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Abstract
Background Glioblastoma is the most common primary malignant brain tumor. Due to the limited understanding of its
pathogenesis, the prognosis of glioblastoma is poor. The purpose of this study is to explore potential ceRNA network chains and
biomarkers in glioblastoma through integrated bioinformatics analysis. Methods Transcriptome expression data from The Cancer
Genome Atlas database and Gene Expression Omnibus were analyzed to identify differentially expressed genes between
glioblastoma tissue and normal tissue. The potential biological pathways associated with the differentially expressed genes were
explored using Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway analysis, and a protein-protein
interaction network was established using the STRING database and Cytoscape. Survival analysis using Gene Expression
Pro�ling Interactive Analysis was based on the Kaplan-Meier curve method. The ceRNA network chain was established using the
intersection method to align data from four databases (miRTarBase, miRcode, TargetScan, and lncBace2.0), and expression
differences and correlations were veri�ed by using quantitative reverse-transcription polymerase chain reaction analysis and
determining the Pearson correlation coe�cient. Results A total of 2842 DEmRNAs, 2577 DElncRNAs, and 309 DEmiRNAs were
dysregulated in glioblastoma. The �nal ceRNA network consisted of six speci�c lncRNAs, four miRNAs, and four mRNAs. Among
them, four DEmRNAs and one DElncRNA were correlated with overall survival (p < 0.05). We found that C1S was signi�cantly
correlated with overall survival (p = 0.015) and could therefore be used as a biomarker for glioblastoma. Conclusions Four ceRNA
networks were established that may in�uence the occurrence and development of glioblastoma. Among them, the
MIR155HG/has-miR-129-5p/C1S axis may be a potential marker and therapeutic target. In particular, C1S has not yet been
reported in glioblastoma studies. These �ndings clarify the role of the ceRNA regulatory network in glioblastoma and lay a
foundation for further research.

1. Introduction
Glioblastoma (GBM) is a common malignant primary brain tumor, representing approximately 57 % of all gliomas and 48 % of all
primary malignant central nervous system tumors1. The three standard modes of treatment (maximal surgical resection,
radiotherapy, and chemotherapy) result in an average survival of only fourteen months after diagnosis2,3, while without treatment,
the life expectancy is less than six months4. The limited information on the pathogenesis, development, reproduction, and
molecular mechanisms of GBM has hindered the research and development of precise treatments5. Therefore, there is an urgent
need to clarify the relevant molecular mechanisms of GBM and actively develop new therapeutic strategies.

High throughput sequencing technologies have recently provided oncologists with a powerful tool to identify potential biomarkers
for the diagnosis and treatment of cancer. Integrating bioinformatics knowledge with transcriptome sequencing can make data
analysis and differential gene identi�cation faster and more accurate6,7. However, there are still some de�ciencies in the
bioinformatics used to analyze molecular markers and diagnostic indicators of glioma.

A competing endogenous RNA (ceRNA) hypothesis proposed in 2011 described an intricate post-transcriptional regulatory
network that mainly includes lncRNAs, microRNAs, mRNAs, circRNAs, and other types of RNAs8. Recently, the role of ceRNAs in
the process of tumorigenesis and cancer development9,10, including that of lung cancer10, gallbladder cancer10, glioblastoma11,
gastric cancer12, pancreatic cancer13, and colorectal cancer14, has been investigated. The ceRNA regulatory network has attracted
extensive attention, and many scholars have studied the molecular mechanisms of oncogenesis and development15,16.
Nonetheless, few ceRNA networks for GBM have been constructed using bioinformatics analysis.

In our study, to further understand the ceRNA-based regulatory mechanisms in GBM, an aberrant lncRNA-miRNA-mRNA network
was constructed using a comprehensive bioinformatics approach. The expression of key RNAs in clinical specimens was
analyzed using real-time quantitative reverse-transcription polymerase chain reaction (qRT-PCR). Our study may help researchers
gain a comprehensive view of important molecules, identify novel mechanisms underlying glioblastoma pathogenesis, and
discover new potential therapeutic targets for the treatment of GBM.

