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Stock Price Direction Prediction Using Convolutional
Neural Network: Emphasis on Correlation Feature Selection
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2.1 FIHUEH BE MEOIT

HAYy e FPEEE oS f-8sithe
Z10] 45 = A th(Hoseinzade and Haratizadeh, 2019).
E3), ol 3A ALY MXE HEHAS o] &3 1)

HEHAS 53 F7FA4 dlS(Kim, 2003), LDA
(Linear Discriminant Analysis), QDA(Quadratic Discri-
minant Analysis)S- ©]-&3F F7}12]5 W8k Z(Ou
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and Wang, 2009), U-o] 2. W] ©] Z(Naive Bayes) K-3
TRl e valYd BRF7IE AMES F71
A Wk ZAF So] ITHHuang et al., 2005).
Z7V3F o 2o sl HPATE ThS £ 190 AA
skt
Patel et al. 2015 71&3 24 HolHE H}E*
o2 F7PEES oSt AFAEE, AME
W E WAl HEF Y 2ERandom Forest), JE]J_
o] B H] o] Z(Naive Bayes) 53 £ #al#y
7719 A45S vast . Ballings e al.(2015)

F 7 o] X(K-Nearest Neighbor), #HH

olt}E 2~ E, A9 E g (Kernel Factory)ol E}

Joo and Choi(2018)=
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2 ol 3iel 371 AT UL AT, AL
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5o QA F7hs} dlSH

F7F 3] BAAEEL

A2 Fole] wdo A4S Brlshen AHgETh

(F 1) 7RSS oS0 2FsH oA+
Authors Year Stock FS Classifiers Results
tock pri
Kim 2003 |>OCk price SVM, NN SVM better than NN
index
k k VM with high
Huang ef al. | 2005 |*1°F market SVM, LDA, QDA, NN | VM with highest
movement performance
stock market
) NBN, LR, DT, SVM,  [SVM, LS-SVM with highest
W 2
Ou and Wang | 2009 |index LS-SVM performance
movment
Patel et al. | 2015 |SO°K Price NN, SVM, RF RF with highest
direction performance
. stock price LR, NN, SVM, KNN, RF with highest
Ball .| 201
allings et al 015 direction RF, AB, KF performance

Qiu et al 2016 |stock index

ANN, GA-ANN, SA-ANN

GA-ANN and SA-ANN
better than ANN

stock market

PCA-ANN with highest

Zhong and Enke| 2017 |, PCA ANN
index performance
ANN, DNN
Ch L 2017 |stock ret PCA, AE, RBM ? ’ DNN better than DNN-AR
ong et a stock return o DNN-AR(Autoregressive) etier than
stock price DT, LR, NN, SVM, RF, |RF with highest
E L 201 F
o and Lee or7 direction CFS AB, BA, ST performance
Bidirectional LSTM-RNN, E“:)‘;ftcetrmifnLSTM'RNN
Joo and Choi | 2018 |stock price Un-Bidirectional e .
LSTM-RNN Unbidirectional
LSTM-RNN
ISCA-BPNN, BPNN, ,
Hu et al | 2018 |stock price GWO-BPNN, PSO-BPNN, IsffAﬁPFN is best
WOA-BPNN, SCA-BPNN |Perormance
Correlation
. v . .
This study stock price Based Feature LR, DT, NN, SVM, AB, |CNN with highest

direction .
Selection

BA, RF, CNN

performance
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ARES BdlE T O 22 A84dS B Chong
et al.(2017) PCA(Principal Component Analysis),
AE(Auto Encoder), RBM(The Restricted Boltzmann
Machine) 53} 722 HIA = $A AEH WHoZ
4 FEATh FE3 £4S DNN(Deep
Neural Network) =&lo]] Sh5A1A 71 ks o5
=T AFEE T Hu ef al(2018)S 7+5 EdE,
S&P5007} TH-E2-AF %1 A|(Dow Jones Industrial
Average, DIIA)E < &3l AR ZARRI ¢aE]l&
(Improved Sine Cosine Algorithm, ISCA)S- A <+
b AR FAR GarE|E3 o3 944 7 (Back
Propagation Neural Network, BPNN)E 233+ 24
S E2 4dF AFES BAFUTh

