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19009 = E}—‘%C’]E(Dow theory)(Hamilton, 1922)& Ajgteg e =
Heol NI, diFEY] 7ed B4 ERE 18 4] whieel =&

HE————

ShAY G&24 A171Hd (efficient market hypothesis: EMH)) sfoflA =

= v AE7F AEstal AESH Fte| HERR
Aol 7led B4 S nlH F71E dSstke Aol E7Fs
At (Malkiel, 1987). &&7 AZ7Hdo] AYste AFoAdEe F49
UAI7H S AAAE 7129000 tigt AR7} oln] &

2 E}(T1mmermann & Granger 2004) 731]-‘— N2e AR} A=
WAREIE A7 & v HA Jd=AE dF50te Aot

Az AR i AR7HAe] BeE % AZEEAT, 5 AR
A(event study)x= Fama@l Fisher, Jensen, Rollo]l 2l A|ZF= STk
(Fama, 1991; Lim & Brooks, 2011; Sewell, 2011). ©o]&9] dF+A1}=
aas4 ]XW}H = AA[SHARE o]% thE AFAES] dFETE gy

t}. Ball, Brown®] -+ A A|sk= ZAI}E, Rendleman, Ibbotson 52

0]

%S

ﬂ—TLlr_— BAst= ZAuE HoF1 Qth(Rendleman, Jones & Latane,
1982).

Qe AoR dastn ol st v Fre] A YS dSTTh

Charles H. DowZHE H|EH o]20o2 7|&3 RA AZx7t @
Hamiltono] ©]&2 0 & A 3}5}5 21, Robert Rhea’} ©<% Azt E}
(random walk)S 3= Zlo] ofue}t F714 FAld s G PErhe A
7F ol WS ZHA S 1 FAE ASE e Alsor g wizkA] f‘?}% A
St 7o)t

Ew%o_

e

2

o
R

N
2o 4
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Jeu HE ° B2 997 884 AZHEEME)E HlRE o s HESE] A
Zotgledl, S5 A%

finance), ARIAAIA F80l2 (Socionomic Theory of Finance, STF)»¢] ¥4
2 ok WE 9TES 584 AH dee Al dsel B
AT Basol F4 A 72 dld YA(andom walk)E wEA] o ol
AL dI50] 7hsolthe Ae HolFwA &4 AZHEY] 71E e 2 &
Aol AHstA =t

ZA8Hbehavioral ecnomics) % Y5 AF-Hbehavioral

rlo

S

[

1 Iot5 7]‘?} 7 ]‘Oﬂ—.oq:rL*O] 9“?2}5] o|Fofz| 1 it QlF Al
A% (Neural Network), 4¢3 2]&(Genetic Algorithm), 24 0233
2% Hidden Markov Model, HMM), % QA (wavelet), AZE HIE
™A (Support Vector Machine, SVM), A *=2|(fuzzy logic), 2%
U2 (Decision Tree), A<2d BAE(AdaBoost) S o|AL Zgst

et WSl AR QU

ol deglE Edfold(Algorithm Trading)92 Hol MEA diF
e ZHo|EHPo]A(Robo—Advisor)Ne] 4ol o]27|7kx] a8 At
dole 2 FFE mH Aot 7ASRs V)6t SIAREEES] T2 9]

6)

7

2 1 o] & H}o] 4] (Robo-Advisor) = 2 X (robot)# o] EH}o] A (advisor)’ ¢ Aol duE]ES &85

A g4 AT D BYE AFE AL DT ZuorolAE WA HolHZRH HdE o
Sehs AL oM 227 dole ¥ o8ln sk ASE 714e Hesh] tad
WEg addis d35S Fin



S}

=

B ERoAl ARAR 2 27} dZel glolAl olel 71

o] TR vlm RAstald SR ojuBEr ohjel Al

toelEe AGA, FA 2
_IC)[_

L2 =
3 dA B 5 F7F B olsPAREAl fojulgt 3uE A
=

o i ol m

2 =572 A4 7YeS AEa R we Al TEeE ERsta
ZYZto| tisl H8d HAE(AdaBoost)o] =S EASIYTH AHE
F2g(AdaBoost) o] A4 s F4e sl o 714 o= U
o1y AIAW(ANN), SVM(Support Vector Machine), ZAA WH
(decision tree)ot HIWE FaPstAct. AR 20089FE 20128747
ke 714y 20129 B 29 S 7199 AR ARE ARESH]
ZF 7IHEY dsge S85d. A9 A9 438d F2H"
(AdaBoost)o] ©E ZIAIsts ZIWel HS| oS A3t S8k, 59
AR gFRZE 5009 o}l 719 Ae ofF ¢4t AdE HA

tt.(Heo & Yang, 2014)

O



1.2.2 71 A&

2 =wolAE Hanol 478 W (Han & Chen, 20073 fAFSHA
SVME Abgste] 7|27 BAE Fot 7Y 4 7H4 53 oS
Z 7199 ARARE SYMO] ¢ggloz AFgstoe] 7]1EA BA = 7)<
WA 7HE Uedle AR AR e 48 St o] AxE F4

o g% S2e d&sks Aolth Han®l W¥(Han & Chen, 20077
Aoli, HEA AR AF BAL I A ATRA 7199 A
B 4R WEES AZ0R BU 12 A F4 714 Se dzdg
L Zolth o2 Sls AT AE TE T AU 249 59 AF4e
=t

7B AL % AT HHZ At ololo] tigt FRE B85

of. AT GEAM A4 oljo] tigh HHE tEACR S 7|de] A

T AHE A9gsE & AdE A#EO|tHChung & Kim, 2010). £ =72
o] Z|io wat 719 TS d&SF 4 QQeA]|, A2l 1 9gFo] o

A7 7FsA] ZIAIkE 7]l SVME ARgste] B7hskan. 2 =
ol ARt AFAEE AAVHAARER FEEol(EPS), FEAE

BPO)Y 4= s & &+ A= woldF7NNPGR)O|IHH(Han &

Az F7h shad A7 oy S NdHLESel o E4F
A ASHA o HERAESS] AS52 F4 AelM Iunt AFitEs
JEE, olg9 42 ok AR HATH 24, <5 7edl vEe =
Aoer & & o webd AErhe] ASw Ved A5 e v

<
ol
oL

b maskt 2 E=RAAL ofd AR dzw £ =24 A
oo oxg wlmste] AEZY elFurt B $4Fe H9
7

(Heo & Yang, 2015). oF2d o& 7|Alets Y ¥ Al

5

ju|
=



(Artificial Neural Network, ANN), Z# YF(Decision Tree, DT),
2238 HEAE(Adaptive Boosting, AdaBoost) 53 H|W35F] SVMO]

o $4% A7E BT,



2.1 719 ot A5 e A

Agle] AR Ame v § 04 oF R g A7E o
ARe copshA AWk kA, Qurel g AAE o &
+ mdo]y] Wi, A4 7193 go] fEAe]

s BF 4 ok A4 A4S o A A7 dgtm £, 19
1 ER 857t oF At 53 2 AR Fok Aolt o] ¢
ol Th2 AdThe Alold AR FxE 2] mhelelw, TR 449 )
g AT JAUEE WS J1EW FAG Hgol 2T & UrkSun

et al., 2013).

714 3Hit o Z2 Fitzpartrick(1932)9] A2 HE A=ty &
Ao, Beaver(1966)= AU4te} A2 (generalized linear model) 2
AR Rl Aste] 30709 AT HlE 24 7123t HES e
tt. o] opiFF WHE M (multivariate discriminant analysis)?t 22| A
o] AEA (logistic regression analysis)o] E=UETE MDAE oS 1AH9]
Aol g B4 SA 814o] e i B9 S| A9 A

= 27

10 32 rlo >

ML o

I

oL

Am

)
gllo _l
rr

3

>

el

1—

&h
%

do2t= A, “matching” procedure®t THE F
7} A2 <QIste] Ohlson (1980)2 =A% 23
2.4 (conditional logit analysis)= A&oto] AlEZe] sitetE R E BAst

o

O

A7k e H T

WL
Ry
rol

—1

32 A

Kumar®} Ravi (2007 1968-20054 “§¢te] mhat o5 75 2EHOR ¢
HolHA DEAA 719 (statistical techniques), ii)417d Y (statistical techniques), iii)

AHE 7|42 (case—based reasoning, CBR)®), iv)A4 WF(decision trees), v) 2|

Case-based reasoning (CBR)> H]<:3t A9 w49 s|AAS vlgoz =2
HAelet & 4= glrh

AE s dsh=

Ho
M



o]A g Z](operational research)?), vi)F2t4 AW (evolutionary approaches)!0),
viHZ gt 7|5 719 (rough set based techniques), viii) ] =] (fuzzy logics),
AZE "HE wA(support vector machine), oto|AEY E&(isotonic separation)!l)
52 ESoh= e 7Y, )9l 7IHES Fdohs SlolHeE AZE AFH 59

91 WFE B

7 tB3AQl 71 1t S dAEE GERY] Z

4 UtH(Altman, 1968). Z-scorer= 1968 3 WRE|Y o 7Idt 2]
= B9l 7149 i THeAdE ST Z-scorew= AME g2 Al
Ttz Urol 99, F7F ooz wHsithiy 3 ke &9t
H e 29 Wl Jﬂ"t} 7Hs/dol o ¢k HXbo| &shH w4 Tb
Sago] Arkn B olrk s

oA REohH, & m=wollA ARES A4 71 A B2 47t o]
| &ot= ©do] Qlth. Z-score RFT fEo] ARHOR

L Aor ZETA® A& ¥ mdo] 9y, ZETA Services, Inc.o]
A 7tdztelA wetd o2 AlgshHe mgoltt. ol 1976 Altmane] ¥
5 NSt 24t g o|th13) Grice®t Ingram (2001)-2 Altman R O]

2
o

o =fol o A e A8 vEe

e
e
Hr

9)  operational research= WU} U2 AAE g
wofoltt.

s

100 A3 92 {9 dgE £A4 AAd S&stEe A7 § WHelth evolutionary strategies,
evolutionary programming, genetic algorithm, genetic programming 5©] %1

11)  Isotonic separation< A= 7] A|8}<5 7] % (supervised machine learning technique) <1, o 7]l 4]
F(classification)=  misclassification®] % FHAi3leles AL EHOoR e AY Tz EA

(linear programming problem, LPP)Z 3% & ¥ T},

12) Z = 0.012X1 + 0.014X2 + 0.033X3 + 0.006X4 + 0.999X5
(X1~working capital to total assets ratio, X2~retained earnings to total assets ratio, X3~earnings before
interest and taxes to total assets ratio, X4~market value equity to book value of total debt ratio, X5~

sales to total assets ratio)

13)  33F AR 1 o] el M= Z-Scorest ZETA R o] W@ A4S HolAwt 2-5d o] ddllA =
ZETAR Y A=t ¥ w2 Z3s Bl

- 10 -



=
I
o
O-VL

A" dAE 78], HAEA HeiME AXATE #
%'3&1]01] disiA wra £ B AoE Wesdth

olelgt RYEL JEpre]l ETA AAAndicators), A5
(predictors) TS & 4 G WHEL S 95 710_; sEE %—%

@S B A S e
O

ZFol 7hsd EAEE Ferthd ol RYPES 1960 ST
1970dd] e ZBdE ol AXY, HIARAD T oFet F&2of
Ago] ozl oen, AP 2P (bond-rating equivalent model) &
25 FHSATH10  (Altman, 2000) olzigh H]&EAo] 7|x3t HA
e SHEATAS WU ohjet Aol ARASIA we o
FeHz WY F8EH oY FHRY(revised modeD)Eo] TSt

Laitinen (2001)2 =mpatof|=of QlojA ZX]AH 39 &Y (logistic
regression model)®] ASEE FIHAZI7] flote] HYZ ZH7H(Taylor
expansion)1NE  A-&stet. ¥4 A (normality)?t HE A

14) 280l AlE%+E Traditional Ratio Analysis®}t Discriminant Analysis, 12|31 ¥ A7 (Sample
Selection) ¥} M4+ A7 (Variable Selection) B0l thallA] Altman(2000)S 3% 3}e}

15  Altman H]A| Y dis A A2 Z3 Score EFS T Th
73 = 6.56X1 + 326X2 + 6.72X3 + 1.05X4
( Z3>2.6 ~ a good financial condition, 1.8<Z3<2.6 ~ an insecure financial condition, Z3<1.8 ~ a very
high possibility of financial failure)

16) & E4, Altman, Hartzell, and Peck(1995)+ original Altman Z-Score X3S $&3}o] emerging
market scoring (EMS) %3-S EIT] public bond marketsol] T3t <12 Altman & Eberhart (1994),
Standard & Poor’s(1995), Carty & Lieberman(1996) &%= 33138 whalt),

17 H¥e] A7N(Taylor expansion): Vﬂﬁé HNESAAAAE E4S & F e AE
approximation)) 7| H 0.2 FHHES FAHoR Flo] FolW AAY FE T
approximation)= o1 9] HYY u‘ri—rﬂ 2A] o)%e] & AAFeR 7 F

ol

T Al(linear
Ak(linear
c}.

=

A&

o

x2,

- 11 -



£ syl 98 2AAH Ry (logistic mode)S AL o2 2AA
gl ok¢9] Z|4x(exponent of the logistic function, or logit)& AFok
71 95l El¥=] H7H(Taylor expansion)E ©]&35ttt FAPAiH] &

S(cash to total assets), FARAtH] @F SE(cash flow to total
assets), EAMITHH] 27| AR (shareholder’s equity to total assets)
HE& 5= THiE 919 0363:% U]i]% fo=s sh= FAo= pil

Atk Chavag} Jarrow (2004)% 1962—199915 7|17k %‘C{} U];# 7]%401] =
5t bankruptcy hazard rate model®] o= AL E AFotTh HFH
o4t HlolE o] AE o]-85te] SiAE BY (Shumway, 2001)2] Altman
(1968)+ Zmijewski (1984)%q ofjH] 43t dSAHARE HS0IH

hazard rate estimation ©f 4t &¥H(industry effects) & ZFA|7]= Zﬂol
ZQ3tt= AS E9stch Nam 5(2008)2 Shumway (2001)2] At
S FHsto] AW FHTF(time—varying covariates)?t 7|A 9d T
(baseline hazard function)E& 7} Fdo]Ad 23 (duration model)= At

o

Shleh. Alote B2 Azt 51 AXFA ©]E4 (dependency)e 5189
22X ol A anet d= AsS 4SSkt Bharath (2008)2 9
A 1y (hazard model)©] Merton DD 23 (distance to default
model)1® I F9Fg X3 (reduced—form modeD)19 Ho}p 43t AFE
UetdZ  HSoTh  Beaver 520052 SIAE HPS  ARESHY
1962-2002 59t mHitS A5 4= e AFAR Holgo sHo] |
Slot=A1E TAFSte] it oS o] Jd3dF= ud 5 e Al 71 5

S| il

Ale glelstedtt. o7]o)= FASB 71&, A%

18)

19)

Merton(1974)2] bond pricing modelS 7122 s} 414 A8 & (credit risk model)©] T}

i

ME 23t Foky wa

= wgolny,

Mg 98 7] ¥ (credit risk management model) & 2] AL

O.u.l
rlo

- 12 -



AlE|7] ore AR F=] 21t} parsimonious

Hj o %2
N
3
)
iR
Ry
ofy
ko
r_o,ﬂ ol

three—variable model Ads AlFsiaa
40d 717 YWY o5 2> A 3(robustn688) o] FA= At
Sung 5(1999)2 A4 2 7] AA Aol A3t o= 1y 7j

v

Els

s dlolg wrold HT WA ARgstedl B4 AdHolA #1171 4=
= WEStHA Tt AScte T8 WHeE A

Aol A= “FpAE tiv] @3 S5 (cash flow to total assets)”, “ZHE Al
D& 9171 AFolAd= "B div] d5 55

(cash flow to liabilities)”, “ZF2 A4t (productivity of capital)”, “ZH7]
ZHE A} A 7182 ojv] 11 ZRiH(fixed assets to stockholders equity and

long—term liabilities)” & Z]& o} Tt.

