map (Fig. 2A–2D). The Circos present the overlap between differently expressed gene lists of GSE54129 and GSE112369 not
only at the gene level (Fig. 3A), but also at the shared term level (Fig. 3B). These results were standardized, and a total of
3231 DEGs in the GSE118916 dataset, and 5272 DEGs in the GSE54129 and a total of 2558 DEGs in the GSE103236, and a
total of 2477 DEGs in the GSE112369 dataset were identi�ed. A Venn diagram was constructed, and revealed that 70 genes
were simultaneously contained within the 4 examined datasets (Fig. 3C).

Construction of co-expression modules by weighted gene co-expression network analysis (WGCNA)
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One key step is selection of the soft-thresholding power in the procedure of performing a WGCNA. The GSE54129 datasets
were used for WCGNA network analysis. The network topology analysis was performed for thresholding powers and
identi�ed the relatively balanced scale independence and mean connectivity. The power value 12 (Fig. 4A), which was the
lowest power for the scale-free topology �t index on 0.9, was selected to produce a hierarchical clustering tree (dendrogram)
of 5000 genes. We set the MEDissThres as 0.2 to merge similar modules, and 6 important modules were generated (Fig. 4B).
The network heatmap plot shows that there was signi�cant correlation among different modules (Fig. 4C). The red module
was the most positively correlated with status of gastric cancer, and the blue module was the most negatively correlated with
status of gastric cancer (Fig. 4C). Similar results were demonstrated by the eigengene adjacency heatmap to study module
relationship (Fig. 4D).

Functional annotation of DEGs by GO and KEGG analyses.

The GSE54129 datasets were used for GO and KEGG analyses. The DAVID results of the GO analysis revealed that there were
main variations in biological processes (BP), including angiogenesis, oncostatin-M-mediated signaling pathway, and so on
(Fig. 5A). The variations in cell components (CC) of DEGs were markedly enriched in the extracellular space, apical plasma
membrane and cell surface (Fig. 5B). The variations in molecular function (MF) were markedly enriched in oncostatin-M
receptor activity, heparin binding, and alcohol dehydrogenase activity, zinc-dependent (Fig. 5C). Analysis of the KEGG
pathway revealed that the all DEGs were primarily enriched in Glycolysis/Gluconeogenesis, Metabolism of xenobiotics by
cytochrome P450, and Cytokine-cytokine receptor interaction (Fig. 5D). Remaining signi�cant terms were then hierarchically
clustered into a tree based on Kappa-statistical similarities among their gene memberships (similar to what is used in NCI
DAVID site). Then 0.3 kappa score was applied as the threshold to cast the tree into term clusters (Fig. 5E).

GSEA was used to perform GO and KEGG analysis to explore the function and pathways of DEGs (Fig. 6A–6F). GO
enrichment in gastric cancer (111 samples) analysis show that 2992/4374 gene sets were upregulated in gastric cancer, 326
genes were signi�cantly enriched at nominal p-value<0.05, and 31 gene sets are signi�cantly enriched at nominal p-value <
0.01. In addition, GO enrichment in normal tissue (21 samples) analysis show that 1382/4374 gene sets are downregulated
in gastric cancer, 32 gene sets are signi�cantly enriched at nominal p value<0.05, and 4 gene sets are signi�cantly enriched at
nominal p-value<0.01. The enrichments for both up- and down-regulated gene sets in the signi�cant order (size of NES) are
listed in Table 2, such as “GO_BLASTOCYST_FORMATION”,
“GO_POSITIVE_REGULATION_OF_PHOSPHOPROTEIN_PHOSPHATASE_ACTIVITY”,”GO_CLATHRIN_ADAPTOR_COMPLEX”,and
“GO_AP_TYPE_MEMBRANE_COAT_ADAPTOR_COMPLEX”. GSEA also

revealed upregulated gene sets in gastric cancer, which 99/176 gene sets are upregulated in gastric cancer compared to
normal tissue, 9 gene sets are signi�cantly enriched at nominal p value<0.05, and 1 gene sets are signi�cantly enriched at
nominal p-value<0.01. 77/176 gene sets are downregulated in gastric cancer, 2 gene set is signi�cantly enriched at nominal p
value <5%. We respectively displayed important 9 gene sets correlated with gastric cancer according to NES in Table 3, such

“KEGG_FOCAL_ADHESION”, “KEGG_ECM_RECEPTOR_INTERACTION"
“KEGG_VEGF_SIGNALING_PATHWAY” and “KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM”, and so on.

