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Abstract
Since the five-year survival rate is less than 5%, pancreatic ductal adenocarcinoma (PDAC) remains
the 4th cause of cancer-related death. Although PDAC has been repeatedly researched in recent
years, it is still predicted to be the second leading cause of cancer death by year 2030. In our study,
the differentially expressed genes in dataset GSE62452 were used to construct a co-expression
network by WGCNA. The yellow module related to grade of PDAC was screened. Combined with
co-expression network and PPI network, 36 candidates were screened. After survival and
regression analysis by using GSE62452 and TCGA dataset, we identified 10 real hub genes (CCNA2,
CCNB1, CENPF, DLGAP5, KIF14, KIF23, NEK2, RACGAP1, TPX2 and UBE2C) tightly related to
progression of PDAC. According to Oncomine database and The Human Protein Atlas (HPA), we
found that all real hub genes were overexpressed in pancreatic carcinoma compared with normal
tissues on transcriptional and translational level. ROC curve was plotted and AUC was calculated to
distinguish recurrent and non-recurrent PDAC and every AUC of the real hub gene was greater
than 0.5. Finally, functional enrichment analysis and gene set enrichment (GSEA) was performed and
both of them showed the cell cycle played a vital role in PDAC.
Key words: pancreatic ductal adenocarcinoma; prognosis; progression; co-expression; bioinformatics analysis.

Introduction
Since the five-year survival rate is less than 5%,
pancreatic ductal adenocarcinoma (PDAC) remains
the 4th cause of cancer-related death [1]. Rapid
progress, later presentation of symptoms and lack of
early specific diagnostic method may lead to this
awful prognosis [2-4]. Although PDAC has been
repeatedly researched in recent years and numerous
biomarkers have been proved to be effectual for
diagnosis and treatment for PDAC [5-7]. It is still
predicted to be the second leading cause of cancer
death by year 2030 [8]. Therefore, further exploration
of PDAC about the mechanism of tumorigenesis and
progression is inevitable. Davies et al. reported that
impaired JNK signaling dramatically accelerated the
appearance of KrasG12D-induced acinar-to-ductal

metaplasia and pancreatic intraepithelial neoplasias,
which rapidly progressed to invasive PDAC within 10
weeks of age [9]. Another analysis showed that
aberrant DNA methylation altered the expression of
SLIT-ROBO, MET and ITGA2 thus impacting the
progress of PDAC [10]. Several studies also proved
that immune system played an irreplaceable role in
the development of PDAC [5, 7]. Thus, it can be seen
that the mechanism of PDAC is intricate and more
studies is urgently needed.
Due to the limitation of experiment, the
development of microarray and sequencing
technology provided an excellent tool and platform
for cancer research [11-13]. By associating clinical data
with molecular mechanism, new biomarkers for
http://www.ijbs.com
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diagnosis, treatment and prognosis might be
recovered. Omer et al. released that the homeostasis of
cholesterol greatly contributed to the development of
cancers by using TCGA database [14]. Frank et al.
emphasized the value of cancer network on learning
about the connection and difference in various types
of cancers [15]. The weighted correlation network
analysis (WGCNA) is an R package for weighted
correlation network analysis and can be used as a data
exploratory tool or a gene screening (ranking) method
to find clusters (modules) of highly correlated genes
[16]. It was used widely to finding hub genes in
various cancers. For example, Colin et al. identified 11
gene co-expression clusters from a large-scale breast
cancer data using WGCNA and UBE2S might indicate
a poor prognosis for breast cancer [17]. In order to
further explore the progress of PDAC, we used this
algorithm to identify network-centric genes
associated with clinical features.

125
distance between different samples in average
linkage.

