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ABSTRACT
Purpose: Mantle cell lymphoma (MCL) is a rare and aggressive subtype of
non-Hodgkin lymphoma that is incurable with standard therapies. The use of gene
expression analysis has been of interest, recently, to detect biomarkers for cancer.
There is a great need for systemic coexpression network analysis of MCL and this
study aims to establish a gene coexpression network to forecast key genes related to
the pathogenesis and prognosis of MCL.
Methods: The microarray dataset GSE93291 was downloaded from the Gene
Expression Omnibus database. We systematically identified coexpression
modules using the weighted gene coexpression network analysis method
(WGCNA). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) functional enrichment analysis were performed on the modules deemed
important. The protein–protein interaction networks were constructed and
visualized using Cytoscape software on the basis of the STRING website; the
hub genes in the top weighted network were identified. Survival data were
analyzed using the Kaplan–Meier method and were compared using the log-rank
test.
Results: Seven coexpression modules consisting of different genes were applied
to 5,000 genes in the 121 human MCL samples using WGCNA software. GO and
KEGG enrichment analysis identified the blue module as one of the most important
modules; the most critical pathways identified were the ribosome, oxidative
phosphorylation and proteasome pathways. The hub genes in the top weighted
network were regarded as real hub genes (IL2RB, CD3D, RPL26L1, POLR2K,
KIF11, CDC20, CCNB1, CCNA2, PUF60, SNRNP70, AKT1 and PRPF40A).
Survival analysis revealed that seven genes (KIF11, CDC20, CCNB1,
CCNA2, PRPF40A, CD3D and PUF60) were associated with overall survival
time (p < 0.05).
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Conclusions: The blue module may play a vital role in the pathogenesis of MCL. Five
real hub genes (KIF11, CDC20, CCNB1, CCNA2 and PUF60) were identified as
potential prognostic biomarkers as well as therapeutic targets with clinical utility for
MCL.

Subjects Bioinformatics, Hematology, Oncology
Keywords Mantle cell lymphoma, Coexpression network analysis, Modules, Hub genes, Survival

INTRODUCTION
Mantle cell lymphoma (MCL) is a rare, aggressive malignancy with a low survival rate
comprising approximately 6% of non-Hodgkin lymphoma (NHL) cases. MCL patients are
typically male with a median age over 60 (Vose, 2017). MCL is largely incurable, although
traditional chemotherapy can induce a high rate of remission in previously untreated
patients. However, relapse is common within a few years. An intense first-line treatment
can improve a patient’s progression-free survival, however, there is still no curative
regimen. Therefore, additional insights into the pathology and genetic etiology of MCL
may offer new treatment solutions for MCL.

Genetic variations are reportedly related to the occurrence of MCL. MCL is
characterized by the presence of t(11;14)(q13;q32), which is closely correlated with cyclin
D1 overexpression (Ladha et al., 2019). The activation of cell survival pathways and
alterations in the DNA damage response contribute to the constitutive dysregulation of the
cell cycle and are incorporated to promote the pathogenesis of MCL. There are two
different molecular subtypes of MCL, namely the classical MCL and the leukemic
nonnodal subtype (Quintanilla-Martinez, 2017). However, the molecular biomarkers of
MCL remain unclear. The molecular biomarkers for MCL must be identified to provide
targets with which to identify its pathogenesis and to develop personalized treatment
strategies. Bomben et al. (2018) have reported that six representative genes (AKT3, BCL2,
BTK, CD79B, PIK3CD and SYK) through the analysis of a prediction model were
correlated with a poor clinical response in MCL. Ferrero et al. (2019) confirmed mutations
of KMT2D and disruption of TP53 had a significantly increased risk of progression and
death by target resequencing and DNA profiling in MCL samples. The pathogenesis of
MCL is a result of complex molecular mechanisms involving genetic factors, which have
not yet been elucidated.

The majority of studies to date have focused on the differential expression of genes
associated with MCL but have ignored their high degree of interconnectivity. Expression
profiling analysis based on microarrays contributes to measuring gene expression at the
genome-wide level. The weighted gene coexpression network analysis (WGCNA) is used
to analyze a biological system and can detect an array of genes with similar expression
levels as well as their relevant biological functions in diverse physical processes. These
analyses can be defined as one gene module. WGCNA can identify the gene modules
related to clinical diagnoses and has been used comprehensively in cancer-related research,
including for cancers of gastric region and soft tissue (Gong et al., 2019; Zhu et al., 2019).
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We constructed a coexpression network from a dataset consisting of 20,822 genes of
123 human MCL samples. Enrichment analysis of Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) were conducted to analyze the gene
functions in the six constructed coexpression modules. The protein–protein interaction
(PPI) networks were constructed and visualized using the Cytoscape software and the
hub genes in the top weighted network were identified. Survival analysis revealed that
seven genes (KIF11, CDC20, CCNB1, CCNA2, PRPF40A, CD3D and PUF60) were
associated with overall survival time. The informative genes identified in this research may
contribute to the future clinical treatment of MCL.

MATERIALS AND METHODS
Microarray data analysis
Analysis was performed on the raw gene expressions of the MCL datasets and the
corresponding clinical follow-up obtained from the GEO data repository (http://www.
ncbi.nlm.nih.gov/geo). GSE93291, a much larger and newer microarray dataset of MCL,
included a total of 123 samples. Another dataset of GSE132929 was downloaded to verify
the stability of the real hub genes. This dataset included 43 MCL samples. GPL570
(Affymetrix Human Genome U133 Plus 2.0 Array) was selected for the microarray. Gene
IDs were mapped to the microarray probes using the annotated information offered by the
record. Probes corresponding to more than one gene were excluded from the dataset.
The average expression values of the genes was obtained using measurements from a
number of probes. A suitable threshold value was selected based on the number of probes
with different thresholds of expression. The WGCNA algorithm (Langfelder & Horvath,
2008) was applied to build the coexpression network. Samples cluster analysis was
performed using the hclust tool (R package, https://www.rdocumentation.org/packages/
stats/versions/3.6.1/topics/hclust) with a threshold value of 67 in GSE93291.

