
Abstract. – BACKGROUND: Osteoarthritis (OA)
is the most common disease of joints in adults
around the world. Current available drugs to treat
osteoarthritis are predominantly directed towards
the symptomatic relief of pain and inflammation but
they do little to reduce joint destruction. Effective
prevention of the structural damage must be a key
objective of new therapeutic approaches. There-
fore, it is worthwhile to search for important molec-
ular markers that hold great promise for further
treatment of patients with osteoarthritis.

AIM: In this study, we used a graph-clustering
approach to identify gene expression profiles that
distinguish OA patients from normal samples.

MATERIALS AND METHODS: We performed a
comprehensive gene level assessment of os-
teoarthritis using five osteoarthritis samples and
five normal samples graph-clustering approach.

RESULTS: The results showed that TNFAIP3,
ATF3, PPARG, etc, have related with osteoarthri-
tis. Besides, we further mined the underlying mol-
ecular mechanism within these differently genes.

CONCLUSIONS: The results indicated tyrosine
metabolism pathway and cell cycle pathway were
two significant pathways, and there was evident
to demonstrate them based on previous reports.
We hope to provide insights into the development
of novel therapeutic targets and pathways.
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Introduction

Osteoarthritis (OA) is a chronic degenerative
joint disorder of a high prevalence that remains
the leading cause of disability in aged people1.
This disease is characterized by softening, split-
ting, and fragmentation of articular cartilage ac-
companied by subchondral bone sclerosis, bone
cysts and osteophyte formation2.

Commonly, the pathophysiology progression of
OA is divided into three stages3. Stage I is the
break-down of articular cartilage. Chondrocytes
constitute the unique cellular component of articu-
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lar cartilage, which synthesize the components of
extracellular matrix, including collagens, proteo-
glycans and non-collagen proteins. The primary
cause of this process is thought to be increased
proteolytic enzyme activity, such as matrix metal-
loproteinases (MMP-1, MMP-8, and MMP-13),
aggrecanases (ADAMTS-4, ADAMTS-5, and
ADAMTS-9), and cathepsin4,5. Stage II is fibrilla-
tion and erosion of cartilage surface, accompanied
by the release of breakdown products into the syn-
ovial fluid, which can promote synovial inflamma-
tion, that is, stage III. Pro-inflammatory cytokines
produced by the synovium and chondrocytes, espe-
cially interleukin IL-1 and tumor necrosis factor al-
pha (TNF-α), play a significant role in this stage to
decrease proteoglycan collagen synthesis and in-
creasing aggrecan release. IL-1 and TNF-α also in-
duce chondrocytes and synovial cells to produce
other inflammatory mediators, such as IL-8, IL-6,
nitric oxide, and prostaglandin E2

6-8.
As an effective method, DNA microarray analy-

sis have been extensively used to study global
changes in gene expression in disease, model sys-
tems and in response to drug treatment9. One mi-
croarray experiment has been designed to analyze
genetic expression patterns and identify potential
genes to target for OA10. In this study, we used a
graph-clustering approach to identify gene expres-
sion profiles that distinguish OA patients from nor-
mal samples. Furthermore, the relevant Geneo On-
tology (GO) terms in the network was analyzed to
explain potential mechanisms in response to OA.

Materials and Methods

Affymetrix Microarray Data and
Differentially Expressed Genes
(DEGs) Analysis

Graph-clustering approach was performed be-
tween five OA patient samples and five control
donors. The GSE1919 expression profile was ob-
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tained from a public functional genomics data
repository GEO (http://www.ncbi.nlm.nih.gov/geo/)
which are based on the Affymetrix Human Genome
U95A Array.

Statistical Analysis
For the GSE1919 dataset, the limma method11

was used to identify DEGs. The original expres-
sion datasets from all conditions were processed
into expression estimates using the robust mi-
crochip averaging (RMA) method with the de-
fault settings implemented in Bioconductor, and
then construct the linear model. The DEGs only
with the fold change > 2 and p-value < 0.05 were
selected.

For demonstrating the potential connection,
the Spearman rank correlation (r) was used for
comparative target genes correlations. The
significance level was set at r > 0.9 and local
false discovery rate (fdr)12 < 0.05. All statisti-
cal tests were performed with the R program
(http://www.r-project.org/).

Network Analyses and Graph Clustering
To identify co-expressed groups we used DP-

Clus (detection of protein complexes cluster)13. A
graph clustering algorithm that can extract densely
connected nodes as a cluster. It is based on densi-
ty-and periphery tracking of clusters. DPClus is
freely available from http://kanaya.naist.jp/DP-
Clus/. In this study, we used the overlapping-
mode with the DPClus settings. We set the para-
meter settings of cluster property cp; density val-
ues were set to 0.514 and minimun cluster size
was set to eight.

