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Early Software Quality Prediction Using Support
Vector Machine®

Euyseok Hong**

m Abstract m—

Early criticality prediction models that determine whether a design entity is fault-prone or not are becoming more
and more important as software development projects are getting larger. Effective predictions can reduce the system
development cost and improve software quality by identifying trouble-spots at early phases and proper allocation of
effort and resources. Many prediction models have been proposed using statistical and machine learning methods.

This paper builds a prediction model using Support Vector Machine(SVM) which is one of the most popular modern
classification methods and compares its prediction performance with a weli-known prediction model, BackPropagation
neural network Model(BPM). SVYM is known to generalize well even in high dimensional spaces under small training
data conditions. In prediction performance evaluation experiments, dimensionality reduction technigues for data set
are not used because the dimension of input data is too small. Experimental results show that the prediction
performance of SYM model is slightly better than that of BPM and polynomial kernel function achieves better
performance than other SVM kernel functions.

Keyword : Software Quality, Prediction Model, Support Vector Machine

o

EE5F09 20119 038 19¢ EETYAEY 201138 0568 16¥ EEANEEY 20114 068 119
o BEE 0I0ME ANGLEHEA )Y ALos FFATAL) g wob FAY 7| 2ATALIANo.
2010-0021902).

wr QAR B E TSHE 2



¥ 9 4

236

,WMO

sl
u

ol

"
)

W
o

=

H

& wopl Bol AHEEE AEr)
1#]%<] Support Vector Machine(SVM)[2]

she

KeN
=

o)
=

ZE o s
ZA2 #Ed 4y

ol
&

i

e FE ATEY]

2

€

g]

ol

ol

A

=

o] AmEY ]

nEd

A

sko] 7}

e o8

to] 2ZEY0] 7|

9|

g

F3t Agt 2

SVM ¢11g
o Abg&-¥ zlebnlE

L
T

HEIL A 3FelA

A BAE A A vEY Qieln

T

o}J
i

7\sE

Bl

=
=

o A 4FAME AF

]

o 2d T

s

& dle]

of A&

49

M

ok, AA A 8 E(criticality) & AV &

Jo

Ar

Ko
@
K
it
o

ol

~E

=
=T

Ml F4 o

3

o]

ol

—_—

T
=

oy

2. 27| £AZEo] E4 o=

A FdogHN AZEYo0]

b A 99E b

4%

A %
=

feoe) &

d < A7) wEolvh whabA

ai7]

il

9
o

ol
el

¥ 2

fe

A gt 2000 [4]= 2 w7

T

e
oj

Ar

Ton

1)
i
file)
i

i
<

ot mjerx

ATl EFstG

5 A

<A

2 A7 AAES

HE &

2 W
=

)

o)

o

I
eli
i

m

Ar

s

ol

o
-

3] e 2

9

H43E 4

o]
=4

=

B 2 I
o 2

—3\_1_

_?4

]

7

o}J
TH

= A
tol A

9]

H

23Ed A}

Iz

T-SL(Vector Input-Supervised Learning)



Support Vector Machine®

1

He 9 BdouA PEY 2YQ

oy

' o I

e VI-UL(Vector Input-Unsupervised Learning)
HED Wy g9 Edo|dA vzEy ndql
o]

ot
-

-

o SI-AC(Scalar Input-Automatic Classification)
2z} WEY Qe Tdolwa njtEy 7y
o} o‘r‘

¢ SI-H((Scalar Input-Human Classification}
27 “ﬂEa 4E Zdo|HA Alge] EFa)

SRR

A9 Bee md g Wed guish A =
2AE dolge] Be. feh F e 1z o

o o=t Adet WEY ol shite] 7]
= HEHon} 23 WEY gloz A3eE 34
dhe Rdg ojvjsin] WEY HE ol o
7IE HEHo g ojFolx WEHE YYOR =
g oujgitt =g mde 28 sgaz
4 doleyt Bag wdoln vtEy RY
4 delH7t 28 gle wdoftt.

