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Abstract. The objective of the present study was to predict
key genes in ovarian cancer before and after treatment with
decitabine utilizing a network approach and to reveal the
molecular mechanism. Pathogenic networks of ovarian
cancer before and after treatment were identified based on
known pathogenic genes (seed genes) and differentially
expressed genes (DEGs) detected by Significance Analysis of
Microarrays (SAM) method. A weight was assigned to each
gene in the pathogenic network and then candidate genes
were evaluated. Topological properties (degree, betweenness,
closeness and stress) of candidate genes were analyzed to
investigate more confident pathogenic genes. Pathway enrich-
ment analysis for candidate and seed genes were conducted.
Validation of candidate gene expression in ovarian cancer was
performed by reverse transcriptase-polymerase chain reaction
(RT-PCR) assays. There were 73 nodes and 147 interactions in
the pathogenic network before treatment, while 47 nodes and
66 interactions after treatment. A total of 32 candidate genes
were identified in the before treatment group of ovarian cancer,
of which 16 were rightly candidate genes after treatment and
the others were silenced. We obtained 5 key genes (PIK3R2,
CCNBI, IL2, ILIB and CDC6) for decitabine treatment that
were validated by RT-PCR. In conclusion, we successfully
identified 5 key genes (PIK3R2, CCNBI,IL2,ILIB and CDC6)
and validated them, which provides insight into the molecular
mechanisms of decitabine treatment and may be potential
pathogenic biomarkers for the therapy of ovarian cancer.

Introduction
Ovarian cancer is the ninth most common cancer among

women and the fifth leading cause of cancer-related death
among women with recent statistics suggesting that 1 in
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71 women will develop ovarian cancer (1,2). Approximately
70% of ovarian cancer cases are diagnosed at a late stage
and therefore are poorly treatable (3). Although the current
standard treatment for ovarian cancer involving the use of
paclitaxel and carboplatin after aggressive surgical cytoreduc-
tion usually results in multiyear survival, prolonged use of
platinum-based chemotherapy often induces drug resistance,
which causes ovarian cancer relapse and eventually the death
of patients (4). Such knowledge may translate into the devel-
opment of new targeted strategies. In addition, since ovarian
cancer is considered to be a heterogeneous group of diseases
with distinct gene expression profiles, it is likely that the focus
should be towards the development of new targeted therapies
capable of exploiting the molecular and genetic characteristics
of ovarian cancer (5). Therefore, it is necessary to understand
the pathogenesis of ovarian cancer by dissecting the compo-
nents involved in the pathogenic procedure, i.e. pathogenic
genes.

The pathogenic genes can be identified in the laboratory
by techniques, such as gene knockout or silencing, however,
the pathogenic gene list is far from complete and it is a painful
process to identify pathogenic genes in the laboratory consid-
ering the genome size and time-consuming experiments (6).
In contrast, computational methods can provide alternative
strategies for this issue, for instance, high throughput tech-
niques. Traditionally, studies tend to regard differentially
expressed genes (DEGs) between normal and disease samples
as biomarkers and pathogenic genes, but, DEGs alone may
lead to false positives while identifying key genes involved in
disease procedure since some genes are not involved in the
pathway of pathogenic genes even though they show signifi-
cant expression change (7). In the meantime, studies have
shown that the most significant genes obtained from different
studies for a particular cancer are typically inconsistent (8). To
overcome this issue, one could evaluate pathogenic genes for
disease-association using a network strategy (9).

5-Aza-2'-deoxycytidine (decitabine) is a prodrug that
requires metabolic activation by deoxycytidine kinase, an
active inhibitor in the triphosphate form (10). DNA poly-
merase catalyzes the insertion of the phosphorylated form of
decitabine into DNA, and the presence of decitabine in place of
the 5-methylcytosine in DNA leads to the inactivation of DNA
methyltransferase inducing a re-expression of the silenced
genes (11). It has been demonstrated that decitabine produces
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variable antitumor response rates in patients with solid tumors
that may be leveraged clinically with identification of a predic-
tive biomarker (12). For instance, decitabine is an effective
therapy for myelodysplastic syndromes (MDS) and for acute
myeloid leukemia (AML) (13). Moreover, its role in the treat-
ment of ovarian cancer has been defined in regards to the fact
that epigenetic therapy upregulates the expression of imprinted
tumor suppressors (14). Hence, more and more research has
focused on ovarian cancer treatment with decitabine, while the
molecular mechanisms of this drug remain unclear.

