
O R I G I N A L  R E S E A R C H

Comprehensive Bioinformatics Analysis of mRNA 
Expression Profiles and Identification of a miRNA– 
mRNA Network Associated with the Pathogenesis 
of Low-Grade Gliomas

Ming Wang 
Yan Cui 
Yang Cai 
Yugang Jiang 
Yong Peng

Department of Neurosurgery, The 
Second Xiangya Hospital of Central 
South University, Changsha, Hunan, 
People’s Republic of China 

Purpose: Low-grade glioma is the most common type of primary intracranial tumour, and 
the overall survival of patients with low-grade glioma (LGG) has shown no significant 
improvement over the past few decades. Therefore, it is crucial to understand the precise 
molecular mechanisms involved in the carcinogenesis of LGG.
Methods: To investigate the regulatory mechanisms of mRNA–miRNA networks related to 
LGG, in the present study, a comprehensive analysis of the genomic landscape between low- 
grade gliomas and normal brain tissues from the GEO and TCGA datasets was first 
conducted to identify differentially expressed genes (DEGs) and differentially expressed 
miRNAs in LGG. Following a series of analyses, including WGCNA, GO and KEGG 
analyses, PPI and key model analyses, and survival analysis of the DEGs with clinical 
phenotypes, the potential key genes were screened and identified, and the related miRNA– 
mRNA networks were subsequently constructed through miRWalk 3.0. Finally, the potential 
miRNA–mRNA networks were further validated in CGGA (Chinese Glioma Genome Atlas) 
datasets and clinical specimens by qRT-PCR.
Results: In our results, six hub genes, MELK, NCAPG, KIF4A, NUSAP1, CEP55, and 
TOP2A, were ultimately identified. Two regulatory pathways, miR-495-3p-TOP2A and miR- 
1224-3p-MELK, that regulate the pathogenesis of LGG were ultimately identified. 
Furthermore, the expression of miR-495-3p-TOP2A and miR-1224-3p-MELK in solid tis-
sues was validated by qRT-PCR.
Conclusion: Our study identified hub genes and related miRNA–mRNA regulatory path-
ways that contribute to the carcinogenesis of LGG, which may help us reveal the mechan-
isms underlying the development of LGG.
Keywords: low-grade glioma, miRNA–mRNA network, bioinformatics analysis, weighted 
gene coexpression

Introduction
Gliomas are the most common and fatal malignancy in the central nervous system 
(CNS).1 According to the 2007 World Health Organization (WHO) classification of 
tumours of the central nervous system, gliomas are classified into low-grade (WHO 
grades I-II) and high-grade (WHO grades III-IV) gliomas.2 High-grade gliomas 
(HGGs) have a high mortality rate, and the median survival time for HGGs is 14 to 
17 months.3 Low-grade gliomas (LGGs) account for 17% to 22% of all primary 
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brain tumours and tend to be associated with longer survi-
val than HGG.4 Comprehensive therapy for LGG includes 
neurosurgical resection, chemotherapy and radiotherapy. 
Nevertheless, LGG cannot be cured entirely by conven-
tional treatment due to therapeutic resistance, tumour 
recurrence and progression to HGG. Therefore, it is crucial 
to understand the precise molecular mechanisms involved 
in the carcinogenesis of LGG and explore novel therapeu-
tic biomarkers for LGG patients.

In recent years, with the progression of high- 
throughput sequencing technologies, most researchers 
have focused on the impact of genetic alterations on 
tumourigenesis and progression.5 Like other cancers, 
LGG is a highly heterogeneous disease with highly distinct 
molecular features and gene expression signatures and can 
be classified into different subtypes. Different subtypes of 
LGG have different molecular characteristics, biological 
behaviours, and therapeutic responses. The 2016 World 
Health Organization classification of CNS tumours 
updated the definition of gliomas,6 and the new classifica-
tion defined CNS tumours by adding molecular subtypes 
to conventional histological features. In these molecular 
types, isocitrate dehydrogenase (IDH1) mutation and 1p/ 
19q codeletion are essential biomarkers that characterize 
the classification and prognosis of gliomas and other mole-
cular biomarkers, including TERT promoter mutation, iso-
citrate dehydrogenase mutation, MGMT gene promoter 
methylation, and 1p19q codeletion. By associating clinical 
data with molecular mechanisms at the genome-wide 
level, the new 2016 WHO classification of CNS tumours 
provides more precise diagnosis, treatment guidance and 
prognostic evaluation for gliomas.