F4 o5 2do B T PFEE VISL B
Qo] o RAEoIQoM, B = A mdl
w9 A VI-SL x|tk 7|2 A}

2 2728 37
2406) 534 22 A 8ol EREA, o4

=
s A 53 g AFAS TEEIT VI
A= 3

EoA Qe Aol o F9 foHE 9L
HA ZgAEst d% 2dg ASsels 44 =
2AES ohS fAbsholokaeh

VEUL 90l $2 44 gl @e) e
28 gohi AL u%
o497] Wl VI-UL 2 ta a7 719

°1-3*<?} J] .’LEE"«H"? =] 04] 237

gk 91 SOM A4 HE A3l 918 WHE
o B¥E Hi AMZ A 98 REES 7ol
FY2HES Y e, Uroldl EAEES
A7 2o 7 S 28059 AA(9EE oF)
& AAshe Z9E Adstnt [101€ K-means
9} Neural-Gas #2]~EH-& A3l o]9} FA}
o 2dS Ak e ¥4 AR (1112 o A
23 K-means 282 1""0% 93 27] Fe~H
4 S AHEsE T

g ARsTFE 7THe
=24 194 H¥= o2 ATEelE LOC, McCabe
9] WE¥ Halstead®] WIEZ, C&K WEZ 5&
01%0}"% shte] rEE gog YRS o=}
i wESo) ¢}k o9 7 Sl r_-,ﬂm vr]@

=8 A4 FAAR st /)R dEee A}
S 4t o L AEYEE 2T 24
=9 Yug AT £ Jou, Arks @
ZUE TR A FAE oY 1B HE
Ug ZYRORA oF TAHE /1E MEAT
o 442 92 F drks BAE Ut

2.2 SVM Jlgt REE

o
o, 2037} 2E ¥ 89 A¥AY Bed 4
gtk WEle LOC, McCabe, Halstead WEHE
& AHgetglon A S48 98 PCA(Principal
Comporient Analysis)& AM&8It) vja g
QDA(Quadratic Discriminant Analysis), CART
{Classification and Regression Tree)5.2.9, o=
Aeg wol7l 98] A2LA G 2AHA &S
dolelE T4 dlolE 9 §7 AREst= TSVM(
Transitive SVM)E AHEE AT A3 23 o
Ao TSVM, SVM, QDA, CARTS .2 £9k0.
M PCA AH: 5 SVM A% 93 % 7
3} o] A7 Fad AEE AE AdE &5



238 3 9 4
f oo e e e e ]

F AR 228 9% 9F Type I L7E &
ol7] 1z & WMol g AGE ¥ CE
olf = F Az 3o AdFPrde Hojrh
of Ao AL ARG dlolH ] A

E%—QJ 5:17]7P HU%2 10% FAF IurFQl Ho]

&7 E'—‘g/] H7|He} Wi} A

1T TSVME 38 A7k 2

1, HEE ¥ LH-0]
B

% A

A

rl
o XY r
2

T
e

>

b1

o,

o

Juisi

)
EU o W

ok

i

o,
o 2 —1>

Type I L7E
(1312 PCAY FAHQ A F4 AH4E ofF
olfthy AL A Y& SA(Sensitivity An-
alysis)& AHE3tAow AAd%d SVMeR ¥
g ®do] Aeg vastgtt SAv F4 dolH
2 AABo R BN T B nde RS
ol &3l Z WE= dg SCIE +3t9 SCI/F ¥
< AEYES ”Xﬂ AFlE WelY, ol B &
2 doly s 7 oA AlAE % SVM
ALt o5 2dg e dloJEE NASA
V&V M1 ZRAEE AMEsI]on oS Hlu
A= SVM o8 Rde] o & A5 Eo] 874%2
A 7261%RTE WA =) shxuk o
HEE 9o dF 2F T #4d oy =2A
B8 Agd AR ggoR T nde JF
g Hart offoheE EAZ 0] gith
NASA V&V CM1, PCl, KCl1, KC3 =&
HolH & o]&3t9 SVM 2d3 8749 te
& sttt A9l F4% CFS(Correla-
ased Feature Selection)& AMEataL A3}
& A3 A AT oo Bo| AMEHE &
¢l Accuracy, Precision, Recall, F-measure
S AMgshgTh /“ﬁ A3 SVM 2de iz
Recalle o8 EAERT Wi, Precisions £X|
Bgow & F SAANE 5493 9n) Je= 4
#42 Hold @t 2 7424-¢ By SVMH &
JulstA vixg AAE Y BEe gAY
2de)9l i, BBN(Bayesian Belief Network)#}
NB(Naive Bayes)¥ Precision X2+ B8

b
ofN
ﬂ\i
>
[
.&1

I
L.
S

> T

E

2

2k f‘

i) —
=) lm 3}
mm tio o‘ - l‘lo

__,_P‘—'-‘*

3 X

ol HH’.