Coexpression modules construction
The power value was screened out during the construction of the modules using the
WGCNA package in R (https://cran.r-project.org/web/packages/WGCNA/). The mean
connectivity and scale independence of network modules were analyzed using the
gradient test under different power values, which ranged from 1 to 20. The soft
threshold power of 8 was selected according to the scale-free topology criterion.
The WGCNA algorithm further identified coexpression modules under these conditions.
The minimum size of the gene group was set at 50 to ensure the reliability of the results for
this module.

Interaction analysis of coexpression modules
The interactive relationship among the coexpression modules was studied using the
WGCNA algorithm. The WGCNA R software package can be used to determine network
construction, the calculation of topological properties, gene selection, module detection,
differential network analysis, and network statistics. We chose a height cut of 0.25
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(red line), which corresponds with a correlation of 0.75, to merge similar modules. A heat
map was drawn to display the intensity of the interaction among the modules.

Analysis of functional and pathway enrichment
Functional enrichment analysis was carried out in coexpression modules. The genetic
information of the respective modules was mapped to the associated GO terms and KEGG
pathways using the DAVID tool (version 6.8; http://david.abcc.ncifcrf.gov/) (Huang,
Sherman & Lempicki, 2009). The top five records with p-value < 0.05 were retained for
analysis.

Hub gene analysis and identification
The genes in the coexpression modules were uploaded to the Search Tool for the
Retrieval of Interacting Genes/Proteins (STRING) online database (version 11.0) to
evaluate PPI information and construct a functional protein association network
(Szklarczyk et al., 2017). Interactions with combined scores above 0.9 were considered
significant. The PPI networks were constructed and visualized using Cytoscape
software (version 3.7.1; http://www.cytoscape.org/) (Su et al., 2014). PPI hub genes were
detected using the cytoHubba plugin with the degree of connectivity set to the top 5%.
The weighted networks of the top genes were also ranked by weighted degree in each
coexpression module and were visualized using Cytoscape software. The PPI hub genes in
the top weighted network were considered to be real hub genes. The validation was
performed in the GSE132929 dataset. We used the same approach to detect the real hub
genes.

Survival analysis
Survival analysis was performed for the real hub genes using the R package of survival
(https://CRAN.R-project.org/package=survival). The samples were categorized into
high and low groups according to the median expression value of each real hub gene.
Kaplan–Meier analysis and the log-rank test were used to analyze the correlation between
the expression of the real hub gene and its corresponding prognostic information.
Significance was considered to be p < 0.05.

RESULTS
MCL dataset pre-processing
A total of 20,822 gene expression values were derived from the raw file. A total of 5,000
genes with the greatest average expression values were selected for cluster analysis
(Fig. 1A). A total of 121 samples remained for subsequent analysis after two outlier
samples were removed (GSM536139 and GSM2450480).

Identification of coexpression modules of MCL genes
The expression values of 5,000 genes in the 121 MCL samples were analyzed to identify the
modules of highly correlated genes. The soft threshold power was set at 8 (scale-free
R2 = 0.85) to guarantee a scale-free network (Fig. S1). A total of seven modules, including
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turquoise (1,571 genes), gray (883 genes), blue (1,606 genes), brown (381 genes), yellow
(241 genes), red (195 genes) and black (123 genes) were identified (Fig. 1B). The genes in
gray were not included in any module, so no further analysis was conducted for these
genes.

Figure 1 Sample clustering to detect outliers and construction of coexpression modules. (A) Hier-
archical clustering of the top 5,000 genes with the highest average expression values of MCL samples in
the clustering analysis. There were two outlier samples in the total 123 samples, that are GSM536139 and
GSM2450480, when the threshold value was determined as 67 (red line). (B) The constructed coex-
pression modules of MCL genes by WGCNA software. (C) Interaction analysis between gene coex-
pression modules. The heatmap showed the Topological Overlap Matrix (TOM) among genes in the
analysis. Different colors on the x-axis and y-axis represented different modules. The yellow brightness of
the middle part represented the strength of connections between modules.

Full-size DOI: 10.7717/peerj.8843/fig-1
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Correlation analysis of coexpression modules
The WGCNA package analyzed the interactive relationships underlying the six
coexpression modules (Fig. 1C). Gene expression among the six identified modules was
relatively independent as illustrated by the topological overlap matrix (TOM) plot of
5,000 genes, suggesting that each module was independently validated. The connectivity
degree of eigengenes was analyzed to further quantify the similarity of coexpression.
The six modules yielded two main clusters, with two sets of three modules each (brown,
red and turquoise modules, and black, blue and yellow modules), followed by cluster
analysis (Fig. 2A). The blue and yellow modules, and red and turquoise modules were
found to have higher adjacency values based on the heatmap plot of the adjacencies
(Fig. 2B).

Functional and pathway enrichment analysis
Enrichment analyses of GO and KEGG were conducted to assess the functions of the
genes in the six identified modules. The top five enriched GO and KEGG terms with
p value < 0.05 were selected for further analysis. The heatmap plots for GO (Fig. 3A)
and KEGG (Fig. 3B) analysis revealed a large difference in the enriched degree and terms of
the coexpression modules. The blue module was determined to be the most important
module in enrichment degree after heatmap analysis was conducted (Figs. 3A and 3B).
Each module was determined to be significantly different from each other based on
analysis of the GO biological process (Table 1). The genes in the black module were
primarily enriched in GO:0006955 (immune response), GO:0006954 (inflammatory
response), GO:0070098 (chemokine-mediated signaling pathway) and GO:0051603
(proteolysis associated with cellular protein catabolic process). The genes in the blue
module were primarily enriched in GO:0006413 (translational initiation) and GO:0006614
(SRP-dependent cotranslational protein aiming at membrane). The genes in the brown
module were primarily enriched in GO:0051301 (cell division) and GO:0006260 (DNA
replication). The genes in the other three modules were primarily enriched in GO
molecular function and cellular components. The results of KEGG pathway analysis are
shown in Table 2. The black module was mainly enriched in immune pathways hsa04060:
Cytokine–cytokine receptor interaction, and hsa05340: Primary immunodeficiency.
The blue module was primarily enriched in the pathways hsa03010: Ribosome, hsa00190:
Oxidative phosphorylation (OXPHOS) and hsa03050: Proteasome. The brown module
was primarily enriched in cellular processes hsa04110: Cell cycle, hsa03030: DNA
replication, hsa00240: Pyrimidine metabolism, hsa01100: Metabolic pathways and
hsa03420: Nucleotide excision repair. The red module was enriched in pathways hsa04142:
Lysosome and hsa04721: Synaptic vesicle cycle. The turquoise module was principally
enriched in Genetic Information Processing hsa03040: Spliceosome and hsa03030: DNA
replication. Nineteen genes from the turquoise module were primarily enriched in
hsa04662: B cell receptor signaling pathway. The yellow module was primarily
enriched in the pathways hsa03040: Spliceosome, hsa05203: Viral carcinogenesis,
hsa05166: HTLV-I infection, hsa05200: Pathways in cancer and hsa04151: PI3K–Akt
signaling pathway.
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Hub Gene analysis and identification
All of the genes from the six modules were uploaded to the STRING database and a PPI
network was constructed using Cytoscape software. The PPI hub genes from the top
weighted network were regarded as real hub genes (IL2RB, CD3D, RPL26L1, POLR2K,

