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Abstract
Background and aioms: Glioblastoma (GBM) is a common and aggressive primary brain tumor, and the
prognosis for GBM patients remains poor. This study aimed to identify the key genes associated with
GBM and to further analyze the prognostic factors and small molecular drugs. 

Methods: Three microarray datasets (GSE111260, GSE103227, and GSE104267) were selected to identify
the differential expressed genes (DEGs) between GBM and normal tissues. Then, prognosis related DEGs
were screened by survival analysis, followed by functional enrichment analysis was performed. The
protein-protein interaction (PPI) network was constructed to explore the hub genes associated with GBM.
The prognostic of these hub genes in GBM patients were analyzed using The Cancer Genome Atlas
(TCGA) database, and the protein expression level of hub genes were validated using the Human Protein
Atlas (HPA) databases. Subsequently, the small molecule drugs of GBM were predicted by Connectivity
Map (CMAP) database.

Results: A total of 78 DEGs related to GBM prognosis were identi�ed, and 10 hub genes with high degree
were obtained. The mRNA expression and protein expression levels of CETN2, MKI67, ARL13B, and
SETDB1 were overexpressed in GBM tissues, while the expression levels of CALN1, ELAVL3, ADCY3, SYN2,
SLC12A5, and SOD1 were down-regulated in GBM tissues. Additionally, these genes were signi�cantly
associated with the prognosis of GBM. A total of 98 small molecular drugs were predicted, among these,
adiphenine and podophyllotoxin were considered as the potential drugs to treat GBM.

Conclusions: Our study provided 10 key genes for diagnosis, prognosis, and therapeutic target for GBM.
These �ndings might contribute to a better comprehension of molecular mechanisms of GBM
development, and provide new perspective for further GBM research. However, speci�c regulatory
mechanism of these genes needed further elaboration. 

Background
Glioblastoma (GBM) is a most common and aggressive malignant brain tumor, accounting for 16% of all
primary brain and central nervous system neoplasms [1]. The mean survival of GBM is approximately
14.6 months, and GBM is one of the most challenging malignancies to treat due to its high heterogeneity,
high recurrence rate, and diffusing invasiveness [2]. Recently, the main treatment methods of GBM are
contained surgery, radiation, and chemotherapy [3]. Despite extensive efforts to explore novel therapies,
the survival of GBM has not markedly improved. Therefore, it is necessary to develop effective treatment
options. Currently, gene therapy, molecularly targeted therapy, and immunotherapy are promising
treatment approaches [4].

Extensive studies have reported the biomarkers and drug targets for GBM treatment. Shergalis et al.
indicated that genes like estrogen receptor 2 (ESR2), ELOVL fatty acid elongase 6 (ELOVL6), and iroquois
homeobox 3 (IRX3) were over-expressed in patients with GBM, and these genes were related to poor
survival outcomes [3]. Additionally, Jin et al. proved that aryl hydrocarbon receptor (AhR) and its ligand
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kynurenine could decrease GBM cell invasion, and also inhibited GBM carcinogenesis [5]. Prior studies
have demonstrated that GBM stem cells (GSCs) participant in the GBM development and resistance to
therapy, and targeting these cells could be considered as a therapeutic strategy [6]. Stangeland et al.
investigated the molecular targets in GSCs, such as PDZ binding kinase (PBK), centromere protein A
(CENPA), and kinesin family member 15 (KIF15), suggesting these genes might be potential targets for
GBM treatment [7]. Furthermore, drug therapy of GBM has also been reported. Lu et al. revealed that triple-
drug therapy (bevacizumab, irinotecan, and temozolomide) had bene�t effect on recurrent GBM [8].
Meanwhile, Tea et al. observed that targeting the spingolipid metabolism might be used in the treatment
of GBM [9]. However, the molecular mechanism of GBM pathogenesis has not been entirely elucidated,
and it is desperately required to explore novel biomarkers and small drug molecules.

Currently, the microarray gene expression research has been performed to uncover the molecular
mechanism of various cancers. The mRNA data are collected from two databases, including Gene
Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA). The GEO database can be applied to
identify the differentially expressed genes (DEGs), to explore molecular signal and its correlation, and to
analyze gene regulation network [10]. However, due to the limited samples, the analysis results of a single
microarray dataset may be biased and unreliable. Hence, integrated analysis of multiple datasets can
improve the accuracy and reliability of the results, thus obtain a comprehensive discovery of DEGs in
tumors.