Therefore, in the present study, we employed a network
approach to predict key genes which are potentially silenced
genes for ovarian cancer before and after treatment with
decitabine. The network approach was based on a pathogenic
network that derived from a protein-protein interaction (PPI)
network, DEGs and known pathogenic genes (seed genes), to
identify candidate genes and silenced genes. Subsequently,
topological properties and pathway enrichment analysis were
performed for candidate genes. By combining weight values
and topological properties of candidate genes and silenced
genes before and after treatment with decitabine, we obtained
key genes and validated key genes by reverse transcriptase-
polymerase chain reaction (RT-PCR) assays.

Materials and methods

Gene expression data. In the present study, the microarray
gene expression profile of ovarian cancer with accession
no. E-GEOD-25429 (15) was downloaded from ArrayExpress
database. E-GEOD-25429 was comprised of 91 samples
(4 normal controls, 43 ovarian cancer samples and 41 ovarian
cancer samples treated with decitabine), and deposited
on two platforms, A-AFFY-44-Affymetrix GeneChip
Human Genome U133 Plus 2.0 [HG-U133_Plus_2] and
A-AFFY-113-Affymetrix GeneChip HT Human Genome
U133A [HT_HG-U133A]. When mapping the probes to genes
according to the platforms, a total of 20,107 and 12,494 genes
were obtained, respectively. To avoid batch effects from the
different platforms, we took the intersections of two platforms
as the gene expression profile which consisted of 12,493 genes
for further analysis.

Detection of DEGs. To determine expression changes between
normal controls and ovarian cancer before and after treatment
with decitabine while accounting for the enormous number
of genes, Significance Analysis of Microarrays (SAM) (16),
which assigns a score to each gene on the basis of the change in
gene expression relative to the standard deviation of repeated
measurements, was utilized in the present study. We divided
the samples into two conditions, condition 1 (normal controls
vs. ovarian cancer before treatment) and condition 2 (normal
controls vs. ovarian cancer after treatment with decitabine). By
conducting a set of gene-specific #-tests among two conditions,
genes with statistically significant changes in expression were
identified based on SAM. Taking condition 1 as an example,
the relative difference d(i) in gene expression was defined as
following:

a(i) = x, (1) = x, (7

s\7)+ s,

3549

Where Xy (1) and Xy (1)
are defined as the average levels of expression for gene i in
normal and ovarian cancer, respectively. s(i) is the standard
deviation of repeated expression measurements. The value for
s, was chosen to minimize the coefficient of variation.

To identify significant differentially expressed genes
further, genes were ranked in descending order of d(i) values,
so that d(1) was the largest relative difference, d(2) was the
second largest relative difference, and d(i) was the ith largest
relative difference. Meanwhile dt(i) was the ith largest relative
difference for permutation ¢. The expected relative differ-
ence, dg(i), was defined as the average over all permutations,
dg(i) = (Xt dt(i))/n. For the vast majority of genes, d(i) £ d,(i),
but some genes were represented by points displaced from the
d(@i) = dg(i) line by a distance greater than a threshold A. As
A decreased, the number of genes called significant by SAM
increased, the A value for condition 1 and condition 2 was
3.600 and 3.436, separately.

Identification of pathogenic network. There are some genes
that have been identified as pathogenic genes of ovarian cancer
in Online Mendelian Inheritance in Man (OMIM) database, an
online catalog of human genes and genetic disorders (17). In
the present study, a total of 87 genes were found, which were
also called as known pathogenic genes. Taking the intersection
with the gene expression profile, we obtained 82 intersected
genes and defined them as seed genes (Table I).

Meanwhile, we recruited human PPI from the Search Tool
for the Retrieval of Interacting Genes/Proteins (STRING) (18),
and interactions with score >0.5 were kept as the background
PPI network. Subsequently, a network was extracted from the
background PPI network that included genes that interacted
with seed genes, where the genes were further required to
be DEGs of ovarian cancer before (condition 1) and after
(condition 2) treatment with decitabine. Therefore, genes
in the sub-network were more possibly pathogenic genes.
Furthermore, a smaller sub-network that consisted of genes
interacting with at least two seed genes was extracted from
the previous network and were regarded as the pathogenic
network, where the genes in the pathogenic network were
believed to be correlated to pathogenesis.