Materials and methods
Data collection and preprocessing
A workﬂow of this study is shown in Figure 1.
We downloaded expressing profiles of mRNA of
human pancreatic cancer from Gene Expression
Omnibus (GEO) database (http://www.ncbi.nlm.nih.
gov/geo/). Dataset GSE62452 performed on Affymetrix
Human Gene 1.0 ST Array (Affymetrix, Santa Clara,
CA, USA), including 69 pancreatic tumors and 61
adjacent non-tumor tissues from patients with
pancreatic ductal adenocarcinoma (PDAC), was used
as the training set to construct co-expression networks
and identify hub genes in our study [18]. Meanwhile,
we also downloaded RNA-sequencing data of
pancreatic carcinoma from The Cancer Genome Atlas
(TCGA) database (https://genome-cancer.ucsc.edu/),
screening 146 samples of pancreas adenocarcinoma
ductal type (PDAC) with complete expression profile
and clinic information to further validate our results.
Moreover, the additional independent dataset
GSE62165 performed on Affymetrix Human Gene 1.0
ST Array (Affymetrix, Santa Clara, CA, USA)
consisting of 118 PDAC samples and 13 control
samples was used as a validation set to perform gene
set enrichment analysis (GSEA) in order to identify
potential function of PDAC [19].
For the next analyses, raw expression data in
dataset GSE62452 was firstly subjected to Robust
Multiarray Averaging (RMA) background correction
and their processed signals were log2 transformed
and normalized by quantile normalization. Then we
used the “affy” R package to summarize
median-polish probesets. Microarray quality was
assessed by sample clustering according to the

Figure 1. Flow diagram of the analysis procedure: data collection,
preprocessing, analysis and validation.

Differentially expressed genes (DEGs)
screening
The “limma” R package was used to screen the
DEGs between non-malignant pancreas samples and
PDAC tissues in the expressing data. The significance
analysis of microarrays (SAM) with false discovery
rate (FDR) < 0.05 and |log2 fold change (FC)| ≥ 0.585
was applied to select genes further considered in the
network construction.

Co-expression network construction
We kept the expression data profile of DEGs
qualified and then constructed the co-expression
network by “WGCNA” package in R for the DEGs
[16, 20]. Next, Pearson’s correlation matrices were
performed for pair-wise genes. We constructed a
weighted adjacency matrix using a power function
amn = |cmn|β (cmn = Pearson’s correlation between
gene m and gene n; amn = adjacency between gene m
and gene n). Parameter β could emphasize strong
correlations between genes and penalize weak
correlations. After choosing the appropriate β, the
adjacency was transformed into topological overlap
matrix (TOM), which could measure the network
http://www.ijbs.com
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connectivity of a gene defined as the sum of its
adjacency with all other genes for network generation
[21]. To classify genes with similar expression profiles
into gene modules, average linkage hierarchical
clustering was conducted according to the
TOM-based dissimilarity measure with a minimum
size (gene group) of 50 for the genes dendrogram [22].
To further analyze the module, we calculated the
dissimilarity of module eigengenes, chose a cut line
for module dendrogram and merged some module.

and training set. Genes with a significant p value in all
tests were real hub genes. Next, the database
Oncomine (https://www.oncomine.org/) and The
Human Protein Atlas (HPA) (http://www.proteinatlas.
org/) were used to validate the expression of the real
hub genes on transcriptional and translational level
[26]. ROC curve was plotted and AUC was calculated
with “ROCR” package to evaluate the capability of
distinguishing tumor and normal tissue as well as
recurrent and non-recurrent PDAC [27].

Identification of clinical significant modules

Functional enrichment analysis

Two approaches were used to identify modules
related to clinical information. Module eigengenes
(MEs) were considered as the major component in the
principal component analysis for each gene module
and the expression patterns of all genes could be
summarized into a single characteristic expression
profile within a given module. In addition, we
calculated the correlation between MEs and clinical
trait to identify the relevant module. Afterwards, gene
significance (GS) was defined as the log10
transformation of the P value (GS = lgP) in the linear
regression between gene expression and clinical
information. In addition, module significance (MS)
was defined as the average GS for all the genes in a
module. In general, the module with the absolute MS
ranked first among all the selected modules was
considered as the one related with clinical trait.