Figure 2 Connectivity analysis between different modules. (A) Hierarchical cluster analysis of the
genes in different modules; (B) connectivity level analysis of the genes in different modules. Within the
heatmap, red represents a positive correlation and blue represents a negative correlation. Squares of red
color along the diagonal are the meta-modules. Full-size DOI: 10.7717/peerj.8843/fig-2
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KIF11, CDC20, CCNB1, CCNA2, PUF60, SNRNP70, AKT1 and PRPF40A) (Fig. 4).
The STRING database was used to evaluate the interrelationships of the real hub genes.
There was a close correlation among five real hub genes (CDC20, CCNB1, CCNA2, KIF11
and AKT1) (Fig. 5), which indicates their importance.

Survival analysis
Additional survival analysis was conducted on the real hub genes to evaluate their effects
on the survival of MCL. Seven genes (KIF11, CDC20, CCNB1, CCNA2, PRPF40A, CD3D
and PUF60) (Fig. 6) were found to be associated with overall survival time (p < 0.05).
Therefore, Kaplan–Meier survival curves indicated that seven genes (KIF11, CDC20,
CCNB1, CCNA2, PRPF40A, CD3D and PUF60) may be used as prognostic biomarkers for
MCL. Two real hub genes (CD3D and PRPF40A) with high expressions were correlated
with longer overall survival which indicated a protective role in MCL biogenesis, while
five real hub genes (CCNB1, CCNA2, CDC20, KIF11 and PUF60) were significantly
associated with a reduced overall survival rate. Five real hub genes (KIF11, CDC20,
CCNB1, CCNA2 and PUF60) were identified as potential prognostic biomarkers for MCL.

Figure 3 The heatmap for GO (A) and KEGG (B) enrichment analysis of MCL genes in coexpression modules. Rows and columns represent the
terms and modules, respectively. Full-size DOI: 10.7717/peerj.8843/fig-3
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Verification of the real hub genes
To verify the stability of five real hub genes (KIF11, CDC20, CCNB1, CCNA2 and PUF60),
we constructed a coexpression network using WGCNA in the 43 GSE132929 MCL
samples. The PPI network was constructed by the STRING database (Fig. S2). The PPI
hub genes from the top weighted network were regarded as real hub genes (CDC20,
CCNB1, CCNA2 and CDK1) (Fig. 7). We also found that KIF11 appeared in the top
weighted network (Fig. 7). Therefore, CDC20, CCNB1 and CCNA2 are stable in
GSE132929. And KIF11 is also important in MCL. We failed the validation of PUF60 in
GSE132929.

Table 1 GO enrichment for the genes in the coexpression modules of MCL.

Term Count Percentage p Value

Module black GO:0006955~immune response 22 18.18181818 2.44E−13

GO:0005576~extracellular region 36 29.75206612 5.60E−11

GO:0006954~inflammatory response 17 14.04958678 2.55E−09

GO:0070098~chemokine-mediated signaling pathway 9 7.438016529 1.71E−08

GO:0051603~proteolysis involved in cellular protein catabolic process 8 6.611570248 2.22E−08

Module blue GO:0044822~poly(A) RNA binding 240 14.99063086 3.72E−44

GO:0005840~ribosome 79 4.93441599 8.92E−41

GO:0005515~protein binding 963 60.14990631 2.32E−37

GO:0006413~translational initiation 69 4.309806371 6.67E−37

GO:0006614~SRP-dependent cotranslational protein targeting to membrane 57 3.560274828 2.80E−36

Module brown GO:0005654~nucleoplasm 130 34.21052632 5.42E−22

GO:0051301~cell division 43 11.31578947 1.13E−20

GO:0005515~protein binding 251 66.05263158 2.41E−16

GO:0006260~DNA replication 25 6.578947368 1.00E−14

GO:0005829~cytosol 121 31.84210526 6.12E−12

Module red GO:0016020~membrane 61 31.28205128 4.66E−13

GO:0005515~protein binding 137 70.25641026 8.21E−10

GO:0044822~poly(A) RNA binding 31 15.8974359 4.86E−06

GO:0070062~extracellular exosome 52 26.66666667 2.53E−05

GO:0005765~lysosomal membrane 13 6.666666667 2.86E−05

Module turquoise GO:0005515~protein binding 964 61.51882578 6.97E−44

GO:0005654~nucleoplasm 389 24.82450542 8.96E−33

GO:0044822~poly(A) RNA binding 188 11.99744735 6.88E−22

GO:0016020~membrane 291 18.57051691 4.03E−20

GO:0005829~cytosol 394 25.14358647 3.53E−19

Module yellow GO:0005654~nucleoplasm 81 33.75 3.95E−14

GO:0044822~poly(A) RNA binding 45 18.75 3.59E−11

GO:0016020~membrane 61 25.41666667 1.62E−09

GO:0005515~protein binding 156 65 1.01E−08

GO:0003723~RNA binding 25 10.41666667 1.96E−07

Note:
GO, Gene Ontology; SRP, signal recognition particle.