Ranking of the pathogenic genes. To facilitate the biologists to
select more confident pathogenic genes from our predictions,
each gene was assigned a weight value based on the interac-
tions and co-expression with seed genes, where a gene was
more confident to be a pathogenic gene if it interacted and was
co-expressed with more seed genes (6). The co-expression
was evaluated by Pearson correlation coefficients (PCC) (19)
between our predicted pathogenic and seed genes. The weight
for gene x, W(x), was calculated as following:

W(x) = > PCC(x, y) x I(x, y)

yes

where S is the set of seed genes, PCC(x, y) is the correla-
tion coefficient between gene x and gene y, and I(x, y) is an
indication function, where I(x, y) = 1 if protein x interacted
with protein y and I(x, y) = O otherwise. The weight of each
predicted pathogenic gene could illustrate the correlation
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Table I. Seed genes of ovarian cancer.
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1D Gene ID Gene ID Gene ID Gene
1 MUCI 22 TNFRSFIB 43 SERBP1 64 CLIC4
2 TPM3 23 RASAL2 44 VCAMI 65 RNASEL
3 UCHLS5 24 PEAIS 45 GADD45A 66 EPHA2
4 MDMA4 25 CHI3LI 46 CD34 67 MASP2
5 TP73 26 SELENBPI 47 NTRK1 68 HSD3B2
6 SHC1 27 RWDD3 48 CRP 69 HSD3BI
7 MTHFR 28 RUNX3 49 WNT2B 70 PARPI
8 PBX1 29 NASP 50 KCNHI 71 ASPM
9 EXO1I 30 RADS4L 51 EFNAI 72 JUN
10 AKT3 31 IKBKE 52 RORI 73 SLC2A1
11 FGR 32 BCLI0 53 FCN3 74 RAB25
12 VICNI 33 DPYD 54 FASLG 75 CHDS5
13 DESI2 34 PTGS2 55 HDACI1 76 NES
14 COLI1AI 35 PTAFR 56 ILI10 77 SFN
15 MTOR 36 CD247 57 LPAR3 78 TACSTD2
16 KIF14 37 NGF 58 LIN2SA 79 S100A6
17 THEMIS2 38 PRDX1 59 S100A4 80 PRDX6
18 GSTM1 39 DVLI 60 YBX1 81 LAMTORS
19 E2F2 40 MCLI 61 KISS1 82 MLLT11
20 ADSS 41 F3 62 DIRAS3
21 KCNK2 42 EPHXI 63 TGFB2

between this gene and the seed genes. The higher the weight
of one gene, the more possible the gene was involved in the
pathogenic procedure. In addition, we defined the potential
pathogenic genes not seed genes as candidate genes of ovarian
cancer.

Properties of the pathogenic network. For the purpose of
investigating the possible roles of candidate genes, topological
properties of nodes in the pathogenic network were explored,
including degree, betweenness, closeness and stress. For an
undirected network G = (V, E), where V is the set of vertices
representing nodes in the network, and E is the set of edges
representing the relationships between the actors. A path from
node s to t was defined as a sequence of edges and the length
of a path was the sum of the weights of edges. We used d(s, )
to denote the distance between s and ¢ (the minimum length
of any path connecting s and ¢ in G). Let us denote the total
number of shortest paths between vertices s and ¢ by o,,, and
the number passing through node v by o,,(v).

