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Abstract
Background: Gastric cancer is one of the most lethal tumors and is characterized by poor prognosis and
lack of effective diagnostic or therapeutic biomarkers. The aim of this study was to �nd hub genes
serving as biomarkers in gastric cancer diagnosis and therapy.

Methods: GSE66229 from Gene Expression Omnibus (GEO) was used as training set. Genes bearing the
top 25% standard deviations among all the samples in training set were performed to systematic
weighted gene co-expression network analysis (WGCNA) to �nd candidate genes. Then, hub genes were
further screened by using the “least absolute shrinkage and selection operator” (LASSO) logistic
regression. Finally, hub genes were validated in GS54129 dataset from GEO by supervised learning
methods logistic regression algorithms.

Results: 12 modules with strong preservation were identi�ed by using WGCNA methods in training set. Of
which, two modules signi�cantly related to gastric cancer were selected as clinically signi�cant modules,
and 43 candidate genes were identi�ed from these two modules. Then, ACADL, ADIPOQ, ARHGAP39,
ATAD3A, C1orf95, CCKBR, GRIK3, SCNN1G, SIGLEC11, and TXLNB were screened as the hub genes. These
hub genes successfully differentiated the tumor samples from the healthy tissues in an independent
testing set through the logistic regression algorithm, with the area under the receiver operating
characteristic curve at 0.882.

Conclusions: These hub genes bearing diagnostic and therapeutic values, and our results may provide a
novel prospect for the diagnosis and treatment of gastric cancer in the future. 

Background
Gastric carcinoma remains the �fth most frequently diagnosed cancer and the third leading cause of
cancer-related deaths, with an estimated 1,033,701 new cases and 782,685 deaths worldwide in 2018 1, 2.
Gastric cancer is also one of the most common malignancies and the third leading cause of death in
China, where 427,100 cases with 301,200 deaths were observed in 2013 3. Despite the several existing
treatments including chemo-, radio-, or targeted therapy, the overall 5-year survival rate of stomach cancer
patients is still < 20% 4.

There are two types of gastric cancer, diffuse and intestinal types, which differ in their histological
manifestations and epidemiological features (gender ratio and age at diagnosis) 5. Histopathology is the
gold standard approach for diagnosing gastric cancer; however, this approach is not suitable for everyone
due to the invasive nature of the biopsy 6. Although there are several commonly used serum biomarkers
such as alpha-fetoprotein (AFP), carcinoembryonic antigen (CEA), cancer antigen 125 (CA125), and
cancer antigen 19–9 (CA19-9) 7 for gastric cancer diagnosis, none of them are sensitive or gastric-cancer-
speci�c 8. Moreover, effective and speci�c targeted therapies for gastric cancer remain to be identi�ed.
Presently, the major treatment strategies for gastric cancer are anti-human epidermal growth factor
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receptor 2 (HER2) and anti-vascular therapies 4. However, resistance to the targeted agents is common in
some gastric tumor types. Therefore, novel practical approaches are needed for speci�c diagnosis and
effective treatment of gastric cancer. Accordingly, identi�cation of the key genes and biomarkers that are
involved in the pathogenesis of gastric cancer is of paramount signi�cance.

With recent advancements in bioinformatics methods, comprehensive identi�cation of potential
biomarkers through large-scale screening of expression pro�les has been proposed 9, 10. A weighted gene
co-expression network analysis (WGCNA) approach provides a systematic analysis to investigate the
functional clustering of expression pro�les, based on the theory that genes with similar expression
pro�les may have closely functional linkages and/or pathways 11–13. This approach groups highly co-
expressed genes into the same module. Modules bearing high correlation with certain clinical traits are
identi�ed as clinically signi�cant modules13. The “least absolute shrinkage and selection operator”
(LASSO) logistic regression was a useful method to select signi�cant variables, especially suitable for
high-dimensional gene data analysis 14, 15.

In order to �nd sensitive or speci�c biomarkers in gastric cancer, combination of WGCNA and LASSO
regression were performed. These �ndings may provide potential diagnostic and therapeutic targets in
future research and clinical intervention of gastric cancer.