Guo et al. (2020), PeerJ, DOI 10.7717/peerj.8843 9/18

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE132929
http://dx.doi.org/10.7717/peerj.8843/supp-2
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE132929
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE132929
https://www.ebi.ac.uk/QuickGO/term/GO:0006955
https://www.ebi.ac.uk/QuickGO/term/GO:0005576
https://www.ebi.ac.uk/QuickGO/term/GO:0006954
https://www.ebi.ac.uk/QuickGO/term/GO:0070098
https://www.ebi.ac.uk/QuickGO/term/GO:0051603
https://www.ebi.ac.uk/QuickGO/term/GO:0044822
https://www.ebi.ac.uk/QuickGO/term/GO:0005840
https://www.ebi.ac.uk/QuickGO/term/GO:0005515
https://www.ebi.ac.uk/QuickGO/term/GO:0006413
https://www.ebi.ac.uk/QuickGO/term/GO:0006614
https://www.ebi.ac.uk/QuickGO/term/GO:0005654
https://www.ebi.ac.uk/QuickGO/term/GO:0051301
https://www.ebi.ac.uk/QuickGO/term/GO:0005515
https://www.ebi.ac.uk/QuickGO/term/GO:0006260
https://www.ebi.ac.uk/QuickGO/term/GO:0005829
https://www.ebi.ac.uk/QuickGO/term/GO:0016020
https://www.ebi.ac.uk/QuickGO/term/GO:0005515
https://www.ebi.ac.uk/QuickGO/term/GO:0044822
https://www.ebi.ac.uk/QuickGO/term/GO:0070062
https://www.ebi.ac.uk/QuickGO/term/GO:0005765
https://www.ebi.ac.uk/QuickGO/term/GO:0005515
https://www.ebi.ac.uk/QuickGO/term/GO:0005654
https://www.ebi.ac.uk/QuickGO/term/GO:0044822
https://www.ebi.ac.uk/QuickGO/term/GO:0016020
https://www.ebi.ac.uk/QuickGO/term/GO:0005829
https://www.ebi.ac.uk/QuickGO/term/GO:0005654
https://www.ebi.ac.uk/QuickGO/term/GO:0044822
https://www.ebi.ac.uk/QuickGO/term/GO:0016020
https://www.ebi.ac.uk/QuickGO/term/GO:0005515
https://www.ebi.ac.uk/QuickGO/term/GO:0003723
http://dx.doi.org/10.7717/peerj.8843
https://peerj.com/


DISCUSSION
The goal of our research was to establish a gene coexpression network that could be used to
forecast the clusters of hub genes involved in the pathogenesis of MCL. WGCNA has a
distinct advantage over profiling done by conventional microarray-based expression by
targeting a batch of gene modules instead of analyzing genes and their interactions
separately. This approach eliminates the potential for error that can occur when taking an
independent approach to genes and focuses on molecular transcriptional networks.
According to a review of the existing literature, this study is the first to employWGCNA to
detect an array of hub genes as biomarkers related to the pathogenesis of MCL. A total of

Table 2 KEGG pathway enrichment for the genes in the coexpression modules of MCL.

Term Count Percentage p Value

Module black hsa05133: Pertussis 9 7.438016529 2.87759E−07

hsa04062: Chemokine signaling pathway 12 9.917355372 6.4214E−07

hsa04060: Cytokine–cytokine receptor interaction 12 9.917355372 8.78906E−06

hsa05150: Staphylococcus aureus infection 6 4.958677686 0.00011374

hsa05340: Primary immunodeficiency 5 4.132231405 0.00022661

Module blue hsa03010: Ribosome 74 4.622111181 2.2086E−40

hsa00190: Oxidative phosphorylation 49 3.060587133 1.25281E−17

hsa05012: Parkinson’s disease 50 3.123048095 4.75678E−17

hsa05016: Huntington’s disease 56 3.497813866 7.26902E−15

hsa03050: Proteasome 21 1.3116802 3.86976E−10

Module brown hsa04110: Cell cycle 17 4.473684211 5.56038E−08

hsa03030: DNA replication 10 2.631578947 1.55272E−07

hsa00240: Pyrimidine metabolism 13 3.421052632 6.60428E−06

hsa01100: Metabolic pathways 48 12.63157895 0.000894963

hsa03420: Nucleotide excision repair 7 1.842105263 0.000996474

Module red hsa05110: Vibrio cholerae infection 5 2.564102564 0.006215548

hsa04142: Lysosome 7 3.58974359 0.007386343

hsa04721: Synaptic vesicle cycle 5 2.564102564 0.012146872

hsa05120: Epithelial cell signaling in Helicobacter pylori infection 5 2.564102564 0.014972709

hsa05168: Herpes simplex infection 8 4.102564103 0.01521917

Module turquoise hsa03040: Spliceosome 36 2.297383535 1.93556E−09

hsa05169: Epstein–Barr virus infection 28 1.786853861 5.54839E−06

hsa04144: Endocytosis 43 2.744097001 1.19036E−05

hsa04662: B cell receptor signaling pathway 19 1.212507977 1.97499E−5

hsa03030: DNA replication 13 0.829610721 3.50627E−05

Module yellow hsa03040: Spliceosome 9 3.75 0.00053903

hsa05203: Viral carcinogenesis 9 3.75 0.008102343

hsa05166: HTLV-I infection 10 4.166666667 0.009303826

hsa05200: Pathways in cancer 12 5 0.021866894

hsa04151: PI3K–Akt signaling pathway 11 4.583333333 0.022950705

Note:
KEGG, Kyoto Encyclopedia of Genes and Genomes; HTLV-I, Human T-cell leukemia virus type 1; PI3K, Phosphatidylinositol-3-kinase; Akt, protein kinase B.
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Figure 4 The top genes ranked by weighted degree in each coexpression module (A–F). The green nodes illustrate the real hub genes. Nodes are
ordered and sized according to their degree and edges are sized according to their weight. Full-size DOI: 10.7717/peerj.8843/fig-4

Figure 5 PPI network of the real hub genes. Full-size DOI: 10.7717/peerj.8843/fig-5
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123 samples were used to construct the coexpression modules and two samples were
excluded as outliers. The tightly co-expressed gene modules with common functional
annotations could predict the candidate gene sets underlying a certain biological process
and six coexpression modules were identified on this premise. Functional enrichment
analysis was carried out in the genes of the modules to identify the critical module.
KEGG pathway and GO enrichment analyses were conducted to further investigate the
biological functions of the genes enriched among these six modules. The blue module
was identified as the most significant module during the diagnosis and progression of
MCL. The most critical three KEGG pathways (including Ribosome, OXPHOS and
Proteasome) were enriched.