Geno Ontology (GO), Interpro and
Pathway Enrichment Analysis

The Gene Ontology15 project is a major bioin-
formatics initiative with the aim of standardizing
the representation of gene and gene product at-
tributes across species and databases.

The InterPro, an integrated documentation re-
source of protein families, domains and function-
al sites, was created to integrate the major pro-
tein signature databases16. The pathway17 data-
base records networks of molecular interactions
in the cells, and variants of them specific to par-
ticular organisms (http://www.genome.jp/kegg/).

The DAVID18 was used to identify over-repre-
sented GO terms in biological process and path-
ways. The p-value < 0.01 is as the threshold for
the analysis using the hypergeometric distribu-
tion.

Results

Differently Genes Selection and
a Correlation Network Construction

We obtained publicly available microarray
dataset GSE1919 from GEO. After microarray
analysis, 178 differentially expressed genes
(DEGs) with the fold change > 2 and p-value <
0.05 were selected.

To get the relationships among DEGs, r > 0.8
and fdr < 0.05 were chosen as the cutoff. Finally,
648 relationships among 161 DEGs were con-
structed a correlation network. The correlation
network of the 161 DEGs was depicted in Figure
1. In the graph, we find that TNFAIP3, ATF3,
PPARG the 3 genes have the high correlation
with the r > 0.9 (not displayed in the Figure 1)
between each other.

Graph Clustering Identifies Modules
Significantly Enriched for DEGs
Contained in Interpro Domains

At r > 0.9, DPClus13 identified 10 clusters in
the correlation network for OA; they ranged in
size from 8 to 21 DEGs. Part of graph clustering
results is presented in Figure 2. The clusters ob-
tained with the graph clustering method involved
the enriched domain and included the domain re-
lated with Zinc finger (p = 0.01), NADP (p =
0.07), bZIP (p = 1.08E-5) domain and Winged
helix repressor (p = 0.0025) domain (Figure 4).
TNFAIP3, enriched in the Zinc finger domain
(not show in the Figure 2), was both in the clus1
and clus3.

GO and Pathway Enrichment Analysis of
the Correlation Network in OA

To assess the significance of the clusters we
used the over-represented GO terms and KEGG
pathways in the clusters. Enrichment analysis by
using the hypergeometrical distribution is to find
the significant GO terms and pathways. Some of
GO terms were enriched among these genes in
the correlation network, including response to
hormone stimulus, defense response, regulation
of cell cycle, etc. (Table I). proto-oncogene ser-
ine/threonine protein kinase (PIM1), which en-
riched in the clus3 and clus8, may work in the
regulation of cell cycle.

And significant pathways, such as tyrosine
metabolism, cell cycle and acute myeloid
leukemia were detected in the Table II. PIM1 not
only works in the regulation of cell cycle but in
the acute myeloid leukemia pathway.
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Figure 1. Correlation network of OA. Total 648 relationships with the r > 0.8 & fdr < 0.05 in the correlation network. The
nodes strand for DEGs and the links strand for the high correlation among the DEGs.
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playing important roles in OA based on previous
reports. The detail discussion was as following.

TNFAIP3, also known as zinc finger protein
A20, is a dual ubiquitin-editing enzyme whose
expression is rapidly induced by the tumor necro-
sis factor (TNF) and has been shown to involve in
the negative feedback regulation of NF-κB as

Discussion

According to our analysis results, we could find
that many target genes and pathways closely related
with OA had been linked by our graph-clustering
method (Tables I and II). Among them, TNFAIP3,
ATF3, and PPARG gene have been demonstrated
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well as TNF-mediated apoptosis19. TNFAIP3
was found heavy expression in nuclear and cyto-
plasmic in OA synoviocytes. Mutations in the
zinc finger domains are able to disrupt the locali-
sation of TNFAIP3 to an endocytic membrane
compartment20.

ATF3 gene encodes a member of the mam-
malian activation transcription factor/cAMP re-
sponsive element-binding (CREB) protein family
of transcription factors. This gene is induced by a
variety of signals, and is involved in the complex
process of cellular stress response. OA is associ-
ated with neuropathic pain. As a marker of nerve
injury, ATF-3 showed significantly increased
ATF-3-immunoreactivity following MIA-in-
duced OA treatment in lumber (L) 4 and L5 dor-
sal root ganglia of the ipsilateral knee21.

PPARG (peroxisome proliferator-activated re-
ceptor gamma) is a ligand-activated transcription
factor and member of the nuclear receptor super-
family. PPARG expression level is reduced in OA
chondrocytes, but increase expression of inflam-
matory and catabolic factors, such as IL-1, TNF-α,
IL-17, and prostaglandin (PG) E2. Thus, inhibition
of PPARG expression in chondrocytes by proin-
flammatory cytokines may be an important process
in OA pathophysiology. Agonists of PPARG also
have been demonstrated to inhibit inflammation
and reduce synthesis of cartilage degradation prod-
ucts, and reduce the development/progression of
cartilage lesions in OA animal models22.