We used bar graph of enriched terms show gene function (Figure 6H). To further capture the relationships between the terms,
a subset of enriched terms have been selected and rendered as a network plot, where terms with a similarity>0.3 are
connected by edges. We select the terms with the best p-values from each of the 20 clusters, with the constraint that there are
no more than 15 terms per cluster and no more than 250 terms in total. The network is visualized using Cytoscape5, where
each node represents an enriched term and is colored �rst by its cluster ID (Figure 7A) and then by its p-value (Figure 7B).

PPI network construction, module analysis, hub gene selection and analysis.
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We analysis protein-protein interaction network and MCODE components identi�ed in the gene lists (Figure 7C). The PPI
network of DEGs was constructed (Figure 8A) and the most signi�cant module and network of hub genes was identi�ed
using Cytoscape software (Figure 8B). Then, we used MCODE identi�ed the most important module of the network map
(Figure 8C). A total of 10 genes were identi�ed as hub genes with a degree of ≥10. The hub genes were obtained by DEGs
analysis from the above four data sets, and use the GSE54129 data set to verify whether the hub gene can clearly separate
gastric cancer and normal tissue (Figure 9A). Among these genes, AKR1C1, HPGD, MMP7, and ADH1C exhibited the lower
expression in the gastric normal samples, while the expressions SLIT3, CDH3, LEF1, and EPHB2 of were up-regulated in the
gastric cancer samples, suggesting that they may exert pivotal functions in the occurrence or progression of gastric cancer.

Pathological analysis and survival curve of hub gene

We conducted a literature survey on the hub gene, and performed survival analysis for gastric cancer biomarkers with little or
no research in the �eld. We found that AKR1C1, MMP7 and HPGD genes were signi�cantly correlated with prognosis (Figure
10). Subsequently, we conducted pathological staging study on hub genes (Fig 11), and found that HPGD had a signi�cant
difference in the progression of gastric cancer (stage3–4, P<0.05), suggesting that it could be a new biomarker for the
diagnosis and prevention of gastric cancer metastasis.

Veri�cation of the expression of MMP7, CDH3 and LEF1

Based on the above bioinformatics analysis, three genes (MMP7, CDH3, LEF1) were markedly up-regulated in gastric cancer
samples. Results of western blotting analysis showed that the relative expression level of MMP7 was signi�cantly higher in
gastric samples, compared with the normal groups (p<0.05) (Figure 12A). And the MMP7, CDH3 and LEF1 were veri�ed from
the relative expression level by RT-qPCR (Figure 12B-D). The result demonstrated that MMP7, CDH3 and LEF1 might be
considered as biomarkers for gastric cancer.

Strong associations between the relative expression of the three gene and gastric cancer.

ROC curves were constructed to determine the effect of three genes expression on gastric cancer, and the AUC was used to
determine the degree of con�dence: CDH3 (AUC = 0.800, P<0.05, 95% CI = 0.857–0.895), LEF1(AUC = 0.620, P<0.05, 95%CI =
0.632–0.714), MMP7 (AUC = 0.914, P<0.05, 95%CI = 0.714–0.947) (Figure 13).

Association between three genes and gastric cancer by Pearson correlation test and univariate linear regression

Pearson correlation coe�cient displayed that Gastric cancer outcome was signi�cantly correlated with the expression of
MMP7, CDH3 and LEF1 (p<0.05). Gastric cancer remained related to the TPM2 MMP7, CDH3 and LEF1 (p<0.5) in the
univariate linear regression model (Table4).

The back propagation Neural Network prediction model and high-risk warning range of gastric cancer

We trained back propagation neural network model with 35 gastric samples as training set, and 5 gastric samples as the
validation set. After training, the neural network prediction model achieved the best results. The best training performance is
0.033031 at epoch 2678(Figure 14A). The difference between the predicted value and the true value is very small (Figure
14B), and residual plot shows the same result (Figure 14C). The predicted value is �tted to the true value, and the correlation
coe�cient is 0.9624 (Figure 14D). In summary, we can speculate that the expression of the three genes may be a predictor of
gastric cancer.

