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Abstract
Background: Ovarian cancer was one of the leading causes of death in gynecological malignancies, of
which molecular mechanism hadn’t been elucidated clearly yet. Our research aimed to reveal the potential
key molecular and biological processes of ovarian cancer by means of bioinformatics.

Methods: The microarray sets of miRNA and mRNA expression pro�les were downloaded from the GEO
database. The target prediction was performed on the differentially expressed miRNAs identi�ed and the
overlapped differentially expressed genes (DEGs) were obtained combined with miRNA and mRNA
datasets. The regulatory network of miRNA-gene was further constructed by cytoscape software. The
overlapped DEGs in the network were analyzed to explore the biological processes involved by
enrichment analysis. The molecular protein-protein interaction (PPI) network was used to identify key
genes among the DEGs.

Results: A total of 167 overlapped DEGs were identi�ed. The miRNA-gene network analysis found that
miR-29c-3p, miR-1271-5p, and miR-133b, existed the most extensive targeting relationship with
overlapped DEGs, being three key miRNAs of the regulatory network, and played the role of tumor
suppressor. The GO enrichment showed that the overlapped DEGs were mainly involved in process
named extracellular related organization, embryonic organ development, postsynaptic specialization,
collagen trimer and DNA−binding transcription activator et al. The KEGG pathway analysis showed that
these DEGs were involved in protein digestion and absorption and relaxin signaling pathway. The PPI
network identi�ed 10 key genes, playing the role in promoting tumor.

Conclusion: The methodology used and identi�cation of key molecules in our study contributed to
understanding the pathogenesis of ovarian cancer and providing new candidate biomarkers for early
screening of ovarian cancer.

Background
Ovarian cancer was one of the leading causes of death in gynecological malignancies. The latest �gures
showed 295,414 new cases worldwide in 2018(1). The overall 5-year survival rate of ovarian cancer was
less than 45%, mainly because the distant metastasis had been occurred when diagnosed. The biomarker
such as CA125 currently used in clinical laboratories lacked enough speci�city, and ultrasound
examination was particularly easy to miss early cases. Therefore, the re-excavation of new biomarkers of
ovarian cancer and the re-identi�cation of key molecules of the disease were the key problems that need
to be addressed in prevention and control level.

In recent years, the extensive application of expression pro�les had accumulated a large amount of
omics data, which depended on in-depth interpretation. Retrieving relevant researches in the past three
years, some articles on expression pro�les combined with bioinformatics to discover key genes of
ovarian cancer had been published(2-5). However, most of the research groups selected the same type of
microarray pro�les, probably causing low accuracy and false positive results. The miRNAs belonged to
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non-coding RNAs that bound to complementary sequences in the mRNA by the means of base pairing,
which lead to mRNA silencing and regulated downstream gene expression negatively(6). Many studies
had found that miRNA disorders could occur in almost all types of tumors, affecting target gene
expression(7, 8). Therefore, our study adopted integrated miRNA and mRNA microarray expression
pro�les for joint analysis. By means of bioinformatics, we constructed regulatory networks to identify key
molecules and biological processes of ovarian cancer, so as to provide scienti�c and accurate theoretical
basis for elucidating the mechanism of ovarian cancer onset.

Materials And Methods
Data sources

GEO was a public functional genomics database. We searched the microarray expression pro�les of
ovarian cancer, limiting that tumor tissue compared with normal tissue for the experiment type.
GSE119055 and GSE66957 were the two eligible pro�le datasets. The former was a miRNA pro�le, which
included 3 normal tissues and 6 tumor tissues. The latter was an mRNA pro�le that included 12 normal
tissues and 57 tumor tissues.

Data processing

Differential expression

For the mRNA dataset, the probe ID was converted to the corresponding gene name according to its
platform annotation �le. The “limma” package of R language was used to analyze the DEGs(9), of which
adj.P.Val <0.05 and the absolute value of log2FC >1.5 were de�ned as the statistically signi�cant
expression. The R package “org.Hs.eg.db” was used to convert the gene name to the corresponding gene
ID(10), so as to perform the subsequent enrichment analysis. The miRNA dataset was processed by the
same method and standard.

MiRNA target prediction

The Funrich software 3.1.3 was used to predict the downstream targets of the differentially expressed
miRNAs that identi�ed. The predicted gene list was intersected with the differentially expressed genes
identi�ed from the mRNA dataset to obtain the overlapped DEGs for subsequent regulatory networks,
identi�cation of key genes and functional enrichment analysis and so on.

