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Abstract. Glioma is the most common malignant brain tumor, 
and the incidence of glioma demonstrates an upward trend. It 
is vital to elucidate the pathogenesis of glioma and seek effec-
tive therapies. The aim of the present study was to identify 
the potential gene markers associated with glioma based on 
GSE31262 gene expression profiles, and to explore the under-
lying mechanism of glioma progression by analyzing the gene 
markers. The microarray dataset GSE31262 was downloaded 
and neural stem cell samples (control group) and glioma 
samples (glioma group) were analyzed to identify the differen-
tially expressed genes (DEGs) between the two groups. Gene 
Ontology functional and Kyoto Encyclopedia of Genes and 
Genomes pathway enrichment analyses were performed using 
DAVID software. Subsequently, a protein‑protein interaction 
(PPI) network was constructed and important modules were 
extracted from this network. Additionally, the miRNA‑target 
regulatory network was established. In total, 1377 DEGs with 
P<0.01 and |log2 fold change| ≥2 were identified between the 
control and glioma groups. The DEGs that were upregulated 
in glioma samples compared with controls were primarily 
associated with functions such as the M phase and cell cycle 
pathway, while the downregulated genes were associated 
with functions such as nerve impulse and the axon guidance 
pathway. The results also indicated that certain DEGs, including 
cyclin‑dependent kinase 1 (CDK1) and cadherin 1 (CDH1), 
had important roles in the PPI network. The MCODE tool 
in Cytoscape software was used to identify upregulated and 
downregulated modules in the PPI network, and 5 upregulated 

and 2 downregulated modules were extracted. Furthermore, 
the WebGestal online tool was used to identify potential 
interactions of the upregulated and downregulated genes with 
microRNAs (miRNA/miR), and miR‑135A/B and its two 
targets, discs large MAGUK scaffold protein 2 and forkhead 
box O1 (FOXO1), had the highest number of connections in 
the miRNA‑target regulatory network. In addition, cell divi-
sion cycle 20 and FOXO1 were confirmed to be upregulated 
in U87 glioma cells compared with normal human astrocytes 
(HA1800) by reverse transcription‑quantitative polymerase 
chain reaction. In conclusion, M phase function and the axon 
guidance pathway may be vital for glioma progression. In 
addition, CDK1 and CDH1 may be associated with the process 
of glioma. Furthermore, miR‑135A/B, and the target FOXO1, 
may be potential therapy targets for glioma treatment.

Introduction

Glioma is the most common malignant brain tumor, and 
inflicts personal distress and social and financial burdens (1). 
The incidence of glioma is increasing and the median survival 
rate for patients with glioblastomas is <2 years (2,3). Although 
certain techniques based on oncolytic viral therapy and neural 
precursor cells are promising in the treatment of glioma, their 
therapeutic effects are limited (4‑6). Despite improvements in 
current therapeutic strategies, the overall prognosis for patients 
with glioma remains poor (7,8). Therefore, novel therapies are 
required to specifically target tumor cells, particularly cells 
that have important roles in the potential pathogenesis of 
glioma.

Genes and genetic factors are strongly associated with the 
development of glioma (9). Gene expression analyses may be 
used to investigate the biomarkers and potential therapeutic 
targets for glioma  (10). Gene expression‑based classifica-
tion of malignant glioma is thought to be a better indicator 
of survival than histological classification (11). A previous 
study demonstrated that downregulation of cyclin‑dependent 
kinase 1 (CDK1) expression may inhibit the proliferation of 
human malignant glioma (12). In addition, lentivirus‑mediated 
knockdown of cyclin Y inhibits the proliferation of glioma 
cells (13). Furthermore, large‑scale gene expression analysis 
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and subset analysis of glioma revealed unrecognized hetero-
geneity of tumors and were efficient methods of predicting 
prognosis‑associated genes (14).

A microRNA (miRNA/miR) is a small non‑coding RNA 
molecule that functions in RNA silencing and post‑transcrip-
tional regulation of gene expression (15). In total, >50% of 
mRNAs are regulated by miRNAs, and one miRNA may 
target hundreds of different genes (16). Of all miRNA species, 
~60% are present in the brain (17). As a result, miRNAs are 
reported to be involved in various functions associated with the 
brain, including learning, memory, neurological diseases (18) 
and neuroprotection (19). It was previously reported that the 
dysregulation of miRNA‑21 and miRNA‑10b may disrupt the 
migration of glioma cells and inhibit glioma cell migration and 
invasion (20). In addition, miRNA‑16 was reported to suppress 
epithelial‑mesenchymal transition‑associated gene expression 
in human glioma (21). Therefore, alterations in miRNA expres-
sion may have an important role in glioma progression (22). 
However, potential gene markers associated with glioma based 
on gene or miRNA expression remain unclear.

