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A 100] A7 Held(Deep Leaming) & THFe 71 AISHE AelE FolH Be F2g wob Yok 53 of
<)

A& JAEty ERsted EFA4Q0 duFo R A e FAF A7 (Convolutional Neural Network,

CNN)& ofg] Boke] £ B o BAlo] Y2l 3851 gtk B ATl AASR: A7olA 71 ozl e
A% A F hI FAAG o) PAF AATE AgaA G TAHOE B ATAE TS
QaEgroz Agstel FAAR PR EE A dSHE o ARRIIZA TF AR 4839
o ol JHEE BT FAGE 08 A WA AAA thal AFE cdZshs ol2nt 71&H AR
Bk 7ASG dnelEe NS A T 5 Uk B A7 2 Bheo o) BAE St A W

2

A dAAE HolE] MES 5¢U @92 Utk F HA DM E 59 B2 Ui diolEdl tiste] 1)
2Z gtEh Al WA g AE o)A BAlA MY THZE ALt S5 AZE tolE AES U
T AF AR BEV)E S5AT U AR dAdAE AEE HolE AEE AR O BF =¥
=9 434E vlugch A 2l FEAS A 98l 2009d 1€5E 20174 2970419 ¢F 817t
KOSPI200 Hlo¥ 2,026712] A& Ho|HE AL&3l5th 28 HolE AEE CCL ZHE, ROC 5 35 F44]
Aol A AHgsE E 20 7| EAE 212 FAFAL AgH o 2 ol AEd dAF A4 g

i B S oBH o

T A& E W A2 RY, ALY, SVMI} Hlalsto] AFEFR] CNNo| SA 2 0.2 #9

& £ dF AE=E el
FA S - 71 A7 ded, BR7), FUHRAS 5 dF, dw AR
=240l 2018 18 152 =24mol 20181 3 172 AXHERNY : 2018 3 202
IRy : ek=2(E) WAIKZ} @ OHSHA
1. =2 < Ho]1 QItKLeCun et al., 2015). o] &3+ Hz
Yol A A= AAHe Fol AAAHA A
HHd(deep learning)> AFEe] ¥} FARGE 71+ =tlgk A4FFS GPU(graphic processing
FALAS T e FAFOLEN At unit) 5 &3t SrEAZ F Al Hol 71E9
10 A7 ksl 71AISy s SolA & CPU(central processing unit)E 5 A4k tiv] oF
& FEE iyt 53] Held ¢ugEY ¢ 109 o] W& Shgo] 7hselA o s A o
=< 4 F 2174 H(convolutional neural network, ATHKwon and Kang, 2017).
CNN)2 o]m|A] Q14 g Z7ol] a2 A% F7HA S FAA A BT TR &
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M7d ™, SVM(support vector machine)
T daegEs olgstod F
AN A 71EA A e f&l AHgee Ve
PHAFE ALGSt] FHAARS dF
=°] F2 TxHo $Ith(Kim et al,
2004; Kim, 2012; Park et al., 2016). o= ¥+
2~ 7]A}, SNS(social networking service) &4l
WAsE H2E HolH 24 Tl T
o WFFE dSstHe A7=(Hong et al,
2016; Jeon et al., 2016; Lee and Lee, 2017)°] &
HH oW, VA RE HIROE (ES 11
HA F7ke] HES o ARG ATE
ATHRyu et al., 2017).
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Kim et al.(2004)> YEHTE 7HARSIE
B+ Momentum, ROCS} 712 A3dL &
3= %K, %D, Slow %D, CCI, ROC$} &717t
9] FAM|7 S ¢olr = Linear Slope, LU/LDS}:
o5 % #<S YER) = MACD, WARS 5 71&3

i
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ALE FE3f] TS Fekg AFstnA
St o W EREdem: AgAAWs

SVME &&3t4th
Roh et al.(2005)2 F71A 2] HEAAS o=
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37] fete] FEAAIE B AT =
PS5 TS THEH S AAEHAT o] Aol
Ae F8AAE B8-S Eog g3t
3k KOSPI2009 tigt SAH E4& F3l
AZAAY ZFE 93 YHHTE =T =
A b BEEE FEAHT