Materials And Methods

Data collection and preprocessing
The work�ow of this study is shown in Fig. 1. Raw expression datasets were downloaded from the Gene
Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/) by using the keywords
“stomach/gastric cancer/tumor/carcinoma,” “normal,” “GPL570,” and “Homo sapiens.” Our inclusion
criteria for the datasets were that all the datasets 1) were included in the Affymetrix Human Genome
U133 Plus 2.0 Array (Affymetrix, Santa Clara, CA, USA) and 2) had been derived from human case-control
studies involving both gastric tumor and normal samples.

To avoid bias and batch effects among different cohorts, and to ensure a large sample size, the three
datasets with the largest sample sizes as of March 25, 2020 [GSE66229 16, 17, GSE1391118 and
GSE54129] were selected. GSE66229 contained 300 tumor and 100 normal samples, and was used as
the training set to screen for the hub genes. GSE54129 (contained 111 tumor and 21 normal samples)
served as the testing set to validate the hub genes. GSE13911, bearing 69 samples (38 tumor and 31
normal), was used to validate module preservation.

All the analyses in this study were conducted using R software (version 3.5.1). FitPLM weight, Relative
Log Expression (RLE), Normalized Unscaled Standard Errors (NUSE), and RNA degradation images were
analyzed to evaluate the quality of each dataset. Then, the “rma” function with the default parameters of
the “affy” package was used to perform background correction and normalization 19. Missing values in
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each dataset were imputed by using the function “impute.knn” with the default parameters of the
“impute” package 20. Platform annotations were downloaded from the GEO database, and �nally, the
gene symbol expression matrices were acquired from each dataset for further analyses.

Weighted Gene Co-expression Network Construction
Weighted gene co-expression network in the training set was constructed using the “WGCNA” package 21,

22. The genes with the top 25% SD among all the 400 samples in the expression matrix of the training set
were selected as the input genes (5115 genes in total).

In brief, �rst, the appropriate soft-thresholding power (β) was selected by using the “pickSoftThreshold”
function with the default parameters (herein, β = 4). Subsequently, the Pearson’s correlation matrix was
calculated to evaluate the similarity among all the pair-wise genes by using the “cor” function with the
default parameters. Then, the adjacency was calculated based on β and the Pearson’s correlation matrix
by using the “TOMsimilarity” function with the default parameters, and the corresponding dissimilarity
(dissTOM) was also calculated. Finally, average linkage hierarchical clustering was conducted according
to the dissTOM value with a minimum size of 30 for each gene dendrogram.

Module eigengenes (MEs), considered the �rst principal component (PC) of gene expression patterns of a
corresponding module, were obtained for each module. To further strengthen the reliability of the
modules, a cut line was set at 0.25 so that modules bearing < 0.25 would be merged 23.

Module Preservation Analysis
GSE13911 was used to validate the module preservation of the training set. The raw expression data of
GSE13911 were converted into a gene symbol expression matrix. As shown in Fig. 4A, 5115 genes in
GSE13911 clustered into 11 colored modules (no genes were clustered in the grey module), as determined
in the training set. All gene modules were found to bear strong conservation, as the Z summary scores
were all > 10 (Fig. 4B).

Identi�cation Of Clinically Signi�cant Modules
Herein, we focused on the clinical traits of the tissue types (tumor or normal). The Pearson’s correlation
between each ME and clinical traits were calculated to reveal the most signi�cant modules. Modules with
a Pearson’s correlation > 0.7 and P-value < 0.05 were selected as clinically signi�cant modules.

Additionally, gene signi�cance (GS), de�ned as the log10 transformation of the P-value in the linear
regression between the gene expression and clinical traits, were also calculated. Modules with the highest
absolute gene signi�cance were considered to be closely correlated with clinical traits.
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Functional Enrichment And Pathway Analyses Of Signi�cant
Modules
To determine whether the clinically signi�cant modules were closely correlated with gastric cancer, GO
functional annotation and KEGG pathway analyses were performed using the Database for Annotation,
Visualization and Integrated Discovery (DAVID) (version 6.8) (https://david.ncifcrf.gov/home.jsp)28, 29.
The visualization of the functional enrichment and pathway analyses was performed by the “GOplot” 30

and “ggplot2” 31 packages of R, respectively.