Sandberg et al (23) performed genome‑wide analysis that 
directly compared the gene expression profile of glioblastoma 
stem cells from patients with glioma to stem cells from the 
normal adult. The study revealed 30 signature genes that 
were associated with clinical outcome and demonstrated 
the clinical relevance of glioblastoma stem cells in glioma. 
However, based on the large amount of information in the 
gene expression profile, the data concerning the role of poten-
tial gene markers based on genes or miRNAs in glioma were 
limited. In the present study, bioinformatics analysis based 
on the microarray data deposited by Sandberg et al (23) was 
performed. Function and pathway analysis based on differ-
entially expressed genes (DEGs) between neural stem cell 
samples (control group) and glioma samples (glioma group) 
was performed, followed by protein‑protein interaction (PPI) 
network analysis. Subsequently, analysis was performed to 
identify potential miRNA‑target regulation in the process 
of glioma. The present study aimed to determine a detailed 
mechanism of transcriptional regulation in glioma, and 
provide a novel strategy for therapy based on a comprehensive 
understanding of glioma progression.

Materials and methods

Samples. The gene expression profile of GSE31262  (23) 
was downloaded from the Gene Expression Omnibus 
(http://www.ncbi.nlm.nih.gov/geo/), which was based on the 
platform of GPL2986 ABI Human Genome Survey Microarray 
Version 2. In total, 5 neural stem cell samples (control group) 
and 9 glioma samples (glioma group) were included in this 
profile. Annotation information of all probe sets was also 
downloaded from the platform.

Data preprocessing and differential expression analysis. 
Probe‑level data in CEL files were converted into expres-
sion values. In the case that >1 probe corresponded to one 
single gene, the average value was considered as the final 
gene expression. The missing values were imputed based 
on the estimation method of Troyanskaya  et  al  (24) and 
the complete data were subsequently standardized  (25). 

The non‑pairing t‑test in the Linear Models for Microarray 
Data (Limma; version 3.10.3; http://www.bioconductor​
.org/packages/release/bioc/html/limma.html) package in 
R language (version 3.3.2) (26) was performed to calculate 
the statistical significance for each gene. P<0.01 and |log2 
fold change (FC)| ≥2 were selected as the threshold for the 
identification of DEGs. Hierarchical clustering analysis of 
DEGs was conducted using pheatmap package (version 1.0.8; 
https://cran.r‑project.org/web/packages/pheatmap/index.html) 
in R (version 3.3.2) software (27).

Functional and pathway enrichment analysis of DEGs. 
Based on the deficiency of individual gene analysis, gene 
set enrichment analysis was performed to evaluate differ-
ential expression patterns of gene groups. The Database for 
Annotation, Visualization and Integrated Discovery (DAVID; 
version 6.8; http://david.abcc.ncifcrf.gov/) is a gene func-
tional classification tool that provides a comprehensive set 
of functional annotation tools for investigators to understand 
the biological meaning behind large lists of genes (28,29). 
Gene Ontology (GO) includes three functional categories: 
Molecular function (MF); biological process (BP); and 
cellular component (CC) (30). GO functional enrichment (31) 
was performed based on DAVID. The Kyoto Encyclopedia of 
Genes and Genomes (KEGG; http://www.genome.jp/kegg/) 
pathway database (32) comprises a collection of manually 
drawn pathway maps concerning molecular interaction and 
reaction networks. In the present study, KEGG pathway 
enrichment analysis was performed based on DAVID. A count 
(the number of DEGs associated with a target function or 
pathway) ≥2 and P<0.05 were selected as the cut‑off criteria 
for significant target functions and pathways.