Lee et al.(2008)2 2271 9] ¥Z7|BAA A HZ
B SAA 4e Tl 12719 AAARE F
12, F29 AAAZEES d353laA sk
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N\

of we} HFREAHFHE o] 83}
H YEHFES AT olefd dEu

HEo 2 QIFANATS B3 FHATE
StAF A
B e A
Kim et al.(2008)2 A ¢31E]F(genetic
algorithm; GA)& ©|-&3l F7HA|FE9] BAE
k31, 2005\ A5-E] 2007 37FA] ] AA] F71A|F
£ 7HA 3 2o BA Al B oty BoEAE
Yol 230% F7+eHe A ASHATH

Kim and Ahn(2010) 7]& AFE0A S
9] 71Eo 2 e Y YAIATY ofd o]F YA
A5 FHA dagEs o8t HAslsta
SVM$E o]gste] F7hAFe] FEe o S35ty
Egold AzHe ui wix, FA]9 AE5®
Mt A5d Edold A2EE Al
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Park et al.(2016) Aol W& 714 W3}

A5l W54S YERNE ATR, A9 W3
< e = DML KOSPI A5 34 60Y
54 YERE Volatility 2} 22 F2] Al Ao
AR E 71Ed A E 67 E
SVM, g2k 3] A &4, QA4
o] KOSPIAFo| tigh dSAHS=E Bluste
ATE Sk

Lee and Ahn(2017)2 32 ¢ g&E )&
stod QlEi o} Sh3AlElE BAlOl HA skt
MSVM(multiclass support vector machine)S ©]-&
sto] F7RA FHE A5, shE Bt d Al v}
A EFAAR gt FIHA G FAE A5
staLat shel=dl, 2004956 201737142 4
Al KOSP12007 <+ ©] 83t Al<te o] 7]
&9 JAIEE daEERYg Aol s
gelstairt.

W, 7R ] e S 2] 918 AT 5 Al

H Tk Ryu et al.(2017)& F2) A Ao A9

s
FH& tdez I AZL AZE A7h $7F 5
o
=
Ho

xR oox

2RI F 267HA19) 71EH A RE v o
18 (EE 84 TV HES S 2HE

=
>

31, WjolE] AZehE Fakel 2t e £
B3k ATE Sk of W FexEYe] P
M

22 %I-A-I.E_ AI_|71I:II-

Hed dugFe 4 FEu A
(convolutional neural network, CNN)-2 I &lo]u}
A& Aske AEL A A Zgt
2 0 24 LeCun et al.(1998)] o& A Al
ol wAst= AlZ|I7F HAdo S w A%
o}2fj o] <Figure 1>¥} 7o] shite] A Z

fo o |
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ZHAZ, sk o] HAH AlS(convolution
layer)¥} &3 A% (pooling layer) 18|31 & A
ZA A% (fully connected layer)Z A% o] Ut}

deEE B9 AstaA s olrAE 4
S GAE A2 Bo) BE PR o] AU =
]

5’%‘;‘;{ %g@:&"""” s:i::m@m‘g”mma@m

@414

Full connection Gaussian connections
Full "

(Figure 1) Architecture of LeNet-5,
a Convolutional Neural Network
(Adopted from LeCun et al, 1998)

o] wj ¥ o] sl wet SR 47t A
2tk A2 YERA ol o] <Figure 2>} Zo]
g T MIEe JteAE AL de
2x23712] 4 F(convolution) ZEI7} 4x4=17]
o] g Zol i3] YA LEZOE o)A
ol 2 AA FHES £ AWHAA, THEAE
ot &% diso] €35 4gto] Ak

A0 e e | 15 | 18
5 |6 | 7| 5 1(/ 4|1
0 [s | 3] 13 16 | 10

7 e | 5| 3

(Figure 2) Convolution filter

FAu e S A AR EE X3 dae
ReLU(rectified linear unit) 43} <2 A S5
o A 002 ol JEyE IuE =
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gahs Foolth olze Al

D Bl B E

ALt

<Figure 1>°lA4] subsamplinge 3}He| 7|5
ol HHoEN T AT FHoll dukze
2 ngton 9 3 ot dEete A4
a5 AZolA At ARE ZHE(compact)SHA
TS0 F1 FS(noise)= TAAZ 5 o] 9]
Ao 2EES Y 4 Arh o2l <Figure
3>9} Zo] W 2E T (max pooling) ZE | T3]
AR JHAY 2x22718] ETF 220 F
I AUZFEA s GelA HAgS degt
ARSo] 43 =Ygl "

