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A dutae] o JHd 7lsdd tig #ale] 1xH 1 Utk ¢S FF mge] @4 s Hol
AGAZe] Be FEs AT Aolgke 7IHE L AR Fa8 AHEo] o|nA] A H ARAoA e F
of =] Y3 HMEBAH HlzY2x ojdegx EAole &8 mulg Aot AARE HEd &
Convolutional Neural Network(CNN), Recurrent Neural Network(RNN), Deep Boltzmann Machine (DBM) 5 &
f&E9 A4, Dropout 71| &85, B4 T AA T g MERZ 24 olwES 7L AUtk
gA Bl2Y 2 EACAMY] Hed dalEls 82 oA BT 983 g g dolgleon, 53] HHyd
Ao FE&PE o AT = e A8 7 BAELS vAFo|th

olo] e} B AFdie toldE nAY SHED, nAodEN, tF HE &4 9 Fa3 R &4
¢l olFEFol HEdS AT & AL AYUA 1 75 S AEE B IRlsiith A@ole o= x2FEL
239 dYuAE SR iz vlolH IS AHEsiRon, HFHQA AFTAAL Multi-Layer
Perceptron, B2]d &318]&2 CNN3} RNNE *H& 3 Long Short-Term Memory, B2ld Rl Ho] &85+
Dropout 7| 5% °|X &F ZAd 2835 W A5 vlustih

AEE TP A7 CNN ¢ F2 HZ2Y 2 vlolE 9] o]-EF EANANE MLP B3 Bls) e 4
& B3tk =3I MLPSF CNN 25 Dropouts 83 R¥o] HE31A] e RPWt o] $2
RoFo] wal, Dropouts A-83 CNN €1gjF0] o|JEF EAdE 282 + e 7HeAS Ilstith

FA : olFER, HeElY, e HAEE, Pw AEE, A7) 719

o & kI rf

1. M3 AR, ol =S Fall ok 7AA 71A
7b Aol = AFEE o7 = X8 Aot A

2016)d 39, A=A E™ HE disolA ZFet W2 AFEEY dde A Ao A Al
Google®] DeepMind”} TH= HI5 IFA5 2 AL AFFEoA JAFAT 7e A7 A&
1991 &3l (AlphaGo) 7t oAl E 9tHS AR ZFQI A FHTHChu et al., 2016). ©] thar o] & Q&
4t 19 sl E AFAT vsE 71E9 2] As 71 47 A e Ao g EeHA
w A 2o Blsf A4kl oF sk A9 7t 5 B2 s A HAdsd, 9] dugE
o] ARG Fol JIFAT ool & = o AHEH o AFAT 7IeE F 53 "W
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Aet, 1 28 A== A d=
0, 5E AEE A, o ARel AR
7, AR W AR Q14 Fo] ATHLeCun et al.,
2015). 128iy oA 8 d#o] olu A A4,
G, Adofel o] 710l HAl 2 & AHgSl

Shratr] olei i wAY HolE] el A %
o g Holn g AT} olFoiAL Yl

A w27, 7124 olv] B-Fa d Hl=Y
2 glolg 8l 7]g} 7231 Hof gl HolH =0l
e Held 28 A7 AR FotEy]
7F oo

ol & A<= A=/ d7d "Held 71
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AU ASAEY 2 I vnPs o, Bop
o

A58 Ho|=xE UdolruAl 3T},

HedS A7) Uehd 4438 E2& ol&
o] ofe} 7|&d QAFAAol AUY A A
F Sl AT 7 Sas slEs AS A
e E83 ASS dedolet AstAaA 5%
3k gojo]ti(Kim et al, 2015; LeCun et al.,

2015). olH g g2 19690l &7 ¢
3} FE S-S VA= HA E E(Perceptron) <
=k XOR #A1%= sjdstA] Zit= dAE
Eat7] 93, 29 1 v 72 HAYEE
S5 WA AAEAT E 5 Qo ol g
59 HAEE(Multi Layer Perceptron; MLP)-2
A9t ¢are]F(Back Propagation Algorithm)2]
TR BEY TTE SE€TE Ao 5% A
7HA &= HolH = s d 4 AAARE,
AdTE v daglFo g on] gl
Z AestA Eehe ARAlE A
A (Vanishing Gradient Problem)} <¥}-23t
(Overfitting)’©] Foju= 4 5= 7FAL A
TkJo et al.,, 2015; Zhang, 2015; Choi and Min,
2015).

