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Abstract

Purpose Breast cancer is one of the most common malignancies among females, and its prognosis is affected by a complex
network of gene interactions. Weighted gene co-expression network analysis was used to construct free-scale gene co-
expression networks and to identify potential biomarkers for breast cancer progression.

Methods The gene expression profiles of GSE42568 were downloaded from the Gene Expression Omnibus database. RNA-
sequencing data and clinical information of breast cancer from TCGA were used for validation.

Results A total of ten modules were established by the average linkage hierarchical clustering. We identified 58 network
hub genes in the significant module (R2:0.44) and 6 hub genes (AGO2, CDC20, CDCAS, MCM10, MYBL2, and TTK),
which were significantly correlated with prognosis. Receiver-operating characteristic curve validated that the mRNA levels of
these six genes exhibited excellent diagnostic efficiency in the test data set of GSE42568. RNA-sequencing data from TCGA
showed that the expression levels of these six genes were higher in triple-negative tumors. One-way ANOVA suggested that
these six genes were upregulated at more advanced stages. The results of independent sample 7 test indicated that MCM 10
and TTK were associated with tumor size, and that AGO2, CDC20, CDCAS5, MCM10, and MYBL2 were overexpressed in
lymph-node positive breast cancer.

Conclusions AGO2, CDC20, CDCAS5, MCM10, MYBL?2, and TTK were identified as candidate biomarkers for further basic
and clinical research on breast cancer based on co-expression analysis.

Keywords Breast cancer - Weighted gene co-expression network analysis - Prognosis - Gene Expression Omnibus -
Biomarker

Purpose

Breast cancer is a popular diagnosed malignancy around
the world. It accounts for 24% cancer cases and 15% cancer
deaths of females, as the leading cause of female cancer
death. According to the estimates from the Global Cancer
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in most developing countries during last decades, resulting
from a combination of social and economic factors, includ-
ing the postponement of childbearing, increased obesity
and physical inactivity (Bray et al. 2018). The incidence of
breast cancer was also markedly high in developed countries,
in which nearly 60% death-causing cases were diagnosed
at advanced stages, despite the developments of diagnosis
and treatment strategies. Among the females diagnosed at
early stages, 30% developed metastatic lesions months or
even years after surgical removal of the primary tumors
(O’Shaughnessy 2005; Redig and McAllister 2013).

In breast cancer initiation and progression, inheritance
plays important roles. It was reported that 5-10% breast
cancer cases resulted from hereditary and genetic factors,
such as inherited mutations and family history (Bray et al.
2018). BRCA mutations are observed in 20% triple-negative
breast cancer patients, while, in the general population, the
mutations of BRCA are substantially less. BRCA1/2 muta-
tions are currently detected to assess the risk for inherited
breast cancer (Trainer et al. 2011). The risks of breast can-
cer associated with BRCA1/2 mutations were 87% and 84%
in cancer-prone families, while, in population-based stud-
ies, such risk decreased to 65% and 45% (Ford et al. 1994;
Gonzalez-Angulo et al. 2011). Human epidermal growth
factor receptor 2 (HER2) is another important prognostic
biomarker, up to 30% breast cancers overexpressing HER2
(King et al. 1985). Overexpression of HER?2 is associated
with higher risk of local recurrence and worse overall sur-
vival (Paterson et al. 1991; Press et al. 1997). These results
suggested HER2 as a therapeutic target and a predictive
marker. The monoclonal antibody, trastuzumab, and the dual
tyrosine dual kinase inhibitor, lapatinib, were approved to
treat HER2-positive breast cancer. Overexpression of HER2
was used to predict the response to trastuzumab and lapat-
inib (Jung et al. 2018; Rimawi et al. 2018; Sagara et al. 2018;
Takada et al. 2018; von Minckwitz et al. 2018). Expression
of the hormone receptors (ER/PR) was also used to pre-
dict the response to endocrine therapies; thus, patients with
positive hormone receptors were often predicted to have a
favorable prognosis. Women with ER-positive breast can-
cer treated with tamoxifen were reported to have a signifi-
cant decrease of recurrence and death (Fisher et al. 2001;
Slamon et al. 1987). Epithelial growth factor receptor was
also reported to be overexpressed in 50% inflammatory and
triple-negative breast cancers (Khalil et al. 2003). Detection
of these biomarkers alone or in combination assisted early
diagnosis, therapeutic strategy determination, and prognosis
predication after treatment. Limited knowledge on precise
molecular targets for breast cancer limits advanced disease
treatment. Therefore, it is crucial to identify novel candidate
genes.