Regulatory network

According to the principle that miRNAs regulated target genes negatively, the combinations of matching
miRNA-gene were screened to construct regulatory networks. The construction was visualized with
cytoscape 3.7.1 software.

Key genes
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The string database was used to predict the interaction network between proteins that encoded by the
DEGs. Then the cytohubba module in cytoscape software was used to identify key genes, of which
source data was from the network �le that obtained from the string database. The MCC algorithm of the
module was selected to obtain the top key genes.

Function enrichment

The R package “clusterPro�ler” was used to perform the GO and KEGG enrichment annotation of the
overlapped DEGs(10). GO annotation was divided into three subcategories named molecular function
(MF), biological process (BP) and cellular components (CC). KEGG was a comprehensive database that
integrated genomic, chemical knowledge and system functional information, which was widely used for
enrichment annotation of gene pathways. The pvaluecutoff = 0.05 of the R package’s parameter was
de�ned to �lter valuable entries.

Results
Differential expression

A total of 31 differentially expressed miRNAs were identi�ed by the GSE119055 dataset, among which
the number of 28 were down-regulated and 3 were up-regulated. A total of 3844 differentially expressed
genes were identi�ed by the GSE66957 dataset, among which the number of 1995 were down-regulated
and 1849 were up-regulated. The differentially expressed molecules were shown as the �gure1.

Overlapped DEGs and regulatory networks

According to the DEGs of mRNA dataset, combined with the target genes of differentially expressed
miRNAs predicted by Funrich software, the 167 overlapped DEGs’ network �les were obtained
(attachment �les 1 and 2 shown). The network �les were imported into the cytoscape software for visual
analysis. The result was shown in �gure2A. It was found that miR-29c-3p, miR-1271-5p, and miR-133b
were in the hub core of network regulation, of which number of target genes were the most.

Identi�cation of key genes

The results of identi�cation of the key genes in the overlapped DEGs by the string database and
cytohubba module were shown in table 1, which were all over-expressing differential genes. The top 10
key genes were screened according to the latest MCC algorithm, namely COL1A1, COL3A1, COL4A1,
COL10A1, COL9A1,            COL4A5, SST, ADRA2C, ADCY6 and TGFBI. Notably, COL1A1, COL3A1 and
COL4A1 had the highest scores and were at the key core of the network (as shown in �gure 2B).

Table 1 Function of the top 10 key genes at the hub core of the PPI network
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No Gene Full name Gene functions

1 COL1A1

 

collagen type I
alpha 1 chain

Encoding pro-alpha1 chains of type I collagen. Being present in
most connective tissues. May be related to lung cancer and
esophageal cancer.

2 COL3A1

 

collagen type III
alpha 1 chain

Encoding the pro-alpha1 chains of type III collagen. Genetic
mutations are related to aneurysms.

3 COL4A1

 

collagen type IV
alpha 1 chain

Encoding a type IV collagen alpha protein. Abnormal gene
expression is associated with brain, kidney and muscle
defects.

4 COL10A1

 

collagen type X
alpha 1 chain

Encoding the alpha chain of type X collagen. Abnormal
expression may be associated with lung cancer.

5 COL9A1

 

collagen type IX
alpha 1 chain

Encoding one of the three alpha chains of type IX collagen.
Existing two transcript variants.

6 COL4A5

 

collagen type IV
alpha 5 chain

Encoding one of the six subunits of type IV collagen. Genetic
variation is associated with hereditary nephritis.

7 SST

 

 

somatostatin Belonged to the hormone somatostatin. Affecting the
proliferation of normal cells and tumorigenic cells.

8 ADRA2C

 

adrenoceptor
alpha 2C

Members of the G protein-coupled receptor superfamily. It is
mainly responsible for mediating neurotransmitter
transmission.

9 ADCY6

 

adenylate
cyclase 6

Encoding a member of the adenylyl cyclase family of proteins,
which are required for the synthesis of cyclic AMP

10 TGFBI

 

transforming
growth factor
beta induced

Encoding an RGD-containing protein. Inhibiting cell adhesion
and promotes cell proliferation and migration.

Note: The annotations in this table referred to the clear conclusions in NCBI
(https://www.ncbi.nlm.nih.gov/gene), and relevant scattered reports weren’t included in a single literature.