Candidate Gene Selection
Candidate genes were selected according to the following criteria: 1) differentially expressed genes
(DEGs) between gastric cancer samples and normal samples with |log2FC (Fold Change)| > 1 and

adjusted P-value < 0.05 based on the “limma” package 32, 2) high module membership de�ned as
|MM(Module Membership)| > 0.8 and a high signi�cant correlation with a clinical trait as |GS| > 0.6.

Selection Of Hub Genes By Lasso Logistic Regression
Analysis
Candidate genes were subjected to LASSO regression, which was performed using the “glmnet” package
by setting alpha = 1, and ten-fold cross-validation for tuning parameter selection. Lambda was de�ned as
the minimum partial likelihood deviance 33.

Validation Of Hub Genes
The machine learning method of logistic regression (by using the “glm” function with the default
parameters) 34 was performed to determine whether the hub genes could correctly distinguish the tumor
samples from the normal samples in a testing set.

Areas under the receiver operating characteristic (ROC) curves were calculated to compare the predictive
effects among the different supervised machine learning models, and then the ROC curves were plotted
using the “pROC” package 30. An area under the curve (AUC) value between 0.8 and 0.9 is considered an
excellent classi�cation, while greater than 0.9 is considered as outstanding discrimination 35.

Results

Construction of co-expression networks
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After the quality check of the input data, no sample was removed (Supplementary Fig. 1); herein, two
clinical traits (tissue type and stage) are presented. According to different tissue types (tumor or normal),
the 400 samples could be mainly divided into two clusters.

As shown in Fig. 2, the soft thresholding was set at 4, while the scale-free topology �t index reached 0.89,
indicating approximate scale-free topology. Co-expressed gene modules were identi�ed with the dynamic
tree cut method (Fig. 3A) 23. In total, 12 modules were found, and each color represented one module
(Fig. 3B). The biggest module was the turquoise module, which contained 2120 genes, followed by the
blue module, bearing 1503 genes. The grey module comprised 2 genes, which did not have a similar
expression pattern and did not belong to any other module.

Selection Of Clinically Signi�cant Modules
Herein, two factors (tissue type and stage) were included in module-trait relationship analysis. The most
interesting clinical trait was the tissue type, which was designated as tumor or normal samples. After the
assessment of the module-trait relationship (Fig. 5A), two modules that had > 0.7 Pearson’s correlation
with tissue types were found. The blue module had the highest correlation with gastric cancer (Pearson’s
correlation between gastric cancer and the blue module was 0.83, P-value = 9e-105), followed by the black
module (Pearson’s correlation = -0.72, P-value = 1e-65). Furthermore, the black and blue modules also had
the highest gene signi�cance (Fig. 5B), which denoted the association of the genes in the modules with
gastric cancer.

In addition, as shown in Supplementary Fig. 2, the correlations between module membership and gene
signi�cance in the blue and black modules were 0.85 (P < 0.001) and 0.77 (P < 0.001), respectively. It was
further demonstrated that these two modules were closely related to gastric cancer. Thus, they were
selected as clinically signi�cant modules for further analysis.

Functional Enrichment Of Clinically Signi�cant Modules
Gene Ontology (GO) enrichment results showed that 1503 genes in the blue module mainly participated
in 199 different biological processes (Supplementary Table 1). In the black module, 137 genes were
mainly involved in 29 different biological processes (Supplementary Table 2). The top three most
signi�cantly enriched biological processes were cell division (P = 2.29e-29), G1/S transition of the mitotic
cell cycle (P = 6.32e-21), and mitotic nuclear division (P = 3.49e-19) in the blue module (Fig. 6A), and
potassium ion import (P = 3.39e-05), digestion (P = 8.25e-04), and multicellular organismal water
homeostasis (P = 0.0012) in the black module (Fig. 6B).

