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Background: Bone metastases are a cancer which causes great injury to people world-widely. Although
gene expression analyses had been performed previously, systemic co-expression analysis for this cancer is
still lacking.

Methods: Here, we analyzed the co-expression modules with the help of WGCNA (weighted correlation
network analysis) and investigated the function enrichment of co-expression genes form important modules.
Firstly, the co-expression modules were conducted for 6,922 genes in the 20 bone metastases samples
recently. Then, the interaction relationships of hub-genes between pairwise modules were analyzed using
WGCNA algorithm. Following that, the genes in the bone metastases co-expression modules were subjected
to do functional annotation analysis.

Results: The functional enrichment for the top five modules exhibited great differences, with the module
two enriched in focal adhesion, ECM-receptor interaction and cell adhesion molecules. We then inferred
genes of the module two were the important genes which were associated with bone metastases.
Conclusions: Together, our findings provided the framework of co-expression gene modules of bone

metastases and furthered the understanding of these modules at functional aspect.
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Introduction novel and effective target therapies was the top priority.

In the past few years, a number of studies were focused

Bone metastases are very common in some advanced cancers . . . . .
on the improvement of quality of life of the patients with

especially in patients with lung, prostate or breast cancer (1). painful bone metastases after radiotherapy (1,7). Although

And it was reported that approximately 50-75% of patients great improvements had been made in the systemic

suffered from bone metastases (2). Bone metastases could
cause significant complications including spinal cord
compression, hypercalcemia, pathologic fractures and one
of the most symptoms was pain, which seriously affected
the patients in their activities of daily living and decreased
their quality of life (3-6). Although great improvements
have been made in the systemic therapies, yet how to better

understand the pathogenesis of bone metastases and find
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therapies of bone metastases and the patients obtained
longer survival, yet the existing researches were lacking
of gene co-expression analysis for bone metastases, which
may limit our cognition of the key genes that affect the
pathogenesis of bone metastases. In recent years, the co-
expression gene module method has been extensively
applied in the research of various diseases. While one of the
most common used methods for co-expression gene module
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was WGCNA (weighted correlation network analysis) (8).
WGCNA was usually used to find modules or clusters of
highly correlated genes, or to relate one module to another
and to external sample traits (by eigengene network method)
(9,10). Through WGCNA, the gene screening methods
based on network could be utilized to find new therapeutic
targets and candidate biomarkers. WGCNA could identify
the gene modules that were clinically interesting from the
level of multiple of genes, and then found suitable targets
through analyzing module membership (high intramodular
connectivity) and other criteria including gene ontology and
so on. It was reported that WGCNA had been successfully
exploited in brain cancer (11), diabetes (12), chronic fatigue
patients (13) and other biological contexts (14,15) to analyze
their gene expression data. The data above may indicate
that WGCNA could be a useful method for bone metastases
study.

In the study, we aimed to construct the co-expression
gene modules combining with the existing bone metastases
expression data, and perform functional annotation analysis
of the main modules, so as to explore the functions of
the genes contained in these modules and find effective
prevention and treatment methods for bone metastases.

Methods
Gene expression analysis of the bone metastases chip sample

We applied “bone metastases” as a keyword to retrieve in
GEO (Gene Expression Omnibus) database (https://www.
ncbi.nlm.nih.gov/geo/) in NCBI, and the probe signal values
from relevant literature were extracted. The gene information
was mapped to the probe using the recorded chip annotation
information. The results of one probe corresponding to
multiple of genes were removed, and the average gene
expression of the genes corresponding to more than one
probe was calculated. The gene numbers corresponding to
the expression thresholds of various genes were also counted,
so as to determine the appropriate threshold. WGCNA
algorithm (8) was applied to evaluate gene expression, and
the cluster analysis of samples under an appropriate threshold
was performed by the flashClust toolkit.

Analysis of the construct of bone metastases co-expression
gene modules

Firstly the power values in the process of module building
were screened using the WGCNA algorithm, and the scale
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independent degree and average connection degree of the
modules corresponding to different power values were
detected by a gradient test. The appropriate power value
was determined when the scale independent degree was 0.8.
The module was further to be constructed and the gene
information corresponding to each module was extracted

using the WGCNA algorithm under this power value.