Through the cubic spline interpolation algorithm, we �nd the high-risk warning indicator of gastric cancer: 8<CDH3<15 and
10< expression of LEF1<16 (Figure 14E). Therefore, the 3D stereogram can better represent the early warning range (Figure
14F).

Discussion
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Gastric cancer is one of the diseases with the highest mortality rate and has a high incidence in China. In recent years,
although a variety of comprehensive treatments have been used to improve the e�cacy, the 5-year survival rate of gastric
cancer is still only 20%–30%[21]. Actively exploring relevant biomarkers, early diagnosis, reasonable assessment of their
prognosis, and timely intervention are of great signi�cance for clinical treatment. With the advancement of molecular biology
research methods, new types of prognostic biomarkers have emerged in an endless stream, making prognostic evaluation
more objective[22].

In previous studies, CD44v9 is highly expressed in mouse gastric cancer proliferating cells, and CD44v9 positive immune
expression can be used as a poor prognostic indicator of early gastric cancer, but not as a poor prognostic indicator of
advanced gastric cancer[23]. Therefore, CD44v9 can be used as a prognostic biomarker for early gastric cancer[24].
Epidermal growth factor receptor 1 (HER1) is the growth of epidermal factor receptor (EGFR) gene coding, is one of four
members of the human epidermal growth factor receptor family in the receptor tyrosine kinase superfamily[25]. It works by
binding speci�c ligands Including epidermal growth factor and transforming growth factor-α are activated. EGFR
overexpression is not only a poor prognostic indicator in gastric cancer, but also can be used as a basis for personalized
treatment. HER1 can also be used as a target for the treatment of gastric cancer drugs[26]. HER2 is encoded by ERBB2 and is
a member of the HER family. Unlike other members of the HER family, HER2 does not contain sites and signals that bind to
other heterodimer ligands[27]. In gastric cancer, 7%–4% of tumors were found to have ERBB2 ampli�cation or HER2
overexpression. Studies have shown that the expansion of ERBB2 is associated with a poor prognosis of gastric cancer.
Therefore, the identi�cation and research of potential biomarkers is crucial for early diagnosis and prognosis[28].
Bioinformatics technology allows researchers to explore and study genetic changes in gastric cancer and has proven to be an
effective method to assist in the diagnosis of diseases.

By analyzing four microarray data sets in the current study, we identi�ed the differences between gastric cancer and normal
tissues adjacent to the cancer. The four data sets contained a total of 70 DEGs, and their interactions were explored through
KEGG and GO analysis. DEGs are mainly concentrated in angiogenesis, oncostatin-M-mediated signaling pathway, Cytokine-
cytokine receptor interaction and Glycolysis / Gluconeogenesis. Studies have reported that angiogenesis and glycolysis have
a substantial impact on the occurrence and development of gastric cancer[29, 30]. In addition, recent studies have found that
cytokine-cytokine receptor interactions play an important role in the development of gastric cancer[31]. The expression of
nerve growth factor receptor p75 (p75NTR) in gastric cancer cells is signi�cantly lower than in adjacent tissues, suggesting
that p75NTR may play an important role in gastric cancer metastasis[32, 33]. The results of this paper are consistent with the
above studies.

By analyzing public and private data sets, we found that MMP7 expression is high in gastric cancer tissue than in normal
tissue. This gene encodes a member of the peptidase M10 family of matrix metalloproteinases (MMPs)[34]. Proteins in this
family are involved in the breakdown of extracellular matrix in normal physiological processes, such as embryonic
development, reproduction, and tissue remodeling, as well as in disease processes, such as arthritis and metastasis. The
encoded preproprotein is proteolytically processed to generate the mature protease[35]. This secreted protease breaks down
proteoglycans, �bronectin, elastin and casein and differs from most MMP family members in that it lacks a conserved C-
terminal hemopexin domain. The enzyme is involved in wound healing, and studies in mice suggest that it regulates the
activity of defensins in intestinal mucosa[36]. The gene is part of a cluster of MMP genes on chromosome 11. This gene
exhibits elevated expression levels in multiple human cancers.

