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Pharmacogenomics® 7112l §dH A&t FEo) did w3t @A ths] AT7&E GEI. o
€ 98] DNA microarray GICJEIE HIR ¥ thFe] B2 dojg7t F&Ha gley oz g YFE d
olel& EAEY] Al ZIAGET dolE vlolde o sPPEo] olg4HT Utk B =RdAE
pharmacogenomics& g WEH dolEe] & ¥4 $EZ o] Xt (Bayesian network)E A
A}, wol At tho] MsEI] HEA BAE TA: BE 28 = 2 Y(probabilistic graphical
model2 A4 Y@ FF WE Alolo] HEAH E FAE BAstu HAFSITh NCI6O cell lines
dataset C 2 76 G&d o] A #HAF(Bayesian genetic network)ol YEIE #FAE HELY g
< 59 A58 dA BAES OS5 EEEH, ol HoAt FAAYT BHE §¥ AFHY FHA-
FARL, FE-HE, FAA-GE BAE EdHoE Hotg £ UL Vb

1L A&

Pharmacogenomics= pharmacology?} genomics®] A
olZ JEAAY HHA du¥D FEo oiF ety #
AE ATt ol ol dg ATE Hs DNA
microarray Ho]E], %E Wh&(dug activity) Hlo|E] 5o
WFoz wEARa o, ojyFd e PEE d
O E A&AH0Z ¥AM3e ol AT A7t HER
X SH(bioinformatics) #-okollA #@slct. §3], 7]&9 7
Agrgolyt diolgl mlold g Eo] AL gloy
T HEA AL E2Egoz (2], [10] ol 2 do)
o} $HH, §48 2% (genetic network)S ARG I HAE
E Alol9) FAl(regulatory interaction)E ¥ T E(network
structure)2 A3t BAEtE = Alzolt) [12] AR
Bl FAo AMEHE 2dEE o7 sA0F o
o] At (Bayesian network)el] 7] ¥+gt FARHS FTAHT
ATEn Ut [5] WolAUGFE tge HE Q5
(random variable)S3+2] & P 7|(dependency relationship)
€ DAG(directed acyclic graph) Jej2 Edste 819
X % (probabilistic graphical mode)2 o2 §HAE9]
Azte] o & AAE A= AGsio

B =fdAe HolAtdL o8 FAAYY F &
Al T Wy 2 phammacogenomicsol €] A& Z of
HallA et FHAATE FHE7) YA A1LE
Hlo]E1 £ NCI60 cell lines dataset [7]°1t}. ©] ®lolE] & 97}
A FRe o =AM 719F 60719 cell lined] g
¢DNA microarray ©l°]€], 407]12] molecular markero] i3}
54, 2"z usMel %E(drugdl dig wEIE
(activity)ol] i dlolejolc}, o] wlo|E|E o] &3y T
o FAAYG FEE =22 I wo| XY Fejo
Fr % 2} %} (genetic network)& FAF.oW o] Ho)X e} §A
27 (Bayesian genetic network)S 7] &o] dald §AR-G

Az @A, FE-4E BA, FAA-GFEY BAE X
£ 98 7HA #AEE Jepd

2. #jo] x| ¢t} (Bayesian Networks)

o] At DAG(directed acyclic graph) F+X& 713
v A5E2ke] AFEEH E(joint probability distribution)Z
&Aoo E B dgadzadolt) WE A X
= Xy, ..., 3ol digt wojx et thgo] 271%] REO
2 74"
(1) X9 Hg5EHY 2ARE YA (conditional independence
assertionyZ E S U= ¥ F= B
) &4 ¥FE9 AYGEHE ¥ (local probability distribution)
A P
W TFZ BE DAG FHoln 7z =t X WLER o
fdd-go] Aot Pas 2T BolA] X9 ERxTol 3
g vehdch Bl Moz A4HRA e x=EL
AE ZARESYRA len 9 T2 Jehde 23
HEEfGAo s Folad Tz RolA X9 AFHELR
e 74 (1)F Zol BHHA.