In the present study, three microarray datasets related GBM were selected for further study, the raw data
of mRNA pro�le were downloaded from GEO database, and integrated analysis of three sets was
conducted. The overlapping DEGs were identi�ed by the intersection of three datasets. Then, the DEGs
associated with GBM prognosis were screened by TCGA database. Functional enrichment analysis and
protein-protein interaction (PPI) of these DEGs were performed. The hub genes that closely related to
GBM prognosis were veri�ed by using UCLCAN online tool. Subsequently, gene mutations and protein
levels of hub genes were investigated. Finally, the small drug molecules of GBM were explored by
connectivity map (CMAP) database. A �ow chart of this study is shown in Fig. 1.

Methods And Materials
Microarray data

To screen the DEGs between GBM samples and normal samples, three microarray datasets (GSE111260,
GSE103227, and GSE104267) were downloaded from the GEO database
(http://www.ncbi.nlm.nih.gov/geo) [11]. In total, the three datasets included 81 GBM samples and 11
normal samples. Speci�cally, GSE111260 was derived from GPL5175 [HuEx-1_0-st] Affymetrix Human
Exon 1.0 ST Array [transcript (gene) version], and composed of 67 GBM samples and three control
samples; GSE103227 was obtained from GPL16956 Agilent-045997 Arraystar human lncRNA microarray
V3 (Probe Name Version) platform, and including �ve GBM and �ve normal tissues; GSE104267 was

http://www.ncbi.nlm.nih.gov/geo
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extracted from GPL22448 Phalanx Human lncRNA OneArray v1_mRNA platform, and contained nine
GBM and three control samples.

Data pre-processing

The raw data was read by using the limma package of the R software (Version 3.34.9,
http://www.bioconductor.org/packages/release/bioc/html/limma.html) [12], and then data normalization
was performed by robust multi-array average (RMA) method [13,14], including background adjustment,
quantile normalization, and log2 conversion. The probes were annotated with the platform annotation
�le, the probes that do not match the gene (gene symbol) were removed; in addition, for the different
probes that mapped to the same gene, the mean value was selected as the �nal expression value.

DEGs analysis

DEGs between GBM and control sample in the three datasets were respectively screened by using the
Limma package. P < 0.05 and |log Fold change (FC)| >1 were considered as the criteria for DEGs. The
DEGs obtained from each dataset were analyzed by VENN analysis to observe the up- or down-regulated
of the genes, which served as the basis for the gene change trend during subsequent TCGA veri�cation.

Integration of the DEGs from three datasets

The intersection of DEGs from these microarray datasets was conducted by NetworkAnalyst 3.0
database [15] (https://www.networkanalyst.ca/NetworkAnalyst/uploads/MetaLoadView.xhtml), which
could compare and analyze of DEGs generated from different studies via various statistical methods. In
this study, Fisher's method, Fixed effects models, and Vote Counting were used to integrate multiple data
sets. DEGs with P < 0.001 (both Fisher’s method and Fixed effects models) and vote counts ≥ 2 were
considered as shared DEGs. Meanwhile, the ComBat function of the R package sva [15] was utilized to
eliminate heterogeneity between these three datasets. Additionally, the DEGs screened by the three
integration methods were also analyzed by VENN, and the genes that existed in at least two methods
were selected as the focus of the further analysis.

Survival analysis

The genomic data commons (GDC) GBM data in TCGA database (https://xenabrowser.net/) [16] was
downloaded to obtain the prognostic related clinical information of GBM, including overall survival (OS)
time and OS status. According to the shared DEGs identi�ed from the integrated analysis, the samples
with no OS time (or less than one mouth) and the DEGs with median expression level less than 0 were
removed. Then, the remaining samples were divided into high expression group and low expression
group, and the log-rank statistical test was performed. P < 0.05 as statistically signi�cant threshold, and
Kaplan-Meier (KM) method was conducted to plot OS curves.

