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A4 202249 39 189, 44 20229 59 99, AEFA 20224 5¢ 23Y

2 o
ot Asgdee Aisl AB4E SANN) okl AR DA 0D Fefe @
(tensor) ASE $AZYO) $5 FEU. clel A ARE FFADA F ) Shee] Pl
£ UAE DAY MH e AEa ogun Tet clefe e B WRel da
A4 548 SARG] 2z W & 7] sl Aol o4 4 glon A9 AF 21]7} o

A7) fth. B =RoAe A "dXAEE WE R wEgle] 37 BFo| HEste] W
AT HAA 5L vkt 39 Algel tist #AE 53] EZ S AYESsE £ 5 & "
FARYS Atsict. A 717 <] A KOSPI % 74 A% 13% 3 P"’ A Ho]E
£ AT ol dA IARF) FL5 o] ) 1a1 KOSPIE |53ttt dwdses 2007d 1€
e 2020d 8Y71A]e] KOSPIL] A4 207 £53} 319 A4 (NIKKEI, NASDAQ, S&P500) |
gt 71e4 Azold, FH5A5E FF 543 10Y€ 59k KOSPIAS9] HFztoltlh. A 37
713 st madzEd BA71% (SVM, ANN, Lasso Regression)& #-83te] 7]&d ©o]% 54
7 109 F9te] HF KOSPIE o&319 o]52] MSES} S529&4% (Accuracy, Precision,
Recall, F1-Score)& wlmatsict AF A} vl 379 MSESH 5 &%) 7€ 71Ags %
HET 53 A5S BT

zogol: 7%, 164 A%, €A B, @A 5729, KOSPL.

1. A&

A oA FAAFE FUY ol 5o0] B ThaFet 29150 o8] GG 0] W] 772
53 AL AR oele BAITh ol@ B4 SolAE T BollA F79) e 29
£ olu9 o] Qe Adajel £71) g4 9% AFT Sl B A4 Rag A7 2
oh. QubHoR F7hsh 2L AT AAY AE RAAOR ol B, w4 (non-stationary) 4
olr] 2484 EE (deterministic chaos)9] S et wol=7h Be BAL F§AY #A 9
HERE AS JRE 08T & Q] vl HAY HHowie wee A4 s w3 4+
G AL watn, WA S AT AAD AR RE/ A7) 5 meh WStk 22 o

o] e 2018d% AR (WHH)S AN AFATAD AL Wob SYH NZATAYY

)
(2018R1D1A1B07049729).
1(61186) FFFIA 57 £52 77 ($8F), Aty SA G, TADA.
2 (61186) BFEIA) B §B2 77 (8%%5), AL SAN, ADRA.
3 (61186) FFF AN B BHE 77 (82F), Adrfstn SA ), B
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v)sity. 3t AAEA TEL AE AALE AEr) dr)HorE R Ao AN Fr|Hog= AR
Holghs 21 ouistct. whebA AT AAD A5 et A5 7HF o & Eokd R HF
skl ok

ol9} 22 AT AAE Asol thalA ZATE WS o838t thddt A7t Al=H Utk AA

W} (neural networks) o]2-2 AF A|AE 5o gt 2ol A4 :Or_;g'gi o]-g&5 o] gt} (Cheng %,

1996; Sharda} Patil, 1992; Van¥} Robert, 1997; Guresen %, 2011). 7|& SAA 23} 2] A

A 28e gole FAAo|y nEsH)olN B AASF (model mlsspeciﬁcation)gl A 2

Fokslty. ek AAH2 dlojE7t ESAEtA £4E AfEtE aa® F55EE 7 Q7] w7l

Lolzof tisf Ko} Wgdo] Aetar, MZE tlolE HEE o] &3t Aug ZRAAE E“ﬂ FAAN2H
|

2 A5T 4+ At A%l ATk weh ARTE ABAQ 5 2P vlaste] F§ AAL 4%
BAE BYsl) AFseh AT % RololA x5} (BP:back-propagation) A3 2HS 3
wol o3tk el BP A4% RYL B Ao Bt %aw, A B8 17 ofF
T 4 Aol drke oFdel Atk 53 £ wloleelt f83 FREE ohe U G o=
£ 2o 7] wjFol FAFoR g BEH Yst wIL %Lg % It} (Pan3} Wang, 1998;