The high-throughput platforms for genomic analysis
provided promising tools in medical oncology with great

@ Springer

clinical applications. Co-expression analysis is increas-
ingly used to analyze these high-dimensional data. To
find candidate biomarkers and to describe the correlation
patterns among genes, we constructed co-expression net-
works using weighted gene co-expression network analysis
(WGCNA). This method has been used to explore can-
didate prognostic genes and therapeutic targets (Lang-
felder and Horvath 2008). In the presented study, we used
WGCNA algorithm to explore candidate predictive tumor-
associated genes.

Materials and methods

Data processing and differentially expressed genes
(DEGs) screening

The gene expression profiles of GSE42568 were down-
loaded from the Gene Expression Omnibus database (https://
www.ncbi.nlm.nih.gov/geo/). The GSE42568 was based on
GPL570 platform (Affymetrix Human Genome U133 Plus
2.0 Array). This data set included 17 normal breast tissues
and 104 breast cancer tissues. Probes were annotated by the
annotation files. The downloaded raw data were preproc-
essed with the Robust Multichip Average method in R soft-
ware including background adjustment, quintile normaliza-
tion, and summarization. Using linear models for microarray
data package in R, the expression value of each gene was
compared between cancer samples and normal controls to
identify DEGs. The false discovery rate method was used to
adjust the p value. llog2 fold-change (FC)I> 1 and adjusted
p value < 0.05 were set as the cut-off criteria to select genes
for further network construction.

Co-expression network construction

The DEG expression data were first tested to evaluate their
usability. WGCNA package in R was then used to con-
struct gene co-expression network. The adjacency matrix
A, was defined as follows: A, =Is, . I, Ajj encoded the
adjacency between gene m and gene n, and S, represented
the Pearson’s correlation between gene m and gene n. The
soft-thresholding parameter =6 (scale free R=0.88) was
selected to emphasize strong correlations between genes and
penalize weak correlations. The adjacent matrix was then
transformed into topological overlap matrix (TOM) to coun-
ter the effects of spurious or missing connections between
network nodes. We conducted average linkage hierarchical
clustering to classify genes with high absolute correlations
into gene modules according to the TOM-based dissimilarity
measure with a minimum size of 30.
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Identification of clinically significant modules

To identify modules related to clinical information of
breast cancer. We calculated the correlation between
module eigengenes and clinical trait. A module eigen-
gene is the first principal component of the gene module,
and considered as a representative of the gene expres-
sion profiles in a module. In addition, we measured the
module significance of each module, as the average gene
significance for all the genes in a module. The higher
absolute value of module significance represented more
biologically significant of a given module. In general, the
module significance tended to be highly associated with
correlation between module eigengenes and clinical trait.

Gene enrichment analysis

After screening out the clinically significant module, we
used the database for annotation, visualization, and inte-
grated discovery (http://david.abcc.nciferf.gov/) for Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis of candidate DEGs
(da Huang et al. 2009a, b). The ontology contains three
hierarchies: biological process, cellular component, and
molecular function. Adjusted p value <0.05 was set as
the cut-off criterion to identify enriched GO terms and
KEGG pathways.

Identification and validation of hub genes

Hub genes are often considered functionally significant
and highly connected with other nodes in the module.
After relating modules to clinical traits, we calculated
module connectivity of each gene, which was measured
by absolute value of the module membership (MM). MM
represented the Pearson’s correlation between a gene and
the module eigengene. Hub genes tended to be highly
connected and to have high MM. In addition, we meas-
ured the absolute value of gene significance (GS) which
represented the Pearson’s correlation between a given
gene and the clinical trait. The biologically significant
genes often had higher GS absolute values. In this study,
hub genes were identified using the cut-off criteria of
absolute MM > 0.7 and absolute GS > 0.4. TCGA data-
base was used to validate the expression levels of hub
genes. Human Protein Atlas (http://www.proteinatlas.org)
was also applied to validate the immunohistochemis-
try of candidate hub genes (Uhlen et al. 2010, 2015).
Kaplan—Meier-plotter (www.kmplot.com) was used for
survival analysis (Gyorffy et al. 2010).