Functional enrichment analysis of prognostic related DEGs

http://www.bioconductor.org/packages/release/bioc/html/limma.html
https://www.networkanalyst.ca/NetworkAnalyst/uploads/MetaLoadView.xhtml
https://xenabrowser.net/
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To investigate the biological functions and pathways involved in these prognostic related DEGs, the Gene
Ontology (GO) terms and pathway analysis were performed by using metascape database [17]
(http://metascape.org). P < 0.01, count > 3, and enrichment factors (ratio of observed counts to
accidental exoected counts) > 1.5 were selected as the threshold of signi�cantly enriched terms. In order
to further explore the relationship between the statistically enriched terms, the kappa-statistical
similarities of these terms were calculated, and the overlapping or related terms were identi�ed, then the
functional network clustering was performed. Subsequently, the interactions of terms were obtained
based on the similarity of genes which enriched in each terms. Finally, the similar function integration
network was constructed.

The PPI network analysis

The STRING (version: 11.0, https://string-db.org) [18] was used to predict the PPI among the prognostic
genes. The species was Homo sapiens, and the con�dent interaction score more than 0.15 (low
con�dent) was set as signi�cant interaction. The PPI network was visualized using Cytoscape software
(version: 3.6.1, http://www.cytoscape.org/) [19]. The degree of each protein node was calculated, and
nodes with degree ≥ 10 were selected as hub genes.

Veri�cation of hub genes

We used the online software UALCAN (http://ualcan.path.uab.edu/index.html) [20] to verify the hub genes
identi�ed from the PPI network. The candidate hub genes were submitted to the UALCAN database, and
the TCGA data were applied to validate the relationship between the genes espression and the prognosis
of GBM.

Gene mutation analysis

The cBio Cancer Genomics Portal could analyze the molecular data obtained from cancer tissues and
cytology, to recognize and understand heredity, epigenetics, and gene expression. Thus, we used the
CBiocancer genomics portal (https://www.cbioportal.org/) [21] to analyze the genetic mutations of the
key genes between samples.

The Human Protein Atlas

The Human Protein Atlas (HPAs), composed of tissue atlas, cell atlas, and pathology atlas, were provided
the data of transcriptomics and proteomics in speci�c human tissues. In this study, the protein
immunohistochemical level of hub genes was investigated in GBM tissues and compared normal tissues
by using HPA database [22], and the data were downloaded from the pathology atlas in HPA.

Drug-related pathways and candidate drugs for GBM

Small drug molecules that had synergistic or antagonistic effects with drug were analyzed by CMAP
database [23]. The hub genes were compared with the small molecules in the CMAP database to obtain

http://metascape.org/
https://string-db.org/
http://www.cytoscape.org/
http://ualcan.path.uab.edu/index.html
https://www.cbioportal.org/
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the small drug molecules related to drug treatment, P < 0.05 as the cut-off criteria. Additionally,
enrichment > 0 indicated the molecules had potential synergistic effects with drugs, enrichment < 0
revealed molecules had potential antagonistic effects with drugs.

Results
Identi�cation of DEGs from GEO datasets analysis

The raw data from three gene expression pro�les (GSE103227, GSE104267, and GSE111260) were
downloaded from NCBI GEO database. The detailed information of these three datasets is listed in Table
1. DEGs between GBM samples and normal samples were screened from three studies, and visualized by
PCA and volcano plots (Figure 2A and 2B). Afterwards, the number of DEGs obtained from three datasets
is shown in Supplementary Table 1. Besides, an integrative analysis across three datasets was
conducted, and the results are shown in Figure 2C. We observed 18 up-regulated and 6 down-regulated
overlapping DEGs existed in three microarray datasets.

Integrated analysis of three GEO datasets

By employing three statistical methods, a total of 5801, 640, and 2368 DEGs were identi�ed by Fisher’s
method, Fixed effects models, and Vote counting, respectively. Additionally, 613 genes were obtained by
all three statistical methods (Supplementary Figure 1A). Heat map representation of the top 10 hub DEGs
across different microarrays is displayed in Supplementary Figure 1B. Among these, centrin 2 (CETN2),
marker of proliferation ki-67 (MKI67), ADP ribosylation factor like GTPase 13B (ARL13B), SET domain
bifurcated histone lysine methyltransferase 1 (SETDB1), calneuron 1 (CALN1), ELAV like RNA binding
protein 3 (ELAVL3), adenylate cyclase 3 (ADCY3), synapsin II (SYN2), solute carrier family 12 member 5
(SLC12A5), and superoxide dismutase 1 (SOD1) were selected as hub genes and subjected to further
analysis and validation.