A4 (productivity of capita

ot dE BYs A 7 7R ERIAHH, AFHle T
A 718k ¥ (accounting—based model)7 &4 (option) &
A% 7149te] & (market—based modeD)Z = 4 Ut} A 7€ 29
of AWFAl 7P Z2AQ BAA ally 7|del EAol AFA =

Al 71HE B o] AHbAQl T2 AlelA A E =

Berg (2000 Mg 93 ol 717 A/ REL H@g

Ayt dutst 7bE Y (Generalized Additive Model, GAM)20o] HE
Ad FFolA A TE EX(linear discriminant analysis), <{Ha}
Ay Y (generalized linear model), AW TSI T2 LPHC} F2
Ae= Uehde HoAFAH. 2A7ZIHE RYgo]l HMFAd A®RD 1AM
&< ©|84 multinorm analysis®] A¥t= tiAsto] EAste= Ak Sl

. Andrés 5(2013)2 HES: B 3]HEA (nonparametric quantile

200 Y¥r3s} 7BH 23(Generalized Additive Model, GAM)- 19904 Trevor Hastie®} Rob Tibshiranio] 2]

3 AdElom, Ul M¥ T ¥H(generalized linear model)¥} 7MY R (additive models)<] #/‘é <
3ot BA E¥(statistical model)olth. YWk 3|74 FeEjol vjES FEHlQ o] sMtEo] ¢
GAM H]E4> 3] 7] (nonparametric regressiom)@} smoothing techniques &3] 1&g o] opbd o—roﬂ
T Age 48 T F JEF & £
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regression)°l &Jsff AAHE L9 industry norms=FE O] ZF IAF WAL
2 B=Z7|(classifier)e] QW2 A1L3H Ayl AY 9 vjAE BE7

L =
(classifier) FoA o= ASEE A FAAZ 5 A

Reisz (2007)= EH-&FE A4t ti?t down—and-out barrier option
o7 HFohs BPOoR 1988-2002F 713t F3F 5784709 Z1del dhgh
i TEsAS FASEEY. Agarwal®t Taffler (2008)2
contingent—claims valuation approach -2 market—based approach®}
541 accounting-ratio—based approach& H|u F7}st] =1 7]Ha
A T EYo &g Afolo] ¥ Zolrt glgs WRTE  Charitou®t
Trigeorgis (2000)2 &4 7} o]Z(option—pricing theory)& ETHZ 5}
o] 1983-1994¢ 7|%t et = 7149 wikS AWstled, WEA
(volatility) £ 424 Q] option—motivated W47 1~33 A 1opit oS0
Tas A4S ke AL WEoh Hillegeist 5(2004)2 4712 0] 20
2= market—based measureQl BSM-PB(Black and Sholes, Merton,
probability of bankruptcy)”7} accounting—based measureQ! Altman’s
Z-score (1968)2} Ohlson®] O-score (1980) Ht} ¢ v AWl 7zt
=the= A2 Bk oA, BSM-PR7} ipitEET A¥E HE Ths
A% 718t A B (market—based information)& Wrgotx] kow, zip 49
(excess returns)dt A A& 7] (relative market size)7} F7FHQ1 A
S A4t Stk Bharath®t Shumway (2004)= KMV-Merton &
o] it g-Eo] CDS(Credit Default Swap)#t SJAMY 42& AXF =(
corporate bond yield spreads)®] WAE mHit SHEF ©2] ot A

g 7H3 Qor], By s 9 NAY PTH4S
FET BAE FASHE 2ol Bt She tih mEE e B
e,

34 7189k ¥ (accounting—based mode)T AlF 7§t =Y
(market—based modeD)-& T L= AFE A Liet Miu (2009)+=

- 14 -



BQR (binary quantile regression) R@=> Argsto] A Hl& 7§
(accounting—ratio—based) ¥ A% 79t (market—based) FEH ZFof &
2 HoHdynamic loadings)E Al stolBa|E mHit o5 29 (hybrid
bankruptcy prediction modeD< Hste] 7]&2] 23 23 (logit model)
Hrp 4% 452 d4Fotth Das 5(009)% 314 7|§F »ga AP
7IM By & F otyvhe ARgSte A Hoh & o AREShHE Zlo] 2
AIE Y-S HojFol & T/ AHI7T FoHAAUAS ASoHAH

1990 dofl S HFEE o8t 71A Stssol Exiete] wat o
= 714 et5(e.g., neural networks, Support Vector Machines, decision
trees)S HFEFO 2 ot 719] oAt o= ALy} Stsich 74 olso] UlE
4 5§ 2ol W QAL A9 It i) $8F Zelth, 7

1949]
A AEE vtgeg sids 24dstal o] wido] it o ol &oh=
A QEARE o] &= #tshs Zolot. 7| Alstae dvtAos A¥A
7Fd(a priori assumption)©] Bt k1l BHAFAHS] #AE FEL &
A7 2o EAA = (statistical method)ofl H|s] EgAQl FF7F 7}
S8 540l ik ot ol2Rt nES SiAsta olsist=tl tha old=
ol & 4 qlom, A 7Hedo] F8 ofel dF FA AolME= A
go] At 4 k. IS BY9] o|srtedS gk Aol
o, SRS Adst7] fsl dHgHsE ZAsH ke FEE 4 9L
+ 2 dgt 9§ @2 2AS de 5 Qv

it dSe] AMEEE dEAY 714 sl rE dF AR (Artificial
Neural Networks) (Tae & Shin, 2010; Wilson & Sharda, 1994) ¥} #
$9 H2"(AdaBoost)(Sun et al.,, 2013; Altman, 2000)°] itk o] 2]
T SVM(Support Vector Machine)(Min & Lee, 2005; Shin et al.,
2005)= ARERE Ak Qlet o] 7IMEs A9t stolHE AL 4o
SFeH(Kim, 2009; Shin & Hong 2011; Verikas et al., 2010).

- 15 -



Tam (1991)2 mitoZRdo] Q3 A1A3(Artificial Neural Network,
ANN)S Efste] o5 SEe &4 AR oA 4 (npun), &34
(hidden), &% (output) Z(layers)®] AlEdgo]do] 7]x3th  Wilson
(19997 Odom (1990) %A wAte]= AAT BFL Autste] AEA
it SRl ohisF W EA (multivariate discriminant analysis) ¥ H]

, AEY 2ol § et dS5Ee UEhe] mhteSEA

18

73 =

Zt(data span), 571

iterations) 2t Z-> w7l Wepof whet 2tk BYl] oS FE FIH

5710 ARGl oo A=A ¥ sts7Hel |F st Kol

Zdgloly et YT specificdsH] HEZ o= Ho] Hold 4+

Zhang 5(1997)& ik dlSofA Qg A7 AT (ANN)S] g2 o]
% S

sfst7]flet ARkl &= AlAlStA AT HEA

i
o
o5
=
E.
=

oQ
—
(9
(@)
=
2.

Q0
c
o
=
i
ol
N
5
c
3
3
o
[
o
o

S ARt HES AAHst giete g &5 AA W (probabilistic neural
network)2D& A|QFstet. ml=r Af B 7kA 4ES] HolHE ARgStod
H W24 Ayt fel g FSH(pattern normalization)”t §le & AAW
(probabilistic neural network)¥} A IFHHEX(Fisher discriminant
analysis)o] Aoz z4fo] FHAIE At Atiya 200D+ A5H
ol AHFH]-& Merton®] A& 9198 R4 283t indicatorss AW
Hgo] Agste] dS=la A FIAFH. dubdos od EFA

(single classifier)oll B8] o8] EJFZ (multiple classifiers or classifier

21) FEA7Y (probabilistic neural network, PNN)< #]o] %] ¢t U] E9] A (Bayesian network)} #d 34
¥ 74 (Kemnel Fisher discriminant analysis)©|2} E2l& S/ dugsoz HE 3" J=x9
217 Y (feedforward neural network®]th. D.JF. Specht’} 1990 At =W E=Qlstion, ZHs
(operation) 4 79| ZF(layen) S 717 v I XY= ELAZHEE 22 A

="
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ensemble) & X &oh= Zo] o Wil o AZ]=H|, Tsai®t Wu(2008)-2 1t
ArfEEAlel elA 3719 Hole el 71xg A8Y Y= (neural
net ensembles)= ©]-8sto] ©A EFA(Gsingle classifier)et s EFA

(multiple ~ classifiers) % ©geHd oF EFAH(diversified multiple
classifiers)®] &5 ARY At Bt A #A] FEotal, 229 4

A& W=l S olEsr Al ZEAl ER/71 0 ob7IE A (clsssifier
architecture) & 2l&{sfiof il SFATE. ob&d Tsai(2009)= w35 HAY
EE A7 (Multi-layer perceptron neural networks)& TH4E o|& L

oz ot Ao 5ol & A& A feature selection methods (t—test,

=]
r

[¢]

rol

correlation matrix, factor analysis, principle component analysis,
stepwise regression)E H|w g A1}t t—test feature selection method”} 7}
St 438 Bk Raviel Pramodh (2008)& it EEAC]
B A7 (principal component neural network, PCNN)= &-85}+=
A 2L feature subset selection (FSS) ¥ile]ES Aottt 7]
A] hidden layer+= principal component layer2 tHA|=|™ hidden node<]
15& F3ot= 2 7FA] A= principal componentE=2 F/4H. oF&
2] PCNN= &#A]7]7] f5to] threshold accepting(TA) meta—heuristic
I9F Ay eE5S Totaitt. A9 Ayt PCNN9| #2 odutsl 538y A
5 feature subset®] w2 W52 (discriminating power)& HOF30
™, PCA-TANN, PCA-BPNN & t& 277|EH 4&°] ¢5sitts A

& Qs

N

N

A Z18F 28 (CBR)2 Efsta ®islshs H=2Y2A @40 ZAE

$AstT A A2ALS Y= Hiolth wre CBR & 18]ZL k-nearest
neighbor (k—NN) HHolA e o= 7\1;8* H AHERE 275 A
Aot similarity functions ZF3l Q= NNO| 452 similarity

function®] 7 ¢](definition)oll sl wj-¢- TZFstet, Park® Han (2002)=
AHP(analytic hierarchy process)227}g(weighted) k—-NN &ileg]|&olgt=

2~ \=]
& Fue ARty
!

¥y
PR EolT A el %

2) AHP 5% 2ok A4E A A4 sl AS AYeks o &
Ak
o

2 &
el | A (case indexing and retrieving)ol A J4d T oEE ISt
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Mz ZHAYA(framework)E  ©]8F FH] FE  FZX(analogical
reasoning structure)E Attt AHP 715 k-NN €18&2 43
k-NN ¢g|EHt} =2 B AHSe
A+ H]E) A4 (HAF
Z2 A5E Ho] Fot Bryant (1997)% o4t

o
T [€)
v 22 T (case-based reasoning approach)= &

AR 71HE F2(CBR) A-8s5t7] 44 w21t (overfitting) 7Hs/do] 9l
om Z(outpun)e] thst £ A (explanation)= A|-Fsh= WA, 9=
Aol tha ¥ #Holoh, Ahn¥ Kim (2009)2 mHit o =2 93 CBRE]
ASAHTHE =ol7] Hol 58 L E(genetic algorithm)& A}-8-5to]
CBRO| thglt feature weighting} instance selections FAlol #43}s
ot o2t WHe AT &2 AfEE FXST kolZ(noise)E A7 5
CBRO] o= Ag=E A FIAZH. Joot Han (1997)2 AR
2= (case—based reasoning), NN, MDA % o]59] X3S H|u 5}
<9 (combination approach)e] & 8 ZSHOA of" T
Satthe A FAAT Cho 5201002 mistticH]s A
(Mahalanobis distance)23& ©]-&3t At|7|RF 23 24 Y (decision
tree) 5 ©|-8% W AHS ARt stolBEe| = mpitdS WS AQtehd
of A4 yiof oo AelE 4= 3] (regression)oll s AdE W4
o Hlwste] 4o 28-S st Aol jlow, Herly A= ATt
U e mpotetleH A A7 f2EE ARG 2HAAS H BEH
S%h A A3 AgtE e A AR Q1 HE 7HES 4%t

J

Ol
oL
o

=

23)  vlslEleH] A 72| (Mahalanobis distance) = 1936%1 P. C. Mahalanobis®l 2]3] 4:71¥ point P9}
distribution D A}o] 2] 7431# =43 gholt} S p7t DY HHoRYEH E X
AeAE FATTE AN AR on dustd et 74 Fo we Bug 24 B9,
=

o] A
Aut3} 3
Mahalanobis 7] W& ¥ *{Pel BT FEEE A sgsh
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s ARTE S ZAlo] eHEet AsAos ALE £
=], 9dat A7 (back—propagation neural network, BPNN24)o] o
5 Agx "o Mg o Aoz dyAH Qth29(Chen & Du,

2009; Liu & Marukawa, 2004). Lee®} Choi (2013)k A=t Al
(BPNN)= ©]-83ll = 719 mpite] dieh 4t 2AME shle=dl, At
H HE ASo] AA BE JSHH 5451910, BPNNS ARERE o= 4
sl e T BAMDAS ol% FSE we W ek 1
Ay JHnt AAYTL AE o] YELIZ EZZA](network topology),
st ti7f¥4r(learning  parameters), Y&  HEeo] AHyrst W
(normalization methods for the input and output vectors) 53 Z-2 2
72 F8 olfrEE& WA Zadof ittt AlS AeE FEAIZIZ] Hst]
HESD EZ2X]9} ostg wiZiHsE A sloh= Wil dish i
=0l WS 7HAgtEYl, Tae®t Shin (2010)> FAAF dalg|s 7|

A sl ¥HE(GA-based normalization transform)< A9t grc26), 14O
TRt dHleoly  Aqtst WHDo] JAskgel  A8Eo]  ft=dl,
Z-score(Jolai & Ghanbari, 2010), mean(Wang & Zhang, 2009),
min—max(Shalabi & Shaaban, 2006), median(Jain et al., 2005),

71
oo
16 1

r+

24)  VPNS e #%el th= “Hmulti-laver networks)ol Al 7H4 &&2 < 8ky Azt £ shbo|t}l. BPN
e % 8} (supervised learning)©]™, BPN9] activation function< combination function¥}

_11>4
olf
)