Results

Construction of weighted co-expression network
and identification of key modules

The workflow of current study is shown in Fig. S1. After
data preprocessing and quality assessment, the expression
matrices were obtained from the 104 samples in the data set
GSE42568. The data set details are represented in Table S1.
Based on the threshold of adjusted p value < 0.05 and [log2
fold-change (FC)I> 1, a total of 3771 DEGs (3188 upregu-
lated and 583 downregulated) were selected for subsequent
WGCNA. To assess the microarray quality and exclude out-
lier samples, sample cluster of GSE42568 was performed
in Pearson’s correlation matrices and with average linkage
method (Fig. 1a). To ensure a scale-free network, the power
of f=6 (scale free R>=0.88) was selected as the soft-
thresholding in this study (Fig. 1b—d). Based on the average
linkage hierarchical clustering, a total of ten modules were
established. Turquoise module had the highest correlation
with pathological grade (Fig. 2), which was selected as the
clinically significant module for further analysis.

Gene enrichment analysis

We categorized the genes of turquoise module into three
GO groups: biological process, cellular component, and
molecular function. In biological process analysis, the genes
were significantly enriched in cell division, mitotic nuclear
division, sister chromatid cohesion, DNA replication, G1/S
transition of mitotic cell cycle, and chromosome segrega-
tion (Fig. 3a). In molecular function group, the genes were
mainly enriched in protein binding, ATP binding, chromatin
binding, microtubule binding, and single-stranded DNA-
dependent ATPase activity (Fig. 3b). For cellular compo-
nent, the genes were enriched in nucleoplasm, nucleus,
condensed chromosome kinetochore, chromosome, centro-
meric region, and midbody (Fig. 3c). According to KEGG
pathway analysis, our results indicated that these genes were
significantly enriched in cell cycle, DNA replication, pyrimi-
dine metabolism, p53 signaling pathway, and progesterone-
mediated oocyte maturation (Fig. 3d). Our enrichment
analysis of the clinically significant module demonstrated
that mitotic cell cycle process played important roles in the
tumor progression.

Identification and validation of hub genes
Based the cut-off criteria (absolute MM > 0.7 and absolute

GS >0.4), we selected a total of 58 genes as hub genes which
had high functional significance in the clinically significant
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module. Among them, AGO2, CDC20, CDCAS, MCM10,
MYBL2, and TTK were negatively associated with the prog-
nosis of breast cancer patients using Kaplan—Meier survival
curves by log-rank test (Fig. 4). The same results were found
based on Kaplan—Meier-plotter (www.kmplot.com) (Fig. 5).
Therefore, these six genes were chosen for further analysis.
In the test data set of GSE42568, receiver-operating char-
acteristic (ROC) curve validated that their expression could
distinguish normal samples from breast cancer. The hier-
archical cluster analysis of the data demonstrated that they

were highly expressed in more aggressive tumors (Fig. 6). In
addition, based on RNA-sequencing data from TCGA, ROC
curve indicated that CDC20, CDCAS5, MCM10, MYBL2,
and TTK exhibited prominently diagnostic roles in tumor
tissues. The expression levels of these six genes were higher
in triple-negative tumors. One-way ANOVA suggested that
these six genes were upregulated at more advanced stages.
The results of independent sample ¢ test demonstrated that
MCMI10 and TTK were associated with tumor size; AGO2,
CDC20, CDCAS, MCM10, and MYBL2 were overexpressed
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in lymph-node positive breast cancer (Fig. 7). Protein levels
of CDC20, CDCAS5, MCM10, MYBL2, and TTK were sig-
nificantly higher in tumor tissues compared with normal tis-
sues based on the IHC data from database of Human Protein
Atlas (Fig. S2). Since GO2, CDC20, CDCAS, MCM10, and
MYBL2 were hub genes in turquoise module, we evaluated
the correlation among these genes. Our results demonstrated
that their expression levels were highly correlated (Fig. 8).

