ISSN 1598—-9798

o) CI0| Ef|0] 2247

\/ Hi28H M3 201244 12€
SAA sz XH0|S 0|88 HEYZ
7|9r Ale 2lgd |RA AL EFA T

A Network—based Approach to Detect Disease—related
Genes using Differentially Expressed Gene Analysis

ZISEl ofx|, ElAIS

_u_

Hyunjin Kim, Jaegyoon Ahn, Sanghyun Park

H|O|E{H[0| A A~ALO[O1E]
Database Society

I =y R eps i o)

The Korean Institute of Information Scientists and Engineers






B
%_7
N
X oF
T
oF T

A Network-based Approach to Detect Disease-related Genes

using Differentially Expressed Gene Analysis

= 25 wd 44 Differentially Expressed

N
P

o] =1 Zojglo] Hlo|HE ¥4 eh= o

mﬁ

=
=

g

QA F4174 Afolo]

2

3

o). ol2l@ BAE 28] 9]

b 9)

ol %5

ol

ol

2

WS AREEITE oA

Hlo

el

gl 1ol

14 t}= EA Al (Feature Selection)

9]

P
T

7]
v

iy

Holth &

=
=

2} AUC(Area Under Curve)

3}

K

=0l o

el

o

3

Aol

[e)
2=

W Al vpolaefze] HelH

o, A%

A

al

3

EEEE MRS

3T
T

& A3
=1 i=4

v g

X

SEEE

2
3

o} 58

KN
=

A7) A9

ok
l

AQT A DA (=

=
K3

9]

1

gy QYo g

(2012-010775).



Abstract

One of general method for microarray analysis is discovering differentially expressed genes. The
differentially expressed gene is a gene which shows different expression levels between two
conditions. However, existing methods for finding differentially expressed genes have a limitation.
They cannot consider influences among genes. Specifically, they can hardly discover the biologically
proved genes which are related to specific diseases. To get over the limitation, we propose a novel
approach to discover disease-related genes using differentially expressed genes and protein-protein
interaction network. The proposed approach uses protein-protein interaction to reflect the influences
among genes. The approach showed better accuracy and AUC(Area Under Curve) value than a
method which does not consider the influences among genes and showed lower p-value than other

feature selection methods.

Keywords: Feature selection, Differentially expressed gene, Microarray analysis, Disease, Bioinformatics
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