miRNAs are small noncoding RNAs that are approxi-
mately 19 to 25 nucleotides in length. miRNAs regulate 
target genes by binding to target mRNAs to repress their 
translation. An increasing number of studies have shown 
that miRNAs play an important role in the occurrence and 
development of cancer, and miRNAs are recognized as 
potential biomarkers for the diagnosis and prognosis of 
human cancer. For example, miRNA-21 is upregulated in 
gliomas and promotes invasion by targeting specific inhi-
bitors of matrix metalloproteases.7 miRNAs–mRNAs con-
stitute networks to participate in many cellular pathways, 
such as proliferation, apoptosis and differentiation.8,9 

A significant number of studies have searched for deregu-
lated miRNA–mRNA networks in cancers. However, 
research on the miRNA–mRNA regulatory network 
mechanisms in the pathogenesis of low-grade gliomas 

has been limited, hindering the comprehension and treat-
ment of this disease.

To investigate the regulatory mechanisms of mRNA– 
miRNA networks in LGG, a comprehensive analysis of 
the genomic landscape between LGG and normal brain 
tissues was first conducted to identify differentially 
expressed genes (DEGs) in LGG in the present study. 
Following a series of analyses of those DEGs with clinical 
phenotypes, the potential key genes were screened and 
identified. Furthermore, an miRNA–mRNA network was 
constructed, and important miRNAs were identified. 
Finally, the potential hub genes and miRNAs were vali-
dated in solid specimens.

Materials and Methods
Data Collection and Differentially 
Expressed Gene and miRNA 
Identification
The datasets used in the present study were downloaded 
from the Gene Expression Omnibus (GEO) database 
(http://www.ncbi.nlm.nih. gov/geo/) and The Cancer 
Genome Atlas (TCGA) database (https://portal.gdc.can 
cer.gov/). Two microarray datasets (GSE68848 and 
GSE4290) from the GEO datasets were used to screen 
DEGs in LGG tissues and normal brain tissues. The plat-
form for the GSE68848 and GSE4290 datasets was 
GPL570 (Affymetrix Human Genome U113 Plus 2.0 
Array). GSE68848 contained 215 primary LGG samples 
and 28 normal samples, and GSE4290 contained 76 pri-
mary LGG samples and 23 normal samples. Meanwhile, 
the LGG-related transcriptome profiles containing 512 
primary LGG samples and 5 normal samples in the 
TCGA database were downloaded for differential 
expressed gene and miRNA analysis. The clinical data 
were also downloaded from TCGA to analyse the relation-
ship between DEGs and clinical characteristics. Genes 
with |logFC| (fold change) >2 and p < 0.05 were identified 
as DEGs between LGG samples and normal samples, and 
miRNAs with |logFC| (fold change) >1 and p< 0.05 were 
identified as differentially expressed miRNAs. The DEGs 
were analysed by the limma package of R software for 
GEO datasets and the “edgeR” package for TCGA pro-
files. The R package “ggplot2,” was used to generate 
volcano plots for visualization of DEGs and differentially 
expressed miRNAs. The intersection of DEGs from the 
GEO and TCGA datasets was identified as the common 
DEGs.
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Gene Ontology and Pathway Enrichment 
Analysis Analyses of DEGs
The Gene Ontology (GO) database (http://www.geneontol 
ogy.org/) is widely used in functional annotation and 
enrichment analysis and describes the three major compo-
nents of gene function: biological process (BP), cellular 
component (CC) and molecular function (MF).10 The 
Kyoto Encyclopedia of Genes and Genomes pathway 
(KEGG) (http://www.kegg.jp), a comprehensive knowl-
edge database, plays an important role in both functional 
interpretation and practical application of genomic 
information.11 Through the Database for Annotation, 
Visualization and Integrated Discovery (DAVID) tools12 

(https://david.ncifcrf.gov/), we carried out GO terms and 
significant pathway enrichment analysis of DEGs. P<0.01 
and gene counts ≥10 were considered statistically signifi-
cant terms.