PPI network and module network analysis. The investigation 
of PPIs may aid the identification of protein functions at the 
molecular level and improve the understanding of various 
cellular activities, including growth, development, metabolism, 
differentiation and apoptosis (33). The Search Tool for the 
Retrieval of Interacting Genes (STRING; www.string‑db.org/) 
is a database that provides experimental and predicted interac-
tion information (34). The proteins associated with DEGs were 
selected according to the STRING database (version 10.0). 
When the required confidence (score) was >0.4, there was a 
protein‑protein interaction, which was selected to establish 
the PPI network. The network was visualized by Cytoscape 
(version 3.2.0) software  (35). Subsequently, the MCODE 
(version 1.4.2; http://apps.cytoscape.org/apps/MCODE) tool 
in Cytoscape (36) was used to analyze the clusters of the PPI 
network.

miRNA‑target gene network construction. The potential 
targets of miRNAs were investigated by using WebGestal 
(http://www.webgestalt.org/option.php)  (37,38) software. 
The miRNA‑target regulatory network was constructed with 
miRNAs that were associated with the top15 upregulated 
and the top15 downregulated DEGs, and was visualized by 
Cytoscape software. 

Validation of gene expression by reverse transcription‑quan‑
titative polymerase chain reaction (RT‑qPCR). Based on the 
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results of bioinformatics analysis, the major DEGs were vali-
dated by RT‑qPCR. Normal human astrocytes (HA1800) and 
U87 glioma cells were purchased from Cell Bank of Chinese 
academy of science (Shanghai, China), and cultured in the 
RPMI‑1640 medium (Thermo Fisher Scientific, Inc., Waltham, 
MA, USA) and Dulbecco's modified Eagle's medium (Thermo 
Fisher Scientific, Inc.), respectively, supplemented with 
10% fetal bovine serum (FBS; Gibco, Carlsbad, CA, USA), 
1% streptomycin and 1% penicillin (Gibco; Thermo Fisher 
Scientific, Inc.) at 37˚C in a humidified incubator containing 
5% CO2. Following the HA1800 and U87 glioma cells being 
serially passaged for 3 generations, total RNA was extracted 
from the cells using RNAiso Plus (Takara Biotechnology Co., 
Ltd., Dalian, China) reagent to detect the mRNA expression 
of DEGs. The total RNA was reversed transcribed using 
a PrimeScript RT Master Mix (Perfect Real‑Time; Takara 
Bio, Inc., Otsu, Japan) according to the following procedure: 
37˚C for 1 h and 85˚C for 5 sec. Following cDNA synthesis, 
mRNA expression levels were assessed using the Power SYBR 
Green PCR Master Mix (Applied Biosystems; Thermo Fisher 
Scientific, Inc.) and the GAPDH transcript was used as the 
reference gene. The qPCR protocol was: Denaturation (95˚C 
for 3 min), cycling (95˚C for 10 sec), annealing (60˚C for 30 sec) 
for 40 cycles at a qPCR machine (model: ViiA7; Applied 
Biosystems; Thermo Fisher Scientific, Inc.). All experiments 
were carried out in triplicate. Relative gene expression was 
calculated using the 2‑ΔΔCq method (39). The primer sequences 
for the genes were as follows: CDK1, 5'‑CCC​TTT​AGC​GCG​
GAT​CTA​CC‑3' (forward) and 5'‑ATG​GCT​ACC​ACT​TGA​
CCT​GT‑3' (reverse); cell division cycle 20 (CDC20), 5'‑CAG​
CAT​CAA​GGG​GCT​GTC​AA‑3' (forward) and 5'‑GAG​ACC​
AGA​GGA​TGG​AGC​AC‑3' (reverse); polo‑like kinase 1 
(PLK1), 5'‑CTG​CCT​GAC​CAT​TCC​ACC​AA‑3' (forward) 

and 5'‑CCT​CAC​CTG​TCT​CTC​GAA​CC‑3' (reverse); aurora 
kinase A (AURKA), 5'‑CTC​CGT​CCC​TGA​GTG​TCC​
TT‑3' (forward) and 5'‑AAA​TAT​CCC​CGC​ACT​CTG​GC‑3' 
(reverse); cadherin 1 (CDH1), 5'‑CGA​GAG​CTA​CAC​GTT​
CAC​GG‑3' (forward) and 5'‑TTT​GAA​TCG​GGT​GTC​GAG​
GG‑3' (reverse); forkhead box O1 (FOXO1), 5'‑TCA​AGA​GCG​
TGC​CCT​ACT​TC‑3' (forward) and 5'‑TCT​TGC​CAC​CCT​
CTG​GAT​TG‑3' (reverse); G‑protein subunit αi1 (GNAI1), 
5'‑ACA​GGG​TTC​TGT​CTC​CGC​TG‑3' (forward) and 5'‑TCC​
CCA​TAG​CCC​TAA​TGA​TAG​C‑3' (reverse); and GAPDH, 
5'‑TGACAACTTTGGTATCGTGGAAGG‑3' (forward) and 
5'‑AGG​CAG​GGA​TGA​TGT​TCT​GGA​GAG‑3' (reverse).