CDH3 encodes a classical cadherin of the cadherin superfamily[37]. Alternative splicing results in multiple transcript variants,
at least one of which encodes a preproprotein that is proteolytically processed to generate the mature glycoprotein. This
calcium-dependent cell-cell adhesion protein is comprised of �ve extracellular cadherin repeats, a transmembrane region and
a highly conserved cytoplasmic tail[38]. This gene is located in a gene cluster in a region on the long arm of chromosome 16
that is involved in loss of heterozygosity events in breast and prostate cancer. In addition, aberrant expression of this protein
is observed in cervical adenocarcinomas[39]. Mutations in this gene are associated with hypotrichosis with juvenile macular
dystrophy and ectodermal dysplasia, ectrodactyly, and macular dystrophy syndrome (EEMS).
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LEF1 encodes a transcription factor belonging to a family of proteins that share homology with the high mobility group
protein–1[40]. The protein encoded by this gene can bind to a functionally important site in the T-cell receptor-alpha enhancer,
thereby conferring maximal enhancer activity. This transcription factor is involved in the Wnt signaling pathway, and it may
function in hair cell differentiation and follicle morphogenesis[41]. Mutations in this gene have been found in somatic
sebaceous tumors. This gene has also been linked to other cancers, including androgen-independent prostate cancer[42].

Despite the rigorous bioinformatics analysis performed in this study, there are still some limitations. First, no validation was
performed on animal models. Second, the small sample size of our study may cause some bias in the results.

In subsequent studies, we will conduct MMP7, CDH3 and LEF1 validation and molecular mechanism studies at the animal
level. Multi-center randomized controlled clinical trials should be conducted and more subjects recruited to verify the role of
the levels of the three genes expressed in the progression of gastric cancer.

The bioinformatics analysis was used to predict the function and expression of 10 hub genes, providing guidance for
subsequent research and exploration. This study shows that MMP7, CDH3 and LEF1 are highly expressed in gastric cancer
tissues. Also, found a correlation between the three by constructing a neural network model, and the disease status could be
judged through the high-risk early warning range.

Conclusion
In summary, through bioinformatics analysis, we found that MMP7, CDH3 and LEF1 are highly expressed in gastric cancer
tissues. The joint prediction of the MMP7, CDH3 and LEF1 is helpful for the early diagnosis of cancer.
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antigen; CA19–9: carbohydrate antigen 19–9; DEGs: differentially expressed genes; KEGG: Kyoto Encyclopedia of Genes and
Genomes; GO: Gene ontology; PCA: principal component analysis; FC: fold change; GSEA: Gene Set Enrichment Analysis; ES:
enrichment score; ORs: odds ratios; ROC: receiver operator characteristic curve analysis; WGCNA: weighted gene co-
expression network analysis; BP: biological processes; CC: cell components; MF: molecular function; HER1: Epidermal growth
factor receptor 1; EGFR: growth of epidermal factor receptor; p75NTR: nerve growth factor receptor p75; MMPs: matrix
metalloproteinases; EEMS: macular dystrophy syndrome.

Declaration
Ethics approval and consent to participate

All experiments were approved by the Ethics Committee of the Fourth Hospital of Hebei Medical University. All institutional
and national guidelines for the care and use of human were followed.

Consent for publication

All authors agree with the submission and publication.

Competing interests

The authors declare that they have no competing interests.

Funding

The present study was supported by the Youth Science and technology project of health and Health Commission of Hebei
Province (Hebei, China; grant no. 20170732, 20180558).



Page 10/25

Authors contributions

The bioinformatics data was analyzed by Meng-jie Shan. Meng-jie Shan was also major contributor in writing. Ling-bing
Meng proofreads and submits articles. Ya-bin Liu and Peng Guo designed the draft of the research process and offered
funding for experiment. All authors read and approved the �nal manuscript.

Acknowledgements

Thank Ke-qin Dong and Pei-yuan Guo for their support for this paper.

Availability of data and materials

The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable
request.