25) EAAE RN, AE AHEY v ddEN AA EY 53 HudHE £ o3

260 9714 GA(Genetic Algorithm)= 9WstE gk H# 7}eX|(the optimal weight for the
generalization) 5 F&3}=dl AFS-¥Th GA+ 19759 J. Hollandoll 9J3) 71e A =3} 7oz
AAA AL st 7]z A ZPolr) ¥ty o F GAE 7] 3Hnitialization), A ¥](selection),
W xHcrossover), =¥ o] (mutation)®] 49 ZEAAE FEslEd], FA Jodd EAF xpo] Fo

AW A3 B335 IS 24T 4 9k

27) A3t 8Hnormalization) & “scaling down” ¥ ko]l & 4= It}
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range(Mazzatorta & Benfenati, 2002) 5©°] 2It}.28 Chauhan 5(2009)-2
wavelet neural network(WNN)2 &#sh=t]| differential evolution
algorithm(DE)E  Altotsict.  o]#et  differential  evolution  trained
wavelet neural network (DEWNN) &3-2 mpite]|=9] A3 (accuracy)
@} WL (sensitivity) Ol 4] original WNN2Z} threshold accepting trained
wavelet neural network(TAWNN)S 571otE A2 HAFAT Lee
5(1996)2 mtellSe 15k stolBdE AAY nEge st At
H stolEgE AFAYS MDA HEHZX  AAY(MDA-assisted neural
network), ID329 X% AAT(D3-assisted neural network), SOFM H

Z A (self organizing feature map30-assisted neural network)<!IH],
}\E1—c_1—>:|:l 7,::5-?4' 6]— ]}j = /\]7:113(!;' E_“B’éO] Oﬂ—i— @Q’EQ} ;—(—4'0/\_] %Eﬂoﬂ/\:l ﬁ:'—
A dEg 9% We T AT RYee HojRolth

(functionality) ¥} 41749 st5 53 (learning ability)& AsE 417 mx
(neuro fuzzy sto|BE HIWHS AAotH=d], 417 A (neuro fuzzy)
= 2A 3Aogit regression) Bt FSL et &2 o] 11 QEF H|
S (misclassification cost)e] Yol A1 W Z|(neuro fuzzy)?} JEHSE mpiko]
gt A1E AlFshe o 78S d5otleh. 59 W 1t wig 7)E

o]
=]
o gt ZEZAHQl HAYS Fo WHA T FEf(membership function

28) Atk el el M= g 23S 72 4 3l (Crone et al., 2006)

A4 UF(Decision Tree)e] dF 02, ID3 &E]lEL Information Gain®] =77} 71 &2
T w22 3ol TreeZ TA3ZITE 19934 C455 AA 1998 C5.00.% Ay duglgow
Exiahs Adsks do] AT BRe A} =& Aol gtk

LS S =)

o
e

30)  self-organizing feature map> A7 " (neural network) % 3H}e] W' O 2 randomized small valued
initial weight vectorE A}8-3}3L, weight vector’} Y22} 7} & UX|8}= neurons winning neuron -
2 A3, activity bubblet]©] neuron®] 9= WE £HO 2 o] FHEE weight vectors FHAIZITH
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shape), A &(transfer function) 5ol gt F7} HHE A|-gslHct

Shin¥} Lee (2002)= opit ol£9] 4 B F2l5 FE517] St AT HlE9
Zens 7] o8 3 daeEe ARgst F2 AME Wtk Tsakonas &
2000 5 HE=E FEA717] fE A E:
V&S ARSI Varetto (1998)= 4
g FEokl FAA 7ol ol 2
Back 5(1996)2 mhit & AFE 2= 913t A5 predictor)E AEsh=t] ©]

§9 5 9x 49

s

EX(linear discriminant analysis), 23 2X(logit
analysis), 4 ¥d12E(genetic algorithm)& Bl BA3F Ayt 4 dig|E&S
Aret JJ 1o of|Z A7 dojHt. Etemadi 5(2009)2 bt of| S dlg]d
7 2 T2 (genetic programming, GP)= -85l tt. McNemar A%3D At

A zzaHYy Aol st A ZAlOl dis) MDAE s7kshe Ae= Uehd

Jo

2P

McKee (20000 st of&S 918 @z 3 o2 (rough set theory)3?
= ARgSElET, ol We] Hlole ool tAX Fajt AHE skl olF 4
A 7219 A3t (a set of decision rules)3¥ o2 TAST o QS-S Hr} Parkyt
Han (2002)2 A4 A&t &4 280 FH= Foolto] ot AL E
BAZ17] sl k=224 ol FarE|E39 ] Akl HiRt 4

UOH,]

o
A

2

A

)
oln

JZ TRA|

31)  McNemar tests - 8% 2 F(paired nominal data)oll AM8-%E E7 7 A (test)o] Tk

32)  YZ TS Zdzislaw 1 Pawlakibs EH=9 ZAFE Hshart Aoz A ¢ JAEge
AEA AsoletiE dh= crisp set®] 44 AR A JFY ek, A A F A A ¢
Aotk HEZ M3 o] 22 ety A AL Mol crisp seto] AW ThE WG Ftoll A= fuzzy seto]
h3)
=

33)  Decisoin Rule] &t jetEe] st AR} JAMAAAS] HEEE S3ste] TAHH o2 Frlehs
Aolegl s 4=t} Z}zhe] qfF o] H-F(classification)?} AT Pomw AA 29 HF(a set of

decision rtujes)©] 57 F )

lo

7‘
)
L
Lo
buipd
2
=
AC)
N
o

34 kFATH ol QuFkNN)> BFLU 370 AMEEHE M 7had
HE 54 s Wl Wi P 7k 9 dlolHE AR, o FEEET oI A 54
A FFoziE Tzt kNNS T57F AgH oz a
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X(analytic hierarchy process)39E ARSI Mckee (2003)= 2= HG opit o
= 2¥(rough sets bankruptcy prediction model)™ 3I|AIAL A% E(auditor
signalling rate)= Hl AStl=d], oS ezet Peiste] 2 gt Byt 4
Al 2A AT HHHE Thol| 2 vl 91E WAk Zotlrt

Lindsaye} Campbell (1996)2 17149 pair-matched sample ©]-85to] 1}

Ab AZo] 7t A o]&(chaos theory)e A-8st3tt. 17t AlAglo] 187 ¢k
A2HETE B B2 chaosE UEHE AS 7K wf mhito] e 3JALe] 49

i
fillo

E2 Lyapunov exponents® ZA¥ chaos?7} Z7]Ett fojHog2 A= 7t
Al tre, dugF 9 opdek ot o2 2ES 157 Lyapunov exponetsES ©]-8
st A og FASI) Fujiwara (2004) = & mbit 7]Q9] E5& ARgo}od]
A7 BE 7199 & B 2ol tieh Zipf laws AP, 1]
T A=E 7199 Ade ATt de Al 225 Hes 93t Hong
50072t = 71 4o WiES AScto] sMZIY o] Eaof digh |
H& (power law)= T T E 2]4(Pareto exponent)= 19 7PHTE &
5

ofo

g 3719 o] dY FE FE Rt 39 FRolA 7RIS RE(Gaussian
distribution)& W2, fat tail F=o] B HZ(power law)S TET= 7S s
et

A4 UF(decision tree)= A& (neural network)e|th SVM & d18]&
HIl| Abgo] ofsfistr] 4ar Al Aol Sk A% U (decision tree) Eale
oA A2 FAule)d] = A2 oE A Y FF(minimum support level)
2 AAoto] o] AL A& 4 it Aoki®t Hosonuma (2004)= 24 U4F &
%(decision tree model)& ARgste] Ui 7]199] mhikE ol&siqltt. 737] mH4it 7]
ot 737 H] s ARSSEe] 91.2 %9] dlE FSEE Flom, ofAHAH)

=,

of wird wW7hA <
gkatehE o] gl

719 Aa'A 7R gge] dFolet & = gl=w, wlolE e A9 Fx

¢

b3

35) AHP (Analytic Hierarchy Process)i= Thomas L. Saatyell <J3] 7|® o=z 48 49 Ag|shs 7k
o= Es oA} A4E P8t EA ek FxskE s ekt
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E(interest coverage ratio, CF ratio)300] T47|Y &9 7P Fadt Hreh=
AL "t} Olson 5(2012)02 it glolgle] thofst dlojg] ulolyd =7E A
L9t 2t 2 Y (decision tree)7} AtiAoR f Aol vF B2 3
1=(rule node)®] #AI= 4 ZY ZH(adjustment of minimum support) 22 H

o g27] 49 H4 Wl e Qo] T 4 e Btk

Garcia-Almanza  5(2013)2 ot =S & sk 7]H9l
MP-EDR(Multi-Population Evolving Decision Rules)& AH8-0t511, MP-EDRO]
ofslf B3 2 20 ARt 15E YEYIE ol 1A (feature)E2] ¥

B4 (relevance)& EASIITY,

Support Vector Machine(SVM)2 x4 1@ |A8K(Structural - Risk
Minimization)e] 7]1&gt Z=gt &5 7I"olth. Shin 5(2005)-2 SVM(Support
Vector Machine)& AF&sto] ot 7]9do] mpike o|Z6tg=r|, 11 dvt o=kl
4 (Multiple Discriminant Analysis, MDA)37, 23l(logit)38) @ A1Z4%(NN) Hc}
Z2 5 Y& HoFUth39) Mintt Lee (2009% %Al SVMO] A 9]
A dEulgE Fob7] 98| 5-fold cross—validations ©]-83F grid-search
techniqueE AFEste], SVMo] MDA, Logit, BPNs Ht} 50| £5& 450ttt

n 5200602 442 &11EE(GA)E o]gst] SVMO] feature subset?} mHd]
EE FAsktosn SVMY| A& Adss FdA7le solERE SR ys
ARttt Chaudhuri®t De (2011)2 SVM}F 12 =2]& Ag?t Fuzzy Support
Vector Machine (FSVM)S AlRgote] mhitdSZAE s Astazt sttt vl 7]
4 Hlol"E tide=R gt Ad A} FSVM2 optimal feature set¥t mifnlels

36 7199 Gl AFIAR e Fow /199 ARIREAS ekl Azl

w
NS
frl
N,
S
4%
rlo
2
)
[au!
mE‘..
lo,
ol
o,
i
fil
-5
ax
ax
fu
ﬁ
JX&“
nm
i
g
&
2
¢
3
ag,
128
&
=]
3
=5
=a
g
=
g
E,
tlo

39) Min¥} Lee(2005)°] A3t ARSI
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(o]
)
_|_|(‘
uju

Tolglon] £4

el
HojF=3ie,

i

HAET A5 (clustering power) ¥ AFeE &5

flo rlr

TsengZ Hu (2010)= 9= 71952 ez 2Al(logit), oA 714 =4 29
(quadratic interval logit model)40), Xt T} HAEE(backpropagation
multi-layer perceptron, MLP)4D, AL Z7]A3k4= U|E9]A(radial basis function
network, RBFN)429] A58 H|wo}9+=d|, RBENo| th2 Rgof Hlg 945t 4
= Hols= ZI& At Il Liet Sun (2012)<2 nearest—neighbour support
vector model(N-N SVM)43)-& o] 851311, Tserng 5(2011)  enforced support
vector machine model(ESVM)2 AASES o, Horta 5(2012) Ag ek
(data envelopment analysis)44)o] 7123t WS AQtsi3ict. Cielen 5(2004)2 A
Y AlY 2Y(linear programming model)4), HoJE I2h R (data envelopment
model, DEA), 72 A9 2% (rule induction model, C5.0)40) 9] E7 A5 H]
wsto], AeHdat ARgAJHolA DEA Redo] g Hye s7kke Wtk Sundt

40) O] A& logit (B logistic regression)¥} Tanaka®] quadratic interval regression model®] %S 2 g3t

23o]

=

41) 97 FHbackpropagation) HO R T HAERS &40 F SrFAY|E dadgs

42) HAME 71A = U|E9Z(Radial Basis Function Network)x WALE 7% =5 A3} s
(activation function)& AF&3}= <13 217 Wh(Artificial Neural Netowork)o|th U EY =9 &8 91d
3 74 g g WA 714 4= 48 Z3(linear combination)©] T}

43) 7P 7Pk ol (nearest neighboun)7}A §1ele] W& Aejel uwhe} MER A% F(minority

sample)S AA st AEE HE v (SVM)S oL 3ol

44y 1978 AUz, F3, 22 Fo] JhE APA A T9](Decision Making Unit, DMU) Aol 9] 4
S Husly] A8 AFAGY S ARt o] F vhde 7 AAE o] wriEo] gk

= -2 3k (objective function)
Tah= Wl @t o202 HA 3 o]E9

Al oo & Ul B30 AR B4 FAe Sasi M il & el
T I

I AR 1
o, 328 72 dolrel edg ey vy ek
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Shenoy (2009)+= Hitof| =& 91I3F naive Bayes Bayesian network (BN) 2&-&

Sotal 7H et e 271 At 29 ARS AlSskdth Tsakonas 5(2006)

S b of|EE fI5te] neural logic networks®t  grammar—guided genetic

programming= A3t hybrid intelligent system= A9ttt o= A&7t 13
ZgHset of expert rules)S F3 HFZ(network structure)®] A4S golsHA s}
[e)

© A B A5 A=t s TFsAdelA e et dse B F3

FT Ao M2, o2 ERAHmultiple classifiers)E Aot
2 4 TR Stk MdE(ensemble)> 5 oS BHO A5 FIAZI=T
gde] ARgEE W 5 shuolth. SHAIRE, dE(ensemble)> 7l Aot At
(classifier) 258 e J&58= B ofdet ol (ERFAkdlassifier) o] HH= 4
< 4 9t} Hung® Chen(2009)2 2% YF(decision tree), & Hu} 417 (back
propagation neural network) @ support vector machine 5 Al 7FA] 272t
(classifier)o] Ae14 P dE(selective ensemble)S AIFgct. mhatat v] mpite] of|if

sEe Jo o QAEe Aojgt B syl FAe Aeln

LTS ABT ol MEE uBe s

(weighting) T =X (voting) JAFEHTE B UL 49 Anke molForh

Bagging?} Boostingelek= de] Fef7l e HHel 2 24 Wi(decision
tree)5 7|2 E7AHbase classifier) = ARSI TRt 714 ol #Al 2 Ae=
AT Kim¥t Kang (201002 34t o5 A9 Adse FdA7171 Sl A
A 9FAE(ensemble with neural network)S AoFSF=H|, bagged neural
network®} boosted neural network2 R5F H52Q1 AATYHTE FAAH A2

Fct  Alfaro 5(2008)2 BP-NN(Back Propagation—Neural Network)¥}

AdaBoost4?) FAE Sl5(ensemble learning)48)-& o]-8ote] oSS 531,

47) Schapire (1990)7} A& & 28 ofo|tjo]& A3 o] 2| Drucker 5(1993)0] 354 AAEAE
£7] A8 F2"E o880 Freund(1995)7F Bt E&AQ Fad dandEs Akt
Schapire (1995)%= Boosting €152 7)4% WMAE 7k4 9b4 AdaBoostzlal HH 3t} AdaBoosts
T P BYE AAHoz Ada HAsta o) RBiAkdl o B &+ ; 3