Degree. Degree is a simple local measure, based on the notion
of neighborhood. It quantifies the local topology of each gene
by summing up the number of its adjacent genes (20). The
degree D(v) of a node v was defined as:

D)= a,

Betweenness centrality. Betweenness centrality, C,z(v), is a
shortest paths enumeration-based metric in graphs for deter-
mining how the neighbors of a node are interconnected, and is
considered as the ratio of the node in the shortest path between

two other nodes (21), in consequence Cg(v) € [0, 1]. It was
calculated as follows:

o.
W=y O
C 5";-\" O

Closeness centrality. Closeness centrality, C.(v), is a measure
of the average length of the shortest paths to access all other
proteins in the network (22). It was defined as the reciprocal of
the average shortest path length:

1

C}{v]:—z rc_l\.d(s,I)

Stress. This index computes the number of nodes in the shortest
path between two other nodes (23). If a node was stressed, it
would be traversed by a high number of shortest paths. The
stress, C,(v) was defined as:

C»=2 Yo,

s#veN r#veN

Pathway enrichment analysis of candidate genes. Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrich-
ment analysis for candidate and seed genes were performed
based on the Database for Annotation, Visualization and
Integrated Discovery (DAVID) (24). In addition, pathways
which met the criterion P<0.01 were selected according to
Expression Analysis Systematic Explorer (EASE) test imple-
mented in DAVID (25). The calculating formula of EASE is

shown as follows:
a+b\c+d
(L)

n
a+c

pP=
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Table II. Primer sequences for the five genes validated by RT-PCR.
Primers (5'-3")

Gene Forward Reverse Length (bp)
PIK3R2 ATGGCACCTTCCTAGTCCGAGA CTCTGAGAAGCCATAGTGCCCA 127
CCNBI GACCTGTGTCAGGCTTTCTCTG GGTATTTTGGTCTGACTGCTTGC 120
IL2 AGAACTCAAACCTCTGGAGGAAG GCTGTCTCATCAGCATATTCACAC 152
ILIB TCAGCATTAACATGCGTGCTTTCC CTTTATATCCTATGAATGAGCCATCTG 104
CDC6 CAGTAGACACAAAACAGGCTCAG TGTCGGATCTCCCTCACCAATG 123
[B-actin CTCCATCCTGGCCTCGCTGT GCTGTCACCTTCACCGTTCC 268

Of which a = a'- 1, a' is the gene number of one gene set
in the gene lists; a' + b is the number of genes in the gene list
including at least one gene set; a' + ¢ is the gene number of
one gene list in the background genes; n =a'+ b + ¢ + d is the
number of background genes in EASE.

Validation of candidate genes by RT-PCR. RT-PCR assays
were carried out to validate key genes. Total RNA was
prepared from ovarian cancer cell line A2780 before and after
treatment of decitabine, and 10 ovarian cancer patient tissues
using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). In
the present study, ovarian cancer cell line A2780 was kindly
provided by the Cancer Center, Qilu Hospital of Shandong
University (Jinan, China). Cells were cultivated in Dulbecco's
modified Eagle's medium (DMEM)/F-12 containing 10%
fetal bovine serum (FBS) (Gibco Life Technologies, Carlsbad,
CA, USA), and antibiotics (100 U/ml penicillin G, 100 pg/ml
streptomycin) and 250 ng/ml fungizone (Roth, Karlsruhe,
Germany) at 37°C in a humidified incubator with 5% CO,
atmosphere (Shanghai Sumsung Experimental Instrument
Co., Ltd., Shanghai, China). When the cultures reached conflu-
ency (6 days), the cells were treated with 0.05% trypsin/l mM
EDTA for 5 min at 37°C. Subsequently, the cell suspension
was diluted with DMEM/F-12 supplemented with 10% FBS to
a concentration of 2x10° cells/ml, and plated in 12-well culture
plates (1 ml/well). Culture medium was changed after 24 h and
then every 3 days. Before performing related analyses, the cell
lines were cultured by decitabine (5 gmol) for 4 h.

For cDNA synthesis, RNA was treated with oligo(dT),q
primers (Invitrogen), 2 ul RNasin (40 U/ul), 8.0 ul 5X reverse
transcriptase buffer, 8.0 ul dNTPs and 2 ul AMV reverse
transcriptase (5 U/ul). The reactions were incubated for 1 h
at 42°C, 15 min at 70°C, and adjusted to a final volume of
50 pl. The data were normalized to [3-actin reference. PIK3R2,
CCNBI, IL2, ILIB and CDC6 were taken as examples to
conduct RT-PCR validated assays and their primer sequences
are listed in Table II.