References
1.Van Cutsem E, Sagaert X, Topal B, Haustermans K, Prenen H. Gastric cancer. Lancet. 2016;388(10060):2654–64.

2.Thrift AP, El-Serag HB. Burden of Gastric Cancer. Clin Gastroenterol Hepatol. 2020;18(3):534–42.

3.Meng LB, Shan MJ, Qiu Y, Qi R, Yu ZM, Guo P, et al. TPM2 as a potential predictive biomarker for atherosclerosis. Aging
(Albany NY). 2019;11(17):6960–82.

4.Sun CC, Zhou Q, Hu W, Li SJ, Zhang F, Chen ZL, et al. Transcriptional E2F1/2/5/8 as potential targets and transcriptional
E2F3/6/7 as new biomarkers for the prognosis of human lung carcinoma. Aging (Albany NY). 2018;10(5):973–87.

5.Huang C, Liu Z, Xiao L, Xia Y, Huang J, Luo H, et al. Clinical Signi�cance of Serum CA125, CA19–9, CA72–4, and
Fibrinogen-to-Lymphocyte Ratio in Gastric Cancer With Peritoneal Dissemination. Front Oncol. 2019;9:1159.

6.Szabo L, Salzman J. Detecting circular RNAs: bioinformatic and experimental challenges. Nat Rev Genet. 2016;17(11):679–
92.

7.Scarpazza C, Tognin S, Frisciata S, Sartori G, Mechelli A. False positive rates in Voxel-based Morphometry studies of the
human brain: should we be worried. Neurosci Biobehav Rev. 2015;52:49–55.

8.Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al. NCBI GEO: archive for functional genomics data
sets—update. Nucleic Acids Res. 2013;41(Database issue):D991–5.

9.Li L, Zhu Z, Zhao Y, Zhang Q, Wu X, Miao B, et al. FN1, SPARC, and SERPINE1 are highly expressed and signi�cantly related
to a poor prognosis of gastric adenocarcinoma revealed by microarray and bioinformatics. Sci Rep. 2019;9(1):7827.

10.Ren F, Zhao Q, Liu B, Sun X, Tang Y, Huang H, et al. Transcriptome analysis reveals GPNMB as a potential therapeutic
target for gastric cancer. J Cell Physiol. 2020;235(3):2738–52.

11.Chivu EM, Necula LG, Dragu D, Badea L, Dima SO, Tudor S, et al. Identi�cation of potential biomarkers for early and
advanced gastric adenocarcinoma detection. Hepatogastroenterology. 2010;57(104):1453–64.

12.Nanki K, Toshimitsu K, Takano A, Fujii M, Shimokawa M, Ohta Y, et al. Divergent Routes toward Wnt and R-spondin Niche
Independency during Human Gastric Carcinogenesis. Cell. 2018;174(4):856–69.e17.

13.Hess AS, Hess JR, AUID- Oho. Principal component analysis. Transfusion. 2018;58(7):1580–2.



Page 11/25

14.Song ZY, Chao F, Zhuo Z, Ma Z, Li W, Chen G. Identi�cation of hub genes in prostate cancer using robust rank aggregation
and weighted gene co-expression network analysis. Aging (Albany NY). 2019;11(13):4736–56.

15.Dennis G Jr, Sherman BT, Hosack DA, Yang J, Gao W, Lane HC, et al. DAVID: Database for Annotation, Visualization, and
Integrated Discovery. Genome Biol. 2003;4(5):P3.

16.Zhou Y, Zhou B, Pache L, Chang M, 0000–0002–4526–489X AO, Khodabakhshi AH, et al. Metascape provides a biologist-
oriented resource for the analysis of systems-level datasets. Nat Commun. 2019;10(1):1523.

17.Wang J, Vasaikar S, Shi Z, Greer M, Zhang B. WebGestalt 2017: a more comprehensive, powerful, �exible and interactive
gene set enrichment analysis toolkit. Nucleic Acids Res. 2017;45(W1):W130–130W137.

18.Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, Simonovic M, et al. The STRING database in 2017: quality-controlled
protein-protein association networks, made broadly accessible. Nucleic Acids Res. 2017;45(D1):D362–362D368.