Protein-protein Interaction Network 
Construction and Key Module Analysis
To further understand the protein-protein interactions 
(PPIs) between DEGs, a PPI network analysis was per-
formed on the STRING (http://string-db.org) website.13 

An interaction with a combined score >0.4 was deemed 
significant, and Cytoscape was used to visualize the PPI 
network for these significant interactions. Furthermore, the 
MCODE plug-in for Cytoscape was used to identify the 
key clustering modules in PPI networks. The criteria for 
the most significant module selection were as follows: 
MCODE scores >10, degree cutoff=2, node score cut-
off=0.2, max depth=100 and k-score=2. Moreover, func-
tional and pathway enrichment analyses were performed 
for DEGs in the key module.

Weighted Gene Correlation Network 
Analysis of DEGs
WGCNA is a weighted gene coexpression network analy-
sis that aims to find coexpressed gene modules and explore 
the association between gene networks and phenotypes of 
concern, as well as the core genes in the network. The 
R package WGCNA based on the DEGs was applied for 
this analysis.14 In brief, a coexpression network can be 
constructed based on the expression profile and the esti-
mated best soft thresholding power. Average linkage hier-
archical clustering was then performed to identify modules 
of densely interconnected genes. Network modules were 
identified using a dynamic tree cut algorithm with 

a minimum cluster size of 30. Finally, the correlation 
between the modules and the clinical parameters was 
calculated, and the gene set module most related to certain 
clinical parameters of interest was identified.

Hub Genes Related to LGG and Clinical 
Validation
To narrow the scope of key genes, Venn analysis was used 
to integrate the genes obtained by WGCNA with the key 
module genes and differentially expressed miRNA target 
genes. A heat map was used to visualize the expression 
differences of key genes between LGG and normal brain 
tissues. Subsequently, the mRNA expression levels of key 
genes were validated in the GEPIA15 (http://gepia.cancer- 
pku.cn/index.html) web server, and survival analyses were 
performed using clinical data downloaded from the TCGA 
database.

Construction of the miRNA–mRNA 
Network and Validation
The interactions between the differentially expressed 
miRNAs and the hub genes related to LGG were predicted 
using miRWalk 3.0 (http://mirwalk.umm. uni-heidelberg. 
de/), which integrated the prediction results of both 
TargetScan and miRDB,16 and a score ≥ 0.95 was consid-
ered the cutoff criterion for the prediction analysis in 
miRWalk. Eventually, Cytoscape software was employed 
to establish the miRNA–mRNA network. Only the inter-
actions of miRNAs and mRNAs with opposite expression 
were included for subsequent analysis. Pearson’s correla-
tion analysis was performed in CGGA17 (Chinese Glioma 
Genome Atlas) datasets (http://www.cgga.org.cn/) to vali-
date miRNA–mRNA regulation.