1 2] 3 4
s 16| 7| s
— | 6 8
5 I e e
7 5
716 | s | 2

Al

THE AHEEHE AAT 28-S e = A
T 54 dolHddl A overfiting)d T U
ot o] & dW3tr] 918l <Figure 4> (b)<} 2ol
o2 IA v g wAS AASHA FFA
FoF2(dropout)©l et 7S ARE-FTE

e &=
o] Egols /M vl5E 1EAE AT 9
t gl shtel FANY $Hole 45



2opEel iz TiEH SHE2 fIE AIAIE J2iE JjE SdE NZY 2Y: FAANE oF0le S8

4373 (co-adaptation) S o5}l Ao a3}
Z] o] th(Srivastava et al., 2014).

(Figure 4)Dropout neural network model
(Adopted from Srivastava et al,, 2014)

(Convolutional Neural Network-based Fluctuation
Graph)Z ™39 th. CNN-FGE= th3-9] <Figure
5> AAE AAHH, F 59A Y] HAE T

Step 1 Divide by intervals of 5days
¥
Step 2 Draw interval graph
¥
Step 3 Convert image to matrix
v
Step4 | Split data into train and validation
Step5 | CNN-FG traini;g and validation

(Figure 5) Procedure of CNN-FG

12A4: tlolg ME 59 313 €&e|gd &8

B A7} Aleksls CNN-FGE WA A
= o9 <Figure 6>l AAE AXH, HlolE]
AES EPHFLE XI~-X129] thalA 59 7144
oz &Efolg B&s 3} o] ) FEHH
kA ek 5Pt s st Go =2 gtk oA
o B SHT] WE & e E TR
7 REA WEA ol gk grolth 598 7]
2 HOHHEE Ui olft FAAA] &
e ES 7|FeZ, 1Y HFes ay=ZE
=) $18 AR

o
Ao
I

AN
tlo o Hx

date X1 X12

1 0.084421 0.460800

0.340116 - |0.563343

0.027351 0495001

0346525] - [03532944 mm | intervals of 5 days

0.220039 0378822

0.069676 - |0.256398 2 26

olo|m|=lc|=|~|~

ol alen o e w| e

Y
1 1~5 1
0
0

0.964320 0430374 i ) 3~-7

(Figure 6) Division by intervals of 5 days
20 28R tolHE o] &% 1A A

283 HolHE 7HA xFS d 99y
EYUFEY oz sl agzs ¥
o J#jzrt a8F oA 9] A7)= 44, dpi =
100]th. &371A dpie 19 B0/ A M4E
ou)Ely olu|A = 7FE 40dot, A E 40dotE ©]
Fox Qo o]u|A= RGBAFS.E 7} =
g gloje] Mo] AA=o] aHF JHEZE
Ay233HH ot <Figure 7>} Zo] 1 Xt} o}
A 2PN num=1L 1592 PR HE
JPEZE, num=2e 2~6¥4 9 SHWHSFY HE 1
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» E) 0 0 EY E] 0 10 2 E]

num =1 num =2 num = 3

(Figure 7) Draw interval graph

3GA: DY onjxE PHZ WA

o] @AM = <Figure 8>3 #o] o|m|AE
RGBAY ol whe} A2 Hadi) o] AHS 5
el olm A= 40x40x327]9] yE= WHSHHAT
Gk o ® ojmA|o UEht= A2 0~2559]
715 7L A=EH 0~1 Aol A st
(min-max normalization)d}&] JH=Z HEFIT}

Blue

Green

40 dot

5¢7: CNN-FG 3t 8 A5 4348 =2
SAANAE CNN-FGO| A4S A3
H3A "M ZEZ F2)AFo] E(TensorFlow, https://
www.tensorflow.org/versions/master/get started/mn
ist/pros)°ll A|F= o] U= MNIST(Mixed national
institute of standards and technology) < &%
A4S 93 A Z=E &-83H A H(Torres,
2017). o}l 2] <Table 1> A3 HE CNN-FGE
T8k Al &EQ} 7ol mE =719k 24
33 5 AA sl oid A3 g
4 931, <Figure 9> CNN-FG A7 2] AnkA

