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ABSTRACT

In this paper, we conducted various experiments with Bayesian networks in order to analyze clinical date of infertility patients. With these
experiments, we tried to find out inter-dependencies among important factors playing the key role in clinical pregnancy, and to compare 3
different kinds of Bayesian network classifiers (including NBN, BAN, GBN) in terms of classification performance. As a result of experiments,
we found the fact that the most important features playing the key role in clinical pregnancy (Clin) are indication (IND), stimulation, age of
female partner (FA), number of ova (ICT), and use of Wallace (ETM), and then discovered inter-dependencies among these features. And we
made sure that BAN and GBN, which are more general Bayesian network classifiers permitting inter-dependencies among features, show higher
performance than NBN. By comparing Bayesian classifiers based on probabilistic representation and reasoning with other classifiers such as
decision trees and k-nearest neighbor methods, we found that the former show higher perfarmance than the latter due to inherent characteristics
of clinical domain. Finally, we suggested a feature reduction method in which all features except only some ones within Markov blanket of the
class node are removed, and investigated by experiments whether such feature reduction can increase the performance of Bayesian classifiers.
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th BRAES golryl Y% "Haewie A g 34
gieh, A 260709 WA HE doleIEE 2479 ¥
dielel st 2679 HAE dolHAYgeR Yerh g F
A dlole Yol s 2 wolAY & EFIET o8 B
57158 459 9, o] #5715 L 47 4 doly ¥
¥ HaE dolE HERLR EFHAE H2EE AgHEc
Fox AA HE dol” A¥E 7ML 108 uaAHAY
W(10-fold cross validation) 0.8 Zt B&7)9 7 B84
%4 obiu}
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(28 3) HHEEiolE] R

#lelziqt W S4E AEiAE AR SYAY Vv g
#HF Jie Cheng?l CBL ¢3glE3d A& 78T BN
PowerConstructor 1.0 ZTEIW[B]E ol &8}t & £F
Z19kel ¥ E HAME JavaR TEE Weka HI|AE o
4%tk 2E J8L Intel Pentium I 700, 256M Memory
Atekel A Feo)A s Aol Alg® WAdH o=
Excell4 2 49 ¥EHEA 2 d8& (29 37 2ok

5 dHyun A @il

5.1 sfolxjet & BH7|2l 4o
(29 9% ¥4 deldygeare g Mozt o



BEH7IEE Ueda vk (29 499 @ £§F 24-4x
=g ANY BE F5 & 94 2080 SEAE 7MY
3t NBNeli, (e 44 8BTS 4394&4E & 8
el wolxjel oz EHE BAN, (0 7HE dubyel
GBN& uetdd, afelMe FUEAR e sol=t
W 1 E(graph)? EdEgoyt 4 x=de 2HR BEF
HE(CPDE 7 A, (28 49 NBN# BANLS =
F R g2 x& Cling #2l(oot) 2 ¥ WolAet
& 73 e, GBNY 3% Cling 9 =29 go] H3
ata} wlo] x|t #g T o} 94 NBNI BANY 79
¢t go] B/ 284 229 Clin® $5 =g shixz g
7 @ mEv §ouh

:

stimulation

Stimulation
o

{c)

(32! 4) &3 HOJEIRRE IR HoX|et U BEI|E :
(a) NBN, (b) BAN, (c) GBN

HIOIRIQE B0 7|8 BAURT USTHOIEIQ B4 631

(29 499 (% #o| 7F3d GBNL2REH BF g2
®=5¢ Clin® Markov blanket& &9 Clin A3 =4
wEH¢ FA stimulation, TO, 281 o]E9] By »o g
9l IND, ETM %°] 2 &g

2y He a2 FHEE kEEo] Clin® Markov
blanketo} %% ‘-Zgolt} |9} o] Med YA 8UE
€ 74 Clin(d¥4d 944%), IND(ZA), Stimulation( %}
E2184), FA(A e o)), ICT( A 22 Jdals), ETM
(WallaceAH& o1 1), TO(Fel4 F3@F) Fold. o@
EA3eE TEERE 49deleE £28 5, ANEA
T wolAt @ BHVIEC (2¥ 5 e Q. (2
g 54 (At 49 SAEE%E 7§ NBNQ NBNSF,

stimulation

LA

(a)

stimulation

|_stimulation

(c)