Clinical Samples and RT-qPCR Analysis
In total, ten LGG tumour tissues from glioma patients and 
five normal brain tissues from traumatic haematoma 
patients were obtained during neurosurgical procedures at 
the Second Xiangya Hospital of Central South University. 
The samples taken during the surgery were immediately 
frozen at −80 °C and then used for RNA isolation. The 
collection of human tissues was approved by the Ethical 
Committee of the Second Xiangya Hospital of Central 
South University (2019080), and written informed consent 
was obtained from all patients and their families. This 
study was conducted in accordance with the Declaration 
of Helsinki. Total RNA was extracted from LGG tumour 
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and normal brain tissues using an RNA extraction kit 
(Bioteke Corporation, Beijing, China). For miRNA 
expression detection, miRNA was reverse transcribed 
with a miScript II RT Kit (Qiagen). The relative expres-
sion levels of miRNA were determined with the miScript 
SYBR Green PCR Kit (Qiagen) using a QuantStudio TM6 
Flex real-time PCR system (Life Technologies). For 
mRNA expression detection, the GoScript Reverse 
Transcription System (Promega Corporation, Madison, 
USA) was used to reverse transcribe RNA templates, and 
the relative expression levels of mRNAs were determined 
with GoTaq qPCR Master mix (Promega Corporation) 
using a QuantStudio TM6 Flex real-time PCR system. 
The relative expression levels (fold change) were calcu-
lated using the 2-ΔΔCq method, with GAPDH and U6 
used for normalization. The primers used were GAPDH 
F: 5′-GGTGGTCTCCTCTGACTTCAACA-3′ and R: 5′- 
GTTGCTGTAGCCAAATTCGTTGT-3′, TOP2A F: 5ʹ-CA 
TTGAAGACGCTTCGTTATGG-3ʹ and R: 5ʹ-CAGAAGA 
GAGGGCCAGTT GTG-3ʹ, MELK F: 5ʹ-GCTGCAAG 
GTATAATTGATGGA-3ʹ and R: 5ʹ-CAGTAACATAAT 
GACAGATGGGC-3′.

Statistical Analyses
SPSS 20.0 software (SPSS IBM, Armonk, NY, USA) and 
GraphPad 7.0 (La Jolla, CA, USA) were used for data 
analyses. The data are presented as the mean ± standard 
deviation (SD) for the relative expression levels of mRNA 
and miRNA. The survival analysis between two groups 
used the long rank test. A two-tailed Student’s t-test was 
used to assess differences between the tumour group and 
the normal group. Pearson correlation tests were con-
ducted to assess the correlation between the expression 
of miRNAs and targeted mRNAs. A p-value < 0.05 was 
considered statistically significant.

Results
Identification of DEGs and miRNAs 
Based on TCGA and GEO
After a series of analyses according to the calculation 
criteria mentioned above, a total of 487 DEGs were iden-
tified in the GSE4290 dataset (122 upregulated and 365 
downregulated, Figure 1A), and 811 DEGs were identified 
in the GSE68848 dataset (152 upregulated and 649 down-
regulated, Figure 1B). Furthermore, a total of 2097 DEGs 
(1590 upregulated and 507 downregulated, Figure 1C) 
were also identified from TCGA datasets. Only DEGs 

that commonly appeared in those three sets were chosen 
as candidate DEGs. As shown in Figures1D, 338 DEGs 
(200 upregulated and 138 downregulated) were finally 
identified. For differentially expressed miRNAs, 246 
DEmiRNAs (121 upregulated and 125 downregulated) 
were identified from TCGA.

Functional Annotation and Pathway 
Enrichment Analysis
GO and KEGG enrichment analyses were performed to 
explore the potential functions of the DEGs, which included 
three categories: cellular component (CC), biological pro-
cess (BP) and molecular function (MF). In the BP group, the 
GO terms were mainly associated with chemical synaptic 
transmission, negative regulation of neuron apoptotic pro-
cess and positive regulation of cell proliferation (e 1E). In 
the CC group, the GO terms included mainly cell junctions, 
axons and dendrites (Figure 1F). In the MF group, the GO 
terms involved mainly calmodulin binding and calcium ion 
binding (Figure 1G). In addition, KEGG pathway analyses 
indicated that the most significant pathways were the cal-
cium signalling pathway, pathways in cancer and neuroac-
tive ligand-receptor interactions (Figure 1H). The top 10 GO 
terms and enriched pathways of targets of DEGs are shown 
in the bubble chart.