tolel FAggolA SVMEL U2 AFHE BT
Precision &3 Y3 ZE Fo did =& 9
¥ g o dlgolil Recall: A4 H¥E EE
Fof) gk gk Hd BE $29] ")golvh Ak
ol 4 #eld F4% FFE MAE Type I
SF ARE YA Revhe EAlge] st
Type I &7+ 44 948 & ¢ d@ %:_PE
g4 A 2E o Hjgolth o]RAE& Yol 4F
o £ o U2 240 7sds A lE}
(4= b a2 78 A9 SVMs 9
3t REd FAAITTS A3 RES
Aotatgitt. HoleE NASA V&V CML, PC1 =
2AE HolHE AMgston, 43 4L MA
TLAB# SVMmulticlass® o]-88tx, 29 &4
= [317 1319 22 ol &3ttt Rde] &84
JdHsEe a7 Y5 T8 BE
o] QFFE ojgsly 1~59 ;S ZE o
Aeolatgon, 40149 FHolH HPFE RER
woirh o] Ao FAHE [13]& Ml ZEHE
g o188 Al o9 e dloly AL Al
oA #F 2Y 4 JAFEE o8 AL ¥
Adsithe g3 tE 9% 2dse] v A7}
gloks A, SVMolA A9 Ag-8t4] %E Linear
ALE AMES A, dAF o g A v ¥
FofFgo] A A= Aotk

N

._..:

!

2

ﬁ-&

3. Aot ==

W o 29 ol A9

£ vlole] A% T 2

98 99 $d APolne
=

(zpy,),i=1,-,n )]

where ; RS, y, & {+ 1}

71A gl 7]gksto] A

4
=
il
-4
e
PO
rlo



Support Vector Machine® ©]43 7] AxEde] £4 4% 239

Flo ot

zd dolE JEE 7P A et et 2
HAstd Bl fS ok Ao

FrR e {1} (xpy,) € RO {1} @)
(zpy,) € RO {+1} i=1,--,n

HzgtA (2 37) 9] Foid F4 dojg 3
gl e 9] g7 LHE Eolv Aol o8k
AR oA FH dojH AT a5 oF

Fol& A2 (5 U B3 A ¢ez ol& &

ol o]9jel thE dut tlolgd 18 H&3)
o] RFE /AL o] EAE ony

d0 Bl 2 o @ oy
..,-4_1.4.9‘,[”{0

s f8 Zher (1312 duitel +
< ARESRSaL Bl 1002 e o wat 7
< AHgshith

3.2 Support Vector Machine

VM duksl 2% 233l SRM €2
g A}%-a} 7%”711% ahey Ekaz Folt}. nlwH
22 st dlelHE 7 as makd F7elAl o
ghstEY| o] SVMe] e Rdsd gv) 3¢
EA FFE ¢ Pethe A uEid,
321 A% SVM
MY SVMe 49 &4 dojg Age Age
2 ¥ b A9 Relbelr) g A=
vhdth 28 7bed Aee B o577 sidsE
ojnjolr Fejshe A ARAANN S St
& 5 dolEE AU s 2HE Atele] A
HEEDE A 2A se Ay o BRE 2
£ Aol Exelty, SRM 9ol ¢j8] vixle] E4%
HAHE 1 duksl 0 F7t AL oAl AR A Aol
7] wjizolt). whek ¥4 dolg Aol F AT A,

o o

B2 A% 7hsae teg #E6E W, b7
EA

wez,+b> +1 foral z,64, y, =1
wez;+b< ~1 foral g,€B, y,=~1

ol v ol Arhesith

ylw-z,+b)=21 i=1--n 3

weg+b=+1% weztb=—12 F 3§
3 23S F8E F 3l o]E Abo]d] mpH 2
——-olBE A H¥ SVMY sad Q) =4
gt M kg HA5 EAlE FE Aotk

minimize 1 2
wb 3 Tl 4

of A EZE S o
Agae] thes ge 0% Alg :
2 wakEh o714 A £ SR Saold A
A% wE oA 0o]a opdl
a7 Ao,

T A EolViNE
:g, k=

mazimize Zx\ - *EZ)\ AUy xj} ®

zl}

s.t. E/\iyi:O, A =0 i=1,n ©)
i=1

of HYE BAE B vhen 2o 9xad
292 98 5 9




240 ¥ 94
B R S

AU ¢ & Ft] OF HolHES £4% &
=z

AE=F gzeojopgil.