) TE He HoEn

(Table 1) Parameters of CNN-FG

Activation

Layer Size function

Input layer Nx40x40%3 _

. 5x5x6 Convolution filter
Convolution layer 5%5x9 Convolution filter ReLU

S —————
40 dot

(Figure 8) Convert image to matrix

424 &8, A58 tojH AE

o] @A A= 3TAA THEA X o] A
g HolHES oY dHolH AMER st
CNN-FG&] ¥ut3} A2 =A3}7] 98ty <
|3 A58 toly MERE F&3th Holg Al
E9 74L& 829 HIEE 3o HAA Q] 80%E
AR 8= HlolHE StEE& 02 ARESL, A
Al 2005 ASEoE ARSI

172

Pooling layer 2x2 Max pooling filter -

900 Nodes (first layer)

Hi 1 ReLl
idden layer 32 Nodes (second layer) LU
Output layer 2 Nodes Softmax
Input Ompm

0x20%9  10x10x9 900

r

40 %40 %3 10x40%6 20 % m X6 2

. |— L% \ ‘
o | E’ ﬂSGﬂlllﬂ\
i/t HEmEn _| ‘

et Full connection |
Max Pooling

Conv olulmm Convi omuom Max. Pm)lmg Full connection
and ReLU and ReLU

(Figure 9) Building Process of CNN-FG
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AIcH |:-"0|E.|

B AoA A= CNN-FGo| #8442
A58tz Y3l 2 o] H2(Google Finance |,
https://www.google.com/finance)?l| Al A &3t= &
H KOSPI200 57} A4S AH&etth =38 T
=< Slel ARSE 2 dlolEE 20099 147
B 20179 297kA] <F 87 WA 2,02671 9]
KOSPI2002] 9 F7}x]<=o]t), A 2007'A W)
ol A A|ZrEl A Bz eEkq] B7)A] ALE(subprime
mortgage crisis)= A 5§ A&l tltEe &
FA71E o189 7] WEell 2007~20081 <] 5=
224 dolE& 2007'd A3} 20083 o] Fo}
© 433 e HH S Hol= ool Mgt
wEbA B AFAs SEH Y477 sl4E]
AN 2HEE 2009\ F-E AJZLE = HolE]E ARE-SHS
tHHan, 2017).

B AFdA AHRE g Ted 24
Aerhee] ¥4 A5 HEE 53l <Table 2>3
Zo| FAA AN A AHESHE 12714 7| EA RS

115} THAhn and Kim, 2008).

TEHTE 7 Ao dd Wt el o
2t EFsIAT 02 thede U A &=
o AFET il 1 T ATt 259
At o= AS ordth

2 A+ W A9+ CNN-FG &1E&

AdEE 13 S92 HolE AES &
3l ZN/\P&O] 17Y F MAste HY 59
7|% 20 & &k, <Figure 6>9F o] 59 T2 T
olE] NEE &gtold £ 3Ath wabA &
2,02671¢] HlolE AEE B3l wHEoizl 18z
olw|A] HolE Y] e F 2,02271¢] HT

(Table 2) Attributes and their formula

Names of feature Formula
Stochastic %K G lh-s 00
’ HH,_,—LL,_,
K.
Stochastic %D ;)% t-i
n
D, .
Stochastic slow %D ,»ZJO% i
n
Momentum aG—-¢_,
(o
ROC L_x100
(rate of change) G_.,
o, H —
LW %R 100
(Larry William’s %R) H —-L,
A/D oscillator H—-C—1
(accumulation/distribution ! !
. H —L
oscillator) no
Dispari d: G 100
X
isparity 5 days A,
Disparity 10 d: G 100
X
isparity ays A4,
0SCP MA; — MA,,
(price oscillator) MA,
CCI M, — SM,
(commodity channel index) 0.015x D,
nZ—Jl
Up,_./n
RSI i '
RSP 100—100/ (1+————)
(relative strength index) —!
Z Dw,_,/n
i=0