Qu et al2016)= L& W7 0] 225 A9 WS
o F317] Yol AdFAELS ALt AFAA
% R HFAR AATEE WH < BP(Back
Propagation) S5 @iLe]E-& ©]-&-3to] YA o] 225
259 £l S oS3kt AFERE F1E o7
GA(Genetic Algorithm)®} SA(Simulated Annealing)©]
HEH AFAAY Bde oS FYnE =Y F
A1, BP gtz A4S A A 4= ASth

Zhong and Enke(2017)& S&P 5007)4= ETF(SPY)
FEY dd HEUES dSshe HAled &
A ZZA2E AT £ AR 6071 ]
T8 B A4 Hee wAled dagEY ol
AHEEIATE ALE Z2A| 20 dolH FRE
Geslstal AR Estr] 913 AFdFA7j o] A8
Ak A Z2A 20l AEH 374 AALdFA
7]%-2 PCA, FRPCA(Fuzzy Robust Princial Compo-
nent Analysis), KPCA(Kernel-Based Princial Compo-
nent Analysis) 5°] Atk 2H 54~ 7o #&H
AE 12709] ol A& Q137 o] S5y
o] 9] A} & ool AMSHTh

A S4 HE A83 1FAl
A 2do] A

A

g8 ke 3959 A
@ QA

2 799
3 27= PCAS A&
R} ofgt e BF HIEES B rhZhong and

Enke, 2017).

E A3E Fo and Lee(2017) A7-2 8431 A o]
o} = 20083 HE 20153 % 744 Z4:F KOSPI
B FEd T 370 IAE dEeE S,
AAZ A= 1,184700] 2L W 7)== 10970 0T},
Ast g 718 AFAEet FALHE 74
St wgro] Tt A U8 <3 459 2
t}. Eo and Lee(2017) Aol A= 719 d5&1t
a2 AT F7e] stEEbA a1y
gt HoA £ AFe 71EdTe} ApEsrhE
)5 Ht} A3 s, Eo and Lee(2017)°11A4]
E EHRSE 238 2025% ©1, 25% P9, 3
B (35% ©14, 15% ©14, 15% mwh), 42
(35% ©1’4, 25% ©1’3, 15% °1%, mleh), 58
(35% ©14, 25% ©173, 15% ©14, 5% ©1%, 5% Wl
thet o] AT whE, B At el
£ 289 2(15% ©1%, 15% v, 32U 2=(15% ©]
%, -15% ©173, -15% wlEh), upARte 2 5Ee
(30% ©17, 15% ©14, -15% ©173, -30% ©]7, -30%
HthZ FAStEE AR F7hEre] e shehs
SAlo g oA Ao} ApEstE
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(£ 2) goZadYof 2t A7
Authors Year Data Classification Convolution Neural Network Method
Ting et al. 2019 |Breast Cancer malignant, benign, and | CNNI(Convolution Neural Network

healthy patients

Improved)

nonectopic,
supraventricular ectopic

CNN-5layers, CNN-7layers,

. Ventri .
Sellami and Hwang| 2019 |ECG beat, er¥tr1cu1ar ectopic CNN-9layers, CNN-11layers
beat, Fusion beat,
Unknown beat
CNN-7layers,
NN-71 + £ i
Pour and Seker 2020 |Skin Lesion globules, streaks CNN-7layers+transform domain,

CNN-15layers,
CNN-15layers+transform domain.

Retinal Blood

retinal blood vessels

Soomro et al. 2019 . PCA-CNN
Bessels segmentation
face image manipulation CNN for MANFA (Manipulated Face),
Dang et al. 2019 |Face Image detection HF-MANFA (Hybrid-MANFA that
uses Adaptive Boosting and XGBoost)
Yang et al. 2019 Human Activities human action recognition | Asymmetric 3D-CNN