minimize | 1
w, b & |2

124 ai@} ®)
i=1

st. ylw -z, +b)=21-& i=1--n (9

S EEEEEERE T P Py
Ho|=0 T g A= v wjsfRol), o F
A3l TAY Fole A )9 FaF=R $Fd W
A7F &3} 2ol Wistsle AL AYsE £
7V 259k 2,

My, =0, 0<X <C i=1,-n (10
=1

3.2.2 ¥]4¥ SVM

HAE JALAAYFAZ 2= dolEE SYMeR
e d¥hARl WL ujAE MY ¢ oj&
3 4¥ vlolg g AY qANAARAAE AT 5
dv Buh makd Fhog wWEAIE Aot
ghek Adeh & AYrhd WAy SVME 4 (1)&

ylw-®(z,)+b)>1 i=1,,n an

o} 4¥ SVM3} 2e Aoz EN L
2e 2dg 98 4 Uk

flz)= sign i]/\iyéds(mi) < B{x)+b (12)
i=1

g 7] " 82 74]& -‘?—3}7} AE 5
itk Aol gt o #AldE A ¢
5 44 Ed ]H FAE Aol fAME A
7ol AHEHAIL o]E Aabat

E g47) ges gAY B4 Kol

K(z; z;) = &(z,) - 45(zj) 13

A gre A8 A% AARde O
3 2

flz)= sign(f:/\éyil((zi,a:) + b) (14)

&2 714 wol sole

L=

vl 7HA] A dggolth

Linear : K(z,, xj) =z, x;
Polynomial : Klz;, ) = (1+x; « ;)%
RBF : K(:Ei, mj) =exp(—v]| T, I %), v>0.

Sigmoid : K(z;, z;) = tanh (az; - z,+b)

Lineart A&FTF70|2Z Bl A dlo|E
Hille AHg8l7] ok AdEs F Mg 2
#] A5+ RBF(Radial Basis Function) 42

MM & 1/20° 2 § 7HAIS FER Bo] ALS
H}. Polynomial2 degree’t =old4sE 5% 4
Ado] EFeA L ey & 7MeAE Fobd
t}. SigmoidE QFAH D] Ho| T2 ol A}
A=Y

3.3 getole =78t

B o=FiMeE SVM Rdd 29 ds A%
29 BPM] 45 4%& vl SVM 24
& WEKADS] 735 A8t BPM2 A34
T [9)eld 8% =22 BPM old2 WEKAS]
A AFste BPMS F49d 29SS BPM new=®
RidL-13=

SVMe] stetvlH & vl wi7iis G 1.0, RBF

1) WEKA(Waikato Environment for Knowledge An-
alysis), http//www.cs.waikato.ac.nz/~ml/weka/.



T gommas 1/max_index$l 0167, Polyno-
mial 2] degreet= 3.2 3t¥TH BPM_old®)
TEE e 2HES 7IRE A Y o= F
AEm 2EEL ghte] wu2 FAste EE g
Helol whe dE AL AgEgNE AAEH
atdch. BPMLold9] gsE& 005, +5% waks
£ 022 sk F¥ doleo] s 100008 A=
o 385 B3 g3

22 15000c8E FHA

2
)
rlo
in 1o
of
e

£ WEKASIA Algsts= 718 9
AN(YPE S =+ EEE T )2 TS
£3lo] 48 d19om RE LT gulxel Al
Xolz g4& A3tk [29 1] BPM_new
o] e ey 839 m=vk F 79 A

o Hers
< &A% F Atk

4. A4
4 HOjE{RIE

Aol AHER dlole A a2 [9]el4 BPM_old

Support Vector Machine& ©]-§3 27] A%E

el F4 A 241

of A& wlole RS ARSI 2de ¢
H WS ARG AL A" B4 doidd
SDLZ 243 A7 gAeln HA &=& A%t
3¢ W E" #E=(BRS, EBS, EBC, BP, BS,
BR)e]th ©]= SVM Xd3 BPMe §19 #E §
Bk S 7h B wE gl o3 3k FPt