Statistical analysis. Data are presented as the mean ± standard 
deviation. Differences between groups were analyzed statisti-
cally by Student's t‑test using SPSS 19.0 software (IBM Corp., 
Armonk, NY, USA). P<0.05 was considered to indicate a 
statistically significant difference.

Results

DEGs between glioma and control groups. Under the 
conditions of P<0.01 and |log2FC| ≥2, a total of 1377 DEGs, 
including 562 upregulated and 815 downregulated genes, were 
identified. The heatmap constructed for DEGs in different 
samples is presented in Fig. 1.

GO function and KEGG pathway enrichment analyses. GO 
function and KEGG pathways enriched with DEGs were 
investigated with DAVID. The results of GO analysis demon-
strated that upregulated DEGs were primarily associated 
with functions that included M phase (P=4.94x10‑30), spindle 
(P=1.73x10‑17) and chromatin binding (P=1.32x10‑5; Table I). 

Figure 1. Heatmap of differentially expressed genes between neural stem cell samples and glioma stem cell samples. Red represents upregulated genes and 
green represents downregulated genes. G1‑9, glioma stem cell samples; H1‑5, neural stem cell samples.
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Table I. Top five significant BP, CC and MF items associated with genes that were differentially expressed between control and 
glioma samples in the GSE31262 microarray.

A, Top 5 BP, CC and MF items significantly associated with differentially expressed genes (DEGs) that were upregulated in 
glioma samples compared with controls

Item type	 Function ID	 Function name	 Count	 P‑value	 Gene

BP	 GO:0000279	 M phase	 62	 4.94x10‑30	 KIF23, PRC1, TTK, PTTG2, AURKA
	 GO:0022403	 Cell cycle phase	 68	 2.81x10‑29	 KIF23, PRC1, DBF4, TTK, AURKA
	 GO:0000280	 Nuclear division	 49	 4.88x10‑27	 KIF23, NEK2, AURKA, PTTG2, AURKB
	 GO:0007067	 Mitosis	 49	 4.88x10‑27	 KIF23, NEK2, AURKA, PTTG2, AURKB.
	 GO:0007049	 Cell cycle	 89	 9.74x10‑27	 GAS2L3, KIF23, STEAP3, PRC1, ZAK
CC	 GO:0005819	 Spindle	 31	 1.73x10‑17	 KIF23, KIF4A, PRC1, NEK2, TTK
	 GO:0000793	 Condensed chromosome	 29	 3.84x10‑17	 HMGB2, NEK2, CHEK1, AURKB, RCC1
	 GO:0005694	 Chromosome	 46	 6.87x10‑13	 HMGB2, HIST1H4K, HMGB3, NEK2, CHEK1
	 GO:0000775	 Chromosome, centromeric	 24	 1.01x10‑12	 MKI67, NUF2, CENPF, NDC80, CENPE
		  region
	 GO:0044427	 Chromosomal part	 40	 9.95x10‑12	 HIST1H4K, CHEK1, AURKB, RCC1, CITED2
MF	 GO:0003682	 Chromatin binding	 17	 1.32x10‑5	 CDC6, EZH2, CENPF, GLI2, RCC1
	 GO:0004674	 Protein serine/threonine	 29	 1.30x10‑4	 STK33, ZAK, NEK2, TTK, CHEK1
		  kinase activity
	 GO:0001882	 Nucleoside binding	 75	 1.67x10‑4	 STEAP3, ACOX2, KIF23, STK33, ZAK
	 GO:0001883	 Purine nucleoside binding	 74	 2.26x10‑4	 STEAP3, ACOX2, KIF23, STK33, ZAK
	 GO:0030554	 Adenyl nucleotide binding	 73	 2.43x10‑4	 STEAP3, ACOX2, KIF23, STK33, ZAK