Protein–Protein Interaction Network 
Construction and Key Model Analysis
To explore the relationship between these CDEGs, a PPI 
network of DEGs was constructed using the STRING 
online database and visualized by Cytoscape. As shown 
in Figure 2A, there were 234 nodes and 1683 edges in the 
PPI network. Three key clusters were identified using the 
MCODE plug-in according to the cut-off value described 
above. As shown in Figure 2A and B, model 1 was the 
most significant module (MCODE score=13.8), which was 
constructed with 14 nodes and 90 edges (Figure 2A). 
Further pathway enrichment analysis showed that the 14 
genes in the most significant module were associated 
mainly with inflammatory regulation of the TRP channel, 
Ras signalling pathway, MAPK signalling pathway, and 
pathways in cancer (Figure 2C).

Weighted Gene Correlation Network 
Analysis
We analysed the coexpression of DEGs from the TCGA 
dataset by the WGCNA package. A coexpression network 
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Figure 1 Differential expression of data between three sets of samples, Venn diagram, GO and KEGG analysis of DEGs. (A-C) Volcano plot of the genes between normal 
brain and low-grade glioma samples from the GSE4290, GSE68848 and TCGA datasets. Red dots indicate upregulated genes, and blue dots indicate downregulated genes. 
Grey dots show the genes with expression of |log2FC|<2. The Y axis represents an FDR, and the X axis represents the value of log2FC. (D) Venn diagram of overlapping 
DEGs obtained by the GSE4290, GSE68848 and TCGA datasets. (E-H) GO and KEGG analysis of the overlapping DEGs in LGG: (E) Biological processes (F) Cellular 
components (G) Molecular function (H) KEGG pathway.
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was constructed when the soft thresholding was set to five. 
Through the merger of similar modules, all DEGs were 
finally clustered into 15 modules (Figure 3A, B, D). 
Different gene coexpression modules and the patient’s age, 
sex, survival status, survival time, and recurrence were 
further selected to draw a clustering heat map (Figure 3C). 
As shown in Figure 3C, a heatmap with correlation coeffi-
cient (R) and significant difference (P-value) showed the 
correlations between the modules and phenotypes. Finally, 
we screened out the yellow coexpression module (R=0.43, 
p<0.01) in which the DEGs in this module were significantly 
correlated with LGG patient survival status. As shown in 
Figure 3E, the correlation between genes in the yellow 

module and the survival status was greater than 0.6, and 
the significance p value was less than 0.05, which indicated 
that this module can be determined to be an important 
module. There were 109 DEGs in the yellow coexpression 
module, and KEGG analysis (Figure 4A) and GO 
(Figure 4B) analysis results show that the yellow module 
genes were associated mainly with the cell cycle, which is 
important for the proliferation of tumour cells.

Hub Gene Screen and Clinical Significance 
Analysis
To further narrow the range of key genes, the common 
genes in the WGCNA, key module genes, and miRNA 

Figure 2 PPI network and the most significant model of DEGs. (A) Protein-protein interaction network construction and module analysis. The red, yellow, and green parts 
represent the top 3 modules of the PPI network. (B) The most significant mode from the PPI network constructed by the DEGs in LGG. Red dots indicate downregulated 
genes, and blue dots indicate upregulated genes. (C) KEGG pathway analysis of the most significant module in PPI analysis.
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target genes were obtained from Venn analysis. Finally, six 
hub genes (MELK, NCAPG, KIF4A, NUSAP1, CEP55, 
TOP2A) were identified (Figure 5A), and the heat maps of 
these hub genes suggest that they can obviously be distin-
guished between the LGG group and the normal group 
(Figure 5B). Subsequently, we verified the mRNA 

expression levels of these six hub genes in GEPIA, and 
the results revealed that only the expression levels of 
MELK, NUSAP1 and TOP2A were significantly increased 
in the LGG group compared to the normal group, with a p 
value <0.05 (Figure 5C). To test whether the hub genes 
had clinical significance, we verified gene expression and 

Figure 3 WGCNA of DEGs. (A) WGCNA dendrogram indicating the expression of different gene modules in all LGG samples. (B) Network heatmap plot to visualize the 
genetic correlation within the modules. (C) Module-sample feature correlation analysis. Sample features included age, sex, status, survival time and recurrence. (D) 
Correlation analysis between 15 coexpression modules. (E) Gene correlation scatter plots of the yellow model.
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its relationship with patient overall survival (OS) by using 
clinical data downloaded from TCGA. As shown in 
Figure 5D, high expression of these six genes was asso-
ciated with worse overall survival (OS) in LGG patients.