Q= LA ol tt,

Bl
i
=1
e
2
ol
W

X

ERA A g 798 7199



11807 719] 7I9e= 4% Holg HES 7[ites gt A3 AdaBoost
FFE ool 1 W A dSoA w2 s Uehds B8ty Namni &
Lumini (2009)= Bagging(Bootstrap Aggregating)49), Random Subspace(Attribute

ZET
jo

i)
filo

Bagging or Feature Bagging)’)), Z#A Z2HClass Switching)SD), Rotation Fores

92 g o] PFES A= Hlwst+=dl, Random Subspace’t TR Y&
HAEG Aol $4ekS BHEARIESY Finlay (011D AHRF A4 949 BERE

ff;

9Iet ofe] o 5 AARY A5S B7ISHHA] Bagging¥t Boostingo] thE
7 A2"HEDE Hold-g HAZNE Sun 5(2012)> BPNN4) — AdaBoost 23
7} BPNN- Bagging 232 Aetsto] BPNN — AdaBoost R&-2 ©7], 7] d&
of, BPNN - Bagging g2 7] oSl Aedeta Hol F3lth. Zieba 5(2016)

2 ot o= et A2 HHoR AA U(decision trees)o] FAES SHy
517] 98} Extreme Gradient Boosting= ©]-85h= H'H-S A3t o2, dlo]

A
B o] 1aY B (higher-order statistics) S Frstal dlojg] Fdof thdt AP %]

lo

Ol

A stolA GAE Sre v e dnaE uo A3 A%e ST dse gl

49) 71 Sl BootstrapS AH8stel Stive] Aot b4 S ol WM. Breiman (1996)2 7]
#7171 Bagging AL Al2wel 4BE BASH) e esta Aasher sha, RAYF 9
[e)

Ad1#]FE (o]l : NN 2 decision tree)©] 7]¥- 3} AH(base learner) = AFE-3}7]0] © Agsici= A
Vs

i
N
o
n)

500 A feature set I3l F2H9 R OT FHASIY YFE 4 A (estimator) {Fe] AFEH
i

51) 2 A3k 4/d-E(class-switching ensemble)oll Al 7t &5 A (learnen) = 4 E WA & dolH
& ARgste] FAd T

52)  PCA(Principal Component Analysis, A% S o] &3 s 7wk dugls 7|8
et $4 doleE AAEH] Y feature set= K subsets(K+= ¢z]&9 detveh)z F29 £
Hi FA38 E4(PCA)°] 7} subsetsoll &)

53) U2 Y48 712 Bagging(elAl A 9]4d)7} Random space method(F S A

o] Decision Tree?] Z%& =E3F Random Forest”} It} o]+ doAlo| s 22X &

= o

A 2Ee tree SR TAH7] Wil 7 tree®] oS0l HldHstE o] dutst Aes ARG

54) back-propagation neural network
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4 el 2AAS AFTE AL WS ATAEY Fulg Tol
ek SR, FA AR 5L RS0l G4 Al Al Be

+ @Ho] St (Schumaker & Chen, 2010). 4% <

TA= ol2Hr &@&% AA7HH(Efficient Market Hypothesis, EMH)
of whet FA AP Wizl W] AIRE AT AAA =Y FAH
o7 {ostx| tfinl FHRthH(Fama, 1965). &, 7|2&Oo=2 F4] A
£ SAHog Hrgsto

AdHBEg FA AF dSe] E7Fsstte Fgoldt(Hawawini &

Keim, 1995). SIAqt Aol ALAE0] 7|&H

FolE 4o F St A ERE

o] agd ARTHdE whele AT AYE Wol QWA F7b &
A7 SARSR A5E £ Ut FHo] P& B3 AUrheg. Brook,
1992). EE o3 FAAFL Hwd gfHoln F7ts4d2 "ol
Athe A4S 146 Bo g ghika] gbth(Malkiel, 2003).

SHIA 27} 5 % F 7K ABA
kel AR A G JRE Aot

F4 Aol 2AE Apstd F7h wgel 73L

e orr
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Wi 7)ed BHQY, B o o B9 4 ARe BAshy ALgHel
Sh(Bettman 2009). 1eht EAe] Bd A, A9 dold
o @it 7124 B WFS 9oz & i, J1ed BAL 34

F4 Aol

A A FAE 7IRte R F4 THe AS5H] mEd
Z

B7)Hel AL Zirhh 28 HolEL ZAL gttt Zaw 9t

7140] w2A WA Fo] AARES Futo
=

2 QIFAAEY, fAdeE, mAo|&(fuzzy theory)s, SVM, ZH
Eg|(decision tree)50), &gy HAH T ot TASE WHe] &
2] Qlth(Hadavandi, Shavandi & Ghanbari 2010; Kim & Cho,
2010; Pai & Lin, 2005; Wu, Lin & Lin 2006; Han & Chen, 2007;

Ol

19651 Loft A. Zadehol] S13) 918 A QG AnAS )22 So] ofulstn BT 43
S AHAPHog el FEHor HslgE oS HXA o]i(fuzzy theory)olih"’_ ‘_h:}. 3 A]
A(fuzzy senold 4 =2) AdS AHgs) 7z A

Sohe ARGEEDE &% 962 UEhIoA Fo40z EdsHe, ASEE 03 1 Al
P %

AF s 2tk 7RAIRE, AeAle] ZokllA Aol g A& AFEol 9

15k g Aow 7+ it 1 A

56) 274 EZ| (decision tree, DT)= B2 o3 Ao tha] & <47 doly U}O]"‘ 7E & gy

o, $§HA BF 2 dF Aes Bl DTe droc}f?} &gl wet o =E(node)st 71
(branch)S W=+= E] FX(tree structure)E 7} AL . BE kEmode)= =9 / U &
(outputftarget class)E YERHIL EE r7](branch)L B F(classification) = 93+ Z2A|~ | AA
(processfdecision) S H.olH, ¥ =Z(end node)= & ZHE ATty A4 E o] AAH T
A% EZE pruning(AA, 7HAA7DE7] 8l LFE&ES AME 4 Stk pruning(7FA A 7)) AA
Eg9 d= T3 BF TS P TIL AH(decision) S BT} TE&H R F35H7] 93 Aol
th ANN#= 2] DT F7F #2498 913 of2] 274 7F H(decision rule)s 478 Tt

[e5
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Kazem, Ahmad, et al, 2013; Wen, Qinghua, et al., 2010; Zhigiang,
Huaiqing & Quan, 2013).

r

F7F = TH AFE 9= 2 (forecasting model), AMHEH A|A|=L
(fundamental indexes, technique indexes, macroeconomic indexes, etc.),
A AiHfindings) 522 Q9Fd 4= 9t} Phua 5(2003)2 & 23
o 2= ANN, Z|AAHindicator)2+ 7|24 Z]E(technique indexes)E At
835to] ANNo| B AFE 60%0l/del™ 249 dEdi= 74%0l ©l
2011 Stth Chen et. al(2003)2 &-E417 W (probabilistic neural
network, PNN)>7 ¥} GMMi(generalized method of moments)58) with
Kalman filter39E AF8-5to] PNN©| buy-and-hold Zd=Fo]u4 parametric
GMM EHy AZFe] wg HdFHo § &2 $9& It H3oh
Kunhuang?t Tiffany(2006) Back—propagation ANNZ} Ho| A|A R
% (Chen’s time series model)-2 H|1W5}o] ANNO| A|AE RHTt ¢ £
2 9=58E 2=t stgrt. eFH O’'Connoret Madden(2006) ANN
< 7124 2 E(fundamental indexes)oll 2-85t] ANNO| F4] A|Z ol A
A 2ol ES 7] wiwel dS5ge] Uty FASHAT. Wang
(2004) k= 9Huk(Back Propagation, BP) ¥dilg|&S AR&oto] F4] A%

=
=

2 Azt Axge AASGEd, GAn gEe Fohet

58)

59)

354177 (probabilistic neural network, PNN)> #l|o]%|¢t U E 9] S (Bayesian network)$} 7'd ¥ A
98 24 (Kernel Fisher discriminant analysis)©]2} &&= B/ dagEo2 F¥ Ad J]L &
T A7 v(feedforward neural network©]t}. DJF. Specht7} 1990 At ZHF Z=Qisiom,

(operation) 4 71¢] F(layen< 7H:] thF F=x St UESAZHRE A HTh

GMM2 AR A A ARG getulels F487] 98 dubAl whgolrt. dwhy o
g2l e 7F fgk A2 semiparametric model®] ZE|A~ECA g ] ), dlole] FEF5o HA
RS o S glomw Ay $FFAS 248 S gtk L P. Hansendo] 19821 E=8lakglom,
Peason®] method of momentsE UWHs}3 Zo|t} Hansen ©]#]3t F= & 2013d =¥ A4S

ool'gi‘:]'-
2t ¥ (Kalman filter)= R. Kalmanol €8] 7jurel Aoz ggo] zake e gole S 474
ot}

o] g
oz sl A4 Ao Ud HHe EAZA =& Ags= A7 AE
23 Julo]ER e = gth
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Foll A F 8% 1] FHHAE 2= v S 0 A 41
ﬂ—ﬁ—(supervised algorithm)-2 Feed-forward, Cascade—forward % FElman
BP <ld], 7]1€7] 3&F3(Gradient Descent)®®), Gradient Descent With
Momentum, Gradient Descent With Adaptive Learning Rate, Gradient
Descent ~ With ~ Momentum &  Adaptive  Learning  Rate,
Levenberg—Marquardt6D), Broyden—Fletcher—Goldfarb—Shanno  (BFG
$)62), Resilient Propagation (RPROP)63¢} &2 7 7}2] BP 7| o= ZF
&= Lam (2003)= 71#2 47 714 4= F9sto
BP-NN(Back Propagation Neural Networks) 29| o= 58-& HI ot
Aot Majhi (2009)= FH7] F7H52 91all trigonometric functional
link artificial neural network(FLANN)®E&E-S 7fdstgi=d, £9)
RLS(recursive least square)”|5F FLANNZ&o] 22kQl = (online
prediction)ol] ©-% A3HS YAt Lin (20092 FAAA A ohd

Z7M =g Y5 ESN (Echo State Network)69-2 o|85F¥th Hurst

)

60) 77| 317 (Gradient descent)> 1 =} WHE A3} 12| F(first-order iterative optimization
algorithm)©]t}. 7127 0}7L(Gradlent descent) S AE8le] do] 2 H4gs oW A Ao
A 349 Gradient®] &40 vldsteE @AE el Gradiente] Fol wldste @AE HshH
3 g 2 Hdlghel J2s o= 71&7] 45 (Gradient ascent)©] T

61) Levenberg-Marquardt (LMA) &35 H]HE 4 #l55 E#l(non-linear least squares problem)E
FE H AREST ol HAis) —rxﬂ‘“ £3] A AF AR 9H(least squares curve fitting)oll Al
H 5 LMAT global minimum®] o} local minimums %™, Gauss-Newton ¢3'2]% (GNA)Y}
gradient descent ARo]oll $Xettl. H=3F LMA+ DLS (damped least-squares) 2= L&A glom, AlF]
99 HEHS 0] 43 Gauss-Newton &2 2 = 9t}

62)  Gradient decent®.T} WL27 leaming rateS 2% MEEA] Qolx HiE= 849 LugFelr}. Quasi-Newton
method?] 2% © & advanced optimization algorithmo]2} & 4= It}

63) Rprop (resilient backpropagation)> 1992'd Martin Riedmiller®} Heinrich Braun®] WHE 13} %43}
31 2] F(first-order optimization algorithm)©] ™, feedforward?! 7 ol 4] 2| %= 8h<F(supervised learning)S
ek learning heuristic®| t}.

64) ESN (Echo State Network)s H = 914¥ %77 o]0} (sparsely connected hidden layer, 4k
oz 1% A7AA) 7} 9= recurrent neural network ©]th #4% FH AAA I EXE 1A H
I RS R g9y &9 7wl 7MeAE Ymetwork)©] specific temporal patternsE A SHEE
g5d ¢ Atk
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exponent= 27| HEAANS £S2 0

=2
7V & sub—seriesE AEol=H A&

-

Kim & Lee(2004)+= FAAE o5& 94t ANN RO feature
transformation method® 2} &ale]&(genetic algorithm, GA)S ©]
O

=
gt ANNE] 8F<5(learning)

|8t GAv FAAE 4= EURSL ol
54 (generalizability)& FFAIATFE IS ot ol HEHLS EF
F7HO] 2h¢d4=(dimensionality of the feature space)E FAotal F2AAI%
&y Fet a4 FrAAIZIth Armano 52002 ANNTF GAE 2
ket 23S ARESEY] buy-and-hold A2Fa} RNN(Recurrent Neural

Networks)69 2 @S Z¥ete IS HolFoh Arau jo(2010)0E F4IA]
T A=Z 9ol QIEHI 23 (quantum-—inspired evolutionary hybrid
intelligent modeD)& ARERIHE. o]Z2 ANN with MQIEA(modified
quantum—inspired evolutionary algorithm)60), ANN training algorith
m67), suitable time lagst®= FAJHT Asadi (2012) = FAAE A5
f15l hybrid intelligent model-& A¢Fsh=d], o]z Holy A= =,

GA2F a2l FNN(Feed—forward Neural Network)09sr5-S st

P

54 A%+ 52Hdynamic temporal behavior)S YERE 4 3l
FNN(Feedforward Neural Networks)Z} Z# RNN<2 U w

9@ % 9k

65) RNN-2 o] 7te] Aol XAl¥ 3h(directed cycle)= At Q3 Ao
A=
2 E
66) ©olA2 $x% ANN ob7ldA 9 dheln|EE X8kAIZ 4 Ut (pruning process)
67) MQIEA®] 93] A|5¥ ANN Z&r|HE HS FdA7]7] 93 AL-gHT)
63 AAE @S o F Ags] fg Aotk

69) FNN (Feed-forward Neural Network)< 3 748l AZ o] Alo|&E FA3HA] &+ Al ol



LM(Levenberg-Marquardt) ¢12]&709] Z3to|tt. Chang 5(2004)
Back-propagation ANNZ} ARIMAE 7|24 Z|3(fundamental indexes)
¢} 7124 Z]HE(technique indexes)o Z-golo] slo]HgE Lggo] ol
DygHTt dF2o] o HoldE EPom, Wang(2007)9A] sto]lEa=
ANNZ ARgsto] ohg 7|9} A9t ANNo| FANZA F2 o5
< zZk=oa ¥9igdal, Roh(200600%= ANN, NN-EWMA7D, NN-GARC
H72, NN-EGARCH7) 5& AAAA A|E(macroeconomic indexes)®]|
Hgato] oA solHalE ANNo| gelmaurt o e dzdg 7
ot s Tsai®t Wang(2009)+= ANN DT(Decision Tree) &S At
gsto] DT + ANN E23o] ANN, DT @ 2y Ho} &N =2 77%9]
A S Helthal sttt Kimdt Shin(2007)% ANN, ATNN (Adaptive
Time delay Neural Network), TDNN (Time Delay Neural Network),

GAE AMgsto] oA 22 ZAEo| TEsigith ol 19 35382 714

st mgo] Ayt FALPS] Hs) 949 =S Bt Ay ©d
YRt oY RYS AP solus mye] o e d=Ag g

Wik Aeltt.