For PCR amplification, the mix contained 10 ul of 10X
PCR buffer I, 1 ul of Tag DNA polymerase (both from
Invitrogen), 3 pl of each forward and reverse primer and 8 pl
of dNTPs. Conditions were as follows: 5 min at 95°C for
pre-denaturation, followed by 35 cycles of 60 sec at 94°C,
30 sec at 55°C and 30 sec at 72°C, and a final 10-min extension
at 72°C. Three replicates of the assay within or between runs
were performed to assess reproducibility. Products of the PCR

experiment were analyzed by 1.5% agarose gel electrophoresis
and Quantity One software using a gel imaging analyzer (Bio-
Rad, Hercules, CA, USA).

Results

Detection of DEGs. Prior to the study of the DEGs between
the normal controls and ovarian cancer before and after treat-
ment with decitabine and investigation of significant genes
in ovarian cancer, we designated two conditions, condition 1
(normal controls vs. ovarian cancer before treatment) and
condition 2 (normal controls vs. ovarian cancer after treatment
with decitabine), or in other words, condition 1 was the before
treatment group and condition 2 was the after treatment group.
A total of 850 and 667 DEGs were obtained from the two
conditions based on SAM with A=3.600 and 3.436, separately.

Identification of the pathogenic network. In the present study,
interactions in the STRING database with a score >0.5 were
kept as the background PPI network. With known pathogenic
genes as seed genes, a network was extracted from the back-
ground PPI network, where the genes interacted with at least
one seed gene. Although the genes interacting with seed genes
were possibly pathogenic genes, they may also just interact
with seed genes to maintain the essential biological processes
for ovarian cancer. Therefore, the integration of DEGs and the
network identified above helped to reduce false positives since
it was believed that the expression changes of DEGs were
possibly caused by the interactions with seed genes.

By mapping DEGs from condition 1 to the network extracted
from background PPI network of ovarian cancer before treat-
ment, we finally obtained a sub-network that consisted of
65 genes except 47 seed genes and 180 interactions which
linked to at least one seed gene (Fig. 1). Furthermore, the genes
that interacted with at least two seed genes were identified since
these genes are more likely to be pathogenic genes due to their
tight interactions with seed genes. As a result, 147 interactions
were investigated to connect to at least two seed genes, and their
interactions involved 73 genes in total, of which 41 were seed
genes and the others were candidate genes; the sub-network is
shown in Fig. 2 and is called pathogenic network. Notably, we
found that four seed genes, KIFI4, ASPM, EXOI and RAD54L,
interacted with each other and formed a clique. Therefore, these
four seed genes may belong to the same complex or pathway
that is involved in the pathogenic procedure.
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Figure 1. The sub-network of ovarian cancer before treatment. Nodes are genes, and the edge stands for the interaction between two genes. The red vertices
denote seed genes from ovarian cancer, i.e. the known pathogenic genes; the green vertices stand for genes that interacted with at least two seed genes; the

yellow vertices represent genes that interacted with only one seed gene.

Similarly, when changing DEGs and the background PPI
network before treatment to after treatment, we obtained the
sub-network (Fig. 3) and pathogenic network (Fig. 4) of ovarian
cancer after treatment with decitabine. In Fig. 3, there were 83
nodes of which 39 were seed genes and 94 edges, but these
genes were not entirely connected together. Discarding genes
that only interacted with one seed gene, 16 candidate genes
and 66 interactions were extracted from the sub-network and
were formed into the pathogenic network of ovarian cancer
after treatment.

Ranking of candidate genes. A total of 32 and 16 candidate
genes (Tables III and IV) were identified by ranking the
pathogenic genes based on the pathogenic network before and
after treatment. To screen more reliable pathogenic genes, we

assigned a weight to each candidate gene according to PCC,
and ranked them in decreasing order. The higher weight of one
gene, the more confident pathogenic gene of ovarian cancer
was. For the candidate genes before treatment, /L2, PIK3R2,
ILIB, CDC6 and CCNBI possessed the top five rankings with
a weight of 6.693, 6.027, 4.542, 3.890 and 3.643, respectively.
The candidate genes of the after treatment group were part
of that of before treatment, but their weights had great differ-
ences apart from PIK3R2 and CCNBI. The top five genes after
treatment were PIK3R2, CDC7, TYR, E2F8 and CCNBI.