olgg HF Fx FgF9 wAT Hinton &

)

e ol

offl

i

N

Ju H
i

oorlr oo X
(%]
o



0|7 EREHIAC E2id

(2006)°] FHE=E AR SHE(Pretraning) = &3 &
A E &2 3 DBN(Deep Belief Networks)& A Al
st 2o 7hede B, o|F HEd e A
)7} Ee]7] Al THChoi and Min, 2015). <
Zle gal o] soluHA wolxl A4S A
o7} ®-& GPU(Graphic Processing Unit)S &
3 SksAIE = A HHA 71 divl 2 A i
e SFo] 7healA BAZHORE Ao Bkat
£ 7F3tAl = ATHLeCun et al., 2015).

olZ g Hejdo] EAH R F&ES W] Al
2hgk A2 20129 A digF = o]H|R] Q14 )&
) 3]Ql ILSVRC(Imagenet Large Scale Visual
Recognition Challenge)ol| 4] %222 Z%3} Hinton
2] EEEE glo] CNN(Convolutional Neural
Networks) = AR2-3F Hejd RE & THEo] &4
St A, 29 HETH10% 7H7hE Q12 E Aol
Ro|HA §-<58AA o] tKrizhevsky et al., 2012;
Matsuo, 2015). T3} Hinton 2~ 201339 =
9] DARPA(Defense Advanced Research Projects
Agency)®] &7 Hlo]EIQl TIMIT HolHE t&
9] LSTM(Long Short-Term Memory)< A}-&-3}<]
125 A, 7)€ duYFES AAL JAE
80%2] B& 7H 54 QA4 FHolA= Hed
o &8 7heAS tAl EETH(Choi and Min,
2015; Graves et al., 2013). 2|3 ALAEZ 25|
2+ olm =] A4 ti3] A= Google, Microsoft
AAAJIT ti7|g &l Ko} 42 Hejd =
Fs BHEol WA AA O S ' Wi

o, ded 7z AR AEE duEE
S Fal ¥ £/ olHA-E~E HE
Bg 5 oy RECE &8 HYYE Heurla
THKim et al., 2015).

Ao sl7|d B
250l thste] At
A BE By AHgEHE 7P T ¢

©]:= CNN(Convolutional Neural Network)<
4 9tk CNN&  Fukushima(1980)2] <
‘Neocognitron(A1 Q141 7]y & 7|WF o 2 h=H,

ATE L0 44T BAEY AN 9% 9
Z

S L 1 B A

471 BEE AoE 7} BAS 5L 8%
317] 9lal BAe 2T FEEL s A

(Cell) -3 Q14T A RRES ThA Ahe
Ao BF T2 o]Fox QItiKim, 2016a).
2% LeCun 5(1989)< © = T2 9
A5 dnPEe tlste & AHE o
Qllahs 32 9] ABAAT &

o o]
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[e)
2173 % (Fully Connected Neural Network)
TZE O3t & F A7 ARt
T 9y dagEs 5% os 7=
Sol WA §olstATthKim et al, 2015
LeCun et al., 2015). ©|&A] T3 F=o FH<S
AU ™ CNNS Hejd 77 BAZF o=
FAstEAA FA FOF o]Fojy Qo AlA
W EYP R TS A AL, CNNS Al 574
9 A Wslol| Zstrh= SAdo] Tl A
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A Q12 FEoA £& 4%S Hola JtKKim,
2010; Krizhevsky et al., 2012). @A) Rt} Z1%
E3HQ CNN AZH-E TE7] A% d77H A

5 Q)

o8 A% 22 AA4E HolHE #d
sh=tl $loJA1= RNN(Recurrent Neural Networks)
£ 7o 2 3 dagEEe] FE ARSEHI 3
o 7184 RNNS o8 A% daeEE3
= OE2A ALl FHE v Foll Adgshe
I A A7) ARAE ALst= AA T
7EA A Jot. o] A F2E wRE}
A& T ARt 5 & H3kE
2 & 4= A 3K Choi and Min, 2015). L2}
RNNE f¥3te HolE o Zol7t dojd45
A JE3 dolele] AR7F HAp el A
£ 7HA L Tk o d £AlE NAsh] $istke
Hochreiter$} Jurgen(1997)-> RNN9| A&} &9

2ol Gateths A5S 29 @e 2H3=

1

N

ool PN
% o

]

fl

T= HE0] o] & s ol F LSTME
% Forget Gate 5°| F7I5+ & o8 AFA=
o oJaf 7ol EAa, A= AHE LSTM
o]'} GRU(Gate Recurrent Unit)2 E&]= LSTM
o] Wy By Fo] FE AEEHI QThAhn,
2016; Cho et al., 2014).