FANA SRS FH|EE 542 o A9 Al
dependence),  WEA(volatility), 7]eF  EH&H<I

dependence)oltt. of2fet S ZEdt] FAAR oS0 gt o] 2

r\l

b o]EA(time

Z4 (complex
[e)

1o

¢

70)  Levenberg-Marquardt Algorithm (LMA)< DLS (damped least-squares) methodZ%= &4 9loH H|
A8 Ha Al £AE Astesr AHEET

& stk MA(Ols Hah)2 A dlole Jge] sh9 M3 Bs WEAA Hoy 8A4AF &
Ashs whyoltt,

72) GARCH (Generalized Autoregressive Conditional Heteroscedasticity) %82 QX-24to] tisl 21713
7 o|FHTARMA) RES 71AS Aoi AAY tolg Ao dg AlgH

73) EGARCH (Exponential Generalized Autoregressive Conditional Heteroskedastic (EGARCH) %32
Nelson©] 1991 7|2-ak 21 © 2 GARCH =3¢ & &ejo|r}.
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Y m=23x 2y (Hidden Markov Model, HMM)e|t}t, HMM2 &34
A2~®" Rddd(dynamic system modelling)oll Hgt Y&5H AHgHA uﬂ_,_oﬂ
el 14 B F7 FAO] FRSSHA AR EC] vk Gupta (2012)&
F71 95& 948l Maximum a Posteriori’ HMM H¥H-& AHE-sHo
ANNET £2 A5 Ho] Fqith Hassan (2005 45 AE A
ol digt F7F A5e e 24 wEIn 23 (Hidden Markov
Model, HMM)& AAlRttt. HMME ARgsto] @2 Ae 172 olH
FAANG P& f% MR dyuds At HMMy AA<E
(time series)= A%k A1717] flside otE mHeuEE of5olr] Ao
=A% AHihidden state)®] & ZAAsfokettt. o]z HMME] 53
A Adko] 2 JFe F71 "Eelth ﬂxlﬂ} wEEH Ad
(observed series)ell ™igh AR Aol FEA] ¢Fow o]ALE YF o
HYAAL ASTHAN A Hat 27t FTFSHA %ﬂr oldl @& =Est
7] 95l Duan (2007) adaptive model selection 7]5te] prediction
algorithm (PAAMS)-& Aty PAAMSOIA o HHd a7t 37t
st RS FHo=E AHRIEY 4 QT AHCIE mEAA F
%]/49] hidden state numberE A7] $5] AMSA(automatic model
selection method)7} H-gHch  Wu(2009)= HFE &Y uvi23z%
Y (Non-Homogeneous Hidden Markov Model, NHMM)S& A}-8-5}o
FA A ZEAAE RdUdste HAIHe Aldtekedl, 4 7T
& A ' o Agste oflE F4A FHIH(event driven

+ 54 Zeth NHMMe #52 o 371 ¥35d F
a3k JFE F= ™ol wAHT) oA (bursty features, keywords)
£ ol&ste] B FAo tigh B o|fIEE APt oluet HIHLE

ml-¢ Aol gl J¥E HoFlH. Hassan 5(2007)2 ANN,

74) o] x|t F7(Bayesian statistics)©l 4] Maximum a Posteriori probability (MAP) % X|+= posterior
distribution®] =9} FUd A A2 e 4= (unknown quantity)?] FA | o]th. MAPE 4 YA d
olE]e] 7] x3lo] #AZHA %2 5 (unobserved quantity)e] A 574 X|(point estimate)E A& € AHS
2 9lrh

7 HolE A7) AEHeR @ WY

_158

SRR Ty

A& 7HAI.

rir
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2y nt23x 2 (Hidden Markov Model, HMM)76), G <d18=
(Genetic Algorithm, GA)-& A& A3t 1S Atoldct. ANNES A
Goto], 4 FU7HE HMMeO|| d=8EE= 4o 5540 Moz ‘iﬂiié]'
1, HMM®] %7] oi7i¥<=(initial parameter)E & 3}ol7] ¢

AHgRh £89 HMME 717 dlofejol s §AKe sfele Abstn %&o}
Hd Abgget.
= =

2] = (fuzzy logic)®t +2% g (rule induction)®] FH= A
AL B2 oldide 7R dutsl el Ede ST 4SS Eith
Romahi®} Shen(2000)2 Tz dAF (ko "-’E}jlrﬂ—é(fuzzy association
induction algorithm) 0 2K & mtE 7} =S 95t =22 7]&S A
Alote], Wstel= A% F8Hmarket dynamics)o] AA|ZFOR 12 E[HA
Askst= #2718 A27F Al&®l(evolving rule based expert system)77)-&
A & Q=S Fth Cheng 5(2009)2 F7HISS A& o5 F4

A7t HA| (multi-stock volatility causality)oll 7]1%$+ M2-& 29,
e A& HEL= 7|4t 7| +E Al 2"l (fusion
adaptive—network—based fuzzy inference system, fusion ANFIS)-& A<t
ottt Atsalakis®t Valavanis (2009)%= neuro—fuzzy system= ©]-8o}o]
g FA A @7 FAE dSstied, o W o] E

ErS]
= 1 o
< Hth  Bagheri 5(2014)2 ANFIS membership functionsE F3d35}

7] 95t QPSO (Quantum-behaved Particle Swarm Optimization)%
AFESE Y-S At Yu(2005)+= Wiet FAAE =S &) 71

76) HMME Alzglo] ey Aejel 2 7hedh Ao F 4R o|Fojfntl He RPow F
AX mtzaz BEol dFoltt & #5 Ade] HAHA Al #3234 F gle 24 duEol #t
23x BgE S EEE L o] AdErte] #EE ¢ Jrtil He &Y vE2AE BYL A
o] z]¢t Y|E$] A (Dynamic Bayesian network)Z 7etd] LERE 4= 9lth

77)  Rule-Based System-> V|2 Ao¥ G&HES 7Mooz Tk 98 ARES BN dnE &
=3te Systems vk, 54 Aoy A5 FAd] FHHA B mle TS AL R
Adata A48k Systemolt & 4 9107, rule engine ©]EiL%E s Ae7h A=E
(expert system)= & & e, 2345 W7HA AEEHE nleo] 48U A A oA a A4t
v = Ao e Ay AxgRY e e S 71 = Stk



HA AAE 2¥(weighted fuzzy time series model)-& A|otsl=d], o]
< H2] AALD ASFolA e = Z7FA o4y, = recurrence®t weightinge
Aelst7] gt HEgolrt. Hadavandi 5(2010)2 F7F & AAH 5=
Wl genetic fuzzy system (GFS) @} artificial neural networks (ANN)<]
o ATNHe AAXsHH. A, Frtel PE 2 ddFE vAe 8=
AAst7] sl dAE A B4 (stepwise regression analysis, SRA)S
AFESEAL, o SAOA A7) 228} R T (self-organizing map, SOM)78)
= & 9Al HlolE(raw data)E ke SAH=E UEth RRATHo =,
22 2AE+= rule base extraction W data base tuning 52-& 7%
1ol GFS(Genetic Fuzzy System)® @02 o]&(feed)HT}. o]23t 4
F7tdE BEAlo] Attt 32 7HFE 4 S AER o|de ot
Surh 9% ATHE Kol 29tk Afolabi S(2007)2

171 #1381 backpropagation, Kohonen #}7] %
°ol-&

£
B[}V
lo,
o
i
H
mlm
Hir -l
(o]

T (self organizing map, SOM)79, hybrid Kohonen SOM<

g, o2 7|3} v]wste] hybrid Kohonen SOMo| ¢ 12 4

B9tk Kuo 5(1996)2 AHFA Q<l(quantitative factor)dt &
Al

221& (qualitative factor) Aol 1T 25 FAAA =

_o'L
pacs

l>‘ ox, o
Aofle e X

T,

(intelligent stock market forecasting system)= A|¢tstAE=dl, 820 4,
A4 2y (A5A7E, artificial neural network), 424 23 (w2 &
1to], fuzzy Delphi) ¥ decision integration(S1F3A1AH) 2 LA
it FAAG Holel= HAERN Ayf, 94t ATE HojF49

78) A7) 223}l 2 Z(self-organizing map, SOM, or self-organizing feature map, SOFM)< 1%
(ANN)O 7123 2+& <5 (unsupervised learning)®] & WA O 2 A E(map)oleti EelE ¥
o] 1E Fhel tist A (FurH oz 23k40)9] o]itslE 3 A(discretized representation)S-
7] $13l A& & <5 (unsupervised learning)S A}-8-dto] FHETh

79) SOM (self-organizing map) 13 A7 (ANN)2| & f3d o2 H|A% & <F(unsupervised learning)
& AHEete] AEmap)t EElE FH AE " 34 A }% (durd oz 2 24d) o4t x4
(discretized representation)= A4 $Hch SOM2 th2 217wt 2] error-correction learning®] oFd 7

A <5 (competitive learning)S 3Ht}.



Huang®} Jane (2009)+& grey system theory80), rough set(RS) theory
9 the moving average autoregressive exogenous (ARX) & RS 2
oot ZF T4 A 95 HlHYS(automatic  stock  market
forecasting mechanism)& TSRt AfHE HIHoA wf Z7|viet 2-F
o= 3% HlolHe ARX oS EFo] e o &7 Ex H]
o FAE A5t A5 dHlolH
GM(1, Nsv™  d=o] i AA 3& A-85to] RS(Rough  Set)
T g2 GM (1,1)82
WA HG oS Atz rt —?——?5}5’— o =2 FYES AESs AR U
Bttt Wang (2002)2 A Al F7HE SA dlSstr] S5t
fuzzy grey prediction system= 7HHstct F712 A5 of & {9 4
£2Q1 dlolg HEof A3 22 Zol7b AU Ho[E 9] ¢fo] |F AA
AMgshEdl 9F= v 2AE SiEsty] fsl 74 HlelHe] A7lE &
d & Q&= data martE: FAARCH, grey theorye}t fuzzification
technique® Z2gsto] AAHOA 7HeeE B2 FA| ASot= 95 719
SH=A] fuzzy grey predictions RHEQITH o|#fdt oS A|A®ES AREsSt
of F4 HlolHE EA ot B4 Al A&sHA F7tE dS5e A9, F
Al AgatEo] dlo] Eflolgd(day trading)83)2 WA O= Aol s k&
22 £ F A2S dEsHEE Kayacan 5201002 GM(1,1), Grey
Verhulst 523, Furier SeriesE AFH8-5h= modified grey model & & ©%F
gt grey model?] BAEEE ZAIH. Algdo]ld AT, modified grey
model°] model fitting®TF ofyzt S B F2 45 7Hle Ho

+ K-means clustering algorithm}

Fl

80) grey system theory= 198210l A|ZtE=dl, Ax el B@sle] 2 WA X|(structure message), 25
|7 1] 5(operation mechanism)% -5 Al (behaviour document)®} 72 AHH7} FEHgh AJ~ES grey
system©] 23 STh grey modele L XA @& Al=Rl AL FAs] s AskE woHY

e aTa,

81) multi-variable grey model

82) single factor grey model

83) dhFell ¥ W A FAo 3 AES wRAoR Alavke AL TR F4 B 7]3l

w2} scalping¥} swing 52 Aol Qlth
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Fourier SeriesE AF&dh=

Fdck 1 FolAE E3F| A7t wE
modified GM (1,1)©] model fitting & ¢Zo)|A 71 Ztt},

Lotka—Volterra E&& FAAA dZo Argst= dF=  Att
Lotka—Voltera 22 2 <47 AHA o
model) ©]t}. Lee 5(2005)-& Lotka—Vo

EA(dynamic  competition analysis)E  FAAFS  7|&EH =

My (competitive diffusion

el

—_—

terra g2 o8 4 B4

(technological forecasting) ]| -85t generalized
Lotka=Voltera(GLV)®24 power-law probability distributions W2+
oofel e Algdeldst 74 B dSS &  de dRkEd
= AlE?tH. Solomon (2000)% ot GLVEHS FAAHl o
z

A48T 5 AdeA HoF

—

A

of,

=
—1

= Z(sequence sort algorithm)84& S8t
FA 714 A= 71Ee A tHKim & Cho, 2010). Majhi (2009)
= a&dd FHAe A95E 8l BFO(Bacterial — Foraging
Optimization)¥} ABFO(Adaptive Bacterial Foraging Optimization) 7]
gkol 71HS LQdste] GA(geneticl algorithm)@} PSO(particle swarm
optimization) 7]9te] 23 ofv] o w23 Fegt JIE HAAF
Grosan 5(2005)-2 NASDAQA|4eF NIFTY A|4=9] &2 ¢sto] 74
2w 7] (genetic programming technique) %! MEP
(multi-expression programming)-& 28519l =, SVM,

Levenberg—-Marquardt  algorithm8» % Takagi—Sugenoneuro—fuzzy

84) A% L] F(sort algorithm)o] ¥ Y4ES AT SANZ A daueEdd, a&249 A
e v dugss ety T8, 48 dugse doly Asel ov] s AnE
Aol &3] F835HA 20lt) HolHE MES =AM (sequence) = AMLste tle FYd Ays oA
S T UE B2 &R0 gloy g2 RAut waA dolHE Amd & & e AE daF
o] A%t 9L WE ¥ Udakeoln 4ES Audd cdolth AE daeFe 1 54

H 1
wel vla g, A Y, eekel 3Y FoR $FD 5 qrk

85) Levenberg-Marquardt Algorithm (LMA)-> B3 24 A% A (non-linear least squares problems)E
45t © AFESH T, DLS (damped least-squares) methodZ%= %e|# Uth o]y dt 23} A=
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inference system ¥} H|WStY] £2 A5 Ho] Fth. Paie F4] 714
AAE HelHE Yo sto] ME2A AAG 59 ARIMASOE /\}%
gk & SVM ARgste] F7F ®eko] digt oS5 4afstaitt(Pai & L

2005). Wut 2% UF(decision tree)S ©]-&35te] F4] 714 o= H

ASrsFATHWu, Lin & Lin, 2006). Lai 5(2009)& F2]o] tis}o] ﬁm
A UF(Fuzzy Decision Tree, FDT)E ZIStA|7]|11 S AEH 5] A=
+ 58 AAE A5 23S FHIH o] A5 B2 HolE ZHAEHY
|4 (data clustering technique), 2] 27 W5 (Fuzzy Decision Tree) 2
4 d1YF(GAE TSt A dHolg # 7sd AREE HeR
oAb AA A|AHl(decision—making systems)& AR k-FHd dare]
S (k-means algorithm)87-& ARg-Sto] 7 dHoly ks k7/le] AH 2
HAHE UE o5 GAE A8sto] FDTOA ZF 1= 2|45 digt 17
FEo FE SHOREAN RYY A5 AL E ’S”\Vﬂﬂr o]t
GAFDTR S TSEC(Taiwan Stock Exchange Corporation)ol = F4]
Sl dis A-8s A9 82%9 =2 ASAHTES UEWH. Deye T4
Aol FAIE dSste Al HyS vHE7] fld XGBoost(eXtreme
Gradient Boosting)88)2 E5te] 6043 904 7|7 B9t 8 87%°l ©]
25 AL E HoFh o|24 XGBoost Zo] HEFHQl HIYAAE

=

P

N

l

515719 (non—ensemble learning technique)ol H]3| &X
ZstAttDey et al.).