C: closing price; L: low price; H: high price;
LL,: lowest low price in the last n days;
HH, : highest high price in the last n days;
M : moving average of price;

HA1,+G 2
= M=

E |ZL 1+175]L4|

n
Up: upward price change; Dw: downward price change

D,

>
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dlo
1%
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N
N,
4
N
O
il

AFEYG = Ae /lnlﬂt‘r

2 AFdA A CNN-FG2 %ua%%
AV EA 17Y DR E HolE NES F7] 9
stod FA A0 137U T A= ué% 59&
7% 2 3], <Figure 6>9F o] 5Y T2 d
ol NEE &to|d BT st wekA F
2,02671¢] Ho]E H]EE Z3) Eold I =
olu]z] dlolE Y] M F 2,02271¢] Hth o
HslE AT 2YE “Pﬂl el FEHESF v
0] HES 1112 BF7] flal HolEE Ay
£ A7 volEHe ‘1'H 009 Mg 4 1,047
7N, 97570 & YEbsth whEbal 1,047709] FollA
2 H A Z & (random sampling)dte] 1°3} <0°2] H]
&< L1Z 9S00 Ak A4
975704 o] TE&3 HF5E dHolH AER
Uir7] 98l 829 Bl Uiral &3 A of
Z <Table 3>9} Zo] 8t5E Ho|E A EE= 1560
N, AZE dolE HNEE 380717 HATh

(Table 3) Training and validation dataset

Up(‘1’) Down(‘0) Total
Training 780 780 1560
Validation 195 195 390
Total 975 975 1950
42 MBI
CNN-FG] AAH-S F43517] Hal IAE=E

$~(TensorFlow)E &-&3}
St A E2 9= 2015

L £
ujd
=
=
o
o
2
>

174

LT a2z /N HAl Bd A='oEX bt
o] %(python) 2kojB2ie]e] Fejz o] i
Hol e Held Zd Y=o tH(Chung et al,

& Z2A Y 3] A E Y (logistic regression), SVM
(support vector machine), 134174 W (artificial
neural network; ANN)©]T}.

1A ES S ol AREEE TlolE 9 o] T
2| ot 77 Ae3AY FAA AHEE =
ol7] #fal 2= W F kA WA S(k-fold
cross validation)= AH&-sFATH £ AFA & of
o] <Figure 10>2} 2] o8 AEZ 57]¢]
Aoz o] 479 Mo =r SEstal 170
o Mo g ASE ste 53 wAHEFE A

AT

Validation Data Set
I Training Data Set
Fold 1 Fold 2 Fold 3 Fold4 Fold 5

Final Accuracy = Average(Fold 1. Fold 2, Fold 3,Fold 4, Fold 5)