B g vepdc
odg dlele] 3ol dis] PCAY SAZS A4
20 AP FP3A WAdth NASA dglolg (g
S A3 SVM REES §]E wlEle] A7]7} 219]
dorz el A7) FAZ LA = UAAT
Ade] 9 HEY Arl= 602 F4T o)f
7b ok EE SYME #e F dlojy o
T a2k Tl A dwkebst & doka deA 9l
2 SVMY 4 T3 7 Tk 24
= AT =4 Foolrh AR [12]e] 49 2

A} SVM A8 RdLS PCAE A3 SVM &

4

A& mde] o& 0Fe 5 /h] Feprt EA
A MAE Y AR &
@els 2 Fola, Type I 2%+ A8 AAES ¥

il

HBE I g8 4% 9Foth vee ¥

QFE Uehils FAX g,

o Type I &5 H]919 /A 98 MAR 44
& /198 AR



242

Oloﬁ
L
2

* Type T &5 : 943 7HAE wod A= A

A /98 A= Aste HATr3t dojHel Polynomial &
AHE-EF SVMel Fd 19 F4 2 s & s
<H D2 F4 19 &4 24 g T AHE TE 2FE WA 3tk AAH 2= Polynomial
vehdth. &, Fo] gad AddA A o 3 ARG 2do] RBFE AHSE 2dRYg Y
B A3 g Fd oF ARE etk BPM < 235 Bgen RBFE AHSE 242 Type |
& 9 uUe 23 Bl AtE delHE AHed Qo H H Type I 277} vf9- Bt S5
S vehdlen SVME Atstet viA s} o 217% 2492 BPM_ old®th BPM_new7} & T
olHE AHEE A¥ES 27 dehidth SVM U 23E Baon, dA 2% Type I 27
o 7d Fre debH oz gol AM8-H= RBFY} € 7 &9 volHg g ZF 00] HAH

Polynomial 38 AHg@ 2345 Uit

Fa Aol | FAI #312 2d5Y qF AREE Jrker] s FHA
24 Type I|Type I} Type 1|Type II T34 Holg Ao FuAZ RdSd T
RBF | 1/268 | 6/22 | 0/%66 | 4/ )
SV el LA 3% HolH IS 8eHULH <E D 1
(NotNormalize) | Pojynomial | 0/268 | 0/32 | 0/266 | 0/34 Aolr}
SVM RBF | 1/268 | 17/32 | 2/266 | 0/34 Fd 2% FHEA 2dd HE 28 H8d 2
(Normalize) | pojynomial| 0/268 | 16/32 | 2/2%66 | 1/34 JSe guy ndsaa A9 2871 gk 9
BPM.old Y28 | 3% | UK | O34 datd @ doleHu JF wlolE BF ojujye
BPM_new 1268 | /32 | 1/266 | 0/34 2l A glolr] ujFolt) 3 22 FHA|Z] Bd
(2 2 #3 84
Z& doE] Az 1 As 2
2d Type I Type O Type I Type 1T
REE ¥4 1177 9/23 0177 223
SVM ¥4 2 1177 15/23 0177 223
(NotNormalize) . ¥4 1 VIT 323 0177 /2
Polynomial -
42 31T 14/23 0177 /23
REE ¥41 0177 15/23 01T 2/23
SVM 42 1177 11/23 0177 0/23
(Normalize) . 41 0177 13/23 0177 223
Polynomial -
¥4 2 1177 12/23 0177 0/23
¥a1 41T 423 71T 0/23
BPM old -
¥4 2 6/177 11/23 0177 0/23
Fd1 2177 423 4T 023
BPM_new -
42 6/177 11/23 0177 0/




Support Vector Machine® ¢

1438 7] AxEYS] 4 d& 243

4318t dlolelo] RBFZ AME-3 SVM REE 12
AY o& SF/E U o] F T8 Type I &

A=
7} 014

AAGozH & BdzXA 9] on

AE 28 33%"]{ é«‘JrT: ”ﬂ“r‘ ‘ﬂ‘%‘»—»
& Btk SVME dlole A7gt of 5o} #d §
o) Aaglol Type I 5= 2191, Type I &
FE 1~25’H°ﬂ Esiith BPM2 Type I 25
A Z2g o o F2 AHE 19
7+ %BW"L A5l F4 12 F9A7 29

o AF1E A8A7 47 SVM Rl b
A5+3} dlolel9} Polynomial &3 AHES 2d
0} 7V #& ARE YAt Y9-H o E RBF

g AFgS A7 Polynomial @48 A-8-%
AT Type I 257F BATh BPME BPM_
new”} BPM_oldR2th Type 1 &5 S@olA &2
A YUskoey Type I $FE BE AT 2
A oz Hg & 45 By