To identify the relevant pathways changed in
each cluster, we used the hypergeometric distribu-
tion approach on pathway level. The results showed
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Figure 2. Graph clustering of correlated modules in OA (threshold r ≥ 0.9). Using the DPClus algorithm we extracted 10
clusters in OA (only 6 clusters were displayed). The significant domains were assigned by Interpro enrichment analysis (see
Methods). The internal nodes of the clusters are connected by green edges; neighboring clusters are connected by red edges.
NA means no term was detected.



that cell cycle, tyrosine metabolism and acute
myeloid leukemia were as the significant pathway
(p-value < 0.05). And there was also evident that
these pathways involved in OA progression.

Several studies have provided evidence that
chondrocyte activation occurs very early in OA to
increase proteoglycan content of cartilage; then the
turnover of cartilage matrix is enhanced, resulting
in proteoglycan depletion; and, finally, chondro-
cytes are lost. Therefore, chondrocyte cell cycle
plays an important role in OA. Cell cycle analysis
showed that the proportion of activated chondro-
cytes in the S phase was significantly higher in
Max damage OA sample than in Min damage OA
sample or normal cartilage. Amounts of cell cycle
related intracellular signal involve in this process,
such as p53 and Bcl-2. Bcl-2 promotes cell sur-
vival, whereas p53 can arrest cell cycle23,24.

Tyrosine metabolism mainly includes two path-
ways, namely, catecholamine and melanin. Among
them, catecholamine was suggested involved in

OA. Catecholamine (CA) implies dopamine (DA)
and its metabolic products, noradrenaline (NA) and
adrenaline (A). These CAs are synthesized from the
amino acid L-tyrosine (L-Tyr) in a common
biosynthetic pathway that uses six enzymes. Tyro-
sine hydroxylase (TH) is the rate-limiting enzyme
for CA biosynthesis25. Study showed that TH+ cells
were present only in OA inflamed synovial tissue to
produce catecholamine-in fibroblasts,
macrophages, B cells, mast cells and granulocytes
to have a strong anti-inflammatory effect. There-
fore, modulation of catecholamine-producing cells
could be used as a new therapeutic target in OA26.

Conclusions

We have used network analysis as a conceptu-
al framework to explore the pathobiology of OA
based on the assumption that OA is a contextual
attribute of distinct patterns of interactions be-
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Category Term p-valuemin Genes Benjamini

clus1 GO:0009725~response to 3.21E-04 PRKAR2B, LDLR, CRYAB, 0.192237
hormone stimulus IL1B, TIMP4, ADIPOQ

clus2 GO:0006952~defense response 0.001081 LIPA, OLR1, MNDA, 0.14786
LTA4H, CFI

clus3 GO:0051726~regulation of cell cycle 2.11E-04 CDKN1A, PIM1, BCL6, 0.093776
ADD45B, MYC

clus4 GO:0006952~defense response 0.006394 S100A8, LY86, FCGR1A, 0.607983
CX3CR1

clus5 GO:0006955~immune response 0.001223 IGHG1, IGL@, IGJ, IGH@, 0.177799
CD27

clus6 GO:0010033~response to 2.08E-05 TF, FADS1, PPARG, HSPA6, 0.007652
organic substance CDO1, LPIN1

clus7 NA
clus8 GO:0048609~reproductive process 0.031356 SLC6A3, ZBTB16, FOXO3 0.999822

in a multicellular organism
clus9 GO:0006334~nucleosome assembly 0.042673 HIST1H1C, H1FX 0.994426
clus10 GO:0051222~positive regulation 0.029356 VEGFC, CD27 0.991497

of protein transport

Table I. List of enriched GO term in cluster 1 to 10 detected by DPClus.

NA: no term was detected.

Category Term p-value Genes Benjamini

clus1 hsa00350:Tyrosine metabolism 0.008131 MAOA, ADH1B, AOC3 0.260717
clus2 NA
clus3 hsa04110:Cell cycle 0.008429 CDKN1A, GADD45B, MYC 0.169905
clus4-7 NA
clus8 hsa05221:Acute myeloid leukemia 0.066546 PIM1, ZBTB16 0.729752
clus9,10 NA

Table II. List of enriched pathways in cluster1 to 10 detected by DPClus.

NA: no term was detected. clus 4-7: clus4, clus5, clus6 and clus7.
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tween multiple genes. The salient results of our
study include TNFAIP3, ATF3, PPARG, cell cy-
cle, and tyrosine metabolism pathway which all
have related with OA in direct or indirect man-
ner. Further experiments are still indispensable to
confirm our predicted target genes.
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