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Abstract Microarray data, obtained from DNA chip technologies, is the measurement of the
expression level of thousands of genes in cells or tissues. It is used for gene function prediction or
cancer diagnosis based on gene expression patterns. Among diverse methods for data analysis, the
Bayesian network represents the relationships among data attributes in the form of a graph structure.
This property enables us to discover various relations among genes and the characteristics of the
tissue (e.g., the cancer type) through microarray data analysis. However, most of the present
microarray data sets are so sparse that it is difficult to apply general analysis methods, including
Bayesian networks, directly. In this paper, we harness an efficient structural learning algorithm and
data dimensionality reduction in order to analyze microarray data using Bayesian networks. The
proposed method was applied to the analysis of real microarray data, i.e., the NCIG0 data set. And its
usefulness was evaluated based on the accuracy of the learned Bavesian networks on representing the
known biological facts.
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T Enegative)?] 3o HEZ TIAHLEE dyPd. o
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A L-asparaginase’} 3 8289 1 94 F8=
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o}]Akg}= low(-1), normal(0), high(1)9] 377te =z &
sk ojArEE % ARG & 549 HFY ¥F
Al wel 2Pt FAHOZ p-cot utcovl 4
AL 2 ol &HUck A7IM pe 4o FFgkely o
= BEYACIT cE AARY AXE AP 9
FFE 043, 050, 0.600] o] 8RAT. 1Y 3& T &4

Fol FEATEEES wEd= 1 sl low(-1),
normal(0), high(1)9] cgtel] W& R Xolth
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-1 0 1
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0.60 | 27.4% | 45.1% | 27.4%
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setd H-EHE data set) F 3FF2 data seto] Wigh
wolxRly ¥4 FHE Medch 3709 data setd dl
ojgl A4 AT HslA] F& data set(Data Set 1),
¥k data set(Data Set 2)3 RELY data set
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gEH 2B sy A& beAe veln itk
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P o)At Z)uke) wlo)agolgo] dielg Ay 78l

3 1 7 data sete] 54 2 HEH wo|Aty g
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ASNS #7349} L-asparaginase E7+e] negative
correlation® DPYD #3d#¢t 5FU & (fluorouracil)
Abo) 9] negative correlatione] 72 B4 dtk 19 4
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L-asparaginase® 33 kg thitolty. 218oA
G4s} D2e FAPFHoez @Al Utk 2™ 4(b)el
A 82 DPYDE ¥33l= A dEgeln Dse
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