Correlation analysis between co-expression modules of bone
metastases genes

The interaction relationship in R software was analyzed
through R software using the WGCNA algorithm, while
the strength of the relationship was presented in a heatmap
draw by Heatmap toolkit in R software.

Functional annotation analysis of the genes in bone
metastases co-expression module

The constructed modules were sorted according to the
gene numbers, and the genes in the top five modules were
chose to do functional analysis. During this process, the
gene information corresponding to modules was mapped
to DAVID database (https://david.nciferf.gov/summary.
jsp) (16), and the analysis results of the biological processes
in Gene Ontology (GO) (17) analysis and the functional
enrichment analysis results of KEGG (18) in gene metabolic
pathways analysis were extracted respectively. The analysis
condition was the corrected P value (namely Benjamini
value) less than 0.05. If the recorded number was more
than five, then only the top five records were selected for
analysis.

Results

The bone metastases chip data collection and its gene
expression analysis

The latest bone metastases chip expression data
(GSE74685) (19) with large amount of data was found
in NCBI database using bone metastases as a keyword,
from which 20 samples were found to possess the
typical characteristics of bone metastases. Firstly the
chip information was transformed into gene expression
information according to the previously reported values
of the chip probes. On the one hand the values that a
single probe corresponding to multiple of genes was left
out, on the other hand the mean of the values that one
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Figure 1 Statistical analysis of gene expression and cluster analysis in bone metastasis samples. (A) Statistics of the gene numbers according

to different expression level threshold; (B) cluster analysis of the screened genes in the sample.

gene corresponding to multiple probes was calculated
and regarded as the expression level of this gene. Then a
total of 19,612 gene expression was obtained. The average
expression distribution of these genes in 20 samples was
further counted (Figure 14). We found the lowest expression
of these genes was 5.82, while the highest expression was
18.06. As shown in Figure 1A, for different gene number
there was a different gene expression level. Considering the
restriction of gene number to construct the module, the
genes with high average expression levels were screened,
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and a total of 6,922 genes were screened out with 11 as the
threshold of gene expression level, which accounted for
about 35.3% of the total genes.

The expression levels of these 6,922 genes in the
20 bone metastases samples were further extracted, and the
sample cluster analysis was performed through flashClust
toolkit by the WGCNA algorithm. The results showed the
20 samples were mainly divided into two clusters, among
which GSM1616678 and GSM1616679 were clustered into

a cluster, while the other 18 samples were clustered into
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Figure 2 Screening of the power values for the bone metastasis gene co-expression module. (A) Effects of different power values on the

scale independence of bone metastasis gene co-expression module; (B) effects of different power values on the average connectivity of bone

metastasis gene co-expression module.

another one (Figure 1B).

Construction of bone metastases gene co-expression module

The bone metastases gene co-expression module was
constructed based on the expression levels of these
6,922 genes in 20 samples by WGCNA toolkit. The power
value was a very key parameter in this process, which
mainly affected the scale independent degree and average
connection degree of gene co-expression module. First of
all, we screened the power value. The scale independent
degree and average connection degree were relatively
balanced when the single power value was 6 (Figure 2).

The co-expression modules (Figure 3) of these 6,922
genes in 20 bone metastases samples were further
constructed using the selected power value (6), finally 15
gene co-expression modules were successfully constructed,
and they were showed in different colors. The modules
were numbered after sorting by gene number, the module
with the largest number of genes contained 1,336 genes
(turquoise), while the module with the least number of
genes contained only 8 genes (gray).

Analysis of the relations between the gene co-expression
modules

We further analyzed the relations between these 15 gene
co-expression modules (Figure 4), from which, we could
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see there were significant differences between different
modules.

The interaction relationships between modules were
further subjected to do clustering analysis and connection
degree analysis of the key genes (Figure 5), so as to
understand the relationship between the gene co-expression
modules constructed in this study. From Figure 54, these
15 modules could be divided into two large clusters, and one
included ten modules, which were gray, black, red, turquoise
and pink clusters; the other ten modules was another cluster,
this cluster could be further divided into two sub-clusters.
Similarly, the heat map (Figure 5B) of the connection degrees
of module key genes also confirmed the results.