Survival analysis of hub genes

A total of 167 samples were downloaded from TCGA-GBM expression dataset. To further analyze the
relationship between hub gene expression and the prognosis of GBM, the overall survival analysis of hub
genes were performed (Figure 3). According to the median level of expression, the GBM patients were
divided into high and low expression group. CETN2, MKI67, ARL13B, and SETDB1 with lower expression
level were related to a signi�cantly longer survival time; meanwhile, high expression of CALN1, ELAVL3,
ADCY3, SYN2, ARL13B, SLC12A5, and SOD1 were associated with better overall survival among patients
with GBM.

GO enrichment and KEGG pathway analysis of hub genes

Based on the GEM prognosis related genes, the functional enrichment analysis was conducted. The
results of GO enrichment analysis indicated that these genes were mainly associated with behavior,
sensory organ morphogenesis, and chromosome separation. Additionally, the KEGG pathway analysis
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revealed that these genes were primarily involved in longevity regulating pathway, bile secretion, and
hemostasis pathways (Figure 4A). Furthermore, all terms were grouped into clusters based on the
similarities, and a total of 14 clusters of signi�cantly enriched terms were obtained (Figure 4B), among
these, sensory organ morphogenesis was the most enriched term.

Establishment of PPI network

In order to understand the potential relationships between prognostic related DEGs, the PPI network was
constructed. The PPI network composed of 71 nodes and 214 edges (Figure 5). There were 16 DEGs with
their degree > 10 were considered as hub genes. Additionally, the speci�c degree values of these genes
are listed in Table 2. We found the degree of ELAVL3, HDAC2, and CALB1 were higher than other genes.

The expression and mutation of hub genes

By analyzing the expression of the hub genes in the TCGA GBM data, we observed that the change trend
of genes expression was consistent with microarray datasets. Compared with normal samples, the
expression level of MKI67, ARL13B, and SETDB1 was signi�cantly up-regulated in GBM samples, while
ELAVL3, ADCY3, SOD1, CALN1, SYN2, and SLC12A5 were markedly down-regulated (Figure 6). The
information of hub genes is presented in Table 3. In addition, the hub gene mutations in GBM were tested
using cBioPortal. The MKI67, SLC12A5, and SOD1 exhibited higher mutation frequencies, and the
proportion respectively was 2.2, 0.7, and 0.2% (Supplementary Figure 2A). Meanwhile, approximately 3%
of GBM clinical cases showed signi�cant alterations in the 10 hub genes (Supplementary Figure 2B).

Immunohistochemical Analysis

The protein expression levels of the 10 hub genes in GBM were explored using the HPA database (Figure
7). The protein level of MKI67 and ARL13B was not detected in normal tissues, while the level of these
genes was medium and high in the GBM tissues. The protein level of CETN2 was low in normal samples,
while the level was high in GBM samples. Additionally, the medium protein level of SETDB1 was observed
in normal tissues, whereas the high protein level was revealed in GBM tissues. Meanwhile, the protein
level of CALN1 was medium in normal samples, while was low in the GBM samples. In brief, these results
indicated that the protein levels of the hub genes were consistent with the mRNA expression levels.

Analysis of GBM-related small molecular drugs

We obtained 98 GBM-related small molecular drugs from the CMAP database according to the screening
criteria of p < 0.05, among these, 45 drugs might play potential synergies role in the development of GBM
(enrichment > 0), and 53 drugs might served repress role in the GBM progression (enrichment < 0). The
most relevant top 10 drugs (with a smaller p-value) were selected and are displayed in Figure 8. The
results revealed that drugs like nomegestrol (enrichment=0.975), adiphenine (enrichment=0.783),
etiocholanolone (enrichment=0.775), and podophyllotoxin (enrichment=0.835) might be potential drugs
for GBM treatment.
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Conclusions
In summary, with the integrated bioinformatics analysis of three GBM-related gene expression pro�les, 10
key genes connected with pathogenesis and prognosis of GBM were identi�ed, including CETN2, MKI67,
ARL13B, SETDB1, CALN1, ELAVL3, ADCY3, SYN2, SLC12A5, and SOD1. These hub genes might serve as
novel diagnostic and treatment biomarkers of GBM, and might conduct to elucidate the molecular
mechanism of the occurrence and progression of GBM. Additionally, a series of small molecule drugs of
GBM were identi�ed, such as adiphenine and podophyllotoxin, these drugs might be used for GBM
therapy.
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Tables
Table 1 Characteristics of studies composing the gene expression compendium