Function enrichment annotation

The results of GO and KEGG enrichment analysis using the “clusterPro�ler” package were shown as
�gure3. The GO enrichment showed that the overlapped DEGs were mainly involved in process such as
extracellular related organization, embryonic organ development, postsynaptic specialization, collagen
trimer and DNA−binding transcription activator et al. The KEGG pathway analysis showed that these
DEGs were involved in protein digestion and absorption and relaxin signaling pathway.
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Discussion
Ovarian cancer was one of the common gynecological malignancies. However, the molecular mechanism
of related pathogenicity hadn’t been fully elucidated. Need to note that BRCA was one of the key genes
for ovarian cancer that had been clearly identi�ed. The BRCA mutation frequency of ovarian cancer
ranged from 3% to 27%. The BRCA gene test provided precise advice for the prevention, diagnosis and
treatment of ovarian cancer. But we still need to identify new key molecules for joint screening for most
of the remaining cases.

Based on current researches(8, 11, 12), in addition to genes, the dysregulated expression of non-coding
RNAs such as miRNA can also widely mediate various types of malignant tumors. In order to improve the
prediction accuracy, our study identi�ed overlapped DEGs based on integrated miRNA and mRNA
expression pro�les of ovarian cancer. Based on the principle of complementary binding of miRNAs to
target mRNAs, negatively regulating genes, we constructed the miRNA-gene regulatory network to identify
three key miRNAs as tumor suppressor: miR-29c-3p, miR-1271-5p, and miR-133b. Meanwhile, the 10 key
genes were predicted and screened by visualizing the overlapped DEGs in the network with cytoscape
software, namely COL1A1, COL3A1, COL4A1, COL10A1, COL9A1, COL4A5, SST, ADRA2C, ADCY6 and
TGFBI. We enriched the biological processes involved in overlapped DEGs through R package. It was
found that 11.3% (18/160) of the DEGs had the function of DNA transcription activation (as �gure3A).
The abnormal expression of differential miRNAs and genes were likely to mediate the occurrence and
development of ovarian cancer. For the three key miRNAs discovered as tumor suppressor, we searched
the experimental literature published in recent years. Hu ZH et al(13) con�rmed that overexpression of
miR-29c-3p inhibited autophagy via downregulating FOXP1/ATG14 pathway by experiments such as
nude mice transplantation models in vitro, suggesting miR-29c-3p as a novel target in ovarian cancer. Lin
W et al(14) revealed that miR-1271-5p expression was signi�cantly reduced in ovarian cancer group by
qRT-PCR assay and Du HY et al(15) performed the overexpression and knockout experiments using miR-
1271-5p mimics and inhibitors and demonstrated miR-1271-5p was as a tumor suppressor in breast
cancer proliferation and progression via targeting SPIN1 by Dual-luciferase activity assay. Liu XQ et
al(16) demonstrated miR-133b inhibited proliferation and invasion of ovarian cancer cells through Akt
and Erk1/2 inactivation by targeting epidermal growth factor receptor. These were in line with the key
miRNA expression and target prediction results revealed in our study.

Conclusions
In summary, it was reliable that the study was designed to reveal the key molecules of ovarian cancer by
the integrated miRNA-mRNA expression pro�les based on bioinformatics analysis. Of course, these key
miRNAs and 10 top genes need more in-depth experimental veri�cation in vitro. Nevertheless, the
bioinformatics prediction still provided a good method, narrowing the scope of in vitro experiments and
saving valuable resources. In the future, we believed that global researchers would be able to reveal key
molecules of many complex and diverse tumors at once by a tumor big data strategy dependence on
computational biology.
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Figures

Figure 1

Volcanic maps distribution of differential expression. (A): differentially expressed miRNA; (B):
differentially expressed gene. Horizontal axis: log2(FC); vertical axis: -log10(adj.P.Val). The FC
represented the fold change in expression of tumor samples compared to normal samples, and the
adj.P.Val represented the calibrated P value. Green color: differential expression was down-regulated; red
color: differential expression was up-regulated.
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Figure 2

Figure2A: Regulation network of miRNA-gene. The ovals represented differential target genes; the
triangles represented differential miRNAs, and the lines represented the existence of targeted regulatory
relationships. Red color meant up-regulation; green color meant down-regulation. Figure2B: Identi�cation
network of key DEGs. The darker the red was, the higher the score was, and the more signi�cant the
biometric signi�cance was.
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