Ribosome, OXPHOS and Proteasome pathways have been found to be closely related to
MCL. PF-04691502, a novel phosphoinositide 3-kinase (PI3K)/mTOR inhibitor has potent
activity in MCL cell lines, and PF-04691502 decreased phosphorylation of Akt and S6
ribosomal protein. These relationships led Chen et al. (2016) to suggest PF-04691502 as a
novel therapeutic agent for MCL patients. Dihydrocelastrol induced apoptosis and cell
cycle arrest in MCL cells by inhibiting the (PI3K)/mTOR-mediated phosphorylation of
ribosomal protein S6 kinase and eukaryotic initiation factor 4E binding protein (Xie et al.,
2018). Inhibition of OXPHOS repressed cell growth in ibrutinib-resistant MCL
(Zhang et al., 2019). Targeting metabolic pathways can aid patients with highly refractory
MCL. Researchers are in the process of developing an inhibitor of OXPHOS that has
already shown efficacy in mouse models of ibrutinib-resistant MCL. The proteasome

Figure 6 Survival analysis of seven real hub genes expression in MCL patients. Kaplan–Meier survival curves of (A) CCNB1, (B) CCNA2,
(C) CD3D, (D) CDC20, (E) KIF11, (F) PRPF40A and (G) PUF60. Full-size DOI: 10.7717/peerj.8843/fig-6
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inhibitor bortezomib was initially approved for the treatment of patients with relapsed
MCL (Robak et al., 2015). There is already sufficient evidence for the use of proteasome
inhibitors in MCL and these three metabolic pathways can serve as therapeutic targets
for patients with MCL.

The real hub genes (including IL2RB, CD3D, RPL26L1, POLR2K, KIF11, CDC20,
CCNB1, CCNA2, PUF60, SNRNP70, AKT1 and PRPF40A) were identified by PPI and
gene coexpression network analysis. There was a close correlation among five real hub
genes (CDC20, CCNB1, CCNA2, KIF11 and AKT1). Survival analysis showed that
seven genes (KIF11, CDC20, CCNB1, CCNA2, PRPF40A, CD3D and PUF60) were
associated with overall survival. The five hub genes (CDC20, CCNB1, CCNA2, KIF11 and
PUF60) were significantly correlated with a shorter overall rate of survival. The results
suggest that these five genes could influence the development of MCL treatments.
The stability of the hub genes (CDC20, CCNB1 and CCNA2) was confirmed with the same
approach in GSE132929. WGCNA is a biology method for interaction and correlation
analysis. Therefore, the more data got, the result would be more accurate. The discrepancy
in results depends on plenty of reasons such as sample sizes, environmental factors, ethnic
origin. Studies with larger sample size are needed in the future.

Emerging evidence reveals that CDC20 plays an important role in tumorigenesis.
CDC20 is an oncogene whose overexpression has been observed in numerous cancers

Figure 7 The top genes ranked by weighted degree in the GSE132929. The red nodes illustrate the real
hub genes. Nodes are ordered and sized according to their degree and edges are sized according to their
weight. Full-size DOI: 10.7717/peerj.8843/fig-7
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(Paul et al., 2017; Sun et al., 2019a) and which plays a pivotal role in mitotic progression.
The suppression of the activity of CDC20 can regulate the cell cycle and promote apoptosis
(Doğan Şiğva et al., 2019). CDC20 is highly expressed in hepatocellular carcinoma,
which is recognized as a predictor of adverse clinical outcomes and an independent
prognostic factor (Zhuang, Yang &Meng, 2018). The suppression of CDC20 could mediate
the tumor suppressing function of p53 and that CDC20 could be negatively regulated by
p53. These findings are consistent with the p53 inactivation observed in various cancer
tissues, including acute myeloid leukemia and lung cancer (Hu & Chen, 2015; Simonetti
et al., 2019); this effect may be ascribed to CDC20 up-regulation. The anaphase-promoting
complex CDC20 can suppress apoptosis by targeting Bim for destruction and
ubiquitination. CDC20 has been shown to directly degrade the MLL (KMT2D) protein to
assure the progression of the cell cycle during the late M phase. CDC20 fails to interact
with MLL fusions in human MLL leukemia cells, which continue to promote the
progression of the cell cycle. The deregulated expression of MLL produces the biological
change responsible for the constant development of MLL leukemias (Rao & Dou, 2015).
Ferrero et al. (2019) recently published the poor prognostic role of MLL (KMT2D) in
MCL. The interaction of CDC20 and MLL (KMT2D) in MCL requires further study.
CDC20 can predict the overall survival in Diffuse large B-cell lymphoma based on The
Cancer Genome Atlas data (Sun et al., 2019a). As a result, the development of specific
CDC20 inhibitors may provide a new approach to treat human cancers by virtue of
elevated CDC20 expression.

Cancer is characterized by its dysregulation of the cell cycle. CCNB1, the hub gene of
the brown module, can promote the transition of cells from the G2 to M phase. However,
the overexpression of CCNB1 in cancer results in unchecked cell growth due to its
binding to Cdks. The binding of Cdks results in the phosphorylation of other substrates at
an improper time and unchecked proliferation (Chiu et al., 2018), which can be ascribed
to the inactivation of p53, the tumor suppressor protein. The wild-type p53 has been
reported to suppress the expression of cyclin B1 (Lu et al., 2016). High CCNB1 expression
is seen in a diverse number of cancers, including esophageal, gastric and colorectal
cancers (Ding et al., 2018; Wen et al., 2017). The high expression level of cyclin B1 is
also correlated to the degree of tumor invasion and metastasis (Gu et al., 2019).
The down-regulation of cyclin B1 results in tumor regression, making CCNB1 an
attractive target for further study.