(38 5) %28 BYYH22 R HoiX Hio|xie & 2R
7|% : (a) NBNSF, (b) BANSF, (c) GBNSF
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(b)& BANSF, (c)& GBNSFE& Z7 Jehdt, olg& 25
71l NBN, BAN, GBNHt} k8 ofart @018 B¢ 1
HEgolth & 7HA FEE HE olEF @o] F2H HolH
Ao zye A FE44E F3f 78 wolA¢ ¢ 19
Zge do oz gedl d¥HA ¥ 54 ==
E3} olaE g AAT Adde dEage Yotk 430 (2
d 99 (©9 GBNelA+= Clin® stimulation?te] o}&EA4 &
Yele ofart &g W, (28 59 ()9} GBNSF
oMz ol g o} g ZolE £ Yt

52 B8 207 2l&2M B4

(2 Do A" Wolxd BEL YA7HER(Clin)
o &, HdHeE AYG viXNE 8UERE YA 89 B
A BEE 7Mgsa 189 oE@AE T A v,
(29 59 HolA ¢t HEL YAN7FeAR(Clinel B} 7
d¥eg 984 vAE 2UdEL Markov blanketo] E§
Hi Z4(ND), o8 &4 (stimulation), 1/d¢] Hel(FA),
wAMzz gate] #ICT), Wallace AHEo¥(ETM) 5 57
o EHER @Asled 18 e &ML T Ao
(1% 4)9) BANZ GBNeIA B2 =9l g w29 1
=ERREH 7 a9 kEZgo 9dE olZES AAET
g B8 adgxE N2 Y, v o] iy il
GRE BAAE 898N A3EHE YEUE Rl
o} EAol 4% (19 5)% BANSFS GBNSFiME &
ga w1 wrold AFHE o}AEE AASL HE
HE ogxe uz2 by gAG R AEAY FEE 1A
AR BaHE A5 F3dEdE YEhE A
ojt}.

wolR|¢t e 7 it} EE xS oif o &4
AEE =AY 88 H(conditional probability table, CPT)
2 ¥dsa gEd, ofF shie 48 Y <& 49 Ik
ol oA e} vlof(FA)St &2 8% (stimulation)e] wE ¢
A iR (Cling A% FE2 Jehda v <&

(E 4 oMol Ljojet eHgx|BEol 71%8 AT E UE
U= =248 S88F P(Clin=true | FA, Stimulation)

Stimulation FA=H FA-=L FA=M
C 2083333 5833333 2083334

F 2062063 4074074 2062963
FSH-H 2TTTTT8 2778 4444444
H 2778 4444404 27TTTT8

L 0574713 6091954 APV

N 3333333 3333333 3333334

P 3800524 23809652 3800524
RF 27TTTT8 4444444 27TTTT8

5 1282061 3589744 H128205

U 277778 4444444 2TTTTT8

- 04

oA B 7 vl R o4 ol 20~
HAD AR Mol HTY HEo| ¥oH, 1 F YEAR
H(stimulation)} Long Protocel$! 9% Clomipheneg] 7
3 A3 wstew, 49 Yol(FA)ZF M(34~40)% 7ol
& okgA ¥ (stimulation)e] - Short Protocold™ 7H3 &2
BEEVEE ¢ + 9

EF <R 428 IAR Y olAE IHZE FEE A
o} (1Y 6)olth

[Wra-r mrasL @ra-w |

07
08
08

03
02}
04

Sim=C F FSH-H H L~ N P R S U

(18 6) ciMe] Lo|2t B gHol 7% QADied
P{Clin=1rue | FA Stimulation)

E & o2 Wallace AHEFHETM)F Fol4 3
FTOM mE 433 dAGRClin)e) 235 &€ 1
=z g¥sd (29 N Zoh

| meEM=T mEM=W |

‘SHOGH'
(28 7) WallaceAHBOIS2} &0J| xetso| 7|x8H
4l7tsd P(Clin=truel ETM, TO)

TO=HGH N Normal

4714 $elE WallacerH-8- F(ETM)Y BAgl0] Fo]4
FHES(TOE Normal(1~571) E£+ SHIGH6~107)Y 7
+ AT B8l whoM F£AES7H AAY HIGHI0A
ol Afd T3] AT HEo] ¥ g5 AU