E
=

ol

24 AlF AE ¥ (least squares curve fitting)ol| A A 3L},

86) ARIMAR 2 ARE 3} MAR O] ZAgMNY EPoz AADEA A de] 2ol gl o]
U}, ARIMA E&-2 oA A7 <Y (stationary time series)©]2= 7h4go] Fadhd wjobys AA<L
(nonstationary time series)d 73 -$-oll = X}-(difference), = 1% 3H(log transform) =& 53 kA" AA

& Fhso|Fofof gt}

O

87) k-t &3] F(k-means algorithm)> FJ 7 Ho|E]E 7} clusterd} A A9 #4He #Ha3)s)
TZ kY clusterZ 7] FE dagFolth o] AL labelo] §le 4E tlolElol labelS Lol
98-8 3= unsupervised learning®] 930t}

88) XGBoosti= Friedman®] “Greedy Function Approximation: A Gradient Boosting Machine”ol| 4] #| <}l
Gradient Boosting =3¢l 7] %38} X% 845 (Supervised Learning)oll A& T},
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Hang o8 7IHE3 g9 AF ARE 7oz 371 Weks SVME
59 =5ttt (Han & Chen, 2007). Kazem2 Support Vector
Regression(SVR)= ©o]-gsto] F24] 7Aoo tfgt o & RyE A¢tstal
th(Kazem, Ahmam, et al, 2013). ©]Z2 chaotic mapping8?, firefly
algorithm9), 18]37 SVRE 7|¥tezg 3t dESngo|tt o) Wen
SVME ARgsto] F7F Weko] digh &3 Aso=m wia/vie 24
Hele AlARle AQrsEtH(Wen, Qinghua, et al, 2010). Yu(2005)
= 47 gagE 7wk AxE e W A(Genetic Algorithm  based
Support Vector Machine, GASVM) &3-S AHStstqict 42 &g
Z(GA)2 SVMO 2E EXA(complexity)2 AAAZ]aL SVME] £
T FAFI7] AT WS A= (variable selection)o] o84t o]

1)

3 GASVM RF9] d2Auts EARY AAdRY, AAY ngds »
F s7kskh Zhiqiang s(2013)2 F4 714 AAE HolHE d¥e
2 5to] SVMe ol8e F7t o5 Rde Adsted, e d7et e

Zhigiang-= PSO(particle swarm optimization)92-& o]-&soto] SVM mfet
nHE 2AstAT. ZIAI 5ol Alel oh2talE (control parameter)S
Asjsle o] FRanE AL £EH AHst JHe Holof sl
g, Mustaffa 520142 FA4AHE SVM(Least Square Support Vector

89) chaotic map> U%9] chaotic behaviors WENN = %13} $h<*(evolution function)®]T}.

90) FA H Ao, wllEe] ¥ ‘1] F(firefly algorithm)> WHHlEo]o] whdol= dFor 7L
ol Xin-She Yang©] Ateh #E} A 2] ﬂé(metaheunsnc)ol‘jr

o oS RYF2 A AR A" A A dAdAE BolA ¢E 4 7 59 H(unseen phase
space dynamics)S A7 93] coordinate embedding methodE AME-sla, F WA WA A=
SVR &toly] dietuE|E A glet7] 9130 chaotic firefly diE]FS H &3l npx=o2 A WA
Al HAskE SVRe] F2] A} 7HA & oSt o &HTh

92) PSO(Particle Swarm Optimization):= Kennedy, Eberhart (1995)° 71918} Aol A4 &
Al ol A7 §13k Aoltt. FoI%] quality measure®} ¥ %0}04 candidate solutionS HP%@.QE

sto 2N TAE #HA3le= computational methodo]th. 5. YAl &)= candiadte solution

S eI YA A SEd fig has 5 1”01] el JA Fk A o] YRE 24

7]
SELE

RS

E=)

2 r r_u ﬂ-q

2

A=
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Machine, LS-SVM)93¢] n}efu|elE 2|4 3}6l=1t] Swarm Intelligence 5
¥, = artificial bee colony (ABC)9E At&ste] BP-NN, GA HH] &=
2 9= AL E HoFQrh Shen 5(2009)k LS-SVM-& Dynamic
Inertia Weight Particle Swarm Optimization (W-PSO)99)-& A}-&3}o] |

HalA7l AT}, 74 59E dZo|H BP-NNG zilols JES A

2ol we AFEL AT feature AEHIR o] F2] A of| =9
S E AL & UASS HoFa QU 1A M= (feature selection)
floJe] AEZ=HFE tixido] gle WS
Z32 ottt S5 ¥4 (learning process)S AY5}7]

of ou] = EA(feature)S A=Hol= AL 7 FXHhypothesis
space)®] A7|E Eo] dHl°olH 9 2tY(dimensionality)E AAAlZA
= WUk opys), Ay o® Sfdo] H 4 dEH xS I & 4
. Ni Q01DE €49 F7F A9 9EFE 95

(fractal)993} SVM=S ZAddstey, =g nlx A" 2 (fractal

B ol
1=
ok N
rO
2
AN
lo
do
ol
N
i)
o)
[n!

L rjo oX
i)
Ak

5
>
N
\
°

feature selection method)& HJAFEA g
=8 A (features) s AEoF ot=A] A&olA zmpetd 4+ QA s
Zth. Ni (201D)9] 9= =

EF
=
selection method)e] H|@Z&A AL 49 1A (features)S AEHIStY X

93) ¥ SVMET ¢ @ 37ste ddE sl

94y ABC ¢1#]52 Bastuwrk¥®} KarabogaZ} AI0FSH AjZ2 el - FEj28 #4(meta-heuristic
approach) 1 8], A RS2 7147 S(searching strategy)S 53] 8l A Sh(over fitting)S WA=
AT Ze 23 TAE 2Esto] original ABCll el F 7HA] £4 AlRke =Y

95) debuE] Aeo|A standard PSO B} £ A#S ek,

96) ZHEL HE TRE RAHE MHE dHs
symmetry) =& 3138} ) (evolving symmetry)Zh % &t} A AE =dshd
271 FrAL o ¥l (self-similar pattern)o] 2} dheh H3F ZHELe tl2 glEoq A FY S 9l
=), olelek s> Mandelbrot {oHe] 22 &FER ATk ofEe] ZAYS A W=
A e ofelt]o] & EF}EITE

°
fu)
=
rir
4
Lot
)
o,
gt
o
)
ok
o
=
o

% (expandig
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Ao ot oS5 AgEE 2ATHE AS HolFErh Tsai (2010)&
g U2 q5s 9t dix He AdEs Qs oy mHd A9
(multiple feature selection method)2 ZA¥sdtt. &3], FAEEA

a

(Principle Component Analysis, PCA)97, GA(Genetic Algorithm) %

25 9H YF(Classification and Regression Tree, CART)%<e} 7
o Al 7EA] & dER oA AYHHES Abgotyl, A9 WHoez F

—

B

(union), I At(intersecton) % TFF  WAHmuti-intersection)
Agros el Qe W4E AT T A7) AnE Hn
Stleh. oS RPo=+= BP-NNE& ARESH=dl, PCA®E GAS wzt
Az, PCASF GA 9 CARTO ttguzat Aol z4te] AvE UEdl
o},

Hn: )
2 o ot

=

Sun 500D &F 4L Aol dis) vFzale E4(multifractal
analysis)E 3ot AS7HsA (predictability)&  HSorTE  oFA|T,
Wei®t Huang(2005)+ AFsto]l |49 AHIE(5:) HlolHE El
(mutifracta)l2 249 A3 Sun 5(200D)3E Aolgt AE et F
712 4 FolEe) mEs tgesndyg AU E-] (multifractal spectrum)
mj7] W42 o)E4(dependence)oll Tt HHEZAQL Ff2lo] glokal 744

8}1, Sun SQ00DHETH HAZ wHhHo=z oFmag AHEY

7 A% 4] (Pricipal Component Analysis, PCA) & %
& Foste Mo 29 B4 3 ol 013
o

98 F48 F 242 Adau Ay

oX, .I
M
(o
at
_>|L
10,
lo

A4 Y (Decision Tree, DT)S] 7+ & F38< &7 39 U5 (CART)E= &7 Y (Classification
Tree)?} 3|4 U5-(Regression Tree)%: E o XA 4] 2 Breiman %
(1984)°] A5 Z=UstA Ty F YUF-(Classification Tree)2} 3|7 U--(Regression Tree)= 2 7FA
APEE ZHA I AR, B BAspliy HIAE AASIE d AFSEE dAkeh 22 9 7EA Aol A

= Stk
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Hsieh 5201002 F7F 95& #si ABC-RNN o]&3!
(wavelet transformation)990] ZAtH T A|A”HS okt o]
HeH(wavelet transformation)< A|7FFS s folES FH9
(mapping)ste] AT E4S BstA AlE & 4 Stk 74 714 Al
= woflst] Fa= AASH] Al Haar waveletl002 o]t ¢o

Hek(wavelet transformation)2 Z-§ot1l, ot 7|24, 7]&4

43t RNNE 8ot oAAE  3IA-ZT0A A= (Stepwise
Regression—Correlation Selection, SRCS)-= Fafl AEE input featuresE
T35ttt Artificial Bee Colony €e]& (ABC)-2 mefnlg F3t AA
(parameter space design) dtollA RNN  7}a2|(weights)@}  Hfo]ojA
(biases)E FA3lot= © ARESHIE  o]AH  waveletZ|HF A A
(preprocessing)® ABC-RNNEE-E of2] FAAZH(Dow Jones Industrial
Average Index (DJIA), London FTSE-100 Index (FTSE), and Tokyo
Nikkei=225 Index (Nikkei), Taiwan Stock Exchange (TAIEX))e| Al&
ol st A3 o HHEREn ¢4t AE ATl Chang¥t Fan
(2008) TS5 Skl flo]E = (wavelet) 2+
TSK(Takagi-Sugeno-Kang) HA|®2 7]9H(fuzzy-rule-based) AlAH-E
e HEHS NSkt folEE Hge] ofsf dojil AAE HolH
o] AFH 2AY Edl(hierarchical scalewise decomposition)25E S-1]
oz 7§ A=ESE of3, TSK fuzzy-rule—based system< AR
Zof| 7|23 71 A&5S HRATh rule explosion
st7] f1sh, dlelHE 222 HE 9% k-means algorithmo] 285
7y ZY2aE H{zZ] o] AdET wpAetos: KNN(K  nearest
neighbor)& sliding window=® 2-85to] TSK o] dZZHE oS Al
AotA 2R o2ttt WHo =z Algdolda ¢ A, 54 74 |

me 2 2 o R
M ML AR ofl ME rl

]
A]

i1
aLr

it o
N
i
iy
A,
==

99)

ol £l W3l (wavelet transformation) o] &8l 7| H=E AlE-3] dolE S W }% s ¢
st} ol &8 714 e AEEtH 00] Hal XsstHA Eo] 002 FHEe dhrolth
100) Haar Wavelet 713 wh=sht] Q] dlol&sl(wavelet) 7| A grolth. dloj&8l 714+ o
St FAT = s s A7) o] FojA QT



= WS¢ AEsHA A5 drr AFTHoIUh 7€ dlE P H]
HAFE S5l TSK 2ol F71 d5S A% AAAH AAdofA
dg 4 e AR fUT 2Yde dSotlth. Huang(201D)2> 5
T dlEe fdll flelES (wavele)®t A (kernel) FiE 24
(partial least square, PLS) 2|9 &A= Aot ¥ dlolg
2} (dimensionality) ¥} 5541/ (multicollinearity) Wz of
PLS regressorg ARgsto] Jgixt &9 7o o 3724 Aok
q&5S o= 7 BE&AQ subspaces =SS &4 A3}, A
O

a
mego] HEAQ AAY, SVM, GARCH RIHt} 43

i)
o
(s
S,
NN He 2
e rlo o

2
il ofN

E 7|4F Rdge 77 polEe A3ete mide] oigt EAel 71
= OF3H. A& aed A e 29 229 ¥F a5 B
o (behavioral finance model)2 &8 AlFolAe] HHAQ A% 28 o
2ol AH(imprin) o2 59 EAS AYsitt. Chendt Liao(2005)=

AL A oo]HE Nt HEYS Higow A olET A Tt
ol¥} WAES AWttt Feng 5(2012)7} Alfarano 5(2005)% FA]A4
ol ole]dE Zuh rdl"ls 2gsto] 714 midy polE HMEs &
gttt Feng® 2412 F7F £E9 A7) 7]l digt FFA
(behavioral interpretation)& A&tk (Feng et al., 2012). Alfarano=
7} elE 2ol APtE ARH(fat tails, volatility clustering)o] A2z}

ARG ERY YElte £4olghs AS oodE ZEE BdF
TElste] Agsith(Alfarano et al, 2005). Lee (2006)-2 HRBFN
(Hybrid Radial Basis—Function recurrent Network)= ©]-&3F oo E

718F F7tof|& A AHIQI iJADE Stock Advisorg =95t RTT (round

lo N

=

:%
NooIx X

o

101) ABM (agent-based model)< A

1228ol WA G B s A ololHE (Y =
= Ad w9 5 W 4s 2 g



F7} d& A5 B7Hstock prediction performance test)s

[e)
ae4d, A, 794 S BF F2 AHE B

24 AY Minority Game, MG)102.& St 2AAE 3t oA
ARl Aol oo]HEL] HEdE(collective behavior of agents)=
olafist7] gt Tteet mPlE], I A H5te] WA FAA F
2 B A (complex dynamical disordered system)Z ZFEoJ$tth Ma
5201002 FAAFCGZ A4 AY dHlelE mrold  (Minority Game
Data Mining, MGAM)o|2h= Ze|dAE Alotetaltt. 44 Alde o
B2 OSRt oolHE OF9] dsS Adgcte] HAd HolHE AT
o MGAM 9] 125 AA| F4 AAE dHold #A] 83t 4
W 1Yol SE°|] random walk Hty SAHOR 4 AS5HAT
Chen (2008)2 FAAPE oS oo]dE 7]dt &9k AY =Y
(agent—based mix—game modeD)= 4t FeEII 3t &9 AA
(evolutionary mix—game model)2 ©o]-&stct. Yo

R = |
(original mix—game modeD)e] oo]HESS] A 3}t HHE F715HY

PRI A £F AY 2FE FAAL AE0] Heq Av ARG o)
A A4E Qs oo FRns 27 PN 5 A Kol 79

o

dlofe] mpold 7leo] TR HEo] A AT dlolHER oyt
T g2 9AE Ve HioJHkE F7t oS E8E o w2 714
7I8F F7F HE ASAY "HAE ZA9 AALES sAlol vto]d (mining)
St= Z42 HlolH mfoldollA Az FA & 4 Qv o]d A= o