CCNA2 is a hub gene found in the brown module. It can promote the transition of G1/S
and G2/M phases in the cell cycle. The up-regulated CCNA2 expression is found in
numerous types of cancer, including pancreatic ductal adenocarcinoma and colorectal
cancers (Dong et al., 2019; Gan et al., 2018). An increased CCNA2 expression can promote
tumorigenesis. Recent experimental data indicates that CCNA2 is a potential target for
cancer therapy. The kinesin family member 11(KIF11) is one of the kinesin family motor
protein members and is associated with spindle formation and tumor genesis (Jin et al.,
2019). High KIF11 expression contributes to tumor progression and is associated with
unfavorable prognosis (Jin et al., 2019; Pei et al., 2017; Piao et al., 2017). KIF11 inhibitors
have been developed as chemotherapeutic agents to treat cancer. Poly-U binding splicing
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factor 60 kDa (PUF60), a factor regulating RNA splicing, is closely involved in tumor
progression. The expression of PUF60 was highly correlated with TNM staging and lymph
node metastasis in breast cancer (Sun et al., 2019b). Kobayashi et al. (2016) detected
PUF60 auto-antibodies in the sera of early-stage colon cancer patients and concluded that
it may be a candidate biomarker for the diagnosis and prognosis of colon cancer.

CONCLUSION
Significant key pathways and the hub genes related to the prognostic biomarkers of MCL
were identified using comprehensive analysis and a bioinformatic approach.
The development of the potential and targeted selective inhibitors for key pathways and
the extractive real hub genes, including CDC20, CCNB1, CCNA2, KIF11 and PUF60, may
provide a novel treatment opportunity for MCL therapy. However, these significant
pathways and hub genes should be analyzed and validated in future clinical studies to
determine the biological targets that are most effective for MCL.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The present study was supported by grants from the Science and Technology Development
Plan Project of Tai’an City (Nos. 2019NS096, 2016NS116, 2019NS153, 2019NS159,
2019NS161 and 2019NS236). The funders had no role in study design, data collection and
analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Science and Technology Development Plan Project of Tai’an City: 2019NS096,
2016NS116, 2019NS153, 2019NS159, 2019NS161 and 2019NS236.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Dongmei Guo performed the experiments, prepared figures and/or tables, and approved
the final draft.

� Hongchun Wang performed the experiments, prepared figures and/or tables, and
approved the final draft.

� Li Sun analyzed the data, authored or reviewed drafts of the paper, and approved the
final draft.

� Shuang Liu analyzed the data, authored or reviewed drafts of the paper, and approved
the final draft.

� Shujing Du analyzed the data, authored or reviewed drafts of the paper, and approved
the final draft.

� Wenjing Qiao analyzed the data, authored or reviewed drafts of the paper, and approved
the final draft.

Guo et al. (2020), PeerJ, DOI 10.7717/peerj.8843 15/18

http://dx.doi.org/10.7717/peerj.8843
https://peerj.com/


� WeiyanWang analyzed the data, authored or reviewed drafts of the paper, and approved
the final draft.

� Gang Hou analyzed the data, authored or reviewed drafts of the paper, and approved the
final draft.

� Kaigang Zhang conceived and designed the experiments, authored or reviewed drafts of
the paper, and approved the final draft.

� Chunpu Li conceived and designed the experiments, prepared figures and/or tables, and
approved the final draft.

� Qingliang Teng conceived and designed the experiments, authored or reviewed drafts of
the paper, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

Data is available at NCBI GEO: GSE93291.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.8843#supplemental-information.

REFERENCES
Bomben R, Ferrero S, D’Agaro T, Dal Bo M, Re A, Evangelista A, Carella AM, Zamò A,

Vitolo U, Omedè P, Rusconi C, Arcaini L, Rigacci L, Luminari S, Piccin A, Liu D,
Wiestner A, Gaidano G, Cortelazzo S, Ladetto M, Gattei V. 2018. A B-cell receptor-related
gene signature predicts survival in mantle cell lymphoma: results from the Fondazione Italiana
Linfomi MCL-0208 trial. Haematologica 103(5):849–856 DOI 10.3324/haematol.2017.184325.

Chen D, Mao C, Zhou Y, Su Y, Liu S, Qi W-Q. 2016. PF-04691502, a dual PI3K/mTOR inhibitor
has potent pre-clinical activity by inducing apoptosis and G1 cell cycle arrest in aggressive B-cell
non-Hodgkin lymphomas. International Journal of Oncology 48(1):253–260
DOI 10.3892/ijo.2015.3231.

Chiu H-C, Huang W-R, Liao T-L, Chi P-I, Nielsen BL, Liu J-H, Liu H-J. 2018. Mechanistic
insights into avian reovirus p17-modulated suppression of cell cycle CDK–cyclin complexes and
enhancement of p53 and cyclin H interaction. Journal of Biological Chemistry
293(32):12542–12562 DOI 10.1074/jbc.RA118.002341.

Ding L, Yang L, He Y, Zhu B, Ren F, Fan X, Wang Y, Li M, Li J, Kuang Y, Liu S, Zhai W, Ma D,
Ju Y, Liu Q, Jia B, Sheng J, Chang Z. 2018. CREPT/RPRD1B associates with Aurora B to
regulate Cyclin B1 expression for accelerating the G2/M transition in gastric cancer. Cell Death
& Disease 9(12):1172 DOI 10.1038/s41419-018-1211-8.

Dong S, Huang F, Zhang H, Chen Q. 2019. Overexpression of BUB1B, CCNA2, CDC20, and
CDK1 in tumor tissues predicts poor survival in pancreatic ductal adenocarcinoma.
Bioscience Reports 39(2):BSR20182306 DOI 10.1042/BSR20182306.

Doğan Şiğva ZÖ, Balci Okcanoğlu T, Biray Avci Ç, Yilmaz Süslüer S, Kayabaşi Ç, Turna B,
Dodurga Y, Nazli O, Gündüz C. 2019. Investigation of the synergistic effects of paclitaxel and
herbal substances and endemic plant extracts on cell cycle and apoptosis signal pathways in
prostate cancer cell lines. Gene 687:261–271 DOI 10.1016/j.gene.2018.11.049.