Identification and Validation of Potential 
miRNA–mRNA Regulatory Pathways in 
LGG
To further explore the molecular mechanisms in LGG, 
target miRNAs of hub genes were predicted using 
miRWalk3.0. As shown in Figure 6, we identified six 
potential miRNA–mRNA networks associated with the 
pathogenesis of LGG. However, as verified above, there 
was no significant difference in the expression levels of 
CEP55, KIF4A and NCAPG between LGG and normal 
tissues, so we finally selected CEP55, MELK, NUSAP1 
and their negatively correlated miRNAs as the potential 
miRNA–mRNA networks (NUSAP1-hsa-let-7b-5p, 
MELK-hsa-miR770-5p-hsa-miR-1224-3p and Top2A-hsa- 
miR-218-5p/hsa-miR-495-3p/hsa-miR-7-1-3p/hsa-miR 
-203a-3p) for further verification. Pearson’s correlation 
analysis was performed on the mRNA and miRNA expres-
sion profiles downloaded from CGGA datasets to validate 

the potential miRNA–mRNA regulation. As shown in 
Figure 7A-F, only the expression of hsa-miR-495-3p and 
hsa-miR-1224-3p was markedly associated with TOP2A 
(r=0.339, P=0.004) and MELK (r=0.301, P=0.047). To 
validate these potential regulatory networks, the expres-
sion levels of these two miRNAs and their target genes 
were further detected in LGG clinical tissue samples and 
normal brain tissues by PCR. As shown in Figure 7G-J, in 
accordance with our previous analytic results, TOP2A and 
MELK were significantly upregulated, whereas hsa-miR 
-1224-3p and hsa-miR-495-3p were markedly downregu-
lated in LGG compared to matched normal brain samples.

Discussion
Given that glioma is one of the most common tumours in 
the central nervous system, it is urgent to thoroughly 
explore the molecular pathogenesis of LGG. The dysregu-
lation of the miRNA–mRNA regulatory network is 
believed to lead to a variety of human diseases, including 
cancers.18–20 During the past few years, many studies on 
miRNA and mRNA expression profiles in LGG have been 
published. However, to date, comprehensive research on 
the miRNA–mRNA regulatory network in the pathogen-
esis of LGG remains largely insufficient. In the present 

Figure 4 GO and KEGG analysis of the most significant coexpression module. (A)The KEGG functional annotation analysis of the yellow model genes was performed by 
ClueGO and CluePedia in Cytoscape software. Different colours of nodes refer to the functional annotation of ontologies, each line reflects the correlation between the 
terms, the network shows the relationship between the yellow model genes and KEGG terms. (B) The biological process functional annotation analysis of hub genes was 
performed by ClueGO and CluePediain Cytoscape software. Different colours of nodes refer to the functional annotation of ontologies, each line reflects the correlation 
between the terms, the network shows the relationship between the yellow model genes and Go terms. A corrected p value <0.01 was considered statistically significant.
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Figure 5 Hub genes validation and clinical analysis. (A) Venn analysis of differentially expressed miRNA target genes and key model genes in the PPI network and yellow 
model genes in WGCNA. Sex candidate genes were calculated, including MELK, NCAPG, KIF4A, NUSAP1, CEP55 and TOP2A. (B) Heatmap of the six hub genes in LGG 
tissues and normal brain tissues from the GES68848 dataset. Colouring illustrates the high expression (red) and low expression (blue) of genes. (C) The expression levels of 
6 hub genes between LGG tissues and normal brain tissues validated according to the GEPIA database. (D) The expression level of hub genes and their prognostic 
significance were validated according to clinical datasets downloaded from TCGA. Survival curves of hub genes were generated in GraphPad Prism software, and the red and 
black curves represent the high and low expression groups, respectively. *<0.05.
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study, we used bioinformatics analysis of the LGG- 
associated miRNA–mRNA network to study the molecular 
pathogenesis of LGG. Ultimately, two regulatory path-
ways, miR-495-3p-TOP2A and miR-1224-3p-MELK, 
related to the pathogenesis of LGG, were identified.