in Videos

Moghaddam ez al. | 2020

Fault Diagnosis

18 Fault types

CNN

Sellami and Hwang(2019)= /g #4117 el 7] Pour and Seker(2020)= 3% WA 2 IF AF
Hhsh g AERS ARt AgdE ER THE st dAFAEE ZdS AT
HE AAEHATE AR HolE = B/ AukrE AtE 2de A2 doE M ® EFatar Q¥
o B Aot @4 AA YERGY] o 2 5 AASA G on|AE A7 7] A
to]g e B3 oz Qlate] FEg 77} olg =3 dolE S/ AA I LA Ut
ok AGE Aguks Rde dd EHSE A 1 tjAle)] A7 Bl g2 TH]le] ou|XE
&3t dolg FH& 7Y EA¥S S53591 Axdste WHORE SEHAT
o545 0] FFEAT FAFAA Gl gk A FAFAEHE FEAS EFsted AR
TE BT oly g EA "R dHd A Aok gute] s E/75H7] A AMEE @
TS ATAT FAAFAE LS o5 B 2 A AAYL TS et w83 988
< A ARG A|2Hlof] Ag-5]o] njRgke] = SFk(Soomro et al., 2019)

7] Aol FA 7ldstlon, AnHom 432 ge olw|R|e] FAE sty Sl AljtE &
A X 871A] o] &S TE ¥ MEsE gEg & g2 FHd HAslstr] Qs S Wey &4
A @A 9 7]l sjdiet. 379k 248 o 7t AFEEH AT ARME FFAAE Rde
Bl= o] A& Wuk ofuet Wl A F7], EA) 47)¢] © o] E{Hj o] 2~(DRIVE, STARE, CHASE-DBI
o} -2 Tt ojm A7t 23T o wiFol A L £ o]&sto] o] HrtEA
TAEL B AESE flete] e g ¢ @'*é%ﬂ@”&g‘ oju|A] FR/E A&t AbE
AAE 71H& AFESAY W F-3 o]n|A| ek A|2EHof 2 7oA E AT A A
7} wlg] FHE 2ds o]&3) vAlEA e Pk o] 489 g7 & AT A" g8 HET}
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N =& Fol o|uAE FEF 27184
AP 4F3L AT
BFABYE Qe 2294 AT 2

At e R} Bk ot
5} ‘:‘Olwﬂ/\i de] A= Ah(Dang et al., 2019
Moghaddam et al, 2020; Yang et al, 2019).

2.2.2

Persio and Honchar(2016)f S&P SOOX]—r«] -,3,—7]—
715 delHE 437 A dAFAEE,
LSTM, MLP 53 22 21737 7S 283t}
4 22 = IdEAde] LSIM B MLPE T
=2 A5S UrE‘rk}iE}. Sezer and Ozbayoglu(2018)
S AAE AFASE 2DV AR HEkete] 94

FUAY VYS9 T, 4S8 RIS by

o7 uig WiE, EE S 2 i Ed AHE
A Z3te ATE 35T Lee and Ahn(2018)2>
AAFAAES o] &3l F7HAGY TYPEZE A
Ztglete WHS o]8ate F71e siElS dTtel

At
Hoseinzade and Haratizadeh(2019) F7}2 o=
TF2A]

$71 9% £4¢ F237) A9 B

NAS-DAQ, DJI, NYSE, RUSSELL A9 t}&
7VA olF WS dSFat] flEl ARt FAE
A7 7)8ke] BA g9l aE wlx|ulz) w o]
2 duglFo Hg o & 5ol A YEhsth
Hiransha et al.(2018)= Z}A 7}Z o 718ket 7149
F7t 4742 F7Ye| 58 Held g 2d ARg-s)

Atk AH8E Held ZLE MLP, RNN, LSTM,
FAF AR HelHE

] = o] NSE(National

(E 3) BABNAYE 023 F7HUF oS0l Bat o1
Authors Year Stock FS Classifiers |Deep learning method Results
Persio and | )\ 0| Gtock price MLP CNN, RNN CNN with highest
Honchar performance
Lee and Ahn | 2017 st.ock.prlce LR, ANN, CNN CNN with highest
direction SVM performance
Chi-Square,
tock pri R CNN-Corr is best
Gunduz et al. | 2017 | SiO°K price | Random, - ;o CNN orr 1 bes
direction Clustered by performance
Correlation
CNN is best
Hiransha et al. | 2018 | stock price NN RNN, LSTM, CNN 1S bes
performance
k pri ith high
Sezer and 2018 stock price CNN, LSTM, MLP CNN with highest
Ozbayoglu return performance
DT, LDA CNN is best
Hosaka 2019 | bankrupt ’ ’ CNN
osa ptey SVM, NN, AB performance
Hoseinz.ade and 2019 st.ock-price PCA ANN, CNN CNN CNN with highest
Haratizadeh direction performance
. Correlation LR, DT, NN, . .
This study fiti?:::i{tizrrllce based feature | SVM, AB, CNN ngﬂ:;ilc:lghem
selection BA, RF P
26 Information Systems Review, Vol.22, No.4