(Figure 10) 5-fold cross validation



SlAS o
B 52 ¢

B A JE Jls BAE MY 2 FAAY o509 28

o] Z%-9llE 100 step ﬂ%i =95 e d3H & <Table 5>& A|¢ 2 CNN-FGH ZA|
T FolA 7P = £ Aesiich =3 g 38, F3AAE, SVME] F 47FA] 9] H]
P e
E 10%E 7] AAHOE St =W A 2P o F A ETT Ht 57.74%
2 71E 7IMEol g AAE dF ASEE B
(Table 4) Training and validation dataset ol 7S Qs &3k 58 HolE AE
A=Z=2 folg AHE 3 u& 7o =
Dataset| LOGIT ANN SVM | CNN-FG st A58 HlolE AEel RGN
A5 zpo|7t HojA Fds] HBHE AAE B
Backward | hidden layer | RBF kernel, B _ _
Fold 1| imination| = 24 c=1, =1 | Dep=1100 ATk ol F B3 I EZ oHAE Y Hlo]
; BE S d4F AL ole% FAS 5
Backward | hidden layer Polynomial > O O= 0 = Q01O ==
Fold 2 | Aot | M kernel, | Step=800 g =Ry L=e arHds syt
s oloj A AQt m@I vlw RHE 7He] o=
Backward | hidden Tayer | TO1Ynomial Aez ol o7l FAZFORE FAE &9l
Fold 3 limination W kernel, Step=900
chmumnaty C=78, =2 3}7] 93l Two-Sample Test for ProportionsS 2!
p p
. Polynomial AltAtE 1 A3 ol o] <Table 6>9F Zo] E
Fold 4 Backward | hidden layer Kernel Step=1000 _ )
%07 etiminaion| =127 | SR 2P Aol A AQHE CNN-FGE 2R 28 3784
3} 99%, Odlﬁlﬁuhﬂr 95%, SVM3} 95% 41
Enter | hidden layer |linear kernel, _
Fold 31 nethod | = 18 coss | S0 FE BtelA BAHSE FolF AolE Holn
At webA Ak E‘oﬂr Hln 285 719 9
z Aawe] o7t FAHCE FolFg 2
(Table 5) Results
&+ Aok
Dataset LOGIT ANN SVM |CNN-FG
Train | 52.88% | 5224% | 54.17% | 55.26% (Table 6) Training and validation dataset
Fold 1
Valid | 54.10% | 52.05% | 57.44% | 58.72%
ANN SVM CNN-FG
Train | 54.04% | 50.51% | 52.50% | 58.97%
Fold 2
Valid | 49.74% | 51.03% | 51.03% | 57.69% LOGIT -0.321 -1.413* -3.380%*
Train | 52.12% | 52.56% | 53.21% | 55.83% ANN -1.092 _3.060%*
Fold 3 ’ ’
Valid | 53.85% | 55.13% | 56.41% | 57.44%
SVM -1.969%*
Train | 54.36% | 50.90% | 52.56% | 55.38%
Fold 4 valid | 51.28% | 53.33% | 53.59% | 57.44% :*itatit:ttiicetlil Si@iﬁqint a: 1?‘710;/** statistical significant at 5%,
S stical signiricant af (]
Train | 54.29% | 51.54% | 54.10% | 54.74%
Fold 5
Valid | 52.82% | 52.82% | 54.62% | 57.44%

175



NEVRETCE

d
e

=2
[

ATNNE IS ofele FAHS 5
AE s AsiA Teze] WEe 1

F7h 28 A4 E 29

e
N

N

P

a
O

o o

30
rlr
iav)
vy

L oor, 2
(o3

o2
o
o
oo
o
£
N
1>
>
o
2
>
>,
tlo oo
ol
rr
KN
fo

N o A o e O o R W

PL

) 38

b

I

i 9

" z
Q
fu
o N
ol HIIO
i)
fe o

3@

of
o

IR oS A48 Theds &
AA EelE o] 2A X8 724,

QL
o B 8 2
oy

>

=

=

H

e

rlo

R

El J

td

ot

[

2

2
o O

X
oo
)
e
i
B
N
©
T
ol
o
N
o
g
Ay ot

A

ol

i £ oft of 2

5

g 1o ot
=
POl
o
fru
ot
o
=
2
ui

7 AR oot sHen DA
1Al ONNS o] 88 R AlEehs 3
EPESIOEE BIEEIREE R

=
N7ke 2ske ZIASs dadss
=

=

) _Q N rfe
>

W o
e

2
r
o)
O
rir

= AlAILel w

e Wsts 0 F83E0 el
NE 288 B 5 s A2e P A5
e Mol Al ololE zen

=
Y B ATE B 2 B A
=k

m
2
X
>
i)
:?L_',
f
=
ins
L)
5,

Ao 4A 20& Fohre A7t Basi
By 5¢X 9 Helert gt
Ne] HolHZE Y= e thE HuREd =S
23 zHoz A3 Flo| oprz A3

FF AT

N
N
ok
oy
e
&
ich
N
K3}
o
ol
=t
ot
R

Aol 12744 9] L= T LA AYe 1
st 27el Sgusel WE 1) o
% g3wo] 92 vkt FuAo) B A2
& AZol YU Wekd FF ATAAE
Feol Qi SYWse TUTE o] §3fe] F
A% e dEshe ATt Basit, =
& FAG 9FE FE SPAFE 9o
A AEE AFEE EAssT R %
A WFRE AT AP DS e
A F% ATAE B, 2% 5 DA
FAAG ARAFES G e AV B
27} 9ot

Ao s B AT Aduge T
Sete|Zoleh: SRkl thsiAY APol

FEN7] Wl Tz MEdS THAL o
< she daEFe] dito] T3 AT H
A Zatinh wEkA Abgke] g stel| e
Azt 7|20 e AALE H=



B A JE Jls BAE MY 2 FAAY o509 28

Zt261 (References)

Ahn, H. and K.-j. Kim, “Using genetic algorithms
to optimize nearest neighbors for data
mining,” Annals of Operations Research,
Vol.163, No.1(2008), 5-18.