KEGG (Kyoto Encyclopedia of Genes and Genomes) analysis showed that 1503 genes in the blue module
were mainly enriched in 17 pathways (Supplementary Table 3). The top three most signi�cantly enriched
pathways were cell cycle (P = 1.21e-15), DNA replication (P = 6.21e-15), and the p53 signaling pathway (P 
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= 2.03e-06) (Fig. 7A). In the black module, 137 genes were involved in 10 pathways (Supplementary
Table 4), and gastric acid secretion (P = 4.46e-05), protein digestion and absorption (P = 1.28e-04), as well
as drug metabolism-cytochrome P450 (P = 0.0032) pathways were the top three most signi�cantly
enriched pathways (Fig. 7B).

Identi�cation Of Hub Genes
Using the screening criteria of |GS| > 0.6 and |MM |> 0.8, 43 genes were identi�ed. All these 43 genes were
differentially expressed between the normal and tumor samples with |logFC| > 1 and adjusted P-value < 
0.05 (Fig. 8, Supplementary Table 5). Finally, 10 genes [Acyl-CoA dehydrogenase long-chain (ACADL),
Adiponectin (ADIPOQ); Rho GTPase activating protein 39 (ARHGAP39); ATPase family AAA-domain
containing protein 3A (ATAD3A); C1orf95 (also known as STUM gene), cholecystokinin B receptor
(CCKBR); Glutamate receptor, ionotropic kainate 3 (GRIK3); sodium channel epithelial 1 subunit gamma
(SCNN1G); Sialic acid-binding immunoglobulin-like lectin-11 (SIGLEC11); and Taxilin alpha (TXLNB)] were
identi�ed as the hub genes by using LASSO logistic regression (Table 1).

Validation Of The Hub Genes
GSE54129 was utilized as the testing set to validate the 10-gene model. The AUC value of this classi�er
upon using logistic regression was 0.882, indicating the excellent classi�cation effects of the model
(Fig. 9).

Discussion
Gastric cancer has the �fth highest incidence rate among all cancers, and it has a poor prognosis, with a
low 5-year survival rate 36. Patients with early-stage gastric cancer are asymptomatic and thus di�cult to
diagnose, and screening for signi�cant genes that can effectively distinguish normal and tumor samples
can provide very important auxiliary evidence in gastric cancer diagnosis37.

In this study, the WGCNA approach was proposed to screen for the hub genes, which can effectively
differentiate the normal gastric samples from tumor samples. WGCNA is an important approach to
systematically describe the correlation patterns among genes and identi�es modules of highly-correlated
genes, followed by candidate biomarker screening. Nodes and edges in this co-expression network
represent genes and the correlations between gene pairs, respectively. By using this systematic method,
the connectivity in each module can be detected while also taking clinical traits into account 22.

Eventually, blue and black modules were identi�ed as clinically signi�cant modules. The GO and KEGG
analyses revealed that the genes in these two modules were signi�cantly enriched in the biological
processes of the cell cycle, cell division, and stomach-related functions. All these biological functions are
closely related to gastric cancer 38, 39. ACADL, ADIPOQ, ARHGAP39, ATAD3A, C1orf95, CCKBR, GRIK3,
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SCNN1G, SIGLEC11, and TXLNB were identi�ed as the hub genes from the screening the black and blue
modules.

ACADL is a mitochondrial enzyme catalyzing the initial step of fatty acid oxidation and has been reported
to correlate with esophageal 40, breast 41, hepatocellular 42, and gastric 43 cancers. ACADL is upregulated
in esophageal squamous cell carcinoma cell lines and specimens, and its upregulation is associated with
disease progression 40. However, another study reported the opposite result, in which ACADL was
downregulated and signi�cantly correlated with poor prognosis in hepatocellular carcinoma 42. ACADL is
also among the genes that are signi�cantly differentially methylated between the ER + and ER- breast
cancer tumors 44. By comprehensive whole-genome and transcriptome sequencing analyses, a study has
revealed that ACADL is one of the mutated genes in gastric cancer 43.

ADIPOQ is one of the most important adipocytokines secreted by adipocytes 45, and the polymorphisms
of ADIPOQ have been reported to correlate with several types of cancer, including colorectal 46, 47 and
breast 48 cancers. A study focusing on the molecular mechanisms ADIPOQ participated in has revealed
that ADIPOQ induces cytotoxic autophagy in breast cancer cells through STK11/LKB1-mediated
activation of the AMPK-ULK1 axis 49. Another study has reported that miR-370 inhibits the proliferation,
invasion, and epithelial-mesenchymal transition of gastric cells by directly downregulating receptor 4 of
ADIPOQ 50. Overexpression of another microRNA, miR-15b-5p, promotes the metastasis of gastric cancer
by regulating ADIPOQ receptor 3 51.