By comparing the two types of candidate genes, we found
that the 16 candidate genes of the after treatment group
were all involved in the 32 candidate genes, and the other
16 candidate genes before treatment were silenced after treat-
ment. The silenced genes were: IL2, ILIB, CDC6, AURKA,
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Figure 2. The pathogenic network of ovarian cancer before treatment. The red vertices denote seed genes, i.e. known pathogenic genes, the green vertices are

genes that interacted with at least two seed genes, and each vertex was assigned a weight. The color bar represents the relationship between color and weight,
where the deeper the color the larger is the weight.
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Figure 3. The sub-network of ovarian cancer after treatment with decitabine. Nodes are genes, and the edge stand for the interaction between two genes. The

red vertices denote seed genes from ovarian cancer, i.e. known pathogenic genes; the green vertices stand for genes that interacted with at least two seed genes;
the yellow vertices represent genes that interacted with only one seed gene.
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Figure 4. The pathogenic network of ovarian cancer after treatment with decitabine. The red vertices denote seed genes, i.e. known pathogenic genes, the green
vertices are genes that interacted with at least two seed genes, and each vertex was assigned a weight. The color bar represents the relationship between color
and weight, where the deeper the color the larger is the weight.

Table III. Weights for the candidate genes of ovarian cancer

before treatment.

Table IV. Weights for the candidate genes of ovarian cancer
after treatment.

Row  Node Weight Row Node Weight Row Node Weight
1 112 6.963 17  NCAPG 1.846 1 PIK3R2 6.028
2 PIK3R2 6.027 18  RUVBL2 1.830 2 cDC7 4421
3 ILIB 4.542 19 IGF2BP3 1.816 3 TYR 3.288
4 CDC6 3.890 20  NDC80 1.791 4 E2F8 3.067
5 CCNBI 3.643 21  KIFISA 1.680 5 CCNBI 3.046
6 CcDC7 3.577 22 KIF23 1.665 6 RPAP3 2.336
7 AURKA 3443 23 HELLS 1.624 7 NUSAPI 2.286
8 GINS1 3.385 24  LCP2 1.618 8 IGF2BP3 1.825
9 BDKRBI  3.026 25  RHEB 1.447 9 KRAS 1.813

10 E2F8 2.904 26  TRIM37 1.424 10 RUVBL2 1.797

11 TYR 2.854 27  VRKI 1.377 11 TRIM37 1.724

12 FBXO5 2.732 28  MCM4 1.321 12 NCAPG 1.590

13 RPAP3 2.386 29  LMNBI 1.236 13 CPB2 1.511

14 KRAS 2.211 30 NCAPH 0.829 14 LMNBI 1.296

15 NUSAPI  2.080 31 CPB2 0.777 15 RHEB 1.202

16 DLGAP5 2075 32 CYPI9AI 0.704 16 CYPI9AI 0.425

GINS1, BDKRBI, FBXO5, DLGAP5,NDC80,KIFI8A, KIF23,
HELLS, LCP2, VRKI, MCM4 and NCAPH, among which IL2
changed most. The silenced genes with weight in the top five
(IL2,ILIB, CDC6, AURKA and GINSI) may be more impor-
tant than others for the decitabine functional process.

Identification of key genes. In the present study, several
indices were utilized to investigate topological properties of
candidate genes, including degree, betweenness, closeness
and stress. Among the 16 common candidate genes, we
removed TRIM37, CPB2 and CYPI9A1 which only interacted
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Figure 5. Topological properties of the candidate genes from ovarian cancer before and after treatment with decitabine. (A) Degree. (B) Betweenness.

(C) Closeness. (D) Stress.
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Figure 6. Topological properties of the silenced genes. (A) Degree. (B) Betweenness. (C) Closeness. (D) Stress.

with two seed genes and were not mapped main components
of the pathogenic networks, and the results of the other
13 candidate genes are displayed in Fig. 5. The degree
distributions for 12 candidate genes except /IGF2BP3 in the
before treatment group were the same as that in the after

treatment group. As for betweenness and stress, PIK3R2 and
CCNBI were changed to a greater extent than the residual
genes. The closeness for candidate genes in ovarian cancer
before treatment was similar, but small differences were

produced in after treatment.
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Table V. Pathways enriched by seed genes and candidate genes with P<0.01.