Dataset Study(Citation) Platform Organism Sample 
(Glioblastoma)

Sample 
(Control)

GSE103227 chun luo 2018 Agilent-045997 Arraystar
human lncRNA microarray

V3 

Homo
sapiens

5 5

GSE104267 Jianjun Gu 2017 Phalanx Human lncRNA
OneArray v1_mRNA

Homo
sapiens

9 3

GSE111260 Jeanmougin
Jeanmougin 2018

Affymetrix Human Exon 1.0
ST Array

Homo
sapiens

67 3

 

 
Table 2 The degree value of hub genes in PPI network

https://www.ncbi.nlm.nih.gov/Taxonomy/Browser/wwwtax.cgi?mode=Info&id=9606
https://www.ncbi.nlm.nih.gov/Taxonomy/Browser/wwwtax.cgi?mode=Info&id=9606
https://www.ncbi.nlm.nih.gov/Taxonomy/Browser/wwwtax.cgi?mode=Info&id=9606
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Symbol Degree Betweenness Closeness

ELAVL3 18 649.4292 0.479452

HDAC2 17 758.398 0.486111

CALB1 16 283.0139 0.469799

CUL3 16 345.8947 0.479452

SYN2 15 363.5061 0.44586

CIT 13 246.3135 0.434783

SHANK2 13 332.2537 0.47619

SLC12A5 12 300.8864 0.4375

SOD1 11 222.0949 0.457516

SETDB1 11 338.4737 0.457516

CALN1 10 77.96878 0.434783

CAP2 10 185.884 0.434783

ARL13B 10 185.142 0.406977

ADCY3 10 160.4279 0.414201

CETN2 10 111.9884 0.414201

MKI67 10 247.3053 0.434783

 

 
Table 3 The expression level of hub genes

Genes Comparison Statistical significance TCGA type GEO type

MKI67 Normal-vs-Primary 1.62E-12 up up

ELAVL3 Normal-vs-Primary 7.37E-12 down down

ADCY3 Normal-vs-Primary 4.05E-06 down  

CETN2 Normal-vs-Primary 8.01E-05 up  

SOD1 Normal-vs-Primary 1.18E-03 down  

ARL13B Normal-vs-Primary 9.18E-03 up up

CALN1 Normal-vs-Primary 2.39E-02 down down

SYN2 Normal-vs-Primary 2.61E-02 down down

SETDB1 Normal-vs-Primary 2.81E-02 up  

SLC12A5 Normal-vs-Primary 4.31E-02 down down

Figures
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Figure 1

A �ow chart of this study
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Figure 2

Identi�cation of DEGs in three GEO datasets. A: PCA plot. Red represents control sample, and blue
represents GBM sample. B: Volcano plot. Green indicates down-regulated DEGs, and red indicates up-
regulated DEGs. C: VENN diagram of DEGs identi�ed from three datasets (left: up-regulated DEGs, right:
down-regulated DEGs).
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Figure 3

Survival analysis for hub genes in GBM. Kaplan-Meier plots show 10 hub genes related to overall survival
rate (P<0.05). A: CETN2, B: MKI67, C: ARL13B, D: SETDB1, E: CALN1, F: ELAVL3, G: ADCY3, H: SYN2, I:
SLC12A5, J: SOD1
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Figure 4

Functional enrichment analysis of hub genes. A: heatmap of functional enrichment results. The terms are
colored by -log10(P) value. B: network of clusters of enriched terms. Each node represents one enriched
term colored by cluster ID, nodes share the same cluster are typically close to each other. Terms with
Kappa similarity above 0.3 were connected.
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Figure 5

PPI network analysis. The color depth of nodes represents the corrected P-value. The size of nodes
represents the number of genes involved.
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Figure 6

The expression level of hub genes between GBM and normal samples in three datasets. Blue box
indicates normal tissue, and red box indicates GBM tissue.
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Figure 7

The protein expression level of hub genes in GBM tissues and normal tissues from HPA database
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Figure 8

The top 10 small molecule drugs from the CMAP database The bubble size represents p value, the
smaller the p value, the larger the bubble.
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