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Abstract. – OBJECTIVE: Glioblastoma is the
most aggressive tumor of the brain. To further
understand its molecular mechanism, we car-
ried out a systemic bioinformatics study of
gene chips downloaded from Gene Expression
Omnibus database.

MATERIALS AND METHODS: LIMMA pack-
age in R language was used to identify the dif-
ferentially expressed genes (DEGs) between
glioblastoma samples and normal controls. 

RESULTS: Further, we constructed protein-
protein interaction networks by mapping the
DEGs into PPI data and identified network clus-
ters in these networks. The results revealed
that expression of 516 genes, which are mainly
involved in phosphate metabolic process and
signal transduction, were altered in glioblas-
toma samples. LYN, CD22 and LCP2 form a
densely protein complex in the PPI network. 

CONCLUSIONS: Our results suggest that
LYN, CD22 and LCP2 play important roles in
the occurrence and progression of glioblas-
toma.

Key words: 
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Introduction

Glioma, makes up 30%-40% of all brain tu-
mors, is the most aggressive tumor of the brain1.
Glioblastoma is the most aggressive form of
glioma, accounting for approximately 50% of all
glial tumor types2. A series of reconstruction fea-
tures on pathology organization exist in the
process of glioblastomas occurrence and progres-
sion, including malignant proliferation and ag-
gressive growth of new blood vessels. Recent
studies on histopathology, cytogenetic, and rele-
vant molecular changes during tissue remodeling
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process of glioblastoma may offer valuable refer-
ences for studying on molecular etiology, malig-
nant progression, molecular subtyping, target
screening for gene therapy, and prognostic evalu-
ation against glioblastoma. In recent years, with
the deep analysis of the gene mapping profile re-
lated to glioblastoma, the linked research on mol-
ecular and cell levels laps further. 

With the knowledge of the cell and molecular
changes during the pathogenesis, reoccurrences
and malignant progress, several groups attempt to
study the protein-protein interaction (PPI) network
related to cancer3,4, such as in human liver cancer5,
breast cancer6,7 and colorectal cancer8. And lucki-
ly, some tools for systematic analysis have been
developed9,10. All of these studies on cancer PPI
network make means for related cell apoptosis11

and aberrant methylation research12, novel Single
Nucleotide Polymorphisms (SNPs) discovering13,
discrimination of cancer phenotype14, diagnostic
and prognostic markers finding15 and promising
drug devising16.

In this study, we focus on the molecular and
cytology research of glioblastoma by viewing tu-
mor as a whole. We here apply systematic meth-
ods of PPI and cluster analysis on glioblastoma
and unfold some interesting discoveries.

Materials and Methods

All human studies have been approved by Chi-
na Ethics Committee and performed in accor-
dance with the ethical standards.

Affymetrix Mcroarray Data
The transcription profile of GSE601417 was ob-

tained from National Center of Biotechnology In-
formation Gene Expression Omnibus (GEO)
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Database (http://www.ncbi.nlm.nih.gov/geo/)
which is based on the Affymetrix Human Genome
U133A Array. Total 4 gene chips were available
for analysis.

protein-protein Interaction (ppI) Data
The Human Protein Reference Database

(HPRD)18 is a protein database accessible through
the internet. The Biological General Repository for
Interaction Datasets (BioGRID)19 is a curated bio-
logical database of protein-protein and genetic in-
teractions.

The PPI data from the HPRD and BIOGRID
were collected for further analysis. A total of
326119 unique PPI pairs were collected, in
which 39240 pairs are from HPRD and 379426
pairs are from BIOGRID. 

Differentially Expressed Genes 
(DEGs) analysis

For the GSE6014 dataset, LIMMA package20

in R language was used to identify DEGs be-
tween glioblastoma samples and the control sam-
ples. The original expression datasets from all
conditions were extracted into expression esti-
mates, and then a linear model was constructed.
The DEGs only with the fold change value larger
than 2 and p-value less than 0.05 were selected. 

ppI network Construction 
For demonstrating the potential PPI relation-

ship, the DEGs were mapped to the PPI data that
have been collected from HPRD and BIOGRID.
The Pearson Correlation Coefficient (PCC)21 was
calculated for all pair-wise comparisons of gene-
expression values between normal genes and the
DEGs. The PPI relationships whose absolute
PCC are larger than 0.75 were considered as sig-
nificant. Then, a PPI network was constructed us-
ing the Cytoscape22 based on the PPI relation-
ships.

ClusterOnE Analysis
ClusterONE http://www.cs.rhul.ac.uk/home/

tamas/assets/files/cl1/cl1-cytoscape-0.1.html)
strives to discover densely connected and possibly
overlapping regions within the Cytoscape net-
work you are working with23. ClusterONE works
by “growing” dense regions out of small seeds
(typically one or two vertices), driven by a quality
function called cohesiveness. The quality of a
group is evaluated by the number of internal
edges divided by the number of edges involving
nodes of the group. Based on the PPI network,

sub-graphs smaller than 5 or having a density
(number of edges within the cluster divided by
the number of theoretically possible edges) less
than 0.3 were discarded.