Ferrero S, Rossi D, Rinaldi A, Bruscaggin A, Spina V, Eskelund CW, Evangelista A, Moia R,
Kwee I, Dahl C, Di RA, Stefoni V, Diop F, Favini C, Ghione P, Mahmoud AM, Schipani M,

Guo et al. (2020), PeerJ, DOI 10.7717/peerj.8843 16/18

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE93291
http://dx.doi.org/10.7717/peerj.8843#supplemental-information
http://dx.doi.org/10.7717/peerj.8843#supplemental-information
http://dx.doi.org/10.3324/haematol.2017.184325
http://dx.doi.org/10.3892/ijo.2015.3231
http://dx.doi.org/10.1074/jbc.RA118.002341
http://dx.doi.org/10.1038/s41419-018-1211-8
http://dx.doi.org/10.1042/BSR20182306
http://dx.doi.org/10.1016/j.gene.2018.11.049
http://dx.doi.org/10.7717/peerj.8843
https://peerj.com/


Kolstad A, Barbero D, Novero D, Paulli M, Zamò A, Jerkeman M, Da Silva MG, Santoro A,
Molinari A, Ferreri A, Grønbæk K, Piccin A, Cortelazzo S, Bertoni F, Ladetto M, Gaidano G.
2019. KMT2D mutations and TP53 disruptions are poor prognostic biomarkers in mantle cell
lymphoma receiving high-dose therapy: a FIL study. Epub ahead of print 19 September 2019.
Haematologica DOI 10.3324/haematol.2018.214056.

Gan Y, Li Y, Li T, Shu G, Yin G. 2018. CCNA2 acts as a novel biomarker in regulating the growth
and apoptosis of colorectal cancer. Cancer Management and Research 10:5113–5124
DOI 10.2147/CMAR.S176833.

Gong C, Hu Y, Zhou M, Yao M, Ning Z, Wang Z, Ren J. 2019. Identification of specific modules
and hub genes associated with the progression of gastric cancer. Carcinogenesis
40(10):1269–1277 DOI 10.1093/carcin/bgz040.

Gu J, Liu X, Li J, He Y. 2019.MicroRNA-144 inhibits cell proliferation, migration and invasion in
human hepatocellular carcinoma by targeting CCNB1. Cancer Cell International 19(1):15
DOI 10.1186/s12935-019-0729-x.

Hu Y, Chen G. 2015. Pathogenic mechanisms of lung adenocarcinoma in smokers and
non-smokers determined by gene expression interrogation. Oncology Letters 10(3):1350–1370
DOI 10.3892/ol.2015.3462.

Huang DW, Sherman BT, Lempicki RA. 2009. Systematic and integrative analysis of large gene
lists using DAVID bioinformatics resources. Nature Protocols 4(1):44–57
DOI 10.1038/nprot.2008.211.

Jin Q, Dai Y, Wang Y, Zhang S, Liu G. 2019. High kinesin family member 11 expression predicts
poor prognosis in patients with clear cell renal cell carcinoma. Journal of Clinical Pathology
72(5):354–362 DOI 10.1136/jclinpath-2018-205390.

Kobayashi S, Hoshino T, Hiwasa T, Satoh M, Rahmutulla B, Tsuchida S, Komukai Y, Tanaka T,
Matsubara H, Shimada H, Nomura F, Matsushita K. 2016. Anti-FIRs (PUF60)
auto-antibodies are detected in the sera of early-stage colon cancer patients. Oncotarget
7:82493–82503 DOI 10.18632/oncotarget.12696.

Ladha A, Zhao J, Epner EM, Pu JJ. 2019. Mantle cell lymphoma and its management: where are
we now. Experimental Hematology & Oncology 8(1):2 DOI 10.1186/s40164-019-0126-0.

Langfelder P, Horvath S. 2008.WGCNA: an R package for weighted correlation network analysis.
BMC Bioinformatics 9(1):559 DOI 10.1186/1471-2105-9-559.

Lu M, Breyssens H, Salter V, Zhong S, Hu Y, Baer C, Ratnayaka I, Sullivan A, Brown NR,
Endicott J, Knapp S, Kessler BM, Middleton MR, Siebold C, Jones EY, Sviderskaya EV,
Cebon J, John T, Caballero OL, Goding CR, Lu X. 2016. Restoring p53 function in human
melanoma cells by inhibiting MDM2 and Cyclin B1/CDK1-phosphorylated nuclear iASPP.
Cancer Cell 30(5):822–823 DOI 10.1016/j.ccell.2016.09.019.

Paul D, Ghorai S, Dinesh US, Shetty P, Chattopadhyay S, Santra MK. 2017. Cdc20 directs
proteasome-mediated degradation of the tumor suppressor SMAR1 in higher grades of cancer
through the anaphase promoting complex. Cell Death & Disease 8(6):e2882
DOI 10.1038/cddis.2017.270.

Pei Y-Y, Li G-C, Ran J, Wei F-X. 2017. Kinesin family member 11 contributes to the progression
and prognosis of human breast cancer.Oncology Letters 14:6618–6626 DOI 10.3892/ol.2017.7053.

Piao X-M, Byun YJ, Jeong P, Ha Y-S, Yoo ES, Yun SJ, KimW-J. 2017. Kinesin family member 11
mRNA expression predicts prostate cancer aggressiveness. Clinical Genitourinary Cancer
15(4):450–454 DOI 10.1016/j.clgc.2016.10.005.

Quintanilla-Martinez L. 2017. The 2016 updated WHO classification of lymphoid neoplasias.
Hematological Oncology 35(Suppl. 1):37–45 DOI 10.1002/hon.2399.

Guo et al. (2020), PeerJ, DOI 10.7717/peerj.8843 17/18

http://dx.doi.org/10.3324/haematol.2018.214056
http://dx.doi.org/10.2147/CMAR.S176833
http://dx.doi.org/10.1093/carcin/bgz040
http://dx.doi.org/10.1186/s12935-019-0729-x
http://dx.doi.org/10.3892/ol.2015.3462
http://dx.doi.org/10.1038/nprot.2008.211
http://dx.doi.org/10.1136/jclinpath-2018-205390
http://dx.doi.org/10.18632/oncotarget.12696
http://dx.doi.org/10.1186/s40164-019-0126-0
http://dx.doi.org/10.1186/1471-2105-9-559
http://dx.doi.org/10.1016/j.ccell.2016.09.019
http://dx.doi.org/10.1038/cddis.2017.270
http://dx.doi.org/10.3892/ol.2017.7053
http://dx.doi.org/10.1016/j.clgc.2016.10.005
http://dx.doi.org/10.1002/hon.2399
http://dx.doi.org/10.7717/peerj.8843
https://peerj.com/


Rao RC, Dou Y. 2015. Hijacked in cancer: the KMT2 (MLL) family of methyltransferases.
Nature Reviews: Cancer 15(6):334–346 DOI 10.1038/nrc3929.