Kimoto 5, 1990; Dorsey 2} Sexton, 1998; Abecasis®?} Lapenta, 1997; Aussem, 1998; Ticknor, 2013).
A xEWEMHA (SVM:support vector machine)2 AZL A4% deFo|t} (Vapnik, 1999).
AR A (empirical risk) H43} AHew BUg TsE Ry sE AT 2} Da),
SVML & 27 (training error)e] H4sHT= 28 duls) @ {Fo] A4S FH4slsh= +24 918
(structural risk)ol] Th3l 43} fFog 2y FHITE A SVML gH 42 BAE )23
A3 AL QAR Vapnikd] 917 ST, =02 SVME HA g 3934 FAIE 257 9
3 EBE o 4% 5S Bt (Miiller 5, 1997; Mukherjee 5, 1997; Vapnik 5, 1997).
748 5] Ao AR S JE DA AL D A2 540
At 548 Zerh 4ubEd AR 1% X}X}«] AFFE HL= sk HLAEY (least
squared method) ol -4°H IAATE ?—%ﬂfﬂxl“& & I7Pi8 A AT ol theaad g
(multicollinearity) o] &xsted A Fol o Q-‘r’i Ag FAFE ko] AA FFARFY o5
o] Hojx]= FAIF ] Atk k& (Lasso) SARY S ATIA7 w2 4
FA7IA= 583 (ridge regression)] FHI} FAlof G o]
Rofslo] FATS WA G el AL ATAGO AN E 002 BEE WEHE e X
Yeha glct
F7HE &3] 9 BAH e aA 7184 B4 (fundamental analysis)?} 7)€% 24 (techni-
cal analysis) © 2 FRETH 7|24 R4S 71909 AT AHLk A AHE ol 3ho] WAZAE =
Qojol 718 ol Zshs WAolth. 744 B B2 #7l9 BFo] ugole WEAh Aoz
A%, 7 AL B2 AN 53k e AAL el GI8 T e ATE A3t T4
T

iz

u°l' mlm ru]o

o =
£ steete gelth gutd o g ARAEV AP EE Eruith 57 BREEE 7]EE 42
F2 AVNEAE BFHoZ BAS: Aol a, Tyl E e B 2 Ve B4 WS o]
43t}
E AqoAE DmUHUH% Hog 7led ARE o]83te 7| ATE el o FT 547} 10¢
<9k KOSPI HF A4S =t} vl 7|43 2B KOSPI A|7FE Ak9) 207 223} 37)

3 2] A4~ (NIKKEL, NASDAQ, S&P500)0l Th 3k A7}, 227}, 274 A7 R A S o] &3] & 127}
A 213 (minus-DI, plus-DI, ATR, Bollinger Bands (upper, middle, lower), MACD, MACD Signal,
Stochastic Slow (K,D), AgolaH ¢, Aol sH)E ©|8372 sttt o] wlf, o5 77ke] 5L4<
Aol 742 RE AA 5Y, 10¢ B 1540 ek 42 71eA ARE ol&stal 57|10
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o]

oo
<t

it

10991 Afolle 7IEAFez2RE 374 109, 154 9 2090 siBst= 422 7€ Az
o}

2 71eA AFZY 58 AAE ARE ol&35to] ZAISks Wl o3 F71E A5es g
7} A8 = o] gt} Hah 5 (2019)2 2015 8¥ 109 3¢ 2017'd 129 284 71A| 9] 7]|& & A& A
o]-&3l KOSPI 2009] 52t 53t7] #ste] XGBoost 2¥g A|<tstdrt. ¥ Kwak 5 (202
20004 192E 2020 497422] KOSPI A28} 2004 492 20204 59744 9) n]=2e] 9/
tole] ZZte] 8§ AAIE A5 5 AdaBoost €3118]5 3} RNN (recurrent neural network)e] W3 &
32l GRU (gated recurrent unit) 28-S Z2§3t slo]He|= FAE k5 WA AdaBoost-GRU &
AHE 1y o]g3sle] mgle] 7 &t By B AFoAd= ARIMAX (autoregressive in-
tegrated moving average exogenous model), VAR (vector auto-regressive) @ LSTM (long short
term memory model) 3 Z-& A7 TR AHATE 7% A AAE ASEI A= 2
KOSPIA| =0 d&elo] & 2371 £ thdt 12714] 71€23 RS AWHsE