PX) =], P(X,|Pa,) (1

Zt =E(AF)Y AQFERTE F4 (09 0 ¢ 7
ol sFct wolAtT (B, P} FolAW &t &
B8 FE2F & U

3. wjo] Aol yiutg fAAYG] 74
3.1 NCI60 Cell Lines Dataset

NCI 60 cell lines dataset ¥ 2 NCKnational cancer
institute)oll A A fA LA o] o] &57] A& FAE o]
Hz 2 dM¥e faA 94d Hegd 53 oo g
W3 7e HABAE 937 f8 wEoided (9], #H
&, HEy, A3, HELG F 97k FH GHE 60

139



20019= SRS 72 2 EETF Vol. 28. No. 2

A& )FE cell lineo) tHE cDNA microarray Hlo|E, 40
709} molecular markerd] t¥ A, 118742} °FE(drug)
9 REEAE(activity)d] e FHAZ ojFolx Qo
c¢DNA microarray © 13764 ¢] Az frA A2}
EST(expressed sequence tag)oll thg FA X olc}. &, 15347
9] A A(feature)S 713 607019 H E(sample)2Z FAE
diojglolty RE A AZEL HFF 0, ZEHUA 12 FA
Zl(normalization)®d Agkolth, ol A gy TEE &ol
A 37 9% ERE AAREL HIRE g
O(under-expressed)® 1(over-expressed)Z ©} A FHHYCE E
g AZAE HAE A4EL A3t 566719 FHl,
molecular marker?} 82709} GETE FAAY FA AL
259 & f-2x L #gk(gene expression leve)T FE
A theh whg(drug activiy)EE =E2 7HXE Holx¢t
4g FaA GATY FEo i whgH FHA wd
seizte] BAE B2HY ¢ ok

3.2 o] A ¢ Ty

Ho| x|t g duFoE
(dependency analysis)oll  Zlubgk ¥ (1113 H3H3FH
(optimization)o} 713k W [310] ik Ev iR
Holxiett ot ZaEL AfHoR Friates A
BAE o FHse x=F A vol Xt &
Fols FBo] ofHt olH & EAE HAs] A [4)
= “sparse candidate algorithm™& #|A|8}3it}. o] ¢ uelE
2 HAH3lo| 7|ut5h preedy search @R FY YFo=
Byag B4 Fe £o7] H8 4 x=9 FR R
F) ¥(candidate parents set)& ©]& &t B =ML 9
Al greedy searchol| 7)#tgt 4m2lZEF OS2 Markov blanket
819} HdE ol¥dAH Edad BY FIEs Folc
“local to global search algorithm™& ©] &} [1].

gzq B4

3.2.1 Markov Blanket

nle W) A” X = (i, .., XS ¥@F x9
Markov blanket 'BLX}cX)E X2 X - BL(X)% §&83o
B ZAREYo2 B WMEEY JFolth Xd g
wWojzlekgkel F27t geld A9 X9 Markov blanket2:
X9 Brxcel AAxc g@la AAAxEe EERET
ojc},

3.2.2 Local to Global Search ¢ 18&

“Local to global search” ¢ 18|&< ¥ 13 2t} 43
Zze 3A F ¢A=2 T4 @) “Local Search Step”2
x=9] Markov blanket& T+ @At = x4
Markov blanket, BL'(X)¥ ©&3 Zo] Fac. 4, X
9] %5 Markov blanket, CB/& F&th CB'Yl A7) ke
dnE Heug g, v PAF B¥ 7~ 159 &
£ ALgET FA 2A gl wolAATY FE B,
& o) g3A CB Y Y4 E T} 1Bl 2AR A4S

! oj® <o) tg Markov blanket & 7t EAE F
1o (8114 ol2] g Markov blanket 3T HA 2 A7)
& 7lA = A& Markov boundary 21 FEz Qlh & .
20| 112 Markov blanket & =5 Markov boundary

RiGRias

A ¥ Z(conditional mutual information)& o] &#A (B el
uolz) 4AEE g 2 od CB/E ol disA
greedy search® @k o|FA H&H g FzzRH
BL'(X)& T¥t}. “Local Search Step”o] By 2zt =9
Markov blanketE& XA HA 2= H,8 FA e
H, 2 cycle® TEE & A7) W&o #o|x e ofy
c}.
¥ 1. Local to global search ¥ilg]&

Input:

- A data set D.

- An initial Bayesian network structure By.

- A decomposable scoring metric,

Score(B,D) = Zl Score(X,| Pa®(X,),D)-

Output: A Bayesian network structure B.

Loop for n =1, 2, ..., until convergence.

-Local Search Step:
*Based on D and B,_,, select for each variable X, a set
CB/(ICB/"} < k) of candidate Markov blanket of X;.
*For each set {X;, CB/}, leam its local structure and
determine the Markov blanket of X;, BL"(X;), from this
local structure.
*Merge all the local network structures G({.X,
BL'(X)}, E) into a global network structure H,
(usually cyclic).
-Global Search Step:

*Find the Bayesian network structure B, < H,, which
maximizes Score(B,, D) and retains all non-cyclic
edges in H,,.