To obtain further insight into the function of
DEGs in hub module, DEGs in hub module were
uploaded to the Database for Annotation,
Visualization and Integrated Discovery (DAVID)
(https://david.ncifcrf.gov/home.jsp/) to screen enriched
biological themes, particularly GO terms and KEGG
pathways [28, 29]. P < 0.05 was set as the cut-off
criterion.

Candidate genes selection
Hub genes, highly interconnected with nodes in
a module, have been considered functionally
significant. In our study, an interesting module was
chosen, and hub genes were defined by module
connectivity and clinical traits significance.
Furthermore, we uploaded all genes in the hub
module to the Search Tool for the Retrieval of
Interacting Genes (STRING) database to construct
protein-protein interaction (PPI) to screen hub nodes
in PPI network [23, 24]. We defined genes with the
node connectivity > 2 (total edges / total nodes) as the
hub nodes in PPI network and using Cytoscape to
perform the network [25]. Hub genes common in both
networks were chosen as the candidates to be further
analyzed and validated.

Hub genes identification and efficacy
evaluation
We performed survival analysis and regression
analysis for common hub genes using dataset
GSE62452 and TCGA data. The genes with p value
significantly less than 0.05 were identified as real hub
genes. Venn diagram was performed based on the
survival and regression analysis using TCGA data

Gene set enrichment analysis (GSEA)
In validation set GSE62165, samples of PDAC
were divided into two groups according to the
expression level of the real hub genes respectively. To
identify potential function of the hub genes, GSEA
(http://software.broadinstitute.org/gsea/index.jsp)
was
conducted to detect whether a series of priori defined
biological processes were enriched in the gene rank
derived from DEGs between the two groups [30].
Terms with FDR < 0.05 and enriched in all real hub
genes were identified.

Results
Training set quality assessment and clinical
data
After the first quality check by WGCNA R
package, no sample was removed from subsequent
analysis in GSE62452 (Figure 2). And in Figure 2, we
could find 4 types of clinical data including
histological grade, tumor pathological stage, survival
months and survival status of PDAC patients. To
ensure a scale-free network, here, the power of β = 8
(scale free R2 = 0.89) was selected (Figure 3).

DEGs screening
After data preprocessing and quality assessment,
we obtained the expression matrices from the 69
samples in training set GSE62452. Under the
threshold of FDR < 0.05 and |log2FC| ≥ 0.585, a total
of 1008 DEGs (699 up-regulated and 309
down-regulated) were chosen for subsequent
analysis. The heatmap and volcano plot of DEGs were
shown in Figure S1.

http://www.ijbs.com
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Figure 2. Samples clustering to detect outliers (GSE62452): sample dendrogram and trait indicator. The clustering was based on the expression data
of differentially expressed genes between tumor samples and non-tumor samples in PDAC (only the tumor samples, n = 69). The color intensity was proportional to
older age, higher histological grade and pathological stage, longer survival month. In survival status, white means patient alive and red means patient dead.

Figure 3. Determination of soft-thresholding power in the weighted gene co-expression network analysis (WGCNA). (A) Analysis of the scale-free
fit index for various soft-thresholding powers (β). (B) Analysis of the mean connectivity for various soft-thresholding powers. (C) Histogram of connectivity
distribution when β = 8. (D) Checking the scale free topology when β = 8.

http://www.ijbs.com
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Weighted co-expression network construction
and key modules identification
“WGCNA” package in R was used to put the
DEGs with similar expression patterns into modules
by average linkage clustering, and a total of 5 modules
were identified based on the histological grade of
PDAC (Figure 4A). We used 2 methods to test the
relevance between each module and the PDAC
progression. Modules with a greater MS were
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considered to have more connection with the disease
progression, and we found that the MS of the yellow
module was higher than those of any other modules
(Figure 4B). Afterwards, the ME of the yellow module
showed a higher correlation with disease progression
than other modules (Figure 4C). Based on the two
methods, we identified the yellow module was the
module most relevant to the disease progression of
PDAC.