ol# g 3t dAYF = TF &
oy o T 5o EAAES sidst=d
Z1o% =8 ATE0] Jet, o9 thEHQI o
2 & ReLU(Rectified Linear Units)2= & T
£ £ & Utk o] ReLU 4 &5 202
B A ths <Formula 1>3 2T,

b
ook
N
>

ox I

f(z) = max(0, z) (1)

1) http://archive.ics.uci.edu/ml/datasets/Bank+Marketing
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ReLU &4 3
2

ol & 082, & dY w2z

el F= otk ol V1€ dsAAT AT
NA F= AHR-EY Sigmoid B4 FrollA] Yo
e of v BAET} ARl = #AE
=9 9o, Ayl By war Fss
o AHel Ao dEl ARHEHI ATHKim,

2016b; Zhang, 2015).

olehs 7IHE Bol¥ 4 gudl, ol 8% =
Zol welo A Mge Qo2 AASEA

4, A&
(co-adaptation) A& ¥ A A HAFS
=g a3} THChoi and Min, 2015;
Srivastava et al., 2014).

a5

a

3. &g A

3.1 A8l H0|H

2 A7d s Hzyse #dEH o7 BF
PAO HeHY LudEe HEsr| 95l

2008 SEHE 2010 1€ Afo] & =252
2o AAMES Yoz 3 dYyniAE S
tlo]E1Ql ‘Bank Marketing’ Ho]E|DE A-8-3}%]
t}. ‘Bank Marketing’ HI©|El& & 45211702 g
FEF MO loH, dY Wgs aA A%,
24, A& oAF, A dYniARe] 35 F 16
Holtt. F& W o] AFE /AT YAt

7F JEAE ‘yes’ 9 ‘no’E F7IT y’ WO
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o o] oy WA T ] 52897, FASH  om AU 24 HeolEs} opd Mz Yoy
o] 900002, 34 SR B uolE Mg o o] BF Al Hgs ni, 7]Ee] o]

o] AAQ] oF 11.70%= A3t Utk B EAlo] &83td MLP 283 1 A%5S ¥
2 AFolAE 03 1 Alole] #RF gEur-S w3te] gy 7] &8 s s AdEs 5
Ae AFANAETL 2P 59 B, 558 #E 3 dolr 1Al dTh
2 o] fFES A, 4459 FE2 0 a3 AFAER B FES 20 %
1 Abo]lZ W3t dAE HAHE AT Eo] o] BE o s AdT & §lvel,
o] 2% R 9 45 HIHE Al WA 2 A AE 2959 &, 2495 W w9
30%2] HlolHE EeElste HZE HlolHE A} T EE Y5 E dolH(ZENS /N4, Dropout
23t YA 70%9] dHlolEE ¥ HoEH= 719 HE A5 21L& 7|F0E BYE 11
AT miA Yo 2 Biy sk w9 A5 HlwE AASIAT BRk CNNZ LSTME]
3l MA g HAollA EAE dlolElol tial Ty 73 28 Aol tha A|ofo] 9o YR RYE
T H5(Oversampling) S 3t F SH2 Holg o] A= ATE 1 ¢ AF 2o R A%
ATE #5354 LAk £ ReLUE 7|E 0.2 315, ReLU B TS A}
23 £ glE LSTM ¢augE RIES
32 AlH HiH Hyperbolic tangent(tanh)®} Sigmoid <= THA|
2 a7 WA 9Ey Ao b solm Ak 1 9Jol] o] 9dl FE, mulE 5o =
e - o AEL 55 5YS ddolA 2Pt ol &
2= CNN# LSTM €112]Z 2 Dropout 71H-&

foFatA o} o] <Table 1>3 2t}

(Table 1) Summary of models used in the experiment

Type of Number of hidden | Number of neurons | Number of output Drobout Activation function
Model layers in the hidden layers data(filter) P
I 16 - X ReLU
32 - X RelLU
MLP
) 16 - X ReLU
32 - X RelLU
i 16 - (6] ReLU
MLP with 32 - (6] ReLU
Dropout 5 16 - (6] ReLU
32 - (6] ReLU
16 X ReLU
CNN 2
32 X RelLU
CNN with 5 - 16 0 ReLU
Dropout - 32 (6] ReLU
{ 16 X tanh, Sigmoid
32 X tanh, Si id
LSTM » 8o
2 16 X tanh, Sigmoid
32 X tanh, Sigmoid

