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233} A5, ATEFEFAL vl AdS, d=FAEd, ddSsd T SEAAER AHeR
S e ZHojEvo|A ABE QA AFohs Ao 2 FX5 3 gtk (Ko, 2016). &
ARt FARE A2 A 6§ AbdE] AMu|AE AlFsHe ZRo T HPoA | oA 285 A}
F2 A AARSR oF 202¢o] 2 202000 <F 2,0002 9= o4Fstal Tt (Chang, 2016).
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AN #28 KNS JSALEL NEEHHARGY ¢ Ak AR, Feld (deep
learning) 28L& o] §3te] I DATASE & 3w gof RRIFUILEGe)N 258 fojnd
AFWSES PHYRe] YUt AgHT e BYolE Hol 2 LEATUE AGHY
T, o AL WAE NS SRS S ASE] AP B @ udY DA AL 4 9T o]
B4 He AA0) AT B opzt g BE Y 5& 28 5 rks Bl Uk

9 BYEe) 45 Frhe] A3l ABE, LR S, WAE, Solw 19w JUEE AW v}
(Choi$} Lim, 2013). BEWF7H 4% Et el &t 22 o]Q 274 39, 33 FF=g 435
7 A FLEFEE o) §3to] A% WA WAV FHEE A BEASY FeUL (class) B A
W2 2R AA W& etk £8 23S ) A8 A @ 43 ol AEE A=
2t 2Rgol gt 9R&e Ags Nfdor (1-4%%) FdU BslFoRE: APEs
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Table 2.1 Cross tables for actual class and classified class

Actual class Classified class

Class1 Class2
Classl True positive (TP) False negative (FN)
Class2 False positive (FP) True negative (TN)

Table 2.2 Performance measures for classification model

Measure Expression

Accuracy (TP+TN)/(TP+FP+TN+FN)
Sensitivity TP/(TP+FN)
Specificity TN/(FP+TN)

Precision TP/(TP+FP)
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Table 3.1 Statistic summary

KOSPI KOSPI return
mean 1399.368 0.000266
median 1454.6 0.000650
max. 2228.96 0.119457
min. 468.76 -0.120188
s.d. 538.297 0.015956
skewness -0.242489 -0.382179
kurtosis -1.494653 5.594851
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Table 3.2 Accuracy of the training and testing in decision tree

Decision tree

Accuracy Total variable Selected variable
Training 0.761 0.782
Testing 0.761 0.778

v‘i'—%ilﬂwfé_‘?_ ol 93t B4 AT} (Table 3.2), AA| 7|8 BMAFo| )3t 5
2%} 76.05% =2 FAF glo] & ERE UL A A7)0 g3 A 71EH
= 2 A5 AT = 72 78.17% e} 77.82% 2 &Aoo
AAHTE AHSE wje JARA JEsE ARt Bhe H A
W2 AL Aol T6%0]3 ABMAEE AL A% 77%<] A3
AA W,E ARSSHA] 2 AAH M (AR, BUE, W3E A%, 39 Aol
St A5 FIAA G S oSt 2 AfolE oA g &
o] GAHEAUTE EE57] fste] 71A] 5 Wsle)] W wxE S Jdl#Egke] 7P &
H ExF nj 7)< (complex parameter)+= 0.001°]t}.
A 4 €8 F7HEA ARE 47 AZENEMARET Jed2 3o 2

]-rl JN—‘

2 el i
Fstel AHgSHCH

Table 3.3 Parameter in support vector machine : Total variable

o 0.0005 0.001 0.005 0.01 0.1
=20 0.786 0.786 0.782 0.778 0.728
0.768 0.777 0.773 0.763 0.710
C—40 0.787 0.788 0.784 0.776 0.706
0.774 0.774 0.776 0.758 0.700
C=60 0.787 0.786 0.781 0.780 0.693
0.774 0.773 0.769 0.757 0.687
=80 0.784 0.786 0.784 0.780 0.690
0.769 0.769 0.766 0.755 0.682