2. Methods
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2.1 Microarray data

Three expression pro�ling datasets [GSE90604 (GPL17692 platform), GSE65626 (GPL17586 platform), and GSE116520
(GPL10558 platform)] and two microRNA expression pro�ling datasets [GSE65626 (GPL19117 platform) and GSE90604
(GPL21572 platform)] were downloaded from the National Center of Biotechnology Information Gene Expression Omnibus (GEO)
( https://www.ncbi.nlm.nih.gov/geo/ ) database. The lncRNA transcriptome data for GBM were downloaded from The Cancer
Genome Atlas ( https://cancergenome.nih.gov/) database. The lncRNA transcription of GBM data included 5 cases of para-
cancerous tissues and 156 cases of tumor tissues. The GSE90604 dataset included 16 GBM tissue samples and 7 healthy brain
tissue samples, GSE65626 included 6 GBM and 6 healthy brain tissue samples, and GSE116520 included 17 GBM tumor core
tissue samples, 17 GBM peritumoral brain zone tissue samples, and 17 healthy brain tissue samples. Two microRNA expression
pro�ling samples were taken from the same datasets, in order to reduce variability between samples. Therefore, we normalized
these data using limma software and the edgeR package17.

2.2 Identi�cation of differentially expressed genes (DEGs)

The four expression pro�ling datasets used for analysis included CELformat �les. These datasets of differential RNA expression
in GBM were analyzed in relation to data from normal brain tissue using the limma software package in R. To establish statistical
signi�cance, the GSE90604 (miRNA and mRNA) and TCGA datasets were �ltered using a cutoff of (FDR) < 0.01 and
|Foldchange(FC)| > 1. GSE65626 (miRNA and mRNA) was �ltered using a cutoff of p < 0.05 and |Foldchange(FC)| > 1.
GSE116520 (mRNA) was �ltered using a cutoff of FDR < 0.01 and |Foldchange(FC)| > 1.5. A Venn diagram was constructed using
Venny 2.1.

2.3 Gene ontology (GO) and pathway enrichment analysis

GO is widely used in the �eld of bioinformatics and covers three aspects of biology: biological processes (BP), molecular
functions (MF), and cellular components (CC). The Kyoto Encyclopedia of Genes and Genomes (KEGG) is based on the
understanding of biological molecular interactions and chemical reactions. We used the Database for Annotation, Visualization,
and Integrated Discovery (DAVID) for the analysis of DEGs. Values of p < 0.05 and gene counts ≥ 8 were considered statistically
signi�cant.

2.4 Protein-protein interaction (PPI) network and gene module analysis

First, the Search Tool for the Retrieval of Interacting Genes (STRING) database was used to obtain DEG-encoded proteins and PPI
information. Second, PPI pairs with a combined score > 0.4 were downloaded and analyzed. Then, PPI networks were constructed
using Cytoscape software. The plug-in Molecular Complex Detection (MCODE) was used to screen the modules or clusters in
large PPI networks. The parameters of DEG clustering and scoring were set as follows: MCODE score > 5, degree cutoff = 2, node
score cutoff = 0.2, max depth = 100, and k-score = 2.

2.5 Survival analysis of DEGs

Gene Expression Pro�ling Interactive Analysis (GEPIA), a web server for cancer and normal gene expression pro�ling and
interactive analysis, was used to perform survival analysis of the DEGs, con�rm their expression, and identify the median
expression among tumor and normal samples in BodyMap18.

2.6 Prediction of target lncRNA-miRNA genes and initial lncRNA-miRNA-mRNA network construction

The initial lncRNA-miRNA-mRNA network was constructed according to the ceRNA hypothesis. miRCODE, the miRTarBase
database, and TargetScan were used to predict target DEmRNAs, and only miRNA-mRNAs that were aligned across the three
databases were incorporated into the ceRNA network. Next, the DElncRNA-DEmiRNA interactions were predicted, based on the
miRCODE database. Cytoscape (Version 3.7.1) was used to construct the preliminary ceRNA network.