B, Top 5 BP, CC and MF items significantly associated with DEGs that were downregulated in glioma samples compared with 
controls

Item type	 Function ID	 Function name	 Count	 P‑value	 Gene

BP	 GO:0019226	 Transmission of nerve	 41	 4.62x10‑9	 CAV2, KCNMB4, SCN1B, AGTPBP1, SYT5
		  impulse
	 GO:0007268	 Synaptic transmission	 34	 2.25x10‑7	 KCNMB4, CAV2, SCN1B, AGTPBP1, SYT5
	 GO:0007155	 Cell adhesion	 56	 2.89x10‑6	 DLC1, EDIL3, AZGP1, CD47, TYRO3
	 GO:0022610	 Biological adhesion	 56	 2.92x10‑6	 DLC1, EDIL3, AZGP1, CD47, TYRO3
	 GO:0001508	 Regulation of action	 14	 3.32x10‑6	 KLK6, KCNMB4, PLP1, GRIN2A, TAC1
		  potential
CC	 GO:0044459	 Plasma membrane part	 150	 5.97x10‑10	 DLC1, ATP1B1, SEC31B, SYT5, EFNA1
	 GO:0005886	 Plasma membrane	 217	 7.49x10‑8	 DLC1, ATP1B1, SEC31B, SYT5, EFNA1
	 GO:0048471	 Perinuclear region of	 33	 5.51x10‑7	 CAV2, SH3RF1, PRKCZ, TF, SYT5
		  cytoplasm
	 GO:0030054	 Cell junction	 45	 7.75x10‑6	 DLC1, CAV2, PRKCZ, SYT5, GABBR1
	 GO:0016323	 Basolateral plasma	 22	 1.38x10‑4	 DLC1, TF, CAV2, ATP1B1, ERBB4
		  membrane
MF	 GO:0008092	 Cytoskeletal protein binding	 46	 8.21x10‑7	 NDN, ABLIM3, ALDOB, SNCA, PXK
	 GO:0008289	 Lipid binding	 40	 9.23x10‑6	 PRKCZ, RBP7, SNAP91, PREX1, SNCA
	 GO:0019899	 Enzyme binding	 39	 4.89x10‑4	 GLRX3, CAV2, PRKCZ, PREX1, ALDOB
	 GO:0030695	 GTPase regulator activity	 32	 6.50x10‑4	 DLC1, CYTH1, PREX1, RASGEF1B, RTKN
	 GO:0019911	 Structural constituent of	 4	 6.54x10‑4	 PLP1, MOBP, MAL, MBP
		  myelin sheath

BP, biological process; CC, cellular component; MF, molecular function; count, the number of DEGs in the target item; P<0.05 was considered 
to indicate statistical significance.
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Meanwhile, downregulated DEGs were primarily enriched in 
functions such as transmission of nerve impulse (P=4.62x10‑9), 
plasma membrane part (P=5.97x10‑10) and cytoskeletal protein 
binding (P=8.21x10‑7; Table  I). Furthermore, the KEGG 
pathway enrichment analysis indicated that upregulated DEGs 
were enriched in pathways such as cell cycle (P=2.18x10‑12), 
while downregulated genes were enriched in axon guidance 
pathway (P=1.16x10‑2; Table II). The DEGs listed in Tables I 
and II were selected based on P‑value and |log2 FC| value of 
DEGs.

PPI network and module networks. A PPI network was 
constructed based on the aforementioned selection criterion, 
which contained a total of 2422 protein interactions and 
418 DEGs. Subsequently, the top 15 nodes, including the 
upregulated CDK1 (degree=88) and downregulated CDH1 
(degree=41), were highlighted in the PPI network (Table III). 
The MCODE tool in Cytoscape software subsequently revealed 
5 upregulated modules (Fig. 2) and 2 downregulated modules 
(Fig. 3). The results demonstrated that in total, 78 upregulated 
genes, including angiotensinogen (AGT), PLK1 and CDK1, 
were involved in the 5 upregulated modules, while 24 

downregulated genes, including CDH1, GNAI1 and G‑protein 
subunit αo1, were involved in the 2 downregulated modules.

miRNA‑target regulatory network analysis. The miRNA‑target 
regulatory network was constructed with miRNA that were 
associated with upregulated and downregulated DEGs (top 
15 according to the degree). The results demonstrated that in 
total, 15 miRNA and 11 downregulated genes were present in 
the network (26 nodes and 32 interactions; Fig. 4). The genes 
in the transcriptional regulatory network were all downregu-
lated. Discs large MAGUK scaffold protein 2 (DLG2; targeted 
by miRNAs including miR‑218, miR‑135A and miR‑135B), 
FOXO1 (targeted by miRNAs including miR‑135A, miR‑135B 
and miR‑493) and GNAI1 (targeted by miRNAs including 
miR‑218, miR‑524 and miR‑506) were 3 notable genes with 
the highest number of interactions (Fig. 4).