Table 3.4 Parameter in support vector machine : Selected variable

o 0.0005 0.001 0.005 0.01 0.1
=20 0.781 0.783 0.785 0.787 0.787
0.764 0.764 0.768 0.767 0.771
C=40 0.783 0.785 0.786 0.787 0.789
0.766 0.769 0.764 0.769 0.768
C=60 0.783 0.785 0.784 0.788 0.787
0.766 0.768 0.764 0.767 0.771
=30 0.783 0.783 0.785 0.788 0.789
0.769 0.767 0.766 0.766 0.771

RBF (radial basis function) #A3dE o]&3t X EWME AR A} (Table 3.3), Al2u}7} 0.0019]
2227} 209 A WA 716 H BAAE iR A2AR A} TT6THE A4 S A}
ERARITE Al .19 BaE A9 71 RAAF) O A2ARY Ao

TLO6%E A 947 ABE Jehdth. Z AAWSE ST 0e] HHTAD HAUSE AR
do] TE AR AHEE vTARE F Y o 7% AFEE HolFomm A WEE AS

Lol ]—J
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Table 3.5 Optimal deep learning model

Optimal Network Total Variables Selected Variables
Hidden Layerl 32-4-2 5-5-2
Hidden Layer2 32-5-5-2 5-5-4-2
Hidden Layer3 32-5-5-5-2 5-5-5-3-2

B AR A gelduge s ddRas 249 28%Y 2T 13AAY 9SS
] 2> o
=] =

o Wksh 15 SdRRse] WatE Frh U] Heldde Aol 2 sEalmr s
°1-¢3tglth (Table 3.5). LEJAILE S5Fake FANA AL o] 2y 34 540 st ¢
=1 28-S AT 2 AdolMe LEQIH ol S4= o83l Ved 24 Al wE

N J{N

H RS sk ol el MYSE S s

Table 3.6 Accuracy of the training and testing in deep learning

Deep learning

Accuracy Total variable Selected variable
Hidden layerl 0.649 0.771
Training Hidden layer2 0.663 0.783
Hidden layer3 0.726 0.790
Hidden layerl 0.548 0.748
Testing Hidden layer2 0.505 0.754
Hidden layer3 0.750 0.769

Table 3.6 HAFES o]§sto] 43 A3 Held ¢elFe 4¢ 2493 (hidden layer)d} &
Y7 (hidden neuron) 7t WE4F LHE&0] Fol5o] TqFAAE UYL & 5 Utk

Table 3.7 Comparison of models

Model Decision tree SVM Deep learning
Variable Total Selected Total Selected Total Selected
Accuracy 0.761 0.778 0.777 0.771 0.750 0.769
Sensitivity 0.781 0.781 0.756 0.790 0.749 0.792
Specificity 0.740 0.776 0.797 0.752 0.751 0.742
Precision 0.756 0.783 0.785 0.757 0.797 0.797

E =Fo] Atst g2 (deep learning) ¥ F} 7]&4 24
FAAES Aes B718H] 8l C++5 AHS 2RIFAVRER
33lRal 2 A3} (Table 3.7) Al 282] &= 0] 53t o]
o2 ME B 948 EFAFCR wslely] uiol HHYdEY
nical indicators)Rre. & mle F7tA|¢0] 21 A& ok A2 A7 Jlvk Ak HTh

=

A u]= W Wealthfront, BettermentS 2000]7] &R ojEulo]x 3| A7} oju] &A1 $uete
2016'd 39 7= vSEAFAS dutart oxlE 9] v Aol FEld o] F FE AN



294 Woosik Lee

A F R 53} AR AE7] T ojol 2 Hoj=nlo]A) (Robo Advisor) ol tht &l o] ol it &
A GRE B2 R Au|S AibE] AU|AE AlFshe EHojTutolA o] osiA 8= At
2 A AAACRE oF20xPo|x 2020 d0)= oF 20002%3; A Ael Q).

o

Felvete] A9 20160 99RE AR ApAe] 2Ho|Euto]A Aﬂﬂl*oﬂ e A= 585193 (-
nancial supervisory comm1ss1on)°ﬂ/ﬂ AAetal Q3 Aoz ojE 2HojTulo|A] JAE of
3 TR et AS 28 FAE AT + de AR Evhe AlF el (Ko, 2016). o]d A2
FEHo]Ento| A Ao ﬂ**ﬂg T e SFHE VA AFATY d9e W7 ATk