Pathway Count P-value Genes

Neurotrophin signaling pathway 7 3.14E-04 KRAS,JUN,NTRKI,SHCI1,AKT3, PIK3R2, NGF
Cell cycle 7 3.28E-04 CDC7,CCNBI,CDC6,HDACI,SFN, MCM4, GADD45A
ErbB signaling pathway 6 4.76E-04 KRAS,JUN,SHCI,MTOR,AKT3, PIK3R2
Glioma 5 1.272E-03 KRAS,SHCI1, MTOR,AKT3, PIK3R2

T cell receptor signaling pathway 6 1.276E-03 KRAS,JUN, AKT3,1L2, LCP2, PIK3R2

Chronic myeloid leukemia 5 2.429E-03 KRAS,HDACI1,SHCI1,AKT3, PIK3R2

Insulin signaling pathway 6 3.413E-03 KRAS,RHEB,SHCI1, MTOR,AKT3, PIK3R2
Apoptosis 5 4.165E-03 NTRKI,ILIB,AKT3, PIK3R2, NGF

mTOR signaling pathway 4 7.113E-03 RHEB, MTOR,AKT3, PIK3R2

Acute myeloid leukemia 4 9.622E-03 KRAS, MTOR, AKT3, PIK3R2

Topological properties of the silenced genes are illustrated
in Fig. 6; note that VRKI which only interacted with two seed
genes was discarded. /L2 had the highest values of four topo-
logical induces, ILIB and CDC6 were next. Apart from them,
degree distributions of the other silenced genes were similar,
as well as closeness distribution. Meanwhile, distribution tends
between betweenness and stress were almost the same.

Combining weight values and topological properties of
the candidate genes and silenced genes, PIK3R2, CCNBI, IL2,
ILIB and CDC6 were regarded as key genes for ovarian cancer
treated with decitabine.

Pathway analysis. KEGG pathway enrichment analysis
for the seed genes and candidate genes were carried out,
and pathways with P<0.01 which were calculated by EASE
algorithm implemented in DAVID are listed in Table V. A
total of 10 pathways were evaluated, of which 5 were signaling
pathways (neurotrophin, ErbB T cell receptor, insulin and
mTOR signaling pathways) and 2 (cell cycle and apoptosis)
were related to cell activities. In addition, the other 3 pathways
were cancer pathways (glioma, chronic myeloid leukemia and
AML). The most significant 3 pathways were neurotrophin
signaling pathway (P=3.14E-04), cell cycle (P=3.28E-04)
and ErbB signaling pathway (P=4.76E-04). PIK3R2 actively
participated in 9 pathways except the cell cycle. CCNBI and
CDC6 were enriched in cell cycle, while /L2 mapped to T cell
receptor signaling pathway.

Validation of candidate genes by RT-PCR. To study the
activity and expression levels of candidate genes in ovarian
cancer, we collected ovarian cancer A2780 cells before and
after treatment with decitabine, and 10 ovarian cancer patient
tissues to perform RT-PCR analyses. Note that the normal
controls in the RT-PCR assays were para-carcinoma tissues
of ovarian cancer patients. After RNA extraction, the cDNA
synthesis and PCR amplification, we obtained the relative
expression levels of 5 candidate genes (PIK3R2, CCNBI, IL2,
ILIB and CDC6) which were taken as examples. By assessing
the analysis of significance dependent on SPSS, the results are
illustrated in Fig. 7. Apart from ILIB, the other four genes of
ovarian cancer before treatment were significantly differen-
tially expressed with "P<0.05 compared to normal controls
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Figure 7. Relative expressions for PIK3R2, CCNBI, IL2, ILIB and CDC6.
The expression of one gene in ovarian cancer before and after treatment
as compared to the normal controls is indicated by its P-value: "P<0.05
indicates that the gene of ovarian cancer before treatment was significantly
differentially expressed compared to normal controls; “P<0.05 indicates that
the gene was significantly differentially expressed in ovarian cancer after
treatment compared with the normal control; and “P<0.05 indicates that the
gene was significantly differentially expressed across ovarian cancer before
and after treatment.

and ovarian cancer after treatment (*P<0.05). Only PIK3R2
was differentially expressed between ovarian cancer after
treatment and normal controls (*P<0.05).