Chung, Y., SM. Ahn, J. Yang, and J. Lee,
“Comparison of Deep Learning Frameworks:
About Theano, Tensorflow, and Cognitive
Toolkit,” Journal of Intelligence and
Information Systems, Vol.23, No.2(2017),
1-17.

Han, H. W., “An Intelligent System Trading using
Optimized CBR with Absolute Similarity
Threshold,” Ph.D. dissertation, The Graduate
School of Business IT, Kookmin University,
2017

Hong, T., T. Lee, and J. Li, “Development of
Sentiment Analysis Model for the hot topic
detection of online stock forums," Journal of
Intelligence and Information Systems, Vol.22,
No.1(2016), 187~204.

Jeon, S., Y. Chung, and D. Lee, “The Relationship
between Internet Search Volumes and Stock
Price Changes,” Journal of Intelligence and
Information Systems, Vol.22, No.2(2016),
81~96.

Kim, S., D. Kim, C. Han, and W. Kim, “Stock
Forecasting using Stock Index Relation and
Genetic  Algorithm,” Journal of Korean
Institute of Intelligent Systems, Vol 18,
No.6(2008), 781-786.

Kim, S.-D., “Data Mining Tool for Stock
Investors’ Decision Support,” Journal of The
Vol.12,

Korea  Contents  Association,

No.2(2012), 472-482.
Kim, S.-W., and H. Ahn, “Development of an

Intelligent Trading System Using Support
Vector Machines and Genetic Algorithms,”
Vol.16, No.1(2010), 71-92.

Kim, Y., E. Shin, and T. Hong, “Comparison of
Stock Price Index Prediction Performance
Using Neural Networks and Support Vector
Machine,” The Journal of Internet Electronic
Commerce Research, Vol.4, No.3(2004),
221-243.

Kwon, D.-C., and B.-Y. Kang, “CPU and GPU
Performance Analysis for Convolution Neural
Network,” The Journal of Korean Institute of
Information Technology, Vol.15, No.8(2017),
11-18.

LeCun, Y., L. Bottou, Y. Bengio and P. Haffner,
“Gradient-based learning applied to document
recognition,” Proceedings of the Institute of
Electrical and Electronics Engineers, Vol.86,
No.11(1998), 2278~2324.

LeCun, Y., Y. Bengio, and G. Hinton, “Deep
learning,” Nature, Vol.521, No.7553(2015),
436-444.

Lee, E. J, C. H Min, and T. S. Kim,
KOSPI
Composite Stock Price Index) forecast model

“Development of the (Korea
using neural network and statistical methods,”
The Institute of Electronics Engineers of
Korea - Computer and Information, Vol.45,
No.5(2008), 95-101.

Lee, J.-D.,, and H. Ahn, “A Study on the
Prediction Model of Stock Price Index Trend
based on GA-MSVM that Simultaneously
Optimizes Feature and Instance Selection,"
Journal of Intelligence and Information
Systems, Vol.23, No.4(2017), 147-168.

Lee, M.-S., and H. J. Lee, “Stock Price Prediction
by Utilizing Category Neutral Terms : Text

177



NEVRETCE

Mining Approach,” Journal of Intelligence Ryu, J. P, H. J. Shin, M. H. Kim, and J. Baek,
and Information Systems, Vol.23, No.2 “Pattern Analysis of Stock Prices Using
(2017), 123-138. Machine Learning and Data Visualization,”

Park, J. Y, J. R, and H. J. Shin, “Predicting Journal - of - Information - Technology = and

KOSPI Stock Index using Machine Learning Architecture, Vol.14, No.2(2017), 189-197.
Algorithms ~ with ~ Technical Indicators,” Srivastava, N., G. Hinton, A. Krizhevsky, L

Journal of Information Technology and Sutskever, and R. Salakhutdinov, ‘“Dropout:
Architecture, Vol.13, No.2(2016), 331-340. A Simple Way to Prevent Neural Networks
Roh, T. H., T. H. Lee, and I. G. Han, “Forecasting from Overfitting,” Journal of ~Machine

the volatility of KOSPI 200 Using Neural Leaming  Research, = Vol.I5,  No.2(2014),

Network-financial Time Series Model,” 1929-1958.
Korean Management Review, Vol.34, No.3 Torres, J., “First Contact with TensorFlow”,
(2005), 683-713. Hanbit Media Inc., 2017.