Robak T, Huang H, Jin J, Zhu J, Liu T, Samoilova O, Pylypenko H, Verhoef G, Siritanaratkul N,
Osmanov E, Alexeeva J, Pereira J, Drach J, Mayer J, Hong X, Okamoto R, Pei L, Rooney B,
Van de Velde H, Cavalli F, Investigators C. 2015. Bortezomib-based therapy for newly
diagnosed mantle-cell lymphoma. New England Journal of Medicine 372(10):944–953
DOI 10.1056/NEJMoa1412096.

Simonetti G, Padella A, Do Valle IF, Fontana MC, Fonzi E, Bruno S, Baldazzi C,
Guadagnuolo V, Manfrini M, Ferrari A, Paolini S, Papayannidis C, Marconi G, Franchini E,
Zuffa E, Laginestra MA, Zanotti F, Astolfi A, Iacobucci I, Bernardi S, Sazzini M, Ficarra E,
Hernandez JM, Vandenberghe P, Cools J, Bullinger L, Ottaviani E, Testoni N, Cavo M,
Haferlach T, Castellani G, Remondini D, Martinelli G. 2019. Aneuploid acute myeloid
leukemia exhibits a signature of genomic alterations in the cell cycle and protein degradation
machinery. Cancer 125(5):712–725 DOI 10.1002/cncr.31837.

Su G, Morris JH, Demchak B, Bader GD. 2014. Biological network exploration with Cytoscape 3.
Current Protocols in Bioinformatics 47(1):8.13.1-24 DOI 10.1002/0471250953.bi0813s47.

Sun C, Cheng X, Wang C, Wang X, Xia B, Zhang Y. 2019a. Gene expression profiles analysis
identifies a novel two-gene signature to predict overall survival in diffuse large B-cell lymphoma.
Bioscience Reports 39(1):BSR20181293 DOI 10.1042/BSR20181293.

Sun D, Lei W, Hou X, Li H, Ni W. 2019b. PUF60 accelerates the progression of breast cancer
through down-regulation of PTEN expression. Cancer Management and Research 11:821–830
DOI 10.2147/CMAR.S180242.

Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, Simonovic M, Santos A, Doncheva NT,
Roth A, Bork P, Jensen LJ, Von Mering C. 2017. The STRING database in 2017:
quality-controlled protein-protein association networks, made broadly accessible. Nucleic Acids
Research 45(D1):D362–D368 DOI 10.1093/nar/gkw937.

Vose JM. 2017. Mantle cell lymphoma: 2017 update on diagnosis, risk-stratification, and clinical
management. American Journal of Hematology 92(8):806–813 DOI 10.1002/ajh.24797.

Wen Y, Cao L, Lian W-P, Li G-X. 2017. The prognostic significance of high/positive expression of
cyclin B1 in patients with three common digestive cancers: a systematic review and meta-
analysis. Oncotarget 8(56):96373–96383 DOI 10.18632/oncotarget.21273.

Xie Y, Li B, Bu W, Gao L, Zhang Y, Lan X, Hou J, Xu Z, Chang S, Yu D, Xie B, Wang Y,
Wang H, Zhang Y, Wu X, Zhu W, Shi J. 2018. Dihydrocelastrol exerts potent antitumor
activity in mantle cell lymphoma cells via dual inhibition of mTORC1 and mTORC2.
International Journal of Oncology 53:823–834 DOI 10.3892/ijo.2018.4438.

Zhang L, Yao Y, Zhang S, Liu Y, Guo H, Ahmed M, Bell T, Zhang H, Han G, Lorence E,
Badillo M, Zhou S, Sun Y, Di FME, Feng N, Haun R, Lan R, Mackintosh SG, Mao X, Song X,
Zhang J, Pham LV, Lorenzi PL, Marszalek J, Heffernan T, Draetta G, Jones P, Futreal A,
Nomie K, Wang L, Wang M. 2019. Metabolic reprogramming toward oxidative
phosphorylation identifies a therapeutic target for mantle cell lymphoma. Science Translational
Medicine 11(491):eaau1167 DOI 10.1126/scitranslmed.aau1167.

Zhu Z, Jin Z, Deng Y, Wei L, Yuan X, Zhang M, Sun D. 2019. Co-expression network analysis
identifies four hub genes associated with prognosis in soft tissue sarcoma. Frontiers in Genetics
10:37 DOI 10.3389/fgene.2019.00037.

Zhuang L, Yang Z, Meng Z. 2018. Upregulation of BUB1B, CCNB1, CDC7, CDC20, and MCM3 in
tumor tissues predicted worse overall survival and disease-free survival in hepatocellular carcinoma
patients. BioMed Research International 2018(163):7897346 DOI 10.1155/2018/7897346.

Guo et al. (2020), PeerJ, DOI 10.7717/peerj.8843 18/18

http://dx.doi.org/10.1038/nrc3929
http://dx.doi.org/10.1056/NEJMoa1412096
http://dx.doi.org/10.1002/cncr.31837
http://dx.doi.org/10.1002/0471250953.bi0813s47
http://dx.doi.org/10.1042/BSR20181293
http://dx.doi.org/10.2147/CMAR.S180242
http://dx.doi.org/10.1093/nar/gkw937
http://dx.doi.org/10.1002/ajh.24797
http://dx.doi.org/10.18632/oncotarget.21273
http://dx.doi.org/10.3892/ijo.2018.4438
http://dx.doi.org/10.1126/scitranslmed.aau1167
http://dx.doi.org/10.3389/fgene.2019.00037
http://dx.doi.org/10.1155/2018/7897346
http://dx.doi.org/10.7717/peerj.8843
https://peerj.com/

	Identification of key gene modules and hub genes of human mantle cell lymphoma by coexpression network analysis
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