2.7 Gene expression and �nal ceRNA network construction

https://www.ncbi.nlm.nih.gov/geo/
https://cancergenome.nih.gov/
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One-way analysis of variance was used to analyze DEGs and DElncRNAs. The cutoff for the gene expression boxplot was set as
|Log2FC| = 1 and p = 0.01. Then, we used lncBace2.0 and GEPIA (http://gepia.cancer-pku.cn/index.html) to validate the
DElncRNAs and screen for genes with expression signi�cance, respectively. Finally, we used a Ji mulberry �gure to construct the
�nal lncRNA-miRNA-mRNA network.

2.8 RNA isolation and qRT-PCR

Total RNA was extracted from tissues using TRIzol reagent (TaKaRa, Tokyo, Japan) based on the manufacturer’s protocol. cDNA
was transcribed using the PrimeScript RT Reagent Kit (TaKaRa). The SYBR Green PCR Kit (Takara) was used to detect the
quantity of isolated RNA. qRT-PCR was performed using the CFX Connect Real-Time system (Bio-Rad, Hercules, California, USA).
PCR ampli�cation was performed as follows: 1 cycle at 95 °C for 5 min, then 50 cycles at 95 °C for 5 s, and �nally one cycle at 61
°C for 30 s. GAPDH was used as an internal control. The 2-DDCt method was used to calculate the relative expression levels of
the RNAs. The qRT-PCR primers included the bulge-loop RT primer and qPCR primers speci�c for has-miR-129-5p that were
designed and synthesized by RiboBio (Guangzhou, China). MIR155HG:F:5′-CCACCCAATGGAGATGGCTCTA-3′,R:5′-
GCAAAAACCCCTATCACGATTA-3′.C1S:F:5′-TCCAAGTCCCATACAACAAACTC-3′,R:5′-CAAACCCCGTAAAACGCTCT-3′.GAPDH:F:5′-
CCCATCACCATCTTCCAGGAG-3′, R: 5′-GTTGTCATGGATGACCTTGGC-3′.

2.9 Statistical analyses

Statistical analyses were conducted using R (version 3.6.1) and SPSS (version 24.0). Differences between groups were
determined using a non-parametric t-test (the two-sided Wilcoxon test). Correlations among RNA expression were analyzed using
Pearson correlation analysis. The chi-square test was used to determine the correlation between expression level and
clinicopathological parameters. Values of p < 0.05 were considered statistically signi�cant.

3. Results
3.1 Identi�cation of DEGs and differentially expressed mRNAs (DEMs)

In this study, we included 35 patients with GBM and 18 healthy controls. GSE90604, GSE65626, and GSE116520 were analyzed
using RStudio software. From the sets of DEGs, a total of 163 genes were identi�ed; among them, 82 were upregulated and the
other 81 were downregulated (Table 1 and Fig. 2A-D). Among the DEMs, there were 49 microRNAs identi�ed, including 29
upregulated miRNAs and 20 downregulated miRNAs (Table 2 and Fig. 2E). The top 10 upregulated gene entries were TM1P1,
COL4A1, TNC, CA12, PLAU, CKS2, TMEM45A, PLOD2, NCAPG, and SERPINH1. The top 10 downregulated gene entries were
CAMK2A, OPALIN, AK5, GRIN1, SLC17A7, SH3GL3, MOBP, VSNL1, UNC13C, and SYN1.

3.2 Functional and signal pathway enrichment analysis

We uploaded the selected DEGs to the online website DAVID to identify GO terms and KEGG pathways. The DEGs were classi�ed
as BP, CC, or MF (Fig. 3A). The �rst two signi�cant functions were selected for analysis (Fig. 3B). As shown in Table 3, the results
of GO analysis showed that the DEGs were most signi�cantly enriched in the transmission of nerve impulses. Moreover, the
upregulated DEGs were signi�cantly enriched in the extracellular matrix (ECM) receptor interaction pathway and basement
membrane, and especially in protein binding (Fig. 3C). The downregulated DEGs were enriched in functions such as transmission
of nerve impulse, synapse, and synapse part (Fig. 3D). The results of KEGG pathway analysis indicated enrichment in adrenergic
signaling in cardiomyocytes.