178



ol

2opEel iz TiEH SHE2 fIE AIAIE J2iE JjE SdE NZY 2Y: FAANE oF0le S8

Abstract

A Time Series Graph based Convolutional Neural Network
Model for Effective Input Variable Pattern Learning
: Application to the Prediction of Stock Market

Mo-Se Lee* + Hyunchul Ahn**

Over the past decade, deep learning has been in spotlight among various machine learning algorithms.
In particular, CNN(Convolutional Neural Network), which is known as the effective solution for
recognizing and classifying images or voices, has been popularly applied to classification and prediction
problems. In this study, we investigate the way to apply CNN in business problem solving. Specifically,
this study propose to apply CNN to stock market prediction, one of the most challenging tasks in the
machine learning research. As mentioned, CNN has strength in interpreting images. Thus, the model
proposed in this study adopts CNN as the binary classifier that predicts stock market direction (upward
or downward) by using time series graphs as its inputs. That is, our proposal is to build a machine learning
algorithm that mimics an experts called 'technical analysts' who examine the graph of past price movement,
and predict future financial price movements.

Our proposed model named 'CNN-FG(Convolutional Neural Network using Fluctuation Graph)'
consists of five steps. In the first step, it divides the dataset into the intervals of 5 days. And then, it creates
time series graphs for the divided dataset in step 2. The size of the image in which the graph is drawn
is 40 (pixels) x 40 (pixels), and the graph of each independent variable was drawn using different colors.
In step 3, the model converts the images into the matrices. Each image is converted into the combination
of three matrices in order to express the value of the color using R(red), G(green), and B(blue) scale. In
the next step, it splits the dataset of the graph images into training and validation datasets. We used 80%
of the total dataset as the training dataset, and the remaining 20% as the validation dataset. And then, CNN
classifiers are trained using the images of training dataset in the final step. Regarding the parameters of
CNN-FG, we adopted two convolution filters (5 X 5 x 6 and 5 X 5 x 9) in the convolution layer. In the
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pooling layer, 2 X 2 max pooling filter was used. The numbers of the nodes in two hidden layers were
set to, respectively, 900 and 32, and the number of the nodes in the output layer was set to 2(one is for
the prediction of upward trend, and the other one is for downward trend). Activation functions for the
convolution layer and the hidden layer were set to ReLU(Rectified Linear Unit), and one for the output
layer set to Softmax function.

To validate our model - CNN-FG, we applied it to the prediction of KOSPI200 for 2,026 days in
eight years (from 2009 to 2016). To match the proportions of the two groups in the independent variable
(i.e. tomorrow's stock market movement), we selected 1,950 samples by applying random sampling. Finally,
we built the training dataset using 80% of the total dataset (1,560 samples), and the validation dataset using
20% (390 samples). The dependent variables of the experimental dataset included twelve technical
indicators popularly been used in the previous studies. They include Stochastic %K, Stochastic %D,
Momentum, ROC(rate of change), LW %R(Larry William's %R), A/D oscillator(accumulation/distribution
oscillator), OSCP(price oscillator), CCI(commodity channel index), and so on. To confirm the superiority
of CNN-FG, we compared its prediction accuracy with the ones of other classification models. Experimental
results showed that CNN-FG outperforms LOGIT(logistic regression), ANN(artificial neural network), and
SVM(support vector machine) with the statistical significance. These empirical results imply that converting
time series business data into graphs and building CNN-based classification models using these graphs can
be effective from the perspective of prediction accuracy. Thus, this paper sheds a light on how to apply

deep learning techniques to the domain of business problem solving.

Key Words : Classifier, Convolutional Neural Network, Deep Learning, Stock Price Fluctuation Prediction,
Technical Analyst
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