Functional annotation envichment analysis of the genes in
key modules

The top five modules with the largest number of genes
were chose to do gene function analysis within the module.
And it achieved mainly through the detection of gene GO
enrichment and KEGG enrichment results. Significant
differences were existed between GO enrichment analysis
of genes in the module (7able 1), the genes were mainly
enriched in nucleosome and chromatin assembly in module
1 while the genes in module 2 were mainly enriched in
bone vessel development, cell adhesion biological processes
and so on; the genes in module 3 were mainly enriched in
mRNA cut and process and the genes in module 4 were
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Figure 3 Construction of gene co-expression module through WGCNA software. Each branches above represented a gene and each color

below represented a gene co-expression module. WGCNA, weighted correlation network analysis.

mainly enriched in large molecules catabolism; finally the
genes in module 5 were mainly enriched in translation and
ribonucleoprotein synthesis process.

The KEGG enrichment results of the genes in each top
five module were further tested (7able 2), which showed that
the genes in module 1 were enriched in processes of amino
acid metabolism, sugar metabolism and RNA degradation;
the genes in module 2 were enriched in metabolic pathways
of cell adhesion, ECM receptor response and cell adhesion
molecules and others, these pathways had been widely
reported in previous disease study; the genes in module 3
were enriched in spliceosome reaction pathway; the genes in
module 4 were enriched in proteasome reaction pathway; and
module 5 was also enriched in spliceosome reaction pathway.

Based on the GO enrichment and KEGG enrichment
results, we could speculate that module 2 was the most
critical module during the process of bone metastases.

Discussion

In our study, we constructed the bone metastases gene co-
expression modules and identified the key modules and the
contained genes through functional analysis of the genes in
these modules using a systematic gene approach WGCNA.
WGCNA could avoid the fussy testing problems in
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different microarray data analysis as it mainly focused on
modules analysis rather than individual gene expression.
And it focused on the interactions between various
modules or traits. As modules were corresponding to
different biological pathways, so WGCNA may screen
the modules that were related to a certain disease (15).
Comparing to other network analysis tools such as gene
network enrichment analysis (20), functional analysis of
gene co-expression networks (21) or general network
structures in Bioconductor (22), WGCNA complemented
their deficiencies as most of them pay attention to
unweighted networks while WGCNA could be used for
both unweighted and weighted correlation networks.
Furthermore, WGCNA may be considered as a gene
screening tool or a data exploratory method.

From Figure 4 we found that the interactions between
these constructed gene co-expression modules were
significantly different. In order to illustrate the differences,
we then performed clustering analysis and connection
degree analysis of the key genes in these modules. The
results showed that these modules were different in
their functions. Among which, the GO enrichment
analysis showed the top five modules were associated
with nucleosome and chromatin assembly; bone vessel
development, cell adhesion biological processes and so

Transl Cancer Res 2017;6(3):552-560
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Figure 4 Relationship analysis between gene co-expression modules. Different colors on the horizontal axis and vertical axis represented
different modules. The yellow brightness of the middle part represented the strength of the correlations between modules, and the

correlations between different modules were highly different.
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Figure 5 Interaction analysis between different modules. (A) Cluster analysis of the key genes in different modules; (B) connectivity level

analysis of the key genes in different modules.
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Table 1 GO enrichment analysis of the genes in co-expression module

Huang et al. Key gene modules of bone metastases

Module Term Gene counts Percent P value Benjamini

Module 1 Nucleosome assembly 27 0.2 3.30x10™" 1.00x107"
Nucleosome organization 28 0.2 7.30x107" 1.10x107
Chromatin assembly 27 0.2 8.00x107" 8.10x107®
Protein-DNA complex assembly 27 0.2 2.40x107"° 1.80x1077
Chromatin assembly or disassembly 32 0.2 3.70x107" 2.20x1077

Module 2 Vasculature development 31 0.3 2.50x107° 6.90x107
Blood vessel development 30 0.3 4.00x107° 5.70x107°
Cell-substrate adhesion 17 0.2 5.20x10™° 4.90x107°
Cell-matrix adhesion 16 0.1 6.10x107° 4.30x107°
Aging 18 0.2 6.30x10°° 3.60x1072