MCODE Analysis
Molecular Complex Detection (ftp://ftp.mshri.

on.ca/pub/BIND/Tools/MCODE; MCODE) also
detects densely connected regions in large PPI
networks that may represent molecular complex-
es24. In this study, we used MCODE to further
mine the core protein complex in clusters identi-
fied by ClusterONE.

Gene Ontology (GO) and KEGG pathway
Analysis

DAVID (The database for annotation, visual-
ization and integrated discovery), a high-
throughput and integrated data-mining environ-
ment, analyzes gene lists derived from high-
throughput genomic experiments25. In David, a
cumulative hypergeometric distribution is used
for calculating the probability of getting at least
n successes in the hypergeometric experiment.
To compute a cumulative hypergeometric prob-
ability, we may need to add one or more indi-
vidual probabilities.

where n is the number of proteins in PPI net-
work, f is the number of proteins which were en-
riched in GO terms, m is the number of proteins
which involve in KEGG pathways and k stands for
the frequency of GO-ID emergency. We used the
threshold of FDR (false discovery rate, adjusted by
Benjamini-Hochberg method26) < 0.05 to identify
the over-represented GO categories in biological
process and KEGG pathway analysis based on the
cumulative hypergeometric distribution.

Results

Identification of DEGs between DCA treated
samples and untreated controls.

Publicly available microarray data set
GSE6014 were obtained from GEO database. A
total of 561 DEGs with the fold change > 2 and
p-value < 0.05 were selected using the LIMMA
package. All of these DEGs are up-regulated in
glioblastoma samples.
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Core protein Complex Clustering
To obtain higher overexpression clusters, we

further analyzed the network clusters by
MCODE. MCODE does not provide any statisti-
cal score on the resulting clusters but can be used
as a discovery tool in network analysis. Interac-
tions among three nodes were filtered, including
two DEGs (LCP2 and CD22) and 1 normal genes
(LYN) (Figure 3).

Function Analysis of the ppI network 
DAVID was used to describe the function of

the PPI network. Several GO categories were en-
riched among these genes in the PPI network,
such as protein amino acid phosphorylation (GO:
0006468), phosphorylation (GO: 0016310) and
phosphate metabolic process (GO: 0006796)
(Table I). Table I only lists the top10 enriched
GO terms. 

In addition, several KEGG pathways were
enriched among these genes in the PPI network,
including natural killer cell mediated cytotoxic-

ppI network Construction
In order to systemically analyze the func-

tions of DEGs in glioblastoma samples, we
mapped these DEGs to PPI data and obtained
some PPI networks (Figure 1). At a PCC >
0.75, a total of 171 relationships between 76
DEGs and 137 normal genes were identified.
In Figure 1, the DEGs of PTPN11 (degree
=22), PAK1 (degree = 12), LCK (degree =
10) and LCP2 (degree = 8) formed local net-
works with high degrees (the number of inter-
actions).

network Clustering
The PPI network included hundreds of rela-

tionships and it is hard for us to know which re-
lationships are crucial. Therefore, we identified
the densely connected or possibly overlapping
regions in the PPI network by using ClusterONE.
By setting minimum size as 5 and minimum den-
sity as 0.3, five network clusters was found in
PPI network (Figure 2). 

Figure 1. PPI Network constructed by Cytoscape. The yellow nodes stand for DEGs and the pink nodes stand for normal genes.
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i ty (hsa04650), ErbB signaling pathway
(hsa04012) and pathways in cancer (hsa05214)
(Table II). Table II lists the KEGG pathways
based on FDR < 0.01.

Discussion

Malignant glioma progression is a cumulative
genetic change with multiple-steps. In this study,
we investigated the molecular mechanism of
glioblastoma using bioinformatics methods. We
found that the expression of 516 genes, which
are mainly involved in phosphate metabolic
process and signal transduction, were altered in
glioblastoma samples. Pathways of natural killer

cell mediated cytotoxicity, ErbB signaling path-
way and neurotrophin signaling pathway were
dysregulated in glioblastoma. In addition, we
constructed PPI networks, and studied the prop-
erties of this network by identifying network
clusters: sets of genes that together involved in a
biological process..

The PPI network is un-weighted, since each
PPI was kept only once. As it is too large to yield
any interesting information, it is necessary to di-
vide it into connected sub-networks that might
represent functional modules or protein sub-com-
plexes. By clustering twice using ClusterONE
and MCODE, a core protein complex was identi-
fied, including LYN, CD22 and LCP2.