99



Z7(e} - ol=0] -

=o
?:!OT

7 93y 7IHES ¥ F &7 AAS
e o239 2t CNN €aE]Ee 2 ojn)
2 HolEolA B4 grozRE QHI e
EAES sl o] & ol &8 Tkt 54
< AABHE Alo] 7o, HZ2Y 2 HolE &
Z}ztel drgo| EYPARI HER dvhd 77t
& 3ol YABF=AE R7t §i7lel 7= 4
g2 545 14 A7l Aol A7 ATt
oo B Ao A= CNN &ag]&e ZE 47
S 3 gI=e] WA e ok A3l o
olE| 9] AA EAS 3 Wof s =E 3Tk
o] FET EAES nHoE R0 oAbE
AL T FUAEE 2YF L 3 Frlete 29
£ St ol & =218} stof YERHEA ol

AT XTI

2 e g dAsn. ol £43) st YRy
™ <Figure 2>9} Zt}.

upA =0 & Dropout 7" 9] 79 2t RS9
St Ag390m, 059 FEZ
AEE A3
s Bl =3 P =Y A5 vl
§ & S(Recall) 743 A =(Precision) &t Z3}
%l FI ScoreE AHE3IATE ©]= 7]& o|n
212 FAo A= B B7F 7o) Bed] B
=™ Ao W, o]x B wAlA = A

A £ WS drig Z BREATE S8

17] wZolth. oo B AFo A= o] o]zl
5 2AA B7F AR A 2holal Qi+ Fl
Score® H7} 7|Fo 2 AME3Y T Fl Scores
T ALt <Formula 2>9} 2T},

N
o M & > |

)

[S]

)

Ql

o N |
OB

T

2 X Precision X Recall
= 2
F1 Score Precision-+ Recall @

Output Layer (Sigmoid)

Hidden Layer (Length = 16 or 32)

Convolutional Layer

- filter length =n

- number of filter = 16 or 32

Input Layer (Length =n = the number of fields)

(Figure 1) Schematic diagram of CNN model used in experiment
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Aw7A e 43 A=
FHsHd 9f°] <Figure 3>

g A

o|F Zol A AT AFe FAT A
23k A= v <Table 2>

F1 ScoreE RSl o= 28 3+ Dropout 7]
< A83F CNN
AR v AY F2 042839 @S BATh £9] Dropout 7]

- - - -
RO L RO R u— < +0O<+0O Backward LSTM Layer
- -

- - - number of output data = 16 or 32
- E 4 - -

+tO0O—>¢ 00— -—----- —-¢0—>4¢0 Forward LSTM Layer
- h - - - number of output data = 16 or 32

£ A A A N
////////////// }InputLayer

(Figure 2) Schematic diagram of LSTM model used in experiment

Preprocessing ©
- Convert variables 0 ~ 1 : MLP, CNN,
- Scparatedata  |—>| DBank Marketing LSTM Model Set
. Training Data oo
- Oversampling for training
Training Data (Oversampled)
Bank Marketing MLP, CNN, F1 Score evaluate
Test Data LSTM Model Set

(Figure 3) Schematic diagram of experiment progress

=L
o F 32719 BHE /A= + Dropout 7]'H-&
H

AT

< s 2] 3)8t SO8 FL2 Hed Bl 9= 2y F3&
7 2o Dropout 7|H< &% MLP B3O =, 327]¢]

THOE FAH 29SS F So= :?L*éé,‘i%
o) 0.42319] g& Eh o] Qo 74 =Y 73
HZ A =& Fl Score &2 LSTM 28 3
©] 04072, CNN =3 Fgto] 03975, 181l
£ A HEAQl MLP 23 9ol 0.3923°] Ut
of 2t} 7M=& 2 dAFoMes A4S JdgsteA 2 7kA &
H g A A AR
283 MLP, CNN =& #&
< A&31A %2 MLP, CNN
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(Table 2) F1 score, precision and recall values of MLP, CNN, and LSTM models