Figure 4. Identiﬁcation of modules associated with the progression of PDAC. (A) Dendrogram of all differentially expressed genes clustered based on a
dissimilarity measure (1- TOM). (B) Distribution of average gene signiﬁcance and errors in the modules associated with the progression of PDAC. (C) Heatmap of
the correlation between module eigengenes and the disease progression of PDAC.

http://www.ijbs.com

Int. J. Biol. Sci. 2018, Vol. 14

129

Figure 5. Hub genes detection and protein-protein network (PPI). (A) Scatter plot of module eigengenes in yellow module. (B) Protein–protein interaction
network of genes in the yellow module. The color intensity in each node was proportional to the degree of connectivity in the weighted gene co-expression network
(positive correlation in red and negative correlation in green). The size of circles was equal to the Fold Change (FC). The nodes with bold circle represented network
hub genes identiﬁed by WGCNA. The edge width was proportional to the score of protein- protein interaction based on the STRING database. (C) Selection of hub
genes in PPI network and co-expression network. (D) Identification of real hub genes.

Hub gene identification for grade in the yellow
module
A total of 43 genes which were highly connective
to yellow module were identified as candidate hub
genes (Figure 5A). Moreover, we also constructed a
network of protein-protein interaction (PPI) for all
genes in yellow module by Cytoscape consisted of 80
nodes and 930 edges according to the STRING
database, and 42 genes connected with more than 23
nodes were taken as hub nodes in the PPI network
(Figure 5B). 36 common network genes were screened
as the candidates to be further analyzed and validated
(Figure 5C-D).

Survival analysis and regression analysis for
common hub genes
The dataset GSE62452 containing 69 pancreatic
tumors and mRNASeq data followed information of
146 PDAC patients in TCGA were separately
subjected to survival analysis and regression analysis.
And 10 real hub genes (CCNA2, CCNB1, CENPF,

DLGAP5, KIF14, KIF23, NEK2, RACGAP1, TPX2 and
UBE2C) among 36 common network genes were
highlighted with p value significant less than 0.05
(Figure 6-9). The remaining 26 genes were shown in
Figure S2-5.

Real hub genes validation and efficacy
evaluation
Based on the Oncomine database, we could find
that the expression of real hub genes was significantly
elevated in pancreatic carcinoma compared with
normal tissues. Moreover, immunohistochemistry
staining obtained from The Human Protein Atlas
database also demonstrated the deregulations of real
hub genes expression (Figure 10), and the patient data
of the IHC was list in Table S1. In addition, ROC curve
analysis was implemented to evaluate the capacity of
real hub genes to distinguish recurrent and
non-recurrent PDAC as well as tumor and normal
tissues. AUC values for 10 genes were greater than 0.5
(Figure 11 and Figure S6).
http://www.ijbs.com
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Figure 6. Survival analysis of real hub genes in the dataset GSE62452. (A) CCNA2. (B) CCNB1. (C) CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H)
RACGAP1. (I) TPX2. (J) UBE2C. Red lines represent high expression of the real hub genes and blue lines represent low expression.

Figure 7. Survival analysis of real hub genes in the TCGA dataset. (A) CCNA2. (B) CCNB1. (C)CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H) RACGAP1. (I)
TPX2. (J) UBE2C. Red lines represent high expression of the real hub genes and blue lines represent low expression.

Figure 8. The correlation between the expression levels of real hub genes in the dataset GSE62452 and the disease progression of PDAC. (A) CCNA2.
(B) CCNB1. (C) CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H) RACGAP1. (I) TPX2. (J) UBE2C. Grade means histological grade.

http://www.ijbs.com
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Figure 9. The correlation between the expression levels of real hub genes in the TCGA dataset and the disease progression of PDAC. (A) CCNA2. (B) CCNB1. (C)
CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H) RACGAP1. (I) TPX2. (J) UBE2C. Grade means histological grade.