Validation of gene expression. Based on the results of bioin-
formatics analysis, CDK1, CDC20, PLK1, AURKA, CDH1, 
FOXO1 and GNAI1 were selected to confirm the mRNA 
expression in U87 glioma cells and HA1800 by RT‑qPCR. 
The mRNA expression of CDC20 (P<0.01), FOXO1 (P<0.01) 

Table II. Pathways that upregulated and downregulated differentially expressed genes (DEGs) were significantly enriched in.

A, Pathways that were significantly associated with DEGs that were upregulated in glioma samples compared with controls in 
the GSE31262 microarray

Pathway ID	 Pathway name	 Count	 P‑value	 Gene

hsa04110	 Cell cycle	 24	 2.18x10‑12	 CDC6, CDK1, DBF4, SKP2, TTK
hsa04115	 p53 signaling pathway	 11	 3.88x10‑5	 STEAP3, CCNB1, CDK1, CCNE1, CCNB2
hsa04510	 Focal adhesion	 18	 1.41x10‑4	 EGFR, COL4A2, VAV3, COL4A1, TNXB
hsa05200	 Pathways in cancer	 24	 1.68x10‑4	 EGFR, CEBPA, COL4A2, COL4A1, SKP2
hsa05222	 Small cell lung cancer	 10	 1.08x10‑3	 LAMA1, CCNE1, COL4A2, COL4A1, SKP2
hsa04512	 ECM‑receptor interaction	 10	 1.08x10‑3	 LAMA1, COL4A2, TNXB, COL4A1, TNC
hsa04914	 Progesterone‑mediated oocyte	 10	 1.27x10‑3	 CCNB1, CDK1, MAD2L1, CCNB2, PLK1
	 maturation
hsa04114	 Oocyte meiosis	 11	 2.04x10‑3	 CCNB1, CDK1, CCNE1, MAD2L1, CCNB2
hsa04810	 Regulation of actin cytoskeleton	 14	 1.56x10‑2	 EGFR, VAV3, DIAPH1, BAIAP2, DIAPH3
hsa05212	 Pancreatic cancer	 7	 2.36x10‑2	 EGFR, VEGFA, PIK3R3, EGF, TGFB1
hsa04670	 Leukocyte transendothelial	 9	 2.97x10‑2	 VCAM1, CYBB, VAV3, ACTN1, RAPGEF4
	 migration
hsa05219	 Bladder cancer	 5	 4.02x10‑2	 EGFR, VEGFA, EGF, MMP2, DAPK1
hsa05210	 Colorectal cancer	 7	 4.55x10‑2	 EGFR, BIRC5, FZD3, PIK3R3, FZD7

B, Pathways that were significantly enriched with DEGs that were downregulated in glioma samples compared with controls in 
the GSE31262 microarray

Pathway ID	 Pathway name	 Count	 P‑value	 Gene	

hsa04360	 Axon guidance	 13	 1.16x10‑2	 PLXNB1, GNAI1, EFNA1, ABLIM3, PLXNB3
hsa04514	 Cell adhesion molecules	 13	 1.38x10‑2	 MAG, PTPRM, SELL, NRXN3, NFASC
	 (CAMs)
hsa04144	 Endocytosis	 15	 3.34x10‑2	 FGFR2, STAMBP, SH3GL3, PRKCZ, PLD1

Count, the number of DEGs in the target item. P<0.05 was considered to indicate statistical significance.
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and PLK1 (P<0.05) was significantly upregulated in the U87 
glioma cells compared with control cells (Fig. 5). Meanwhile, 
the expression of CDK1, AURKA, CDH1 and GNAI1 were 
detected in HA1800  cells and not in U87 glioma cells, 
which indicated that CDK1, AURKA, CDH1 and GNAI1 
were downregulated in U87 glioma cells (data not shown). 
The upregulation of CDC20, PLK1 and FOXO1 detected by 
RT‑qPCR in the present study was consistent with the results 
of the bioinformatics analysis.