Stock Exchange)$} 78 SHALYALNYSE)S]
b FWE AHEEH AT
Hed VIES A= NSE9| @Y 3jA} 712 8
FE 3L NSES}F NYSE®] 570 3|AF F71& o538t
7] 93l AHEEATE FAFAE T e e
BdHT £ 45S Ueidth 98d MEYA
2 NSE HolHzZ FHHALAE E8ia
NYSEE <58 5 AUtk o= F F4AZ ]
o A= FFE WA AFWAE 2L gl= Ao
2 B & 9ok ged UEY S d3= ARIMA
2z} vlaste] 7jEe] g 2ElQl ARIMAR G
A5 0] 9-5=35}A el th(Hiransha ef al., 2018).
Hosaka2019)5 A FA4 %L 31k EE 2%
7hFse V9o ® f%ﬁ}“ ZF EBEF A FHe
ek HolHE 4B FA0M gatog 4%
H A 10274 7l°*«l AF-AIE} 47 3]A 7171l
AA @A FE 200270 7199 AFAET A
o AHEE T AFAEANAN =EH AFHIEH o
B A% om|xZ RHHL] o] FHoA A
g ouAs FAFANELY 55 9 HAELS
2 Z8HAT FAAFAALS B3 it oS
HE AFAG YUY LDA, A ZE W E{ B Al MLP,
AdaBoost E== Altman®] Z 00-scoreS AHE-3l= 1
H} vty o & 455 et
Gunduz et al.(2017)2 W E 2] FA9¥L Ei% 7}
7 FFAEEE Attt ARt
77 298 Chi-Square 44341 €W

Fl

l:l

=

[e] T 01 0

I

2dy} 2g381A ke o] A7s vwsiych
F7HH o2 dgoz Med &4 ARG 34
FA A 2z gAdA o wel S Y3
FAFANAY 2d g vtk FAE Zd 9
AA5S vug AnE e ARaAd ue S
Hyd wdo] Bt} £& HeS Yedlt
AYATFE oz 7P o SATFE A
HE Ay, F7PEE &S 95t Halyd o
d 9 PFEERV], 9 Y 71l AHSE AT
A Qe 2e 53 FUAL, FHEE, Tt
Fog 58 dZdte AP FE o)FUL &
3] F7he = vl S8 d3E 93 7]
o] NEANRE F2 g3 gy 2 Ay
ANME E7] E AFHE ARE B4k 2dS
qot3itt. o= F&od MEX A0 glyets Al
dsE Tdlg o]gsld T-AVE FAATES
FHE F 3, TEZY L NP FE&3ttt

$+A4] A1 73 "H(Convolutional Neural Network)& &
AE AAeh= A& ’\]ﬂﬂaﬂrmg
[e)

k) Tre

Convolution layer with filter

and feature maps

az ) g

Max-pooling

Fully connected layer

adge 7=
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of 7 M0 2%

EY

FEE AT
%4 5 (Convolution Layer), &% % (Pooling Layer)
383 92 Z(Fully Connected Layen) &2 -
23 %]0] 1thLecun and Bengio, 1995). Y& &

o,
H

i
OIN' I

3 HelH7t 9HHD RS Fal HolE
E7o] £EATEAPE Beje] A4o] wef 1
57} BT <29 2ol Qe A9} o] 2oL
710] A B 4xarle] JEZel s el

Max pool with 2x2 filters
8 and stride 2

16

A 2 oA olg 2 o]t FAFIHE AAAATE A7EH 293 (Hidden Layer)
ANE AR gl dFolck WaEY BT o AP LUBINE BE 7L A
AAE H L <29 3>3 2k 2287 274 AAS BdS ths 5 AT, S8 HlolH
AAEA g Gl Higs AEgint o ol 21 3% (Overfitting) B o= T o] Aok wet
A= NaEY FHO SYite] v $AF A o] egstr] s =Fok-(Dropout) 7S
BES BAEDS A BAE dolBlel B4 AU EELE Qo) o8 Qg A
S RAAA F1 OG ARG FAFT AN SA17)E otk EFobee on
3 A S| shte] FUOE S0l 4