Module 3 mRNA metabolic process 45 0.6 4.20x107" 9.20x10°®
mRNA processing 41 0.5 8.00x107" 8.80x10°
RNA splicing 36 0.5 1.70x10°° 1.20x10°°
RNA processing 52 0.7 7.30x107° 4.00x10°°
Nuclear mRNA splicing, via 23 0.3 1.30x1077 5.60x107°
spliceosome

Module 4 Intracellular transport 45 0.7 7.80x107" 1.50x107°
Cellular macromolecule catabolic 47 0.7 1.90x107° 1.90x107°
process
Proteasomal protein catabolic process 15 0.2 2.50x10°° 1.60x107°
Proteasomal ubiquitin-dependent 15 0.2 2.50x10°° 1.60x107°
protein catabolic process
Negative regulation of macromolecule 47 0.7 2.70x107° 1.30x10°°
metabolic process

Module 5 Translation 22 0.5 6.50x10°° 1.10x10
Ribonucleoprotein complex biogenesis 14 0.3 1.10x10™ 9.10x107°

GO, Gene Ontology.

on; mRNA cut and process; large molecules catabolism
and translation and ribonucleoprotein synthesis process
respectively. And KEGG enrichment analysis further
affirmed why the gene co-expression modules were
different with each other. Among them module 2 was
mainly enriched in metabolic pathways of cell adhesion,
ECM receptor response and cell adhesion molecules and
others, which had been widely reported in previous studies.
Therefore we speculated that module 2 may play key roles
during the pathogenesis of bone metastases.

As we know, the key process for any metastatic invasion
like bone metastases was the process that could induce a
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vascular network. While cell adhesion molecules were the
core to the invasive process, as cell adhesion molecules had
ability to function as a molecular link between cells and cells
or extracellular matrix (ECM) (23). In addition, the previous
studies affirmed that cell adhesion molecule receptors could
affect cell migration and other signal transduction pathways
which regulated cell functions including proliferation,
differentiation, receptor activation and so on (24). Besides,
ECM (consisting of non-cellular component of tissues and
structural and functional proteins) (25) was also crucial to
the metastatic process, for it was essential for the cancer
cells to degrade the ECM molecules (26). Degradation of

Transl Cancer Res 2017;6(3):552-560



Translational Cancer Research, Vol 6, No 3 June 2017 559
Table 2 KEGG metabolic pathway enrichment analysis of the genes in co-expression module
Module Term Gene counts Percent P value Benjamini
Module 1 Systemic lupus erythematosus 26 0.2 7.30x107 1.30x10™
Valine, leucine and isoleucine degradation 12 0.1 1.10x10°® 9.30x1072
Amino sugar and nucleotide sugar metabolism 12 0.1 1.10x107° 9.30x107
RNA degradation 12 0.1 9.30x10°° 4.30x10™"
Module 2 Focal adhesion 38 0.4 9.50x107"° 1.60x107"
ECM-receptor interaction 21 0.2 1.10x1077 8.80x107°
Spliceosome 23 0.2 7.10x107° 3.90x10™
Cell adhesion molecules (CAMs) 21 0.2 1.50x10™ 6.10x10°°
Type | diabetes mellitus 11 0.1 1.80x10™ 5.90x107°
Module 3 Spliceosome 16 0.2 9.00x10™° 1.30x107°
Module 4 Proteasome 10 0.2 5.60x10°° 7.30x107
Module 5 Spliceosome 12 0.3 1.60x10™ 2.00x107

KEGG, Kyoto Encyclopedia of Genes and Genomes.

ECM could facilitate tumor cells to spread and may also
contribute to the biological effects of tumor cells. Recently,
a number of studies were focused on the study of ECM
and ECM receptor in order to explore potential targets for
the therapy of various diseases. And many ECM degrading
enzymes were repeatedly stressed in tumor invasion and
metastasis. From the GO and KEGG enrichment analysis
results, we knew that the key genes in module 2 were all
enriched in cell adhesion biological processes and ECM
receptor response, considering the important roles of
cell adhesion and ECM, we may better understand the
mechanisms of bone metastases.

To conclude, the bone metastases co-expression gene
modules were constructed in the study in order to explore
the functions of the genes, finally we identified module
2 as the key module and from which we may further find
potential biomarkers or targets for the prevention and
treatment of bone metastases.
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