E AZgME 7ed ZIFRATHE gAARA YRR, A{uEﬂl}EﬂU{/ﬂE’_ﬁé (support vector ma-
chine) 28]32 Y& (deep learning) =3 of| é%?_ /\Hi—v— 719 AekstR L, 3k I FIHRS
o] WA oSl thel Bl AT 24 A= otk 7]"3} AR, AA HFE AR g
ARE HeHers by IAF FIHAF Hoﬁé}% ANEE 5 Advh= 2AE Itk EA, AT BE
= < Y A, A B W] tidt dE5He] vttt A3E ATk & -/F
B FHAG HFEo] A A R AR B 98 Aoz Wslsy] i) HedRd S
o] g3lHel= 7]€ & A& (technical indicators) o2 ujg] F71A|¢2] S-S o &3= 22 3H

E9th ofo % E 7HA] B Ho| dasitt ¢4 7eA 4R R 9o 71EA 27}

T Ee FHAIF AFel 9% v HreS 7 A7 25tk gEe B AFA vl
A

bt 42
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2 2] thFel ‘ﬂﬁ” (deep learning) ¥V 2|&7} W R T $L3 2P

References

Chang, W. (2016). The rise of Robo Advisors. Forbes, 11, 214.

Choi, H. and Lim, D. (2013). Bankruptcy prediction using ensemble SVM model. Journal of the Korean
Data & Information Science Society, 24, 1113-1125.

Choi, H. and Min, Y. (2015). Introduction to deep learning. Korea Information Processing Society Review,
22, 7-21.

Hinton, G. and Salakhutdinov, R. (2006). Reducing the dimensionality of data with neural networks.
Science, 313, 504-507.

Jung, J. and Min, D. (2013). The study of foreign exchange trading revenue model using decision tree and
gradient boosting. Journal of the Korean Data € Information Science Society, 24, 161-170.

Jung, S. and Park, S. (2016). Examination of possible financial market risk accumulations due to prolon-
gation of low interest rates. BOK Financial Stability Report, 27,132-143.

Ko, Y. (2016). A study on the measures to activate the Introduction of the Robo-Advisor in Korea. Korea
Science & Art Forum, 25, 19-33.

Kwak, M. and Rhee, S. (2016). Finding factors on employment by adult life cycle using decision tree model.
Journal of the Korean Data & Information Science Society, 27, 1537-1545.

Lee, W. and Chun, H. (2016). A deep learning analysis of the Chinese Yuan’s volatility in the onshore and
offshore markets. Journal of the Korean Data & Information Science Society, 27, 327-335.



Journal of the Korean Data & http://dx.doi.org/10.7465/jkdi.2017.28.2.287
Information Science Society gt o] E] A B3} 313 7]
2017, 28(2), 287-295

A deep learning analysis of the KOSPI’s directions

Woosik Lee!

'Department of Information Statistics, Anyang University

Received 17 January 2017, revised 2 March 2017, accepted 10 March 2017

Abstract

Since Google’s AlphaGo defeated a world champion of Go players in 2016, there
have been many interests in the deep learning. In the financial sector, a Robo-Advisor
using deep learning gains a significant attention, which builds and manages portfolios of
financial instruments for investors.In this paper, we have proposed the a deep learning
algorithm geared toward identification and forecast of the KOSPI index direction,and
we also have compared the accuracy of the prediction.In an application of forecasting
the financial market index direction, we have shown that the Robo-Advisor using deep
learning has a significant effect on finance industry. The Robo-Advisor collects a mas-
sive data such as earnings statements, news reports and regulatory filings, analyzes
those and recommends investors how to view market trends and identify the best time
to purchase financial assets. On the other hand, the Robo-Advisor allows businesses to
learn more about their customers, develop better marketing strategies, increase sales

and decrease costs.

Keywords: Artificial intelligence, deep learning, FinTech, Robo-Advisor, technical anal-

ysis
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