Topoisomerase (DNA) II alpha (TOP2A) is involved in 
processes such as chromosome condensation, chromatid 
separation, and the relief of torsional stress that occurs 
during DNA transcription and replication. TOP2A is aber-
rantly expressed in many human cancers, including lung 
cancer, breast cancer, and colorectal cancer.21–23 Tianmin 
et al24 reported that TOP2A was highly expressed in 
glioma tissues compared with normal brain tissues. They 
also found that TOP2A overexpression was highly corre-
lated with glioma grade stage, KI67 positive percentage, 
IDH1 mutation and poor prognosis. Similar results were 
also found in the present study. TOP2A was significantly 
upregulated in LGG tissues compared with normal brain 
tissues, which was validated by GEO, TCGA, GEPIA and 
experimental PCR. Moreover, survival analysis found that 
higher expression of TOP2A in LGG was associated with 
worse OS. All these results concluded that TOP2A can be 
a potential biomarker for the prognosis of LGG. An 
increasing number of studies have shown that miRNAs 
play an important role in the occurrence and development 

of cancer. MiRNAs regulate target genes by binding to 
target mRNAs to repress their translation. To identify the 
pathway involved in the regulation of TOP2A expression 
in LGG, we constructed a miRNA–mRNA network and 
found that miR-495-3p may regulate the expression of 
TOP2A by targeting these oncogenes in LGG. miR-495- 
3p has been reported to possibly have oncogenic or antic-
ancer functions in several cancers. For instance, miR-495- 
3p inhibits proliferation and invasion in clear cell renal 
cell carcinoma cells.25 However, miR-495-3p can promote 
colon cancer cell proliferation via the Wnt/β-catenin sig-
nalling pathway.26 In addition, miR-495-3p inhibits the 
proliferation, invasion and migration of osteosarcoma 
cells by targeting C1q/TNF-related protein 327. 
Nevertheless, the roles and underlying mechanisms of 
miR-495-3p in low-grade glioma are unclear. The 
miRWALK website is a comprehensive miRNA target 
gene prediction database that integrates the prediction 
results of both TargetScan and miRDB.16 We found that 
many miRNAs may target TOP2A from miRWALK3.0 
datasets, but only miR-495-3p was statistically downregu-
lated in LGG and was significantly correlated with the 
expression of TOP2A in LGG. The higher expression of 
TOP2A and lower expression of miR-495-3p in LGG 
tissues than in normal brain tissues were also validated 

Figure 6 miRNA–mRNA regulate network construction. Identified potential miRNA–mRNA regulatory network contributing to the pathogenesis of LGG: Oval represents 
mRNA, and triangle represents miRNA. All shapes in red and blue represent upregulation, and yellow represents downregulation.

https://doi.org/10.2147/CMAR.S314011                                                                                                                                                                                                                               

DovePress                                                                                                                                              

Cancer Management and Research 2021:13 5144

Wang et al                                                                                                                                                            Dovepress

https://www.dovepress.com
https://www.dovepress.com


by PCR experiments. All these findings support our ana-
lytical results that the miR-495-3p-TOP2A pathway may 
contribute to the pathogenesis of LGG. Therefore, future 
experimental validation of our current analytical result— 
the promotion of the miR-495-3p-TOP2A pathway in car-
cinogenesis of LGG is of great significance.