Figure 10. Validation the expression of real hub genes on transcriptional and translational level by Oncomine database and The Human Protein Atlas database
(immunohistochemistry). (A) CCNA2. (B) CCNB1. (C) CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H) RACGAP1. (I) TPX2. (J) UBE2C.

Figure 11. ROC analysis of real hub genes in TCGA database. (A) CCNA2. (B) CCNB1. (C) CENPF. (D) DLGAP5. (E) KIF14. (F) KIF23. (G) NEK2. (H) RACGAP1.
(I) TPX2. (J) UBE2C.Receiver operating characteristic (ROC) curves and area under the curve (AUC) statistics is to evaluate the capacity of distinguishing recurrent
and non-recurrent PDAC.

http://www.ijbs.com
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Functional enrichment analysis
GO analysis results showed that mitotic nuclear
division and cell division were significantly enriched
(Figure 12A). Cell cycle was most enriched in KEGG
pathways analysis (Figure 12B).

132
genes in PDAC, GSEA was conducted to search
KEGG pathways enriched in the highly-expressed
samples. Six gene sets (n = 118), “Cell cycle”, “DNA
replication”, “mismatch repair”, “proteasome”,
“homologous recombination” and “base excision
repair” were enriched (FDR < 0.05) (Figure 13).

Gene set enrichment analysis (GSEA)
To identify the potential function of the real hub

Figure 12. Functional analysis. (A) Gene Ontology analysis for genes in yellow module. (B) KEGG pathway enrichment analysis for genes in yellow module.
The x-axis shows the -log10 (P- value) of each term and the y-axis shows the GO and KEGG pathway terms.
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Figure 13. Gene set enrichment analysis (GSEA) using GSE62165. Only listed the six most common functional gene sets enriched in PDAC samples with
real hub genes highly expressed.

Discussion
In the present study, first, we screened yellow
module related to grade of PDAC by using WGCNA.
And then a total of 36 candidates, common hub genes
both in co-expression network and PPI network, were
distinguished. After a series of bioinformatics
analysis, 10 real hub genes tightly associated with
progression and prognosis of PDAC were identified.
The findings may contribute to the improvement of
therapeutic decision-making, risk stratification and
prognosis prediction for PDAC patients.
To a great extent, tumor grade has a close
correlation with prognosis. Auvinen et al.
demonstrated that hyaluronan synthases in stromal
and malignant cells was correlated with breast cancer
grade and predicted patient survival [31]. Azimi et al.
also stated that tumor-infiltrating lymphocyte (TIL)
grade is an independent predictor of survival and
sentinel lymph node (SLN) status in patients with
melanoma [32]. Here, we performed survival analysis
and regression analysis to screen real hub genes with
a significant p value. A total of 10 genes (CCNA2,
CCNB1, CENPF, DLGAP5, KIF14, KIF23, NEK2,
RACGAP1, TPX2 and UBE2C) were especially
outstanding. They were not only highly correlated