Discussion

In the present study, we predicted key genes associated with
ovarian cancer following treatment with decitabine utilizing
a pathogenic network method. The results identified 5 key
genes, PIK3R2, CCNBI,IL2, IL1B and CDC6, which had high
weight and good topological properties (degree, betweenness,
closeness and stress) in the pathogenic network before and
after treatment. In addition, these genes were validated by
RT-PCR assays.

The phosphatidylinositol 3-kinase (PI3K) enzyme is
an obligate heterodimer composed of a regulatory subunit
(PIK3R) and a catalytic subunit (PIK3C) (26). Once the interac-
tion of PIK3R with a variety of receptors is recruited, PIK3C is
activated through a conformational switch and produces phos-
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phatidylinositol-3,4,5-trisphosphate (PIP3), which functions
as a cellular second messenger (27). PIP3 encodes kinases, of
which the most important is AKT that control a multitude of
pathways, including cell growth, survival and metabolism (28).
As a consequence, there is a close relationship between PI3K
and AKT. It has been reported that alterations to the PI3K-AKT
signaling pathway are common in human cancer, for example,
in ovarian cancer (29). We discovered that phosphoinositide-
3-kinase, regulatory subunit 2 (PIK3R2) and v-akt murine
thymoma viral oncogene homolog 3 (AKT3) co-function in
several pathways which also play significant roles in the process
of ovarian cancer, such as neurotrophin signaling pathway and
ErbB signaling pathway (30,31). Cheung et al (32) demon-
strated PIK3R2 mutations on PI3K signaling in endometrial
cancer, thus we may infer that PIK3R2 mutations also exist in
ovarian cancer.

Cyclin Bl (CCNBI) is a regulatory protein involved in
mitosis and the product complexes to form the maturation-
promoting factor. Its transcription leading to aberrantly high
levels of CCNBI throughout the cell cycle is associated with
excessive hyperplasia in several human cancers (33). For
example, CCNBI was found to have significant predictive
power in distant metastasis-, disease- and recurrence-free
survival, and overall survival of breast cancer patients (34).
We found that CCNBI was overexpressed in an ovarian cancer
cell line, but after decitabine treatment, its level decreased to
some extent.

Interleukin 2 (IL2) is a pleiotropic cytokine produced after
antigen activation and has roles in key functions of the immune
system, tolerance and immunity, primarily via its direct effects
on T cells in regards to the mediation of T cell growth and
proliferation (35). In the present study, we found that /L2 was
enriched in the T cell receptor signaling pathway. In ovarian
tumors, myeloid cells are one of the major determinants of
immune suppression, and the accumulation of these immuno-
suppressive activities may lead to further worsen cancer (36).
Duraiswamy et al demonstrated that therapeutic pathway
blockade augments other modalities of immunotherapy T cell
function preventing immune decline in ovarian cancer (37).
We may infer that /L2 had a potential role in decitabine-treated
ovarian cancer patients through the medium of T cell.

Cell division cycle 6 (CDC6) is an essential regulator
of DNA replication and plays important roles in the activa-
tion and maintenance of the checkpoint mechanisms in
the cell cycle (38). Deregulation of CDC6 leads to aberrant
DNA replication, DNA damage and genomic instability, and
may even contribute to tumorigenesis (39). CDC6 has been
associated with the oncogenic activities in human types of
cancers, such as lung (38), breast (40) and ovarian cancer (41).
For instance, Deng et al found that CDC6 was upregulated,
discovered a novel regulatory signaling pathway of CDC6 and
provided a new potential therapeutic target for ovarian cancer
patients (41). In addition, it has been suggested that a number
of genes are inversely correlated with CDC6 in functional
models of the ovarian cancer cell line HEYAS (42). In the
present study, we also found that CDC6 was upregulated in
ovarian cancer samples.

In conclusion, we have successfully identified 5 key genes
(PIK3R2, CCNBI, IL2, ILIB and CDC6) and validated them
by RT-PCR. Our findings provide insight into the molecular
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mechanisms of decitabine treatment and may be potential
pathogenic biomarkers for the therapy of ovarian cancer.
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