19.Otasek D, Morris JH, Boucas J, Pico AR, Demchak B, 0000–0001–7065–7786 AO. Cytoscape Automation: empowering
work�ow-based network analysis. Genome Biol. 2019;20(1):185.

20.Bandettini WP, Kellman P, Mancini C, Booker OJ, Vasu S, Leung SW, et al. MultiContrast Delayed Enhancement (MCODE)
improves detection of subendocardial myocardial infarction by late gadolinium enhancement cardiovascular magnetic
resonance: a clinical validation study. J Cardiovasc Magn Reson. 2012;14:83.

21.Rugge M, Genta RM, Di MF, El-Omar EM, El-Serag HB, Fassan M, et al. Gastric Cancer as Preventable Disease. Clin
Gastroenterol Hepatol. 2017;15(12):1833–43.

22.McLean MH, El-Omar EM. Genetics of gastric cancer. Nat Rev Gastroenterol Hepatol. 2014;11(11):664–74.

23.Ue T, Yokozaki H, Kitadai Y, Yamamoto S, Yasui W, Ishikawa T, et al. Co-expression of osteopontin and CD44v9 in gastric
cancer. Int J Cancer. 1998;79(2):127–32.

24.Mashima T, Iwasaki R, Kawata N, Kawakami R, Kumagai K, Migita T, et al. In silico chemical screening identi�es epidermal
growth factor receptor as a therapeutic target of drug-tolerant CD44v9-positive gastric cancer cells. Br J Cancer.
2019;121(10):846–56.

25.Honjo K, Munakata S, Tashiro Y, Salama Y, Shimazu H, Eiamboonsert S, et al. Plasminogen activator inhibitor–1 regulates
macrophage-dependent postoperative adhesion by enhancing EGF-HER1 signaling in mice. FASEB J. 2017;31(6):2625–37.

26.Pirzer T, 0000–0001–9671–6289 AO, Becher KS, Rieker M, Meckel T, 0000–0003–0759–2072 AO, et al. Generation of
Potent Anti-HER1/2 Immunotoxins by Protein Ligation Using Split Inteins. ACS Chem Biol. 2018;13(8):2058–66.

27.Chen S, Qiu Y, Guo P, Pu T, Feng Y, Bu H. FGFR1 and HER1 or HER2 co-ampli�cation in breast cancer indicate poor
prognosis. Oncol Lett. 2018;15(6):8206–14.

28.Nardone B, Nicholson K, Newman M, Guitart J, Gerami P, Talarico N, et al. Histopathologic and immunohistochemical
characterization of rash to human epidermal growth factor receptor 1 (HER1) and HER1/2 inhibitors in cancer patients. Clin
Cancer Res. 2010;16(17):4452–60.

29.Xu DH, Li Q, Hu H, Ni B, Liu X, Huang C, et al. Transmembrane protein GRINA modulates aerobic glycolysis and promotes
tumor progression in gastric cancer. J Exp Clin Cancer Res. 2018;37(1):308.

30.Zhang B, Wu J, Cai Y, Luo M, Wang B, Gu Y. AAED1 modulates proliferation and glycolysis in gastric cancer. Oncol Rep.
2018;40(2):1156–64.



Page 12/25

31.Saadi A, Shannon NB, Lao-Sirieix P, O’Donovan M, Walker E, Clemons NJ, et al. Stromal genes discriminate preinvasive
from invasive disease, predict outcome, and highlight in�ammatory pathways in digestive cancers. Proc Natl Acad Sci U S A.
2010;107(5):2177–82.

32.Hayakawa Y, Sakitani K, Konishi M, Asfaha S, Niikura R, Tomita H, et al. Nerve Growth Factor Promotes Gastric
Tumorigenesis through Aberrant Cholinergic Signaling. Cancer Cell. 2017;31(1):21–34.

33.Jin H, Wang Z, Liu L, Gao L, Sun L, Li X, et al. R-�urbiprofen reverses multidrug resistance, proliferation and metastasis in
gastric cancer cells by p75(NTR) induction. Mol Pharm. 2010;7(1):156–68.