3.3 PPI analysis and gene module analysis

A total of 132 DEGs were screened using the STRING online database (http://string-db.org) and Cytoscape software. Sixty-seven
upregulated genes and 65 downregulated genes were included in the DEG PPI network (Fig. 4A), and 30 genes were excluded
from the PPI network (132 nodes and 484 edges). After �ltering with a cutoff of node degree ≥ 6 criteria, the top 10 hub genes
were SYN1, SYT1, SNAP25, SYN2, SLC17A7, GRIN1, ATP2B2, DLG2, CAMK2A, and SNAP91. Using Cytoscape's MCODE plug-in,
module 1 (score = 9.071), consisting of 29 nodes and 127 edges (Fig. 4B), was selected as an important module from the PPI

http://gepia.cancer-pku.cn/index.html
http://string-db.org/
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network. From the functional module genes, the functions of important genes were annotated and analyzed. Functional
enrichment analysis showed that module genes were mainly involved in the synaptic vesicle cycle (Fig. 4C).

3.4 Prognostic signi�cance of DEGs

The GEPIA database was used to analyze the GBM overall survival (OS) rate for 20, 40, 60, and 80 months, and the correlation
between the DEGs and the survival prognosis of GBM patients was evaluated. The results showed that 12 DEGs (C1S, CFI,
DCBLD2, FAM20C, FNDC3B, IFI30, KDELR2, RCAN2, PLP2, SERPINH1, STEAP3, and TNFRSF1A) were signi�cantly correlated with
the OS rate in GBM patients (p < 0.05) (Fig. 5).

3.5 Construction of ceRNA network

A total of 1,592 DElncRNAs in the TCGA dataset were identi�ed as differential lncRNAs, using the edgeR package (Fig. 6A).
miRcode, miRTarbase, and TargetScan were used to predict the miRNA-mRNA pairs (Fig. 6B). Only miRNA-mRNA pairs aligned
across the three databases were incorporated into the ceRNA network. Four DEMs �t the requirements of these databases. Then,
miRcode was used to predict the potential DEMs targeted by the DElncRNAs (Fig. 6C). According to the ceRNA hypothesis,
lncRNA could act as a ceRNA and enhance the expression of target genes through spongy miRNAs. Finally, Cytoscape (Version
3.7.1) was used to verify the initial ceRNA network (Fig. 6D and Table 3).

The �rst step to further strictly screen the DElncRNAs in the ceRNA network was to screen the highly expressed DElncRNAs from
the boxplots in the GEPIA module. The second step was to validate the potential miRNAs targeted by DElncRNAs using the
lncBace2.0 database. The third step was to verify the expression of DLEU2, H19, HOTAIRM1, LINC00152, LINC00461, MIR155HG,
C1S, DCBLD2, and SERPINH1 in GBM tumor tissues and normal brain tissues, using GEPIA and lncBace2.0. Among them, DLEU2,
H19, HOTAIRM1, LINC00152, LINC00461, and MIR155HG were identi�ed as DElncRNAs (p < 0.05), while C1S, DCBLD2, and
SERPINH1 were identi�ed as DEmRNAs (p < 0.05) (Fig. 7A). The �nal ceRNA network was then used to construct regulatory axes
and included six lncRNAs, four miRNAs, and three mRNAs (Fig. 7B and Table 4).

3.7 Validation of a potential ceRNA axis and correlation analysis of triads

MIR155HG/miR-129-5p/C1S was identi�ed as a potential regulatory axis from the ceRNA network for the following reasons: the
results of qRT-PCR analysis indicated that MIR155HG (Fig. 8A) and C1S (Fig. 8B) were signi�cantly upregulated in GBM (n = 37),
while miR-129-5p (Fig. 8C) was signi�cantly downregulated compared to that in normal brain tissues. Meanwhile, the results of
the OS analysis of MIR155HG indicated that MIR155HG had prognostic value in GBM (Fig. 8D). Then, the glioma RNA sequencing
data were downloaded from TCGA and converted into Transcripts Per Million, which was veri�ed by the results of qRT-PCR and
the Pearson coe�cient correlation. We found that the expression of MIR155HG /C1S was positively correlated (Fig. 8E, H), while
miR-129-5p/ MIR155HG (Fig. 8F, I) and miR-129-5p/C1S (Fig. 8G, J) mRNA were negatively correlated. Therefore, MIR155HG/miR-
129-5p/C1S may be an important potential ceRNA axis.