Type of Number of hidden | Number of neurons or F1 Score Precision Recal
Model layer output data (filters)
16 0.3788 0.2731 0.6184
1
32 0.3923 0.2953 0.5841
MLP
16 0.3650 0.2586 0.6203
2
32 0.3551 0.2458 0.6391
16 0.4070 0.3138 0.5789
1
MLP with 32 0.4034 03124 0.5692
Dropout 16 0.3929 0.2939 0.5925
2
32 0.4231 0.3388 0.5634
16 0.3975 0.3046 0.5718
CNN 2
32 0.3876 0.2940 0.5686
CNN with ) 16 0.4150 0.3300 0.5589
Dropout 32 0.4283 0.3566 0.5362
16 0.3423 0.2298 0.6701
1
32 0.3545 0.2435 0.6514
LST™M
16 0.3614 0.2582 0.6022
2
32 0.4072 0.3184 0.5647
29 AP0 Ha) AAHeR B UL BF 4 OE QARG L 45 HolETE A
TS BERv+= Aotk 44 Z3E B, Dropout 2 dy gEA dgoen @ JolEle] &
7IHE HEd RYPES I%8A ¥ BYE o] & olx &/ A > A S B
Hg ARk o g A& oA il A Athe AL FHER HO FEOE
W7t S7HAA Fl ScoreZ} A3 218 82l HolHE &85t CNN ¢ AH&-3F ©]
3+ 4= AT} ©]+= Dropout 7S AHESIH S B/ ZAE s F A 3 =
A% mY5e] 23 o B AL SUY Bask Yoy ol
= A2% = 7 9=t Dropout 7% el o] A MR ZE LSTM ¢1EEe] 45 e ¢
oS4 2l BA 2ol o]l B # R EETE) A% Aold] Hla] Ak 2 AT
A &
o
=
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T3 2 dAFoAe ASSHA 4% ‘Bank
Marketing’ Hlo]H o] =7|7} t-E dlo]H
AFES 22 =4 stollA Ags 23 gz=
7} A& dloJE ol A= CNN 28 Ftho] MLP
23 Aol vig] ¢ /fHE BAe5e BHAFA &
gt He Bt dE E0, "IE F
7} 710477021 HlolE Hds AHEE AR lA
CNN =& 9] F1 Score= 0.4330, MLP =& 2] F1
Scorei= 0.4029% CNN ¥ g]Fo] &4 A%
< BoFoy d=ZE 471 1,477709] HlolE
A3kl CNN =& 2] F1 Score: 0.6650, MLP
DL 0673302 BT} 938 nAEHA A
< Btk oozl Aol A 10,000712]
S 74 dolH TS CNN ZFoA
1531, MLP 2&ol| A 0.15942] F1 ScoreS H.¢
i 71 AL vloly oA CNN ¢z

O

Mloox F
(A o

=]

2 Hgahs A MLPol ls| A% PAL 7]
Ng 4 gtk AR =Es9T
5. 42

B ATE olmAL 4 914 Bofol A F&
B Bolw gt defy JHe AEA

B5HoE FANA BEE] F H e o]
BR ASS 2ed 59 F 5 Aok 7S
o
=

N
Ro]FE M, Dropout 71HE 83 CNN

2ol 71 £ Fl Scores HEHTH= oA
3% CNN ¢85 ozl &/ Ao &8s
= 7HA7F vk As SR & JSlT a8
I LSTM ¢e&9] A5 t& dagls div
23] T™ Algro] AU A A A% Aol
7} A ot o]zl BiF TAloll 837l A
3hA as RISk olHd AEolA w
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s AHESt o]zl R/ EAE FeH B
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H7F & 7hs/d o] EAIE T o] A
tlolE &= th2A v 2Y 2 HolHE
o] tlolEmitt B5F TrE7] |, AT A
t5lstr] fsiAe ot B HolHES
AHgEl ASS 8 B 280 ok agla 2 A
FelA= CNN EaglES 4-837] 913 ZH
o A71E 3 HAES A = Ho|vkg AR
St =T, o]+ CNN &E]E9] Adolnd 4
2 FZ2E Fdst=H A7 "Ik oo CNN
G ES of9A st HIZY 2 tlo]E o] A
GotA HE T F YSAE 5 ATFE sloF &
Zolth, mpAeto g B A A AEH darg
ZE 9o = GRU, Batch-Normalization, Maxout
T 71 "9YYd 7HES NS AER 7IHE
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Abstract

Feasibility of Deep Learning Algorithms
for Binary Classification Problems

Kitae Kim* - Bomi Lee* - Jong Woo Kim™*

Recently, AlphaGo which is Bakuk (Go) artificial intelligence program by Google DeepMind, had
a huge victory against Lee Sedol. Many people thought that machines would not be able to win a man
in Go games because the number of paths to make a one move is more than the number of atoms in the
universe unlike chess, but the result was the opposite to what people predicted. After the match, artificial
intelligence technology was focused as a core technology of the fourth industrial revolution and attracted
attentions from various application domains. Especially, deep learning technique have been attracted as a
core artificial intelligence technology used in the AlphaGo algorithm.