ATAD3A is a nuclear-encoded mitochondrial enzyme, involving in mitochondrial dynamics, cell death, and
cholesterol metabolism 52. It has been reported to correlate with hepatocellular carcinoma 53 and breast
cancer 54, and it might be an effective therapeutic target in cancer treatment 55. ATAD3A is differentially
expressed between paclitaxel-resistant and -sensitive MCF7 breast cancer cells 54. A study has revealed
that ATAD3A is upregulated in hepatocellular carcinoma and ATAD3A upregulation is correlated with poor
prognosis 53.

Cholecystokinin is a well-known trophic factor for the gastrointestinal tract 56, and CCKBR is correlated
with pancreatic 56–59, breast 60, and gastric 61 cancers. Gastrin upregulates CCKBR in gastric cancer cell
lines 62, and thus it serves as a biomarker in gastric cancer treatment 63. A study has shown that miR-
148a has anti-cancer effects on gastric cancer through the inhibition of STAT3 and Akt activation by
targeting CCKBR 64. Another research has revealed that trastuzumab inhibits the growth of HER2-negative
gastric cancer cells by regulating the CCKBR signaling pathway 61.

GRIK3 mainly participates in the neuroactive ligand-receptor interaction pathway, and GRIK3 upregulation
is associated with poor survival in gastric cancer 65. GRIK3 promotes epithelial-mesenchymal transition
by regulating the SPDEF/CDH1 signaling in breast cancer cells 66.
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There have been few studies focusing on the relationship between gastric cancer and SCNN1G,
ARHGAP39, Clorf95, SIGLEC11, or TXLNB. SCNN1G is one of the genes signi�cantly upregulated in
Ewing’s sarcoma and �bromatosis samples 67. ARHGAP39 mutations or variations in copy number or
expression level are found in several types of tumor-like tissues from the central nervous system, skin,
prostate, and gastrointestinal tract 68. ARHGAP39 interacts with p53 and BAX, and decreased expression
of ARHGAP39 increases cell proliferation, leading to tumorigenesis 69. Clorf95 is one of the
uncharacterized proteins correlated with diverse human cancers 70. Another study focusing on
scleroderma patients demonstrated the involvement of Clorf95 in cancer incidence 71. Sialic acid-binding
immunoglobulin-like lectin-11 (SIGLEC11) is a primate-lineage–speci�c receptor of human tissue
macrophages, and it is also expressed in brain microglia 72, 73. A missense mutation of SIGLEC11 has
been detected in pancreatic cancer patients 74, and SIGLEC11 is signi�cantly upregulated in the poor
prognostic group of pancreatic cancer patients 75. Taxilin alpha (TXLNA), which is a binding partner of
the syntaxin family, has been identi�ed as a key factor in the coordination of intracellular vesicle
tra�cking, and it is upregulated in pancreatic adenocarcinoma patients 76.

In our study, several hub genes were implicated in the metabolic processes such as fatty acid oxidation
and cholesterol metabolism. A previous study has demonstrated the association between metabolic
syndrome and gastric cancer 77. Low total serum cholesterol levels are correlated with an increased risk
of gastric cancer in Chinese Han population 78. A study has detected increased fatty acid oxidation in
gastric cancer 79, and adipocytes fuel gastric cancer by mediating fatty acid metabolism 80.

All these results from the previous studies demonstrate that the hub genes identi�ed in our study are
closely correlated with gastric cancer and play important roles in cancer development, progression, or
proliferation.