4. Discussion
Despite the signi�cant progress in comprehensive therapy, the �ve-year prognosis of glioma patients is still poor19,20. In recent
years, there has been great interest in the ceRNA hypothesis. Many studies in this �eld revolve around how the imbalanced
expression of ceRNA affects the pathogenicity and progression of cancer21-23. In this study, we used the expression spectrum
data of two microRNA and mRNA expression pro�ling datasets to identify DEGs by means of intersection, ensuring the accuracy
of the DEGs. Then, we selected 12 DEGs associated with survival prognosis to construct the ceRNA network and used qRT-PCR to
verify a new ceRNA regulatory network that provides new insights into the involvement of ceRNA in the diagnosis and mechanism
of glioma, as well as demonstrating the utility of the ceRNA axis as a GBM biomarker.

In this study, a total of 2842 DEmRNAs, 309 DEmiRNAs, and 1592 DElncRNAs were identi�ed. A Venn diagram was used to
further reduce and re�ne these DEGs. By using GO and PPI network analysis, we found that the DEmRNAs were mainly enriched
in cell adhesion and ECM-receptor interaction. As examples, the interaction between integrins and ECM promotes
chemoresistance by protecting cells from drug-induced apoptosis in several cancer types, including small lung cancer, myeloma,
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and ESCC24-26. The migration and invasion of glioma cells is a complex combination of multiple molecular processes, including
those associated with the ECM, protease secretion, and the actin cytoskeleton, which alter the modi�cation of tumor cell
adhesion26.

In general, lncRNAs can act as miRNA sponges, regulating downstream coding genes. miRNAs often adsorb adjacent lncRNAs
and mRNAs. First, three databases (miRCODE, miRTarBase, and TargetScan) were used to analyze whether the DEGs and DEMs
had binding sites in the gene sequences. Second, the four selected DEMs were used to reverse-predict the potential binding sites
of lncRNAs, using two databases (miRCODE and lncBace2.0). Initially, we aimed to build a ceRNA network with 49 DEMs
screened from the GEO miRNA microarray datasets. However, when intersected with DElncRNA-DEGs, the DEGs with too many
genes and non-critical accounted for the majority. Unexpectedly, among the 163 DEGs, there were 12 related to prognosis and
survival. Therefore, we isolated these DEGs and analyzed them separately. Finally, the ceRNA network map was constructed.

The 12 DEGs associated with OS were C1S, CFI, DCBLD2, FAM20C, FNDC3B, IFI30, KDELR2, RCAN2, PLP2, SERPINH1, STEAP3,
and TNFRSF1A. Among them, DCBLD227, FNDC3B28, PLP229, SERPINH130,31, STEAP132,33, and TNFRSF1A34 were abnormally
expressed in a series of human tumors. IFI30 is the most stable prognostic gene of IFN-stimulated genes in glioma35. CFI is a
potential therapeutic target for nonmelanoma skin cancer36. C1S, FAM20C, KDELR2, and RCAN2 have rarely been reported in
cancer. By building the �nal ceRNA network chain, we locked the three DEGs of C1S, SERPINH1, and SERPINH1.

The Ji mulberry �gure constructed in this study illustrates the four established ceRNA axes: H19/has-miR-29b-3p/ SERPINH1,
DLEU2/miR-29c-3p/SERPINH1, LINC00152 LINC00461/miR-139-5p/DCBLD2, and MIR155HG HOTAIRM1 H19/miR-129-5p/C1S.
Phosphorylated DCBLD2 can recruit TRAF6 and stimulate the AKT pathway, promoting glioma27. SERPINH1 expression is related
to glioma malignancy and promotes glioma angiogenesis through autocrine and paracrine mechanisms37. C1S, as a protease of
the classical complement pathway38, has rarely been reported in tumors and has not been studied as an oncogene in gliomas.
We identi�ed C1S as a new gene that could potentially act as a biomarker in glioma tissue, due to its prognostic and OS predictive
value. Additionally, MIR155HG, which can also competitively bind miR-129-5p, is regarded as an important regulatory factor for
hematopoietic, in�ammatory, immune, and tumor development processes, as well as other physiological and pathological
processes39. MIR155HG may be a promising biomarker with the potential to track tumor progression and predict metastasis40

and is therefore worthy of further investigation in early patient longitudinal studies.