AR oz vA3) dlo|H < olynomial 74
5 AMES SVM Bdo] B2 ATEdAM F
2 3%5¢ dva 3 BPMRELE R e A

(

=
2
i)
jiza
2
2
“fi?
._.,v-f-l

1

m

o o
H
M1

i

A4 dlolE Fel A dutsl 4
47 SVME o] 83 dF
FH A

= SDLE st 44 HAE SVM
dof] Agstgom 1 ds vt
9} Polynomial A4+ A48 SVM &
o] o8 AAdn} AALS ALEE Dtﬂit:}
g ehle uglth BF

g dold 3l @%ﬂ]i—é 7}3
&l Wol ALHA @& oA
o8e A% vAS AL Agan

ot

i off o
L,

o
= oy

[e]

i o
_%rl.l_yl
22
i

10 g £ e

T

4 5L @ e

—10? rfy ot M
T

i)

w0
o 2
L

g
off oy
go pi o

oo o

SOt
o
ko

et
R
M
il

[1] Ebert, C., “Fuzzy classification for software
criticality analysis”, Expert Systems with
Applications, Vol.11, No.3(1996), pp.323-342.

[2] Vapnik, V., The Nature of Statistical Lear-
ning Theory, Springer New York, 1995,

[3] Elish, K. O. and M. O. Elish, “Predicting de-
fect prone software modules using support
vector machines”, J. Systems Sqftware, Vol.
81, No.5(2008), pp.649-660.

[4] Catal, C. and B. Diri, “A systematic review
of software fault prediction studies”, Expert
Systems with Applications, Vol.36, No.4(2009),
pp.7346-7354.

(5] %:04”“ “arede] 4 & REg g &
F ZYYYa, remEd=et A, #10
A, A65(2010), pp.134-143.

6} Emam, K. E, W. Melo and J. C. Machado,
“The prediction of faulty classes using ob-
ject oriented design metrics”, J. Systems So-
favare, Vol.56, No.1(2001), pp.63-75.

{71 Tian, J., A. Nguyen, C. Allen, and R. Appan,
“Experience with identifying and character-
izing problem-prone modules in telecom



244 3 9 A
e e S R S s

munication software systems’, J. Systems
Sdftware, Vol.57, No.3(2001), pp.207-215.

[8] Khoshgoftaar, T. M. and D. L. Lanning, “A
Neural Network Approach for Early Detec-
tion of Program Modules Having High Risk
in the Maintenance Phase”, J. Systems So-
ftware, Vol.29, No.1(19%), pp.85-91.

[O] 94, “Eddlole FA3FE AHE3HA % &
ZEe] F44F 2" 'AR A=
Ay, A10-DA, A43.(2003), pp.6Y-696.

[10] Zhong, S., T. M. Khoshgoftaar, and N. Se-
liya, “Analyzing Software Measurement Data
with Clustering Techniques”, JEEE Intelli-
gent Systems, Vol.19, No.2(2004), pp. 20-27.

[11] Seliya, N. and T. M. Khoshgoftaar, “Soft-
ware quality analysis of unlabeled program

modules with semisupervised clustering”,
IEEE Trans, Systems, Man and Cyberne-
tics, Vol.37, No.2(2007), pp.201-211.

[12] Xing, F., P. Guo, and M. R. Lyu, “A Novel
Method for Early Software Quality Predic-
tion Based on Support Vector Machine”,
Proc International Conference on Software
Reliability Engineering, (2005) pp.213-222.

f13] Gondra, 1, “Applying machine leaming to
software fault-proneness prediction”, J. Sys-
tems Software, Vol.81, No.2(2008), pp.186-



Support Vector Machine o]-43F 27| A~z Ede] E4 o2

245

4 X Xt 2 O 4

Z 9 4 (hes@sungshin.ac.kr)

Agtgta A bsA St Aatapshd Foll A 199247 1994'd ol 2zt 8HA},
Mab g9 HS5eYor 199990 A-ugtn Mtz o) A EhALELg
H*o}%lﬁ} 19994 2 ¥ 20023744 ¢tk dha YA g t)oj ety w4
T80, 20023 H-E dA7A A A a2 st 8 T3}

JLTE A2 Folth AT PAlFokE AZEY O] FE Hof 5 LTEY
4, 4711 38 Jl& Foloh

mHum{m