Discussion

Breast cancer is the leading cause of cancer death in
females and easy to recur. The high-throughput platforms
for genomic analysis provided promising tools in medical
oncology with great clinical applications, while it is diffi-
cult to use such a large number of genes for clinical appli-
cation. Various genetic changes were found to regulate
breast cancer initiation and progression. Currently, many
biomarkers have been identified for the diagnosis and
treatment of breast cancer. However, novel biomarkers are
to be investigated for better understanding the mechanisms
of tumor progression and prediction of prognosis. In the
present study, we performed WGCNA to identify candi-
date biomarkers associated with the tumor grades of breast
cancer. A total of 3771 DEGs were screened out and ten
modules were identified via co-expression network analy-
sis. Turquoise module had the highest association with
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tumor grade. We screened 58 genes with high functional
significance from this module. Using Kaplan—Meier sur-
vival curves and log-rank test, AGO2, CDC20, CDCAS,
MCM10, MYBL2, and TTK were negatively associated
with the prognosis of breast cancer patients.

The protein encoded by AGO2 modulates RNA inter-
ference and is associated with tumor progression. AGO2
was upregulated in ERa-negative breast cancer cell lines
compared with ERa-positive ones, and overexpression
of AGO2 was a response to the epithelial growth factor
receptor/mitogen-activated protein kinase signaling path-
way. In addition, ERa-positive MCF7 cells transfected
with AGO?2 displayed enhanced proliferation, reduced
cell—cell adhesion, and increased migratory ability (Adams
et al. 2009). A recent study demonstrated that acetyla-
tion of AGO2 enhanced the maturation of miR-19b by
recruiting pre-miR-19b form the miRNA precursor deposit
complex. Immunohistochemistry staining of lung cancer
tissues and xenograft mouse models confirmed that AGO2
acetylation levels were associated with poor prognosis in
lung cancer patients (Zhang et al. 2018a). In the data set
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GSE42568, AGO2 was highly expressed in breast cancer
tissues compared with normal breast tissues, and ROC
curve indicated that AGO2 could excellently distinguish
normal tissues from tumor tissues. However, the diagnos-
tic efficiency was not observed in TCGA data set. One-way
ANOVA test demonstrated that AGO2 was upregulated in
ERa-negative, especially triple-negative tumors. Survival
analysis revealed that high expression of AGO2 was cor-
related with poor survival. AGO2 is a potential prognostic
biomarker.

CDC20 regulates cell cycle and interacts with several
other proteins. CDC20 was recognized as an oncogene, and
its overexpression was reported in various malignancies
(Gao et al. 2018). CDC20 promoted proteasomal degrada-
tion of the tumor suppressor SMARI1, thus enhancing cell
migration and invasion in breast cancer (Paul et al. 2017). In
glioma, CDC20 knockdown enhanced the drug sensitivity
of glioma cells to temozolomide, suggesting that CDC20
inactivation contributed to human cancer control (Wang
et al. 2017). In our current analysis, CDC20 was highly
expressed in breast cancer tissues compared with normal
ones. ROC curve indicated that CDC20 exhibited excellent
diagnostic efficiency. One-way ANOVA test demonstrated
that CDC20 was highly expressed in triple-negative tumor
and associated with tumor stages. Human Protein Atlas data-
base with the immunohistochemistry staining of CDC20 was
used to further investigate its translational levels. Our results
indicated that CDC20 protein levels were significantly
upregulated in breast cancer tissues compared with normal
ones. Survival analysis revealed that high expression levels
of CDC20 were associated with poor prognosis.

CDCAS5 was overexpressed in various types of tumors
and associated with the tumor progression (Chang et al.
2015; Chen et al. 2017; Zhang et al. 2018b). It was required
for stable cohesion of chromatids during S and G2/M cell
cycle phases. In gastric cancer, CDCAS silence downregu-
lated Cyclin E1 expression and suppressed proliferation of
gastric cancer cells by inducing G1-phase arrest (Zhang
et al. 2018b). CDCAS knockdown also reduced viability
and induced cycle arrest of hepatic cell carcinoma cells via
downregulating CCNB1 and CDK1 (Shen et al. 2018). In
addition, CDCAS silencing in hepatic cell carcinoma was
attributed to inactivation of the ERK/AKT pathway (Wang
et al. 2018). The results of our study demonstrated that
CDCAS was overexpressed in breast cancer, especially in
triple-negative tumor. Overexpression of CDCAS was corre-
lated with lymph-node metastasis and negatively correlated
with the prognosis.