Although this study established three network relationship chains of ceRNAs and veri�ed a new ceRNA axis, improving our
understanding of the role of ceRNA in glioma, there were some limitations. First, veri�cation of the ceRNA axis based only on
correlation of differential expression between genes is insu�cient, and further veri�cation should be conducted through cell
function experiments. Second, three network chains of ceRNAs were identi�ed, but only one ceRNA axis, which has not yet been
reported, was selected for veri�cation. To further investigate the mechanism of ceRNA, we have cultured cells for further
functional experiments. In conclusion, C1S may be a new potential biomarker for GBM. Our �ndings provide new insights into the
role of ceRNA in GBM.

Abbreviations
DElncRNAs: differentially expressed lncRNAs, TCGA: The Cancer Genome Atlas, DEMs: differentially expressed mRNAs, GBM:
glioblastoma, qRT-PCR: real-time quantitative reverse-transcription polymerase chain reaction, GEPIA: Gene Expression Pro�ling
Interactive Analysis.
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Tables
Table 1 : 163 DEGs were identi�ed from GSE65626, GSE90604, GSE116520 in the patients with GBM to healthy control.
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DEGs Gene Name

Up-
regulated

CLIC1,KDELR2,COL4A1,CKS2,TIMP1,VIM,LAMC1,NCAPG,CD44,FCGBP,LAMA4,PYGL,ANGPT2,PDPN,WEE1,

TMEM45A,ETS1,CD93,SERPINH1,P4HA1,TGFB1I1,CALU,ANXA1,ABCC3,TSPAN6,IGF2BP3,GBP2,TNFRSF1A,

GAS2L3,GBE1,CCNA2,TPX2,ARHGAP18,GADD45A,DLGAP5,ID3,EZH2,TNC,STEAP3,NAMPT,SLC43A3,IQGAP2,

EMP3,CDH11,IFI30,PHLDA1,PLP2,KIF4A,FNDC3B,COL4A2,ADAMTS9,FSTL1,CD163,VEGFA,PRRX1,NES,LMNB1,

PLOD2,ANO6,EMP1,FAM20C,SMC4,TNFRSF19,IGFBP5,ITGA5,GBP1,PTGFRN,CALD1,CDCA7L,CFI,ABCA1,HAS2,

HIST1H2BK,FAM129A,MIR21,SPRY1,ZNF217,C1S,PCDHB16,KLHDC8A,CRISPLD1,DCBLD2

Down-
regulated

PEX5L,RAB11FIP4,NECAB1,UNC13C,DLG2,OPALIN,MAST3,AK5,CACNG3,PCLO,CAMK2A,GRIN1,SYN2,KIAA0513,

SLC17A7,RIMS2,GRM3,PPP1R16B,LGI3,TMEM130,CA11,RAPGEF4,SEC14L5,CREG2,NRGN,MAP7D2,NEFM,GNAO1

,SYN1,SYT1,SH3GL3,HHATL,SV2B,KIAA1107,SCN2B,PPP2R2C,CNTNAP2,ANKS1B,MAP7,GABRA5,CNTNAP4,MAL,

MOBP,RUNDC3A,SLCO1A2,PPFIA2,PTPRD,NPTX1,ATP2B2,NTSR2,SNAP25,ZNF536,KLHL32,GABRA2,EPB41L4B,

RAPGEF5,ATP1B1,CAMKV,DBC1,FA2H,PLLP,NKAIN2,SNAP91,CLDN10,ENPP2,SNCA,SERPINI1,CACNA2D3,KIF1A,

MOG,TMEM144,MAG,KLK6,GNG3,CNTN2,PTGDS,ERMN,CNDP1,TF,HSPA2,RCAN2

* The upregulated genes were listed from the largest to the smallest of fold changes, and downregulated genes were listed from
the smallest to largest.