1 ----- Ty 22 convolution fiter ﬁ'—g— :_/b]'—% 01]13 &} —/F o)\q— o:]——,’-oﬂ/ﬂl_ Ci

—= LL oF% BES 072 A3 AR
M B Q7N AT PHFNAY mAL o
s lu T teTE <Y 9% g P2H S et B AT
B[ 1718 — A= AFElE glolE7 SiwaEolry ofd] gt
FHESD ELFS WAL Bast dok o
(a8 2) 2x2 A5 e M Bt 22 FEE o]FoA Sl
input :ﬂoat;v:’gc:(lzxa :z;":g;?:xz) Fully-connected layers
4
Increase
£> £> E> Decrease
1x108 1x36x32 1x6x64 Input Flatten Out put
1x18x32 1x3x64 1x192 1x2
(38 4) & AFolM Hetesk= CNN Z&7x
28 Information Systems Review, Vol.22, No.4



AR, FeFSS 1339 HE & E‘rol‘: (F 4) =& HE
(stride) 12, =& BH Apo] == 12 Independent Variable No
ghol= 12 APt =4, FUHY‘ConneCted Total assets growth 1
HAAAET F, A3AALS Uit e Z Tangible assets growth )
TN B mEse] A2 Wil & Current assets growth 3
BAE T2 A3 HolHE Tl St o Ut Inventories growth 4
FHAEFAN Y g2 jﬂ;ﬁli} HO]— tlg?—] Adam-s Shareholders equity growth 5
AF-8-3}31(Kingma and Ba, 2014), 2 grEe Net sales growth 6
ReLU & AHE-3IATH Operating income growth 7
Z} dAol siFEE Holy Ale]lz2E v Income before income tax expense growth 8
2tk A dgdolH ol 1x108.2 A WA g Net income growth 9
BAEEs AR Fole 1x36x320.2 ¥keal, o No. of employee growth 10
2EHYS A thgoll= 1x18x320.2 HI AT Operating income to total assets 11
T HA THFEE 7% ToE 1x6x640. 2 H Income before income tax expense to total assets | 12
Zhem A4 WAER] A Fole 1x3x64Z W Net income to total assets 13
StEit) R eto 2 flolH= B A 1x192 FE) Income before income tax expense 14
2 9Ad AZZq JEHAH Net income before financial expenses to avg. 15
total assets
3.2 HlO|E Operating iITcome to operating capital : 16
Income before income tax expense to equity | 17
2 A A AL HolHE 7199 AFHE Net incomie to shareholders equity . 18
Income before income tax expense to capital
tlo]ee} F7}olt) AA| o= NICE 37} 3 stock 1
B(F) oA Pt KiS-valuedl| A 3] = Aot Net income to capital stock 20
2008~2015 &= 717t &9t &9 KOSPIS] A3 Income before income tax expense to net sale| 21
=2 7o) dAolth f-EY 71dLe & 3770 Net income to net sales 22
7]@0]1:1 AT 7199 Bo1E AFv]E doly Gross profits to net sales 23
2 5Z359 dolH e dIZE 45 1,0057) 0] Operating income to net sales 24
m 1074 Z0 23S E3l oF o= 8k b Total expenses to total revenue 25
olEol AHgEI3L oF 10071 Bl E ol o] Al e 2
28t B AN AL Hojele] 54 o B =
%l} a3, SHEFE ARl SrolH 2 Personnel expenses/total cost 29
& e 1087 ol el o W82 <3 4> Taxes /| Income before income taxes 30
o} 2ot =A, -r7} 62}% dZ3t7] st o Taxes / total cost 31
717F Bt 7199 € F2 Tk 79 ¢ Financial expenses / total liabilities 32
e 9 FTrhe £71E o g vhEste] F Financial expenses / total borrowings 33
7Fe] Addid] AZAES ALY S5HF Financial expenses / total expenses 34
AR gt AAT P& A3.338 A7) Financial expenses / net sales 35
A A3t} Times interest earned-operating act. basis 36
2020. 11. 29



o7 -0l &

0]