53 2% 4= 81

<¥ 5> gEAYA 4w BF7IY 45 FAHE(deci-
sion tree), k-4 o} #(k-nearest neighbors, k-NN) HH3
Y 8 a7 #adiael 378 wojAet 7 BF7) NBN,
BAN, GBN & 27} 59% &4 delgggedn s
£E dolE AR5 el 3¢ &7/ HE=9), =8



viAgto 2 o F delHAee Halo A4 dEdolH
tha) 108 m=} FF(10-fold cross validation){14}& A} 343}
WA ZAE B EF AGEE HdFD vk 43EH
2 Y 2RV dd daE dejePgelAe ERAH
=xt AH F44 AHSE F dolHFRAAMe 7 A
g7t ol glol 2 A o A debwdn, 108 ai
AZe R ASEE £ doHAYS B¥RrE He
Y HAE dHoleo] ALk Ft B8 45 & RAFH
o E welxiet F B{7lE 1 fr¥l datlel RE A%
AREYY k-oF ol wd ¥& Bt YHEER
BojFor} o7& 22 o8 99 dHolH £4& ud¥
o dlelAe F ¥FIIF e ERVIRG $E dEd
wolggtn Ay A% A AR H4¥ F U

(5 BR7g BERYS Hl

. By Train By Test 10~Fold Cross
(lassifiers Dataset Dataset Validation
DT(C45) 4% 4.3% T39%

K-NN (k=3) 789% 66.7% 74.8%
NEN 784% 671% 755%
BAN 81.9% 700% 78.8%
GBN 81.4% 72.9% 79.2%

NBNSF 79.9% 74.3% 784%
BANSF 82.4% 71.4% 79.6%
GBNSF 794% 6% | %

I MR & f9e vl % BRIIENY ¥R
4%& vasEd, NBN, BAN, GBN¢} ¢#28 B# 4%
o] Z7hstdcks A& 44 Avh 53 2AEN] AHEL
JERAE 383 BANF GBNo| 1%4 %% NBNY
HaN 498 58 45§ Hebd e &5 sl @A
80BN AFAHQ GEUAE FAHL EF ME F
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E@ F80] v FEH BF 3ol uis 8440
Ee daford wolHdd Adrt dvke AE g
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54 EF&4 51 BN
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Fge 48 F dolx NBNSF, BANSF, GBNSF %9
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Hl ztzt B4 &4 o]F 9] NBNSFe BANSFe| 7 A
Fol BF F/HHUSS o5 vk 283 AMHeE &4
ZAE ¥ BANSF7} t}& 2E ER/7IEA vis M =
& A% Byt olRe F¥2 k=9 Markov blanket
o2 EAARE 28t 2o o] o7 A dolH Yl

HIOIXIQr Bi0H 7158 BB AMHOIEIY £ 633
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§ ®4& GBNY A % 248 ¥WEE F4 ¥31 A
7} whEof Clinoll oid) 7Hg3 &84& 2E 8959 )
A7t 244 9RnA AT dFHE olojH HH{EE @
ol st

[(ween ™ weav  coen |

(2% 8) 8% &4 30

63 &

B pEodME delrgt 4 7R ARAn BdEx
o 914 dlolejo] i@ oA £ AEE HANA. ol
Ag& B3 Wl Fol =g dAldARd dBE F
E 8983 45oE4 e PHHRAN, E NBN, BAN,
GBN & Aozxzdo]l & ddd F39 welAt ¢ &7
7189 BHEAES MR vadRgr 283 $ede 0%
e A9e B YAEAR(Clinel 2ot AP o
e mAE gE8RE FAIND), B3 24 (stimulation),
ojalel Yol(FA), PlAZE3 A9 (ICT), Wallace AH&
o B(ETM) % 5749 BE4ES 7Ied + AN, o 8UE
e HEAEALE Fopd F YU E # =FAME 4
&g %38 A2 8 {89 wWolAe % BFIE FolA
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G284 EEF £A4% AT FEH dZFe] shE vl
At W BHVEC) wrl & A%E HAEUE AME
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