* P-value<0.05 and |Foldchange(FC)|>1

Table 2 : 21 DEMs were identi�ed from GSE65626, GSE116520 in the Patients with GBM to Healthy Control.

DEMs Gene Name

Up-
regulated

hsa-miR-21-5p,hsa-miR-106b-5p,hsa-miR-210-3p,hsa-miR-18b-5p,hsa-miR-21-3p,hsa-miR-10b-5p,hsa-miR-424-
3p,hsa-miR-23a-3p,hsa-miR-195-5p,hsa-miR-371b-5p,hsa-miR-27a-3p,hsa-miR-8063,hsa-miR-5001-5p,hsa-miR-
195-3p,hsa-miR-130a-3p,hsa-miR-214-3p,hsa-miR-24-2-5p,hsa-miR-6068,hsa-miR-629-5p,hsa-miR-106b-3p

Down-
regulated

hsa-miR-138-2-3p,hsa-miR-874-3p,hsa-miR-874-5p,hsa-miR-139-3p,hsa-miR-184,hsa-miR-338-5p,hsa-miR-330-
5p,hsa-miR-770-5p,hsa-miR-323a-3p,hsa-miR-29c-3p,hsa-miR-487b-3p,hsa-miR-6743-5p,hsa-miR-3200-3p,hsa-
mir-139,hsa-miR-383-5p,hsa-miR-758-5p,hsa-miR-128-3p,hsa-miR-433-3p,hsa-miR-769-5p,hsa-miR-139-5p,hsa-
miR-129-5p,hsa-miR-330-3p,hsa-miR-1250-5p,hsa-miR-338-3p,hsa-mir-770,hsa-miR-29b-3p,hsa-miR-138-5p,hsa-
miR-485-5p,hsa-miR-769-3p

* P-value<0.05 and |Foldchange(FC)|>1

Table 3 : The miRCODE, miRTarbase, and TargetScan database revealed interactions ceRNA network.

miRNA mRNA lncRNA

hsa-
miR-
29b-3p

SERPINH1 H19 C2orf48 FAM87B C22orf34 HCP5 POLR2J4 LINC00475 UBAC2-AS1 TPRG1-AS1 GAS5
LINC00461 SNHG10 MIR210HG PVT1

has-
miR-
29c-3p

SERPINH1 H19 C2orf48 FAM87B C22orf34 HCP5 POLR2J4 LINC00475 UBAC2-AS1 TPRG1-AS1 GAS5
LINC00461 SNHG10 MIR210HG PVT1

hsa-
miR-
139-5p

DCBLD2 LINC00324 HCP5 LINC00152 GAS5 SNHG3 LINC00461 PVT1

hsa-
miR-
129-5p

C1S LINC00324 C22orf34 SNHG12 LINC00466 ZNF503-AS1 HCG15 HOTAIR C9orf147 DLEU2 HOTAIRM1
MIR155HG SNHG3 WNT5A-AS1 CRNDE MIR210HG HAS2-AS1 PCAT1 SNHG1



Page 11/18

Table 4 : Four lncRNA-miRNA-mRNA networks.

lncRNA miRNA mRNA

H19 has-miR-29b-3p SERPINH1

DLEU2 hsa-miR-29c-3p SERPINH1

LINC00152 LINC00461 has-miR-139-5p DCBLD2

MIR155HG HOTAIRM1 H19 hsa-miR-129-5p C1S

Figures

Figure 1

Flow chart of ceRNA network and control axis construction in glioblastoma.
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Figure 2