Our analysis suggested that miR-1224-3p-MELK is 
a tumour-suppressive pathway in LGG, and patients with 
higher expression of miR-1224-3p and lower expression of 
MELK always had a favourable OS. Maternal embryonic 
leucine zipper kinase (MELK) has been characterized as an 

important kinase in development and has been implicated 
in a range of biological functions, including mitotic pro-
gression, proliferation, apoptosis, differentiation and stem 
cell phenotypes, and tumourigenesis.28,29 Many investiga-
tions have verified that MELK plays an oncogenic role in 
the development of many malignant tumours. For example, 
MELK promotes endometrial carcinoma progression by 
activating the mTOR signalling pathway,30 and MELK 
accelerates the progression of colorectal cancer by activat-
ing the FAK/Src pathway.31 Regarding the role of MELK 
in glioma, several studies have proven its important 

Figure 7 Validation of the significant miRNA–mRNA pathway. The correlation of potential DE-miRNAs and target genes validated in a patient cohort from CGGA datasets: 
(A) For TOP2A and hsa-miR-203a-3p (B) for TOP2A and hsa-miR-7-1-3p (C) for TOP2A and hsa-miR-203a-3p (D) for MELK and hsa-miR-770-5p (E) for MELK and hsa- 
miR-1224-3p (F) for TOP2A and hsa-miR-495-3p. (G, H) The relative mRNA expression of TOP2A and MELK between LGG tissues and normal brain tissues by using qRT- 
PCR, *<0.05, **<0.01. (I, J) The relative miRNA expression of hsa-miR-1224-3p and hsa-miR-495-3p between LGG tissues and normal brain tissues by using qRT-PCR, 
*<0.05.
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function in glioma stem-like cells.32,33 Kaushal et al 
proved that MELK leads to the phosphorylation and acti-
vation of FOXM1, which results in a subsequent increase 
in mitotic regulatory genes in GSCs33 and the progression 
of glioma. MELK is considered to be an attractive mole-
cular target for the development of new types of drugs due 
to its critical roles in cancer stem cell maintenance.34 Our 
results indicated that MELK is obviously upregulated and 
significantly associated with a poor prognosis. Therefore, 
combined with these findings and our results, MELK may 
be selected as a potential target for the treatment of LGG. 
The role of miR-1224-3p in human tumours is not clear. 
The literature about miR-1224-3p is fairly sparse, and only 
two papers about miR-1224-3p in human cancer have been 
published to date. Zuo, et al illustrated that miR-1224-3p 
plays an antitumour role in lung adenocarcinoma via the 
miR-1224-3p/ETV1 signalling pathway.35 Miah et al 
pointed out that miR-1224-3p may correlate with the prog-
nosis of bladder cancer, but the molecular mechanism is 
unclear.36 Our results indicated that miR-1224-3p corre-
lated with a good prognosis of LGG patients but was 
always downregulated in LGG. The CGGA datasets, 
which contain both mRNA and miRNA profiles from 94 
patients, revealed that the expression of MELK was nega-
tively correlated with the expression of miR-1224-3p, 
which implies that miR-1224-3p may inhibit the growth 
of LGG cells by targeting MELK. However, this hypoth-
esis needs to be verified by our further in vitro and in vivo 
experiments.

Although we performed a comprehensive analysis and 
some experimental validation of the miRNA–mRNA reg-
ulatory network involved in LGG and successfully identi-
fied several potential miRNA–mRNA pathways that may 
be linked to the development of LGG, there were also 
some limitations in this study: (1) The clinical sample 
size used for validation here was relatively small. (2) 
The specific molecular mechanism of miR-495-3p- 
TOP2A and miR-1224-3p-MELK in LGG has not been 
studied. (3) The dual-luciferase reporter assay was absent 
for the validation of miRNA and targeted mRNA in the 
present study. Therefore, future investigations with larger 
clinical samples, cell functional experiments and animal 
validation experiments to elucidate the signalling path-
ways of LGG are urgently required.

Conclusions
In conclusion, this study identified the hub genes and related 
miRNA–mRNA regulatory pathways contributing to the 

carcinogenesis of LGG, which may help us reveal the 
mechanisms underlying the development of LGG and pro-
vide more guidance for its prognosis. We hope that our 
findings are helpful for developing treatments for LGG that 
target the established miRNA–mRNA regulatory network, 
thus improving the prognosis of LGG patients in the future.
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