Discussion

Glioma is responsible for a substantial number of mortalities 
worldwide, however, the potential molecular mechanism is 
not fully understood and effective therapeutic strategies are 
limited (40). The present bioinformatics study revealed 1377 
DEGs between the control and the glioma groups. The upregu-
lated and downregulated DEGs were primarily associated 

with mitotic (M) phase and transmission of nerve impulse 
functions, respectively, while the major pathways associated 
with upregulated and downregulated genes were cell cycle and 
axon guidance, respectively. Certain DEGs, including CDK1 
and CDH1, were highly involved in the PPI network. A total 
of 5 upregulated modules and 2 downregulated modules were 
identified based on the PPI network. DLG2, FOXO1 and GNAI1 
were the three genes with the highest number of interaction in the 
transcription regulatory network that consisted of DEGs and 
miRNAs. In addition, CDC20 and FOXO1 were confirmed 
to be upregulated in U87 glioma cells compared with control 
cells by RT‑qPCR, which was consistent with the results of the 
bioinformatics analysis.

Table III. Top 15 gene nodes in the protein‑protein interaction 
network.

A, Top nodes among genes that were significantly upregulated 
in glioma samples compared with controls in the GSE31262 
microarray

Gene	 Degree

CDK1	 88
CDC20, PLK1, TOP2A	 77
CDK2	 74
CCNB1	 73
AURKB	 72
CCNB2	 71
BIRC5	 69
PCNA, MAD2L1	 67
BUB1	 66
AURKA	 65
CCNA2	 60
KIF11	 56

B, Top nodes among genes that were downregulated in glioma 
samples compared with controls in the GSE31262 microarray

Gene	 Degree

CDH1	 41
DLG2	 30
RHOG, ERBB4	 25
ERBB3	 23
MBP	 22
GNAI1, SOX10, NGFR	 21
RHOU, FOXO1	 20
TUBB4A, TJP1	 19
PRKCZ	 18
PRKCB	 17

Figure 3. Downregulated modules in the PPI network. A total of 2 downregu-
lated modules were identified in the PPI network using the MCODE tool in 
Cytoscape software: Module (A) had 12 nodes and 40 interactions; Module 
(B) had 12 nodes and 28 interactions. Green circles represent downregulated 
genes. PPI, protein‑protein interaction.

Figure 2. Upregulated modules in the PPI network. A total of 5 upregulated 
modules were identified in the PPI network using the MCODE tool in 
Cytoscape software. Module (A) had 38 nodes and 557 interactions. Module 
(B) had 9 nodes and 36 interactions. Module (C) had 6 nodes and 15 inter-
actions. Module (D) contained 8 nodes and 20 interactions, and Module 
(E) contained 17 nodes and 39 interactions.Red circles represent upregulated 
genes. PPI, protein‑protein interaction.
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Mitosis and cytokinesis comprise the M phase of an 
animal cell cycle (41). Through the use of mitosis‑specific 
phosphorylated antibodies, Maeda et al (42) demonstrated that 
morphological assessment is important to identify the develop-
ment of multinucleated giant cells in glioma. Conde et al (43) 
reported that the overexpression of survivin contributed to 
chromosomal instability, and the understanding of this biolog-
ical mechanism may promote further study for anti‑cancer 
therapeutic approaches in glioma. In addition, glioma tumor 
progression was reduced by blocking mitosis via mitotic 
spindle catastrophe (44). In the present study, the genes that 
were upregulated in glioma samples were primarily enriched 
in M phase. Meanwhile, pathway analysis revealed that the 
upregulated genes were primarily enriched in cell cycle, which 
was consistent with the functional analysis. Notably, CDK1 
was a common key point gene in M phase and cell cycle. CDK1 
is a highly conserved protein that has key functions in cell 
cycle regulation (45). A previous study demonstrated that the 
differential expression or silencing of CDK1 was associated 
with the malignant phenotype of glioma cells (12). Therefore, 
CDK1 in glioma may be useful in estimating the malignant 
degree of glioma (46). The PPI network analysis in the present 
study revealed that CDK1 was the most significantly upregu-
lated gene, with the highest degree, which indicated that it 
may be a key target gene for further investigation in glioma. 
Therefore, we hypothesized that the upregulation genes such 
as CDK1 in M phase function and cell cycle pathway may 
have important roles in the process of glioma. Furthermore, 
various neurological disorders are characterized by struc-
tural alterations in neuronal connections, which range from 
presymptomatic synaptic alterations to the loss or rewiring 
of whole axon bundles (47). A previous study indicated that 
re‑expression of the leucine‑rich glioma inactivated 1 gene in 
glioma cells resulted in the dysregulation of genes implicated 
in the canonical axon guidance pathway (48). In the current 
study, the downregulated genes were primarily enriched in 
axon guidance pathway, which indicates that this pathway may 
be vital for glioma progression. Although the downregulation 
of CDH1, which was demonstrated to be important based 
on the PPI network, was not enriched in the axon guidance 
pathway, CDH1 is an important tumor suppressor gene (49). 
A retrospective study concerning the protein expression and 
epigenetic inactivation of CDH1 in patients with low‑grade 
glioma reported that hypermethylation of the CDH1 promoter 
was significantly associated with reduced E‑cadherin expres-
sion and the survival of patients with glioma (50). Furthermore, 
Yang et al (51) demonstrated that alterations in the expres-
sion of transforming growth factor‑β1 and E‑cadherin were 
associated with the emergence and development of glioma. 
As CDH1 was the most significantly downregulated gene in 
the PPI network, CDH1 may be another key target gene that 
warrants further investigation in glioma.