Expression pro�les of DEGs and DEMs. (a) Volcano map of DEG expression levels in the GSE65626 dataset. (b) Volcano map of
DEG expression levels in the GSE116520 dataset. (c) Heat map of DEGs in the GSE10429 dataset. (d) Heat map of DEGs in the
GSE116520 dataset. (d) Venn diagram showing DEGs in the four datasets. (e) Venn diagram showing DEMs in the two microRNA
datasets. The red nodes represent upregulated DEGs with FDR-adjusted p < 0.01 and logFC > 1 or > 1.5; the green nodes represent
downregulated DEGs with p < 0.05 and logFC < –1.0 or < –1.5. DEGs: Differentially expressed genes. DEMs: Differentially
expressed microRNAs.
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Figure 3

Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment analysis of DEGs. GO enrichment analysis of DEGs.
(A) DEGs were classi�ed as BP, CC, or MF. (B-C) Ranking of signi�cantly enriched GO terms for upregulated DEGs. (D-E) Ranking
of signi�cantly enriched GO terms for downregulated DEGs. GO: gene ontology, BP: biological process, CC: cellular component,
MF: molecular function, DEGs: differentially expressed genes.
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Figure 4

PPI network of DEGs. Node color: red indicates upregulated genes, sky-blue indicates downregulated genes. (A) The PPI network
based on the STRING online database contained 132 nodes and 484 edges. (B) The most signi�cant module identi�ed by
MCODE (Score = 9.071). (C) GO enrichment analysis of modules. PPI: protein-protein interaction, DEGs: differentially expressed
genes, GO: gene ontology.
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Figure 5

Kaplan-Meier curve of 12 DEGs signi�cantly correlated with overall survival. DEGs: differentially expressed genes.
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Figure 6

lncRNA-miRNA-mRNA ceRNA network analysis. (A) DElncRNAs from TCGA. DElncRNAs with FDR-adjusted p < 0.01 and logFC > 1
or > 1.5. (B) Four DEMs conformed to the miRcode, miRTarbase, and TargetScan databases, according to the Venn diagram. (C)
Venn diagram showing the 35 intersecting DElncRNAs and 4 DEMs that were predicted using the miRcode website to re�ne the
1592 identi�ed DElncRNAs. (D) Red represents miRNA upregulation, �uorescent green polygons represent mRNA upregulation,
and light purple diamonds represent lncRNA upregulation. DElncRNAs: differentially expressed lncRNAs, TCGA: The Cancer
Genome Atlas, DEMs: differentially expressed mRNAs.
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Figure 7

Expression of genes and construction of the GBM lncRNA-miRNA-mRNA network. (A) The expression of seven key genes,
including four lncRNAs and three mRNAs, in GBM and normal tissue samples from the GEPIA and lncBace2.0 databases (*p <
0.05). (B) Ji mulberry �gure revealing four pairs of ceRNA networks: H19/miR-29b-3p/SERPINH1, DLEU2/miR-29c-3p/SERPINH1,
LINC00152 LINC00461/miR-139-5p/DCBLD2, and MIR155HG HOTAIRM1 H19/ miR-129-5p/C1S. GBM: glioblastoma, GEPIA:
Gene Expression Pro�ling Interactive Analysis.
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Figure 8

Expression and correlation of the MIR155HG/ miR-129-5p/C1S axis in GBM. (A) The expression of MIR155HG was signi�cantly
increased in gliomas compared to that in normal brain tissues, according to the results of qRT-PCR analysis. (B) The expression
of miR-129-5p was signi�cantly reduced in gliomas compared to that in normal brain tissues, according to the results of qRT-PCR
analysis. (C) The expression of C1S in GBM (n = 37) and normal brain tissue samples collected at our institution. (D) A high level
of MIR155HG expression was signi�cantly associated with the overall survival of patients with glioma in the TCGA dataset. (E-G)
The correlation between MIR155HG/C1S mRNA, miR-129-5p/MIR155HG, and miR-129-5p/C1S mRNA expression in the TCGA
data set was analyzed using the Pearson test. (H-J) The correlation between MIR155HG/C1S mRNA, miR-129-5p/MIR155HG, and
miR-129-5p/C1S mRNA expression was analyzed using the Pearson test and qRT-PCR. GBM: glioblastoma, qRT-PCR: real-time
quantitative reverse-transcription polymerase chain reaction, TCGA: The Cancer Genome Atlas.