Independent Variable No. Independent Variable No.
Times interest earned-operating income basis| 37 Equity turnover 76
Times interest earned-ordinary income basis | 38 Paid-in capital turnover 77
Times interest earned-income before income 39 NWC turnover 78
taxes basis Operating capital turnover 79
Dividend ratio 40 Non-Current assets turnover 80
Dividend to net income 41 Tangible assets turnover 81
Coverage ratio 42 Inventories turnover 1 82
Debt coverage ratio 43 Merchandise & finished goods turnover 83
Loan efficiency ratio 44 Raw materials turnover 84
EBIT/net sales 45 WIP turnover 85
EBITDA/net sales 46 A/R turnover 86
EBITDA/financial expenses 47 Trade account payable turnover 87
Equity to total assets 48 Inventories turnover 2 88
Current ratio 49 Net operating capital turnover 89
Quick ratio 50 Value-added per employee 90
Cash ratio 51 Net sales per employee 91
Non current assets ratio 52 Income before income tax expense per employee | 92
Non current assets to equity & LT liabilities | 53 Net income per employee 93
Total liabilities to shareholders equity 54 Personnel expenses per employee 94
Current liabilities to shareholders equity 55 Avg. tangible assets, net of CIP per employee| 95
Non-Current liabilities to shareholders equity | 56 Machinery & equipment per employee 96
Total borrowings to total assets 57 Total assets per employee 97
Total borrowings to shareholders equity 58 Efficiency of investment-avg. total assets 98
Total borrowings/net sales 59 Efficiency of investment-avg. tangible assets, 99
A/R to trade account payable 60 net of CIP
A/R to merchandise & finished goods 61 Efficiency of investment-avg. machinery 100
Trade account payable to inventories 62 Value added to net sales 101
Inventories to NWC 63 Labor cost to value added 102
Non-Current liabilities to NWC 64 Income before income taxes to value added | 103
NWC to total assets 65 Personnel expenses to value added 104
Reserves ratio 66 Financial expenses to value added 105
Reserves to total disposal amount of R/E 67 Rent to value added 106
R/E to total assets 68 Taxes & dues to value added 107
R/E to paid-in capital 69 Depreciation to value added 108
Total CF to total liabilities 70
Total CF to total borrowings 71
Total C/F to total assets 72 3.3 odHHH
Total C/F to net sales 73
Net CF to total borrowings 74 B Ao A=ut £XE <O 559 2ol
Total assets turnover 75 X 4942 AP
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Collecting data

Stage1l l

Join financial ratio data and stock price

Stage2 l

Define dependent variable

Stage3 l

FS(Feature selection)

Stage4 l

Classification with CNN or classifier

(OJ8 5) 2 Aol Hit

Stage 1: X=2H|2 Elolele} Foixize) Zat

A WAL QRS volEsh 2R}
AFAT. AFE HolHE 2o8z B4 Hol
i, Z7ke gug 5o} 917 Wi T ol
o A7) et FAF AR S 2t
34 E718 221 vl A7FEse] A%
Hle3) FEE AR,

du A xo

(E 5) gi=pof| ChEt MY

WHao] i3k Ao <% 5>9 2} Aelehd
25 253 2=(15% ©14, 15% 19h, 138 3~
(15% ©1%, -15% ©174, -15% v]9h), vpAe o2 5
E 529 230% °14, 15% ©)4, -15% ©|4, -30%
]/, -30% mlTholt}. o]d we}, F& g b
& 29 Nge v 2o oA e 1=
536, 0 = 469°]31, t30l| A= 2=392, 1 =342, 0 =
2710|t}, PFAEFO 2 150 A& 4 =292, 3 =100, 2
=342, 1=128, 0=143°|c}.