MCM10 encodes a protein modulating the initiation of
eukaryotic genome replication. MCM 10 was reported to be
overexpressed in pancreatic, cervical, esophageal, urothe-
lial, and breast cancers, and mutated in early gastric can-
cer specimens (Kang et al. 2013; Li et al. 2016; Lu et al.
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2014; Peng et al. 2016). In breast cancer, highly MCM 10
expression levels were associated with shorter survival
time. MCM 10 deficiency decreased cell proliferation and
migration of breast cancer cells MCF7 (Mahadevappa
et al. 2018). In both the data sets GSE42568 and TCGA,
ROC curve indicated that MCM10 could effectively dis-
tinguish normal tissues from tumor ones. MCM10 over-
expression was positively correlated with tumor size and
lymph-node metastasis, and negatively with the survival
possibilities.

MYBL2 is a transcription of the MYB family. It is a
crucial regulator of cell proliferation, differentiation, and
apoptosis, and involved in tumor progression (Fan et al.
2018; Sala 2005). MYBL2 was upregulated in various
types of cancers and associated with poor patient out-
come (Guan et al. 2018; Musa et al. 2017; Ren et al. 2015;
Thorner et al. 2009), and previous studies revealed that
MYBL2 overcome p53-induced G1 checkpoint arrest and
DNA damage-induced G2 checkpoint arrest in p53 mutant
cells, thus enhancing cancer cell cycle progression and
survival (Lin et al. 1994; Mannefeld et al. 2009). In breast
cancer cells, MYBL2 knockdown restored E-Cadherin,
and suppressed cell invasion, growth and tumor formation.
Conversely, MYBL2 overexpression increased expression
of mesenchymal markers but downregulated E-cadherin.
It was proposed that MYBL2 promoted tumor invasion
via inducing epithelial-mesenchymal transition (Tao et al.
2015). In our study, MYBL2 was significantly upregulated
in breast cancer. MYBL2 overexpression was associated
with lymph-node metastasis and poor survival.

TTK is a critical mitotic checkpoint protein and essen-
tial for chromosome alignment at the centromere during
mitosis, thus required for centrosome duplication. TTK
mRNA levels were elevated in lung, anaplastic thyroid,
and breast cancer (Landi et al. 2008; Yuan et al. 2006).
Decreased TTK protein levels were associated with sup-
pressed cell proliferation, migration, and invasion, sug-
gesting the tumorigenic role of TTK (Chen et al. 2018;
Thu et al. 2018). In the current study, ROC curve dem-
onstrated that TTK could efficiently distinguish normal
from tumor tissues. TTK mRNA expression was positively
correlated with tumor size and negatively with the patient
survival.

Conclusions

In the present study, a gene co-expression network was con-
structed using co-expression analysis, and a clinically signif-
icant module was identified. Functional enrichment analysis
indicated that this clinically significant module regulated
mitotic cell cycle process. In addition, we identified 58 hub
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Fig.7 Validation of AGO2,
CDC20, CDCAS, MCM10,
MYBL2, and TTK based

on TCGA data set. a ROC
curve of AGO2. b ROC curve
of CDC20. ¢ ROC curve of
CDCAS5. d ROC curve of
MCMI10. e ROC curve of
MYBL2. f ROC curve of TTK.
g AGO2 expression at differ-
ent stages of breast cancer. h
CDC20 expression at differ-
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CDCAS expression at differ-
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Fig.8 Correlation among AGO2, CDC20, CDCAS, MCM10, MYBL2, and TTK. a GSE42568 and b TCGA

genes closely correlated with the tumor grades, and 6 hub
genes (AGO2, CDC20, CDCAS, MCM10, MYBL2, and
TTK) significantly correlated with the survival of breast can-
cer patients. RNA-sequencing data from TCGA and immu-
nohistochemical data from the Human Protein Atlas data-
base were used to validate the credibility of co-expression
results. Our studies enlightened further in vivo and in vitro
studies to investigate the underlying molecular mechanisms.
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