A rs JAe F7be BT EARE ANGT 3§ d2E mtold

102) 2% AY(minority game)>  Fribourg t&he] Yi-Cheng Zhang¥} Damien Challet®] #|<t3t El Farol
Bar A9 & Wigolty, &G AQJdA, E79 Fdolojw 7t Hulth F Jl9 AE F JUE =
° g 3ol ghr}

b
sl

fu
=
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lo,
N,
N
do Ao
rok
rlo
Am
o
oo
<,
N
>
oo
i)

= 2ol Wkl 719t oh=
golofl A5 IRttt 19 o ol HEAE AMER ZIA] A
&oto] 7Hset 7t olF WS ST Y dF d4e= A= AN
2 2ol &4 mHo] (Ex1, Ho]AE, EQE HE, etc) T oA o
et AA ;o] HgtE 5T o e 27] AXAHndicaton) & FEF

Schumaker & Chen(2010)> <lof, A7 % A4 7I¥e e €A
E nfolyd 7]Hke] AZFinText (Arizona Financial Text system)= TH&
ME 4 714 A5 7FsAe AT AZFinText= 58 W

oF F7F AMES ZFS 7Htoz oAt £2] o &(discrete  numeric
prediction)= dh= H FHE F= AaHoe=z HAE  EA(textual
analysis)¥} SVR(Support Vector Regression)< %@5}01 quant fund &
A HAHE AFSH Fung 5(2003)= AAZE F2E o83 text
mining?}t A|AE HolHE Fcto] FUHSE Faste RS Altdt
At Ding 520152 oMIE F4 F4 A% of|S(event—driven stock
market prediction)& 9|3t deep learning method103E Attt HA
A HAEOA oHIEE &Sl neural tensor networkE AREGH]
A=l 7UE #WE(dense vectors)®  FEHASH o2, A AAY
(convolutional neural network, CNN)104-& o]-&sto] 7} ZZlof tf
o A7) e RAsHAH. AdE, S&P 500 A4

Al dSo] disl ZlEHRES A9 6% NAAE & U=
Algdold At oo HilE AA”HEC] Hs| w2

ol

O

=
/\
T

19
o
i
N
N
olr

103) AAGE oy F Zol &Y UF F-F(multi-layer structure) B E]S] 217 W(neural network)S 7|
ko 2 3l 7] Al85(machine learning)®] @ -oFo]th. CNN, RNN, LSTM, Deep Belief Network,
Deep Auto-encoder 59 &ig]FS AHSSle] thake] dHolHEEE TFS T v 559 2¥YS

FEsaA e sl

2173 " (feed-forward  artificial
} fAbsk Al P E .

104)  convolutional neural network (CNN, or ConvNet)2 J]CJQJ olF
neural network)®] 3 ot} FHzke A HElo] &2 A7t HA

- O

[
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de BT

Bollen 5(2010)2 EYH 3 E=(Twitter feed)1092] HAE ZE=2ZE H
Aste] EQJE FE(Twitter mood)100¢t th-9-2]4=(Dow Jones Industrial
Average, DJIA)ZFE] =& AHHAE TASHIAL, oA FAANEY s
st ASof =2 HAFEQBLT%)S Ho Foh. Zhang 5(2010) HA],
3H EQH mE==25¥E emotional tweet percentage’} E}O Z2(Dow
Jones) 74, UAH(NASDAQ) A&, S&P 500 ZA4=2t= F-ou[gt &9

Jr_‘rﬂrﬁ] , VIX(Volatility Index)107e}= F-oJm|et &Fo] AFaytA

We gt ol EQE EZAE (twitter post) A4S B9 F
X]—r% qd5T & A= AAIT Choudhury 520102 2211
(blogosphere)oll Al #AFUA 0l &8 (communication dynamics)<
of= st nd-s Jdtstal 0] 2t blog communication dynamics2}
Al A &E Tl fofnlet ABEATE Ales W ol HiEoR
Al A WEY A71F dSske dl oF 78%9] Bkt e dSs
ol oF 87%2] HLLE HoFth Antweiler & Frank(2004)= oFF 1t
WA 59 AEYl F2] fA]Z] HE(internet stock message board)ell
AHE HAIZE BEAsto] 4] A (stock message)7t A1 HEAHS

= = S WHASIA. Gilbert®t Karahalios (2010)
T 4 2O2HF emotiond FHSH= Zo] wlEe] T4 A 7HAC
o Alzg ARE ASdrs Ae FHFA Preis 5(2013)2 Google
TrendsE ©l-&sto] F4] A9 RAdS A5 & de #HEdE dAst

Atk Mao 5(2011)& cfekst 22121 Hlolg ME (twitter feeds, news
]

i
T o

)
Mr o2 >
e AN 4N o2 18 o M@

headlines, google search queries)¥ A 24 W (twitter investor

105) OpinionFinder ¢} Google-Profile of Mood States (GPOMS) 9} #+& mood tracking toolS A}t

106) =7t 2 A THA ] A IS AR T3] E97] 4 H (public mood states) B

[¢] }:E
T X (sentiments) & E3F FHo] Fask 9&S I 4 9t

107) WEA AgE wahe, S&P 500 PAESCRE

At weis) 5 30dke] WEAel d Agel 7
g »}Ew%cl FAlo] Holshs FAAEY AHE WG Axeke GudA 99 FEAFGD
% Bn wE VXA R e $A00l 29e] At



sentiment, negative news sentiment, tweet & google search volumes of
financial terms)< FAFSEL oF-¢ A4, A=, ¥4 A-(VIX)E &

o A AES] o] e NS Bl Bk
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L. &A 71<3 golg 47

3.1 71 ot A=

719 ot A& BEolM Fast Aol o] ZA9 RRes AdT
7193 &5 ot 7HsAol 2 ZIde THEde Aold. =, 7199 A
71 NS dSste B2Ee At o RS T AE o A=
Hele Aot 3t 52 fAsiM 71l @A AT A¥e ot A
o "oty of HHE 7|9 qrRel wt gre x|yt g A7
Hzol HE it 5 RdoME Hles AR (Alfaro et al,

2008). 9 So] 8= AAH(current assets)?] AE  EZFAHtotal

o
=
=
assets) 0.2 U} H]-8-S AL}

Z1del mat ol 880l HisiAl T SelsHARE 1] At Al
oAl stk oldo] & & At 2 =wolAE HAFokx,
e, witre] FE BF o Aldem skl Zldel AR
s 9 olsiFAAtEe] 2 AlF]

F AAA olslgAAE el

=de F HER olF Ad5e A AHe=r Hofste ° 7Tt
=l

2 i N R o om
rd ool o o
9
_)ﬂ
_?L
rg
N
;s
2
H,
N
ik
Kl
ofo
I-'O

tlo
=
o
tl
£
L

z ndo] Ag AT HHL the
o}, ol Zolet AL AR RS EUZ njFo] Abe)
o2, 2 =29 45 FACAE @A AT FEE Ed=

o] Z5E 2 Shop, nEle AAsty ndEo] o8 3holsly)
siA mhiE Z]do] mhak AlOlA 18 A AR AR A 7199l 14

- 48 -



719 st oS B A8 7o) AN AHe 2T 59 T 71
Z

So ARARE Zu2 S g BE 44 796 te] e

Ag W7kl AR A

2012 Atolell f=obx, WA®e, whikel Z|dem Aelstal, F4 7
< 201248 124 7|ELe= mitsir] gk2 Tldem Aolsiin. 2
a

it 712§ 13817M, A 712

H

(e} R
3 ik 7193 A4 7199 AHFE HEE S-S o] W mhab 71 A
T AHE ot 71de] otk AJ-oA AA do] AR JHE ARSSHA
3, A 7199 AR AEE AA 7199 20119 A7 HRE ALEst
At =, 543 7F sk 714o] ohab A 19 A AR ARF AAF 7Y
o] 1¥ A AF ARE AFESIY] 19 & skt GRE o &she B A
Lottt

utib 71 o] mhat A Ao AE Aol dieh Wukgtyh XSk, A

2 <& D 2k A 7199 20119 % A5 AR gt Batgtat

gk, U2 <& Dok 2o <& DI (' DollM &
7

G xel
AT AT FHE el Wk oS Aol 2 A AT 4 ek e
s
T

M
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GE D T AIle] B A AR AR AR (29w
AT FE B & =) e
Capital 6,577 0 604,023
Cash 1,657 -827 143,406
Current Liabilities 38,538 0 2,183,073
Current Assets 25,833 0 901,609
Earnings before taxes -127,120 -1,167,191 72,482
Earnings before interest
and taxes -11,824 | -1,057,752 87,2778
Liabilities 62,819 0 4,485,978
Sales 41,915 3 2,495,217
Total Debt 62,818 0 4,485,978
Total Assets 60,392 5 4,184,630
Working Capital -12,600 | 1,305,085 250,370

(GE 2> A 7149 20119% AT FE (9] #Hyh

A5 F= B3k |z = Fdy
Capital 11,360 -2,696 15,000,000
Cash 4,250 -848 2,718,731
Current Liabilities 34,360 -2 26,969,912
Current Assets 40,346 -38 39,496,344
Earnings before taxes 3,591 | -10,964,144 11,518,274
Earnings before interest

5,172 -2,049,748 11,770,716
and taxes
Liabilities 115,174 —-244 290,107,362
Sales 72,643 -21,079 120,815,977
Total Debt 115,174 —-244 290,107,362
Total Assets 161,198 0 305,270,506
Working Capital 6,404 | -16,521,547 13,727,831
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dlo] Hgotgct. 7|de] AT HHoJA ujE3t O] 4, AT, A
A ART 5 e HEE ]1_ FAFAFO A AFESE tﬁ—’?—% HIELO g
AASFATHWilson & Sharda, 1994; Altman, 2000; Min & Lee, 2005

Shin et al., 2005; Verikas et al., 2010; Sun et al., 2013). T3t HEE
ol AABAG7E Y2 HeE ARgeEH, AR =9 Aol B2 W
TE Astilnt. o= AEASTT =& F Wy F ShHE AlAE w4t

FA ¢kal mdlS o st & 4 Q7] "ot 7
Hup Sy BsHA A8 4 s HleR Al4kst
& ZHAHCurrent assets)t AT W4Q1 CA/TAL}
CA/CL®] 7% ZtZ} FAF4H(Total assets)¥ -5 (Current liabilities)

o

£ 3 el He

ar a9

EBIT/TA Earnings before interest and taxes/Totalassets
EBT/CAP Earnings before taxes/Capital

WC/TA Working capital/Total assets

WC/S Working capital/Sales

CA/TA Current assets/Total assets

CA/CL Current assets/Current liabilities

C/TA Cash/Total assets

C/CL Cash/Current liabilities

InTA Natural logarithm value of total assets
S/CAP Sales/Capital

S/CA Sales/Current assets

S/TA Sales/Total assets
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4yo5 WC/SH C/CL,
HapEo] |AE Bkl 10817 He

o 2 |AE Holil irh. ol AA 7IdES AT 27 Ax m
dolghe Yetitt & 4 913, A= Z-score®t 22 FAA W] o
=95 9 wed
E 4 44 719e] 2 Hpgof it 71e3] £4
WC/S C/CL S/CA EBIT/TA | CA/TA | WC/TA
Mean -13.06 0.58 3.45 -0.14 0.52 -0.29
Median | —0.02 0.03 2.34 0.03 0.52 -0.02
Std. Dev | 298.03 5.45 6.01 0.96 0.27 6.65
S/ITA EBT/CAP | S/CAP | InTA C/TA | CA/CL
Mean 1.40 -1.67 116.41 | 9.46 0.06 2.78
Median | 1.02 0.08 9.85 9.44 0.02 0.96
Std. Dev | 1.62 15.77 4671.31 | 1.67 0.10 16.81
E 5 A48 7199 2d #pso] fitt 4
wc/s | CO/CL S/CA | EBIT/TA | CA/TA | WC/TA
wc/s 1.00 0.01 0.02 0.08 0.05 0.02
C/CL 0.01 1.00 | -0.03 0.02 0.06 0.01
S/CA 0.02 -0.03 1.00 0.14| -0.24 -0.58
EBIT/TA 0.08 0.02 0.14 1.00 0.06 -0.51
CA/TA 0.05 0.06 | -0.24 0.06 1.00 0.07
WC/TA 0.02 0.01] -0.58 -0.51 0.07 1.00
S/TA 0.04 -0.02 0.52 0.05 0.30 -0.32
EBT/CAP 0.26 0.00 0.00 0.03 0.03 0.01




S/CAP 0.00 0.00 | -0.01 0.00| -0.01 0.00
InTA -0.03 -0.11| -0.09 -0.01| -0.18 0.01
C/TA 0.04 0.32| -0.03 0.08 0.32 0.01
CA/CL 0.01 0.68| -0.04 0.03 0.10 0.02
S/TA | EBT/CAP | S/CAP | InTA C/TA | CA/CL
wWC/S 0.04 0.26 0.00 -0.03 0.04 0.01
C/CL -0.02 0.00 0.00 -0.11 0.32 0.68
S/CA 0.52 0.00 | -0.01 -0.09 | -0.03 -0.04
EBIT/TA 0.05 0.03 0.00 -0.01 0.08 0.03
CA/TA 0.30 0.03| -0.01 -0.18 0.32 0.10
WC/TA -0.32 0.01 0.00 0.01 0.01 0.02
S/TA 1.00 0.01| -0.01 -0.29 0.19 -0.01
EBT/CAP 0.01 1.00 0.82 -0.01 0.01 0.00
S/CAP -0.01 0.82 1.00 0.05| -0.01 0.00
InTA -0.29 -0.01 0.05 1.00 | -0.27 -0.11
C/TA 0.19 0.01| -0.01 -0.27 1.00 0.14
CA/CL -0.01 0.00 0.00 -0.11 0.14 1.00
TRE ERE Sdl A4 7199 AEFel wet 47, 9 Ude=x
wRotanh 48 14 7192 AEF 59 ugh $9 A4 792 AEF
59 ol 50091 mFF, oy Ad 7192 Ada 5009 o]Fel TYew
ARt (B 69 (O™ D2 7|9 2o o ot ALY Hl&S
HojErt
(& 6) At 71 Bl
2T oA 719 5 | B 71D & | A 7Y HlE
59 wgt 181 10,762 1.7%
59 o] 5009 m|gt 1,164 17,203 6.3%
5009 o] 36 516 6.5%
AA 1,381 28,481 4.6%
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3.2 F7t A=

Hoda dnrl 719 QP HHE digom =A 1A ArL/shet
oJHE J|ATLES o]R5le] A=t 7] BHi¥ AR AR drEs)
T2l doput ST

)
)
N
N
%0,
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o
o
17
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>,
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Q
lo
N
bt
N
N
i
i)
ne
X
Job ok

Chen, 2007; Kim & Kim, 2004). <]%9] &< ®lusty] 9fsf H27t
A Ao} Hluste] ARYRE FEeF JASE 5Es WUkt
TR S g g 5o 4 A4 ol