“Global Search Step”dl A& H,ol TFHAN HE7t &
wolxete TZ B2 greedy search® TAFT) ojd,
cycle o]£A &= A9 HHE EF {AF ¢y
Zol 8 2AL Score(B,., D) = Score(B,, D)olth. =&
“Global Search Step”ol 4] H,2] non-cyclic edge= E5F 3
FOo 2 greedy search® U8 d &M FIhg AA &
Qlch,

4. 2% 33

Ago = 3249 oAt Y st W& o] &4
648718l w=(FrHA L molecular marker 5667] + %E
327ME 7HAE HlolA {FAAYE S&ATh greedy
search®] Score(B, D)2+ BD (Bayesian Dirichlet) metric [6]
& o]g# o Dirichlet priord] @&t 2EE uninformative
priord] 1.00] AR At Wolx|etgt el AYP AT
& HEIQNI IGHz BFEA o 82 AxAov &4
wolAjetetel F AS4E -356.180|A0h. AFH wolA
gtfo] upetulE BAdE HJEFFH R ou] AZTH A}
AEo] T§E ger 1 dE o T

41 & W3 @A

Ag doleldl g FE F “aphidicolin-glycinate™,
“floxuridine”, “cyclocytidine”, “cytarabine”2 25 pyramidine
analogueo) ™[9]l X&) FH2HPAMNE e Zx
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Elo] &3ch dtgdE dojAdFel BAUSE olENY

#AE 298 1% g

19 1. Pyramidine analogue °F8-73He] #A

a9 19 wojA| A o] FEEQ WL ME 23
@& @™ol glotE AME & F U dAz gL 2
€ FAZ disiA HRE N3 Hdre Afde] ¢
A A9 [9].

42 4E 33 |A F@IN #A

Alek 7 Ao QoM FoF FE9 e 4B
9] whg3 fAzr dEte BAE BwIE dol® NI
60 cell lines dataset> ©]2| g B2 8] e F A
dHoz H3d BA F sy B “L-asparagine”ol
@ g §-Ax} «ASNSTe] @@z @A) o] #
As &9 HiIOIXK{\“MH 19 29 go) vepdch

S5, TAMEM}

W0, 3

X Fomblast cowh tacter 2 anc) Oiv [SVEER IDIEL £ WEI20, ¥ WAZ298) ;

(hapwape

a9 2. fAA “ASNS”S] 2@ oFE “L-asparagine”oll
@ ¥hg Apole] @A

a2y 20]A “ASNS”S} “L-asparagine” Aloje] #AE F
708 A2} “Homo sapiens tumorous imaginal discs protein
Tid56 homolog (TID1) mRNA, complete cds”2} “Fibroblast
growth factor 2 (basic) Chr.”& Fd|A] ojFojzict dA=
M2 Bye] de FARY FEo] &g HolxUdy
T2 A AXFE & F Uk EE, 2¥ 2%
otd gEHoz HFY BJAE olis] DNA
microarray H©|E{9} ¢kEWS dloje|2 g &R Hlo]
oA dojzl Az HAE L HaMEe Y2 4Y
o] ¥g st}

£ =FdHE NCI 60 cell lines dataset& o] &84 oF
3 fEA 2yHDe BAE BAHE F e o)
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At FAALE FAASAE o] HSA “local to global
search” SR EE ol 4, 648719 EF IR = MolA
ot FAEAY stgE wolNUAFL FAR-JFAHR
BA, FHA-GE BA, FE-FE FAE 5 Jehiy
AT AEL 54 A2 H3E 9AEE U ¥
E3e}. o]E cDNA microarray HolE|9} & AH glof
E|& @7 ol &slA 4B dig ¥gH f¥x ¢dn
9o BAE 4T F & Vs E Y2 @ £ 9
tt. B dgE oA Yol YE: AAEL cDNA
microarray ElOJEIE BIR T HET wHojEe] U=
AE 8T o2, greedy search ¢ 1el&F9 A oo
25 Adsidus B £ Q. gdeA AA e
BAY AFE HME 20 AU 49| 0=z gg
@ Aol A, HlojA g TEel Hee At
ol Hon OF wAlY HEGH A4E g dF o
9 ¢z 982 & £ g AR g, FgE,
F o AYE woxUdPL EEHoE FAEI A%
dolg Axele &g gdngde] g J77F Easic

ILEE BK21 Atgl 98t A USHAE.
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