Stage 3: &4 MEl M

AFEE HolHE 10077 9 58S =

FlO ox,
o
frtt
e
—u
2

r 2
¥0,
B
-
uV)
X,

O of M B

t Dependent Variable Number of class Independent Variable after FS
0 15% 1 = 536 2,5,17, 16, 17, 19, 20, 39, 42, 46, 59, 66, 68, 69, 76,
0 = 469 105
2 =392 1, 6, 11, 16, 17, 18, 19, 20, 26, 32, 39, 52, 59, 68, 69
t3 15%, 0, -15% 1 =342 72)’76’77’ o T T e T mm m e e
0 =271 >
4 =292
3 =100
t5 30%, 15%, 0, -15%, -30% 2 =342 1, 11, 12, 15, 17, 20, 32, 59, 66, 68, 76
1 =128
0 = 143
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£ 283 4470t} LR ZA| 2 3 A gtk 18y SAAES A 83 SAS
AEA, DT JAFEAAH U, NN °1%AJ7§“J, AHEEH Aol = 3, 59l A S FAlE ol thE
SVME N ZE HE4l, ABE olHR-2E, BA TR Aol w4 YEbRTh
= 7, RF= #PXg1Eo A FAE T RFO A5 Hlastr] 93t
£ Ao £4& AMEst 4 Afe o 7 2345 FAHCE AT F A= 4R
87} ) RFE A3w, AUs, AdE, Fl BE (*p<0.0591 4 F23h 48 F=P3Ach 1Al
*é%ﬂﬁﬂw 71 =A e T 2, 3,15 BE st 2= v 2ok
<o)X RE7} 7HE =gtk 2+ 016302 F93S Kolx] &9kal, 32
é—*é*dﬁ—ﬂ% 283 £AS AMSE A9-9 A 0.000* 0.2 fro]stA UElstth vpAeto 2, 5=
= O 2ok AgE, AEE, AEE, FIETY 0001*= froJatAl vebsth tA4 e 23E uig
Ade B A ARAA o5 E/7717F =4 o= A & A7 Ae v 2k
YRt 2ol A= REZE 0712 71 =4 S &Y $o] EAS AFES Afolle 2olA
R, 3, 5eA = FAFAEE] 073, 0552 7t FAAFAN ALY AFEYAEE v TS
=4 JEsTh B, 37 5ol e FFAlEHe] A Ey
2 A7 A%4E aostd e 2k £4 ZERT SAACE FoHA =4 Yedes
Aes A8al7] M A48 ARES Aol & g = U
(B 7) S84 © Znt
Accuracy
LR DT NN SVM AB BA RF CNN
2 0.58 0.65 0.53 0.52 0.63 0.64 0.71 0.56
t3 0.48 0.50 0.35 0.39 0.50 0.49 0.58 0.40
t5 0.36 0.39 0.25 0.34 0.35 0.40 0.45 0.35
Precision
LR DT NN SVM AB BA RF CNN
2 0.58 0.65 0.53 0.28 0.63 0.64 0.71 0.61
t3 0.47 0.50 0.35 0.15 0.50 0.48 0.57 0.16
t5 0.32 0.39 0.26 0.12 0.33 0.36 0.43 0.22
Recall
LR DT NN SVM AB BA RF CNN
2 0.58 0.65 0.53 0.53 0.63 0.64 0.71 0.56
t3 0.48 0.50 0.35 0.39 0.49 0.49 0.58 0.40
t5 0.36 0.39 0.25 0.34 0.35 0.40 0.45 0.35
F1
LR DT NN SVM AB BA RF CNN
2 0.58 0.65 0.53 0.36 0.63 0.63 0.71 0.44
t3 0.46 0.50 0.35 0.22 0.49 0.48 0.57 0.23
t5 0.32 0.39 0.25 0.17 0.33 0.35 0.44 0.22
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Stock Price Direction Prediction Using Convolutional
Neural Network: Emphasis on Correlation Feature Selection

Kyun Sun Eo" - Kun Chang Lee™

Abstract

Recently, deep learning has shown high performance in various applications such as pattern analysis
and image classification. Especially known as a difficult task in the field of machine learning research,
stock market forecasting is an area where the effectiveness of deep learning techniques is being veri-
fied by many researchers. This study proposed a deep learning Convolutional Neural Network (CNN)
model to predict the direction of stock prices. We then used the feature selection method to improve
the performance of the model. We compared the performance of machine learning classifiers against
CNN. The classifiers used in this study are as follows: Logistic Regression, Decision Tree, Neural
Network, Support Vector Machine, Adaboost, Bagging, and Random Forest. The results of this study
confirmed that the CNN showed higher performancecompared with other classifiers in the case of fea-
ture selection. The results show that the CNN model effectively predicted the stock price direction by

analyzing the embedded values of the financial data

Keywords: Convolutional Neural Network, Stock Price Direction Prediction, Machine Learning,
Deep Learning, Feature Selection, Ensemble
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