FOXO1 has functions in the regulation of gluconeo-
genesis and glycogenolysis by insulin signaling  (52). 
Cheng et al (53) reported that curcumin induced G2/M cell 
cycle arrest and apoptosis by increasing FOXO1 expression. 
Negative regulation of glioma stem cells may occur via a 
FOXO1‑associated pathway (54). Meanwhile, DLG2 belongs 
to the membrane‑associated guanylate kinase family (55). 
In the present study, the miRNA‑target gene analysis 

Figure 5. The mRNA expression of CDC20, FOXO1 and PLK1 was inves-
tigated in U87 glioma cells and control cells by RT‑qPCR. The relative 
mRNA expression of (A) CDC20, (B) FOXO1 and (C) PLK1, as determined 
by RT‑qPCR. *P<0.05 and **P<0.01 vs. normal human astrocytes (HA1800). 
CDC20, cell division cycle 20; FOXO1, forkhead box O1; PLK1, polo‑like 
kinase 1; RT‑qPCR, reverse transcription‑quantitative polymerase chain 
reaction.

Figure 4. A miRNA‑target regulatory network was constructed using 
the WebGestal tool. The miRNA‑target regulatory network consisted of 
downregulated genes and their associated miRNAs. Green circles represent 
downregulated genes and triangles represent miRNAs. miRNA, microRNA; 
MIR, microRNA.
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demonstrated that FOXO1 and DLG2 were the genes with 
the highest number of connections in the process of glioma. 
Furthermore, the mRNA expression of FOXO1 was upregu-
lated in U87 glioma cells compared with control cells, as 
determined by RT‑qPCR. Notably, FOXO1 and DLG2 were 
both targeted by miR‑135A and miR‑135B. A previous 
study reported an important role for miR‑135A in glioma 
etiology (56), and Zhang et al (57) demonstrated that reactive 
oxygen species‑upregulated miR‑135a had a pivotal role in 
glioma cell apoptosis. Although miR‑135A has been widely 
reported in previous studies, studies associating miR‑135B 
with glioma are rare. Based on the results of miRNA‑target 
gene analysis in the current study, we hypothesized that 
miRNA‑target gene regulation is vital for the progression 
of glioma, including the interactions between FOXO1 and 
miRNAs such as miR‑135A/B. These miRNAs and associ-
ated target genes may be potential therapy targets for glioma. 
However, the identification of the functions of these genes is 
required to confirm this speculation.

In conclusion, the results of the present study indicate that 
M phase function and axon guidance pathway may be vital 
for glioma progression, and CKD1 and CDH1 genes may be 
associated with the process of glioma. Furthermore, FOXO1, 
and the miRNAs that target FOXO1, including miR‑135A/B, 
may serve as potential therapy targets for glioma.
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