G 74 dZo] 7izbe] whet dnht xolvt LheA] Wobt

tl
>,
oo
ol
ol
N
§2
=
»
r
e
N
19
ofl

2 =RoA A8 719 dlojEl= 20134d 7]&2o=2 KOSPI 2009 4
gk 20070 Z1dell dis 20109 1&7]5E 201349 327|174 2718=2 4
At AT dloleoltt. o] AT dlolHoA FF<=o](EPS, Earning Per
Share)a} F<=2AHBPS, Book-value Per Share), @W7]<o]elg AlEls}
I, FUIANA EESHE BAEHSTGHARE 1H)E sHsHTh
a=al ZF Zrlaet £7] e dS sl bt g &, R Y S S
A 1AL 2Feg. ¢ golH: BE  FnGuideolA  AlZsl=

=z

DataGuideoll 4] Z2]stqiet. 20078 3Atel dis & 158719 ARE
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3ot F 3000709 ©lolE7t yetop shut, Aol wet "Hagk FJH
7w e AS7E dold F 2913709 AERE :
(B D& 20139 3E7] KOSPI 200 7199l @7 <&olelwt EPS,
BPS, F7F ol oiet Wt gk, HH@e uEd Zoln, <&

8y AR MBS oE el Holth,

(E 7> 20134 3E7] KOSPI 20078 714 dlo]€

Bl 2zt A5t

Net Profit(A¢) 71,732,967 —732,439,459 4,627,864,000
EPS(¢) 1,395 -48,650 46,227
BPS(¢) 100,751 -1,667 2,048,262
Stock Price(®) 130,067 2,010 1,693,000
Experts(5-1) 3.8 3 4.05

& 8 A A R} 71

=7 2010-03-31 2010-06-30
Net Profit(d<d) 3,167,036,000 3,155,614,000
EPS(0) 21,370.00 21,125.00
BPS(¥) 445,444.69 460,047.68
Stock Price(¥) 814,000 792,000
IM Later(¢d) 825,000 827,000
2M Later(9) 778,000 776,000
Experts(5-1) 44 43
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EPSet BPSE 7|49l &9

w=olelo] 79 7ol e wat of-
(NPGR, Net Profit Growth Rate)Z AAtste] ARRSHIT F7]%

o]

ol

O

=

~

710l e(%) =

=ol¢] X 100

27 & & 59 5

3} -12 A,

Haee AN,

iglel F4 714
S ARG ROl Ao Agetid] BAIZE §iEk kA 9]
2 Folg Hol7] W& Yol

1o}
1982 AT HlolEolA F7]eolle

J|Eog2 o]yt

w7z S8 Bolu 37

7PF 127139 EdEY Aestidd 12 skl F 9 %

d) F7PE 1271y gasidvd - 1= st FAedd]es 7|
St A5 Hushy] At Hludez SHIY 44, 3HS
+Dez skal, ymAe= F7F siEf(-Der ZHESiAH. oA d=
b 7P F2 ds Ay U7l dield & D2 (& 89 A
477 dlolHE A2t HlojEE HoE

(E 9> A3 dlofe] Afe] At

Quarter 2010-03-31 2010-06-30
EPS 21,370.00 21,125.00
BPS 445,444.69 460,047.68
NPGR 3.71 -0.36
IM Later +1 +1
2M Later -1 -1
Experts(5—1) +1 +1
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Ak, 20070 71gel tigt <& 1003} Zo] AT dlojelet F4] 7}
AL F7ste] SVMe| st HIAE] ARESHSATT.

(E 10) st5/HIAE dHolH

EPS Earnings Per Share
BPS Book—value Per Share
NPGR Net  Profit Growth Rate
+1 if the price rises after one month
IM Later (Target_1) later. =1 if drops.

+1  if the price rises after two
2M Later (Target 2) month later. —1 if drops.

+1 if experts’ score is 3~5.

Experts -1 if experts’ score is 1~2.
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k=13

KA

[¢]

Pk Aol o

9]

s}
o

ok
oF

ojoj A=

o] 9lTHadaptive). T}iF o] &

0]

I Hor(moise)o] B2 dloJEl ¢} o] Fgk(outlienol] F

o

[e)

=]
=

A9k 2+ Eh(overfitting) ol

AA

=
=

bR

o
Nm

Bl

Bt} o]wj AdaBoost &

wolx gust Ee 4

Jo
zel

~

ol
Mo

[

o=

o

L
T

23+ Adaboost

?5'1
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AdaBoost, Adacost, Arcing, LogitBoost, BrownBoost}
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2y Y1 ). (@, y,)01RFAL SERE A7]olA 2=

el EAS ey, y= Z8Aa=2 -1 B 19 33 /M 4 ok
= & 7199 md #5 Hjto] o7t i ok 719 -1, A

2 12 &% "o = 2=(EBIT/TA, EBT/CAP, WC/TA, WC/S,
CA/TA, CA/CL, C/TA, C/CL, InTA, S/CAP, S/CA, S/TA] EF H)
El7F ok Z420] of R/ 7= 54 oA shie] @utew RRE Ak

gt

D)= & 7VEA0] BE
=1RE T % THo] dste] thgg v Sagi,

o oAt A AL o BRAE I 42T FTh AVl oatE
71EA) Bl e BAEE JM ol

h, = argmaz, = gl0.5—¢,l, AZINA e, =7 D, (i) 1ly, = h, (z) & =

® at% q-'l%':ﬂ]— 712—0] 7'-"/1\_]_——(?_]:]:]- (e =—In

o 123 mAo] A BX DE thedl Zo] WA

_Dt (’L.)e(”(gj(yi = hy(z;))—1)

- Z D (Z,)e((lﬁl(y,ilz,(:lzf))
it

o710l A sign = JIAE Gl A 13 719), 259 A
-1@EHE 7192 g9 gtk B =2olA T+ 100022 A5k
1270} oF E&7717F 100079] 7FaA] @to= Aiteo] A1t 1t
(-Doez FEFHch

N o
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48 7199 a7F mhat Z1de] ol Hls| AoiFom Ho)r] mEo

=

5o 42 wstl 24 Wast ek oheh A4 7194 of| A
o EES FEsHe lo] wel mYo] B4l oSo] Pebd P54l 9
7] whEo] BT whge] Wasith webd A4 Qe Ra¢) mE F
22 sto] WA 71919] 5ot AXSHEE sk

Argata oA 20%¢91 5547

=
=
WEI} HAE MBI 22 Y AT T S99 $7h SDsi 7]

59 F29(AdaBoost) o] HH 45 BluE fsf °E 1A o5
& Aee 2dE <y AF%I SVM, 23 E

HE5H RdZ Z-scores AHSIALE

A4gq Rrgol of BR/Z F4 EelDecision Tre)E 4§t
ESE AT o] dig
1T A4W BEe WAE BT Qelom d
SE dolole] = Sk 107, F¥L AR sk SVMES =g
EA(fearure) 2 3k1, A9 @4t RBFE AMgstdrt. mE 7]

718t melo A el Zh(target value)2 RS -1, A4 719

g
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)
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l
E
i)

Z-scorei= 7]}l 2|AH(private firm)E < 4
A AEel v A=A s ZedEo] Q7] miwolth o] A% ZiE

o Aoz Aiter

Z=score—private = 0.71771 + 0.84772 + 3.10713 + 042074 +
0.995T5

o714 Tl=(F-5A At -5 5AH)/F4E, T2=/Ho|/FA 4, T3=
Aldgdolel/Zatit,  T4=FR7 A /ZRA, TS5=mEH/TH4 ol
T4ollA FH 7= % dolHoA AZa(Capita)& Al AR
stk A AT} Z-score—privategte] 2.9 ZIfold  AHA 7|,
1.23 mjgtold w4t 71, 283 3 He19 A A5 HFRE S8l

o}

413 A9 At

7 719 Fud, BEE G5 Awe @ 5
Z-scoredl| A A4, wpE greto] 7] ope WSlo] &5ke Aoz 4ol
b oF ofdelz ok g Aolth 3% 4
o BN 5 FUHAH] o) 4P wuld RANE BE 23
s whEel 7 719

o

A oA ke

(B 119 ZiE vigor rdd 7| H4RrY o= AFES ALt
sto] (O™ 2>¢r <" 3) of ZASHYLE dF AFES A5 A

42 HiE A 52 W ROl
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11) =it o= 25

i | "HER i

Type-1| Type-II

ZAH2F 59 Olgt 714Y (Training samples:288, Test samples:74)
AdaBoost 55 19 0 5 14
ANN 56 18 0 9 9

SVM 51 23 0 6 17
Decision—Tree 53 21 0 7 14
Z—Score 40 7 27 3 4
ZHEF 59 o] 5009 v|H (Training samples: 1862, Test samﬁlgg;
AdaBoost 358 108 0 43 65
ANN 350 116 0 57 59

SVM 332 134 0 61 73
Decision—Tree 343 123 0 57 66
Z—Score 230 96 140 78 18
A 5009 o] 7149 (Training samples: 56, Test samples: 16)
AdaBoost 15 1 0 1 0
ANN 13 3 0 1 2

SVM 10 6 0 0 6
Decision—Tree 14 2 0 2 0
Z—-Score 8 5 3 5 0

AA 719 (Training samples: 2208, Test samples: 554)

AdaBoost 435 119 0 48 71
ANN 427 127 0 57 70

SVM 406 148 0 59 89
Decision—Tree 405 149 0 60 89
Z—Score 284 102 168 80 22
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100

a0
4

60
3
4
3
2
1

=]

Forecasting success{%s)
(o T o R

]

100

a0
7

]

5
Al
3
2
1

Farecasting success{%o)
@itieh i Dol

=]

< 500 millicn won 500 millicn ~ 50 = 50 billion won Total
billion won

Capital (won)

mAdaBoost mANN  mSWW mDecision-Tree ®mZ-Score

g 2D 719 FRE 2do] o= A

AdaBoost Decision-Tree  Z-5core

Forecasting Modsl

m < 500 million won m 500 million ~ 50 billion won m > 50 billion won = Total

a4 3 2l o5 458
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42 7t A5 24
4.2.1 44 ¥4

2% 2913709 AL LAY AL § AUS Upeo] SH5-8(1457
M} BAES1456/) 02 Agala, o] SL HHE o] thA] St/
~8e Sgsiart. 283 o] TS 108 HHEsle] B =BG ALt
sk, dolEE Ra9e Au, JAZS wEdos stogy sty
BlAE Holee] $elo] ojs] U 4 9l SVM <& ATt At
= &9

Zy 7

]

i

A =71 AT FHo|A 3t EPS, BPS, NPGR ¥ oJd X
AZgo] v A Hlwsk] Qo] BE 7Heet 2Fol disto]
dS Stk &, {EPS}, {BPS}, {NPGR}, {EPS, BPS}, ({EPS,
NPGR}, {BPS, NPGR}, {EPS, BPS, NPGR} ZtZ}& ¢lglog 3st=

% 9L WwE

o

w ol

ol

(& 12) mijrjelo] o SVM oS (%) Y=={EPS, BPS}
y =1 0.1 0.5 0.01 | 0.001
C=1 57.3 57.4 57.4 57.3 57.02
5 57.3 57.3 57.4 57.5 56.64
10 57.3 57.3| 57.36| 57.32 57
Average=57.30%, Standard Dev.=0.22

SVM9] HAY BEFE fdl AY 45 RBF(Radial Basis Function)
= AFgSHTh SVM F@L LibSVM(Chang & Lin, 2001)& ulto]#
(Python)ollA & 4= I&& TFE mlpy(machine learning py)& AHE5H
TH(Albanese, Visintainer, Merler, Riccadonna, Jurman & Furlanello,

2012). oluj utetulE gammaly=1/206%)%= 0.01, C= 55 AM&35H.
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ol metngE AAsH] 9o thge gamma®l Czroll s <& 12)
of 42 A AB}E Aotk 1 F MY 22 Z%E | mevH
= AdEsidlod, oS Ag=rt mEtn|ge] whet zpolrh A et
ot HuwE %t AFAAYEL  neurolabe AFESFI X (NeuroLab,
2011), ZAECet HSPFAHL scikit learn RE2 ARSI
(scikit learn, 2010). FAATE dH FO L& = 4 ¥H49
7ot FYsHA stil, &9 S xE = U sle 9 kE S
10702 ottt A-SPFAHO oFEF7|(weak classifier) 2= ZAHE

2 ARgstan

422 A4 2%

132 A ZaE vehd molth AR AR wm I F F
F7F d5ECVMIM)E F 2 F d5EVMQM)ol Hlsl ojmet <]
S ARESiEEE oEEo] w28 & = otk F, Agto] Ade| w
2t A5 QEO| g 71 d5go] Hojde Y 4 Sl

E 13Dl SVMUIM)T Expertd] dlidste ZIE HwsEH
A & g F dFo] HEVF HALEG Holde o 4 ok ok A
w7 ALt SEIA TolA HEshe AR F4E o] PAT
Aolmg o] Aygtoz SVME] dFo] HEFHET FHojutiy oy A7)

E 13)ol4 SVMIM)T} ANN, D.Tree, Adaboost AIE H|W|H
o]

B SVMe o2 Fut ThE JAsks wpEe] He) $4Ee & 4 9lrk
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ABSTRACT

Machine-learning—based Management Prediction Systems using the

Corporate Financial Information

Yang, Jin—Yong

Major in Computer Engineering
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Hansung University

In the increasingly complex and sophisticated corporate management
environment, proper management forecasting becomes more important than ever in
the survival and development of companies. Machine learning techniques are
developed to classify and analyze the pouring data appropriately and to derive and
predict valuable information. This paper proposes business forecasting applications
such as corporate bankruptcy forecasting and stock price forecasting by machine
learning approaches using financial information and stock price data.

Recently, bankruptcy prediction research based on machine learning is active.
Pattern recognition, which is a typical application field of machine learning, is
applied to bankruptcy prediction. It creates a pattern based on the company's
financial information and determines whether the pattern belongs to the bankruptcy
risk group or not. Previous studies using traditional Z-score and machine learning
techniques do not take industry—specific characteristics into account because they

are targeted at general firms rather than specific industries. The construction
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industry is a capital-intensive industry characterized by long business cycles,
large—scale investments, and long payback periods. This may lead to different
capital structures from other industries, and it may be difficult to apply the same
criteria as those used to judge the corporate financial risk of other industries. This
paper classifies the construction companies into three classes according to their size
and compares the predictive power of each technique. Experimental results show
that adaptive boosting provides better results than other techniques, especially for
companies with capital stock of over 50 billion.

Stock market forecasting has attracted much attention in academia and
business as an interesting and challenging research theme in financial time series
forecasting. Efficient forecasting of the stock market is a very important issue for
investors. Accurate forecasting algorithms can bring high profits and loss avoidance
to investors. Forecasting stock market with traditional time-series analysis has
proven to be difficult. Machine learning is emerging as an alternative. It is a
technique that computers make classification and prediction by learning. SVM is a
fast and reliable machine learning method widely used for classification and
prediction. This paper examined the predictive power of SVM based on financial
information. This can be used to assess how effective the financial information,
which represents the intrinsic value of the company, is in estimating the stock
price. Corporate financial statements are used as input into SVM, to predict
whether the stock price will rise or not. The results have been compared with
those obtained by experts’ scores and machine learning methods such as artificial
neural networks, decision trees, and adaptive boosting. As a result, the performance
of SVM was superior to other techniques in terms of execution time and

predictability.

KEYWORD : machine learning, forecasting system, bankruptcy

prediction, stock price prediction
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