34.Du F, Feng W, Chen S, Wu S, Cao T, Yuan T, et al. Sex determining region Y-box 12 (SOX12) promotes gastric cancer
metastasis by upregulating MMP7 and IGF1. Cancer Lett. 2019;452:103–18.

35.Xu L, Hou Y, Tu G, Chen Y, Du YE, Zhang H, et al. Nuclear Drosha enhances cell invasion via an EGFR-ERK1/2-MMP7
signaling pathway induced by dysregulated miRNA–622/197 and their targets LAMC2 and CD82 in gastric cancer. Cell Death
Dis. 2017;8(3):e2642.

36.Bornschein J, Seidel T, Langner C, Link A, Wex T, Selgrad M, et al. MMP2 and MMP7 at the invasive front of gastric cancer
are not associated with mTOR expression. Diagn Pathol. 2015;10:212.

37.Hibi K, Kitamura YH, Mizukami H, Goto T, Sakuraba K, Sakata M, et al. Frequent CDH3 demethylation in advanced gastric
carcinoma. Anticancer Res. 2009;29(10):3945–7.

38.Oliveira C, Senz J, Kaurah P, Pinheiro H, Sanges R, Haegert A, et al. Germline CDH1 deletions in hereditary diffuse gastric
cancer families. Hum Mol Genet. 2009;18(9):1545–55.

39.Imai K, Hirata S, Irie A, Senju S, Ikuta Y, Yokomine K, et al. Identi�cation of a novel tumor-associated antigen, cadherin 3/P-
cadherin, as a possible target for immunotherapy of pancreatic, gastric, and colorectal cancers. Clin Cancer Res.
2008;14(20):6487–95.

40.Wang J, Liu H, Zheng K, Zhang S, Dong W. MicroRNA–6852 suppresses glioma A172 cell proliferation and invasion by
targeting LEF1. Exp Ther Med. 2019;18(3):1877–83.

41.Tang X, Zheng D, Hu P, Zeng Z, Li M, Tucker L, et al. Glycogen synthase kinase 3 beta inhibits microRNA–183–96–182
cluster via the beta-Catenin/TCF/LEF–1 pathway in gastric cancer cells. Nucleic Acids Res. 2014;42(5):2988–98.

42.Jeong EG, Lee SH, Yoo NJ, Lee SH. Mutational analysis of Wnt pathway gene LEF1 in common human carcinomas. Dig
Liver Dis. 2007;39(3):287–8.

Figures



Page 13/25

Figure 1

(A) Pearson’s correlation analysis of samples from the GSE54129 dataset. The color re�ects the intensity of the correlation.
When 0&lt;correlation&lt;1, there exists a positive correlation. When –1&lt;correlation&lt;0, there exists a negative correlation.
The larger the absolute value of a number the stronger the correlation. (B) PCA of samples from the GSE54129 dataset. In the
�gure, principal component 1 (PC1) and principal component 2 (PC2) are used as the X-axis and Y-axis, respectively, to draw
the scatter diagram, where each point represents a sample. In such a PCA diagram, the farther the two samples are from each
other, the greater the difference is between the two samples in gene expression patterns. (C) Pearson’s correlation analysis of
samples from the GSE112369 dataset. The color re�ects the intensity of the correlation. (D) PCA of samples from the
GSE112369 dataset.
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Figure 2

(A) The volcano plot illustrates the differences between control and gastric cancer tissues after analysis of the GSE118916
dataset with GEO2R. (B) The volcano plot illustrates the difference between control and gastric cancer tissues after analysis
of the GSE54129 dataset with GEO2R. (C) The volcano plot illustrates the difference between control and gastric cancer
tissues after analysis of the GSE103236 dataset with GEO2R. (D) The volcano plot illustrates the difference between control
and gastric cancer tissues after analysis of the GSE112369 dataset with GEO2R.
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Figure 3