The deep learning technique is already being applied to many problems. Especially, it shows good
performance in image recognition field. In addition, it shows good performance in high dimensional data
area such as voice, image and natural language, which was difficult to get good performance using existing
machine learning techniques. However, in contrast, it is difficult to find deep leaning researches on
traditional business data and structured data analysis. In this study, we tried to find out whether the deep
learning techniques have been studied so far can be used not only for the recognition of high dimensional
data but also for the binary classification problem of traditional business data analysis such as customer
churn analysis, marketing response prediction, and default prediction. And we compare the performance of
the deep learning techniques with that of traditional artificial neural network models.

The experimental data in the paper is the telemarketing response data of a bank in Portugal. It has
input variables such as age, occupation, loan status, and the number of previous telemarketing and has a
binary target variable that records whether the customer intends to open an account or not. In this study,
to evaluate the possibility of utilization of deep learning algorithms and techniques in binary classification

problem, we compared the performance of various models using CNN, LSTM algorithm and dropout, which
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are widely used algorithms and techniques in deep learning, with that of MLP models which is a traditional
artificial neural network model. However, since all the network design alternatives can not be tested due
to the nature of the artificial neural network, the experiment was conducted based on restricted settings
on the number of hidden layers, the number of neurons in the hidden layer, the number of output data
(filters), and the application conditions of the dropout technique. The F1 Score was used to evaluate the
performance of models to show how well the models work to classify the interesting class instead of the
overall accuracy.

The detail methods for applying each deep learning technique in the experiment is as follows. The
CNN algorithm is a method that reads adjacent values from a specific value and recognizes the features,
but it does not matter how close the distance of each business data field is because each field is usually
independent. In this experiment, we set the filter size of the CNN algorithm as the number of fields to
learn the whole characteristics of the data at once, and added a hidden layer to make decision based on
the additional features. For the model having two LSTM layers, the input direction of the second layer
is put in reversed position with first layer in order to reduce the influence from the position of each field.
In the case of the dropout technique, we set the neurons to disappear with a probability of 0.5 for each
hidden layer.

The experimental results show that the predicted model with the highest F1 score was the CNN
model using the dropout technique, and the next best model was the MLP model with two hidden layers
using the dropout technique. In this study, we were able to get some findings as the experiment had
proceeded. First, models using dropout techniques have a slightly more conservative prediction than those
without dropout techniques, and it generally shows better performance in classification. Second, CNN
models show better classification performance than MLP models. This is interesting because it has shown
good performance in binary classification problems which it rarely have been applied to, as well as in the
fields where it’s effectiveness has been proven. Third, the LSTM algorithm seems to be unsuitable for
binary classification problems because the training time is too long compared to the performance
improvement. From these results, we can confirm that some of the deep learning algorithms can be applied

to solve business binary classification problems.

Key Words : Binary Classification, Deep Learning, Multi-Layer Perceptron, Convolutional Neural Network,
Long Short-Term Memory

Received : November 18, 2016 Revised : January 2, 2017 Accepted : January 9, 2017
Publication Type : Regular Paper Corresponding Author : Jong Woo Kim

Bibliographic info: J Intell Inform Syst 2017 March: 23(1): 95~108 107



Y7ley - ol=0| - YES

108

A A} & )

U7l
FeFoistaol A A stAbel HRA 2RSS A5 ek o, deoista Al stdol
A ABABA29E AFFe] AT ANFAE ASSHAT. Fa o

dolgmtold, ZIASE 2 Beld Mol S8, 9 dols, Fe9E AFY Aulx 5

ol

0 ]

S Gl QI ]2 Aol Sl Ao A ol @
rjstaol ) AFIHIE ASSAT. Fo AT BAERs Peld, 24 B4, volE]
nlolid Solch.

uEe

Al st AGTIst A LR AF Folth ALTiskm Sepels s
2 iom, SR U AGHToR ANSE, HUAFIOR A
£ ASHYT. Fa AT ByRRE HolEHvield JMT $8, 71ABET Held, ©
AU vlold, FEFU7IE, A5d ARASE, AGAA, S WEND 24, Feb
= AR Au2 Solo,