with PDAC grade, but also may be potential
biomarkers for prognosis.
Many researchers found that those 10 real hub
genes were involved in the process of cell cycle,
participating in the tumorigenesis and tumor
proliferation. It was showed that CCNA2 and its
associated kinase activity are important for progestininduced activation of endogenous progesterone
receptor target genes in breast cancer cells [33].
Down-regulation of CCNB1 impaired proliferation
and induced apoptotic death in colorectal cancer [34].
Aytes et al. reported that FOXM1 and CENPF function
synergistically
promoted
tumor
growth
by
coordinating regulation of target gene expression and
activation of key signaling pathways associated with
prostate cancer malignancy [35]. KIF14 was proved to
be overexpressed in most primary hepatocellular
carcinoma (HCC) tissues compared with the adjacent
normal liver tissues and closely related to
tumor grade, stage and poor survival [36]. KIF23,
another number in kinesins family, whose elevated
levels was correlate with ANCCA in the tumors and
with poor relapse-free survival of patients with
ER-positive breast cancer [37]. TPX2 was confirmed to
affect spindle formation and microtubule nucleation
http://www.ijbs.com
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around the chromosomes [38]. High expression of
TPX2 may serve as a prognostic marker and promotes
tumorigenesis and metastasis of HCC [39]. In
addition, DLGAP5 combined expression with BUB1B
and PINK1 may be a predictor of poor outcome in
adrenocortical tumors [40]. High expression of
RACGAP1 was significantly associated with
progression and prognosis of colorectal cancer (CRC)
and its biological and clinical significance provided
sufficient evidence as a potential biomarker for
identifying patients with lymph node metastasis and
poor prognosis [41]. And dysregulation of UBE2C was
associated
with
proliferative
marker
Ki-67,
accumulation of cyclin A and B1, and a poor overall
survival in colorectal cancer [42]. Moreover, recent
studies have revealed that CCNB1 and CENPF were
biomarkers of PDAC by bioinformatic analysis [43,
44]; meanwhile, TPX2 was proved to be a candidate
target in PDAC for designing improved treatments
[45]. As for the rest real hub genes, they were not
reported to participate in PDAC progression. More
study was needed. In order to further verify our
results, we used the Oncomine database and The
Human Protein Atlas to validate the expression of the
real hub genes on transcriptional and translational
level. All these gens were significantly up-regulated
in pancreatic carcinoma compared with normal tissue
in mRNA level and immunohistochemistry staining,
proving their vital role in carcinogenesis.
According to the statistics, about 80% of
surgically resected PDAC recurred. As the tumor
recurrence played a critical role in prognosis, we then
performed ROC curve and calculated AUC, showing
that the real hub genes, especially CCNB1, KIF23,
RACGAP1 and TPX2, were capable of distinguishing
recurrent and non-recurrent PDAC with excellent
diagnostic efficacy [46]. Several researchers were
committed to finding indicators that could be used to
detect recurrence of PDAC, like CT or magnetic
resonance imaging for routine follow-up, serum levels
of CA19-9 and CD133 [47, 48]. CCNB1, KIF23 and
RACGAP1 were all stated to be potential candidate
biomarkers for HCC recurrence after surgery [49, 50].
It was reported that co-expression of TPX2 and PD-L1
was significantly higher in CIN persistence/
recurrence group than the group without CIN
persistence/recurrence [51]. Our findings might serve
as the promising biomarkers for diagnosis of disease
progression, poor prognosis and recurrence.
The functional and pathway enrichment analysis
showed that three inseparable biological processes,
mitotic nuclear division, cell division and cell cycle,
were significantly enriched. Moreover, the gene set
enrichment analysis also found that the function of
those real hub genes were enriched in terms related to
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cell cycle regulation. Cell cycle has been proved to
regulate various tumors progression and prognosis,
including PDAC [52-55]. Chen et al. reported that
down-regulation of FAM83B in PDAC cells
contributed to G0/G1 phase arrest and inhibition of
cell proliferation [56]; Liu et al. discovered YY1
suppressed proliferation and migration of PDAC by
regulating the CDKN3/MdM2/P53/P21 signaling
pathway [57]. Numerous biomarkers were reported to
impact PDAC via cell cycle pathway, including the 10
hub real genes mentioned above [58-60]. Therefore,
further exploration of cell cycle and associated genes
was of enormous significance.
In summary, by using a series of bioinformatics
analysis, we illustrated ten real hub genes which
might be involved in the prognosis and capable of
distinguishing recurrent and non-recurrent PDAC.
The crucial pathway enriched in the real hub genes
was cell cycle. These findings would greatly
contribute to the reveal the progress of PDAC.
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