(A) Overlap between differently expressed gene lists of GSE118916, GSE54129, GSE103236, and GSE112369 only at the
gene level, where purple curves link identical genes; (B) Overlap between differently expressed gene lists of GSE118916,
GSE54129, GSE103236, and GSE112369 not only at the gene level, but also at the shared term level, where blue curves link
genes that belong to the same enriched ontology term. The inner circle represents gene lists, where hits are arranged along
the arc. Genes that hit multiple lists are colored in dark orange, and genes unique to a list are shown in light orange. (C) The
Venn diagram could demonstrate that 70 genes were contained in the GSE118916, GSE54129, GSE103236, and GSE112369
datasets simultaneously.
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Figure 4

(A) Construction of co-expression modules by weighted gene co-expression network analysis (WGCNA) package in R. The
default value of the parameter beta is 1 to 30. The horizontal axis of the graph above represents the weight parameter β, and
the vertical axis of the left graph represents the square of the correlation coe�cient between log (k) and log (p (k)) in the
corresponding network. The higher the square of the correlation coe�cient, the more the network approaches the distribution
without network scale. The vertical axis of the right �gure represents the mean of the adjacency function of all genes in the
corresponding gene module. (B)The cluster dendrogram of genes in GSE54129. Each branch in the �gure represents one
gene, and every color below represents one co-expression module. (C) Clustering visualization of samples. Heatmap plot of
the adjacencies in the hub gene network. Heatmap of the correlation between module eigengenes and the disease of gastric
cancer. The red module was the most positively correlated with status, and the blue module was the most negatively
correlated with status. (D) Interaction relationship analysis of co-expression genes. Different colors of horizontal axis and
vertical axis represent different modules. The brightness of yellow in the middle represents the degree of connectivity of
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different modules. There was no signi�cant difference in interactions among different modules, indicating a high-scale
independence degree among these modules.

Figure 5

(A, B, C) Detailed information relating to changes in the biological processes (BP), cellular components (CC), and molecular
functions (MF) of DEGs in gastric cancer and control tissues through the GO enrichment analyses. (D) The KEGG pathway
analysis of DEGs. KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; DEGs, differentially expressed
genes. (E) Histogram of enriched terms across input differently expressed gene lists, colored by p-values, via the Metascape.
(F) Network of enriched terms colored by cluster identity, where nodes that share the same cluster identity are typically close
to each other.
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Figure 6

(A-F) Based on gene set enrichment analysis (GSEA), the main GO term and signaling pathway of differentially enriched
genes in gastric cancer tissues and normal tissues were investigated. (H) Bar graph of enriched terms across input gene lists,
colored by p-values.
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Figure 7

(A) colored by cluster ID, where nodes that share the same cluster ID are typically close to each other; (B) colored by p-value,
where terms containing more genes tend to have a more signi�cant p-value. Figure (C). Protein-protein interaction network
and MCODE components identi�ed in the gene lists.
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Figure 8

(A)The protein-protein interaction (PPI) network of differentially expressed genes (DEGs). (B, C) The hub genes were identi�ed
from the PPI network and MCODE.

Figure 9
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Hierarchical clustering demonstrated that the hub genes could effectively differentiate gastric cancer samples from control
samples in the GSE54129 datasets. The upregulated genes are marked in pink, the downregulated genes are marked in blue.

Figure 10

Survival analysis of hub gene
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Figure 11

The stage plots of hub genes were performed by the GEPIA.



Page 23/25

Figure 12

Hub gene validation (A) Western blotting expression of MMP7 in the normal control (NC) and gastric cancer (GC) groups. (B)
Relative expression of MMP7 by RT-qPCR analysis. P&lt;0.05, compared with control. (C) Relative expression of CDH3 by RT-
qPCR analysis. P&lt;0.05, compared with control. (D) Relative expression of LEF1 by RT-qPCR analysis. P&lt;0.05, compared
with control.</p>
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Figure 13

The ROC of three genes for gastric cancer.
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Figure 14

(A) The neural network prediction model of gastric cancer. The best training performance is 0.033031 at epoch 2678. (B)
Verify the predicted value of the data against the actual value. (C) Residual plot of difference between actual and predicted
values. (D) The �nal training model of neural network prediction model, and the relativity is 0.9624. (E) The high-risk warning
range of gastric cancer at the level of the planform. (F) The high-risk warning range of gastric cancer at the level of the three
dimensional stereogram. The color represents MMP7 expression: “yellow” represents “high” and “blue” represents “low”.