The signi�cant module and hub genes identi�ed in this study are biologically rational. First, the clinically
signi�cant module identi�ed in our study bears strong preservation, implying that this clinically
signi�cant module is conservative and could also be reproduced in other datasets. Further, it suggests
that that modules constructed by WGCNA are reliable. Second, most of the genes in the signi�cant
module were enriched for speci�c GO terms and KEGG pathways closely relating to stomach or cancer
physiology. For instance, GO analysis demonstrated that most of the genes in the clinically signi�cant
modules were closely related to digestion, carbohydrate metabolic process, and gastric acid secretion, as
well as cell division and cell cycle. KEGG enrichment analysis also indicated that most of the genes in the
clinically signi�cant module were implicated in gastric acid secretion, protein digestion and absorption,
as well as glycerolipid metabolism and the p53 signaling pathway. Third, all the hub genes identi�ed in
our study had previously been reported to relate to cancer. Most of these hub genes are implicated in
metabolic processes, in�uencing the development and progression of gastric cancer. It may thus be
inferred that these genes are genuinely the hub genes in charge of the key processes in gastric cancer,
and they deserve a deeper analysis and validation. Finally, by using machine learning methods, the hub
genes were demonstrated to effectively discriminate the gastric tumor samples from normal samples. In
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our study, the predictive effects of different machine learning methods were evaluated by AUC values 81.
Herein, the AUC values of both logistic regression was > 0.8, indicating the excellent predictive results. All
the results indicated that the expression pro�les of these ten hub genes have excellent predictive effects
when discriminating gastric cancer samples from normal samples.

However, our study has limitations. First, all the hub genes were identi�ed and validated only through
bioinformatics, and further exploration of the biological functions and molecular mechanisms of these
hub genes both in vitro and in vivo is required. Second, due to the limited availability of the data, we did
not differentiate between intestinal-type and diffuse-type gastric cancers. More data are needed to
analyze and identify the hub genes between these two types of gastric cancer and normal samples.

In summary, through WGCNA, we identi�ed ten hub genes, which might serve as potential diagnostic
and/or therapeutic biomarkers for gastric cancer. Pro�le data mining by bioinformatics analysis is an
available method to �nd potential diagnostic or therapeutic biomarkers systematically. Nevertheless,
further investigations about the molecular mechanisms in which these hub genes are involved are still
needed to verify the involvement of these genes in gastric cancer. Our �ndings provide a better
understanding of the molecular mechanisms and putative diagnostic or therapeutic biomarkers for
gastric cancer.
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Figure 1

Flow diagram of the study: data collection, analysis, and hub gene selection and validation.

Figure 2

Determination of the soft-thresholding power in the weighted gene co-expression network analysis in the
training set. (A) Screening soft-thresholding powers. (B) Analysis of the mean connectivity for various
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soft-thresholding powers. (C) Histogram of the connectivity distribution with the soft-thresholding powers
set at 4. (D) Checking the scale-free topology with the soft-thresholding powers set at 4.

Figure 3

Clustering dendrograms of the 5115 genes in the training set. (A) Clustering of the module eigengenes to
identify the merged modules. Upon setting the threshold at 0.25, 15 modules were merged into 12.
modules (B) Co-expression module of the training set.



Page 19/23

Figure 4

Evaluation of module preservation. The x- and y-axes present module size and preservation median rank
(A) as well as preservation Z summary (B), respectively.
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Figure 5

Identi�cation of clinically signi�cant modules. (A) Correlation matrix of ME and clinical traits. Rows and
columns correspond to the eigengenes in the module and clinical traits, respectively. Pearson’s correlation
and P-values are presented in the cells. (B) Gene signi�cance of gastric cancer across the modules.
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Figure 6

Functional enrichment analyses of biological process of the (A) blue and (B) black modules. The x- and y-
axes present the z-score and log (adjusted P-value) of each GO term, respectively. The size of the bubble
shows the numbers of the genes enriched in this GO term. Only top 3 GO terms with the most signi�cant
adjusted P-values in each module were presented.

Figure 7

KEGG pathway enrichment analyses of the (A) blue and (B) black modules. The size of the bubble shows
the numbers of the genes enriched in this pathway, while the colors indicate the enrichment signi�cance.
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Figure 8

Heatmaps showing the differential expression patterns of the candidate genes between the gastric
cancer patients and normal controls in training set. The x- and y-axes present the samples and genes,
respectively. In the x-axis, pink and green represent the gastric cancer and normal samples, respectively.
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Figure 9

ROC curve of the classi�er predicted by these 10 hub genes in the testing set.
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