Tyrosine-protein kinase LYN is a member of
the Src family which is mainly expressed in
hematopoietic cells, neural tissues, liver and adi-
pose tissue27-29. LYN was reported to be a media-
tor of epithelial-mesenchymal transition and a
target of dasatinib in breast cancer30, and medi-
ates cell motility and tumor growth in EGFR vI-
II-expressing head and neck cancer31, involved in
CD24-induced ERK1/2 activation in colorectal
cancer32. In the clinical area, LYN is also report-
ed to be target of treatment of prostate cancer33

and Ewing’s sarcoma34. In embryonic brain,
LYN activation by integrin is required for oligo-
dendrocyte progenitor proliferation35. Stettner et
al36 suggest that LYN kinase activity is signifi-
cantly elevated in glioblastoma tumors and pro-
motes the malignant phenotype in these tumors.
In addition, a recent study by Feng et al37 suggest

Figure 2. Network clusters identified from PPI net-
work. The rhombic nodes stand for DEGs and the
round nodes stands for normal genes.

Figure 3. MCODE Cluster.
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that LYN largely mediate EGFRvIII stimulation
of Rac1 activity and glioblastoma cell migration
through inducing phosphorylation of the tyrosine
residue 722 of Dock180, a guanine nucleotide
exchange factor for Rac1.

CD22, a kind of cell membrane related antigen
differentiation, is also a kind of well-studied tu-
mor cell surface target. With special feature of
B-cell-restricted phosphoglycoprotein of the im-
munoglobulin superfamily, CD22 has gained
considerable interest as a therapeutic target for
B-cell-directed therapies. It is reported to be used
as a tumor marker for hairy cell leukemia38. Al-
though CD22 is not a DEG in glioblastoma, it
still play important roles in the occurrence and
progression of glioblastoma by interacting with
LYN. Our study is in accordance with a previous
study which suggested that CD22 functions as a
molecular ‘scaffold’ that specifically coordinates
the docking of multiple effector molecules, in a
context necessary for B cell antigen receptor-de-
pendent Src homology-2 domain-containing in-
ositol polyphosphate-5’-phosphatase activity and
c-Jun N-terminal kinase stimulation39.

LCP2 (Lymphocyte cytosolic protein 2), also
known as SLP-76, was identified by association
with the SH3 domain of the Grb2 adapter protein
in T cells40. In our study, LCP2 was interacted
with LYN and CD22. This result is consistent
with a previous immunoprecipitation study
which suggested that LCP2 is associated with
FYN, LYN and Fc receptor γ-chain in collagen-
related peptide- stimulated platelets41. Gross et
al41 suggest tyrosine phosphorylation of LCP2 is
mediated by either FYN or LYN. As expected,
the GO enrichment analysis in our study suggests
DEGs are involved in phosphate metabolic
process.

Conclusions

We constructed some PPI networks, and fil-
tered a core protein complex in the network.
Functional analyses suggested that interactions
among LYN, CD22 and LCP2 play important
roles in the progression of glioblastoma, mainly
by involving in phosphate metabolic process and

Term Description Count FDR

GO:0006468 Protein amino acid phosphorylation 48 2.35E-17
GO:0016310 Phosphorylation 49 6.36E-15
GO:0006796 Phosphate metabolic process 52 1.89E-13
GO:0006793 Phosphorus metabolic process 52 1.89E-13
GO:0007166 Cell surface receptor linked signal transduction 70 9.07E-12
GO:0051174 Regulation of phosphorus metabolic process 34 8.42E-11
GO:0019220 Regulation of phosphate metabolic process 34 8.42E-11
GO:0007167 Enzyme linked receptor protein signaling pathway 29 9.17E-11
GO:0042325 Regulation of phosphorylation 33 1.66E-10
GO:0007242 Intracellular signaling cascade 54 3.02E-10

Table I. The top 10 significantly enriched GO terms in glioblastoma.

FDR indicates false discovery rate adjusted by Benjamini-Hochberg method.

Term Description Count FDR

hsa04650 Natural killer cell mediated cytotoxicity 18 1.03E-04
hsa04012 ErbB signaling pathway 14 5.95E-04
hsa05200 Pathways in cancer 27 7.14E-04
hsa05220 Chronic myeloid leukemia 13 7.79E-04
hsa04722 Neurotrophin signaling pathway 16 0.001276
hsa04666 Fc gamma R-mediated phagocytosis 14 0.00168
hsa05214 Glioma 11 0.007429

Table II. The significantly enriched KEGG pathways in glioblastoma.

FDR indicates false discovery rate adjusted by Benjamini-Hochberg method.



signal transduction. Our analysis may aid in un-
derstanding the molecular mechanism of
glioblastoma. However, further experimental
studies are needed because our study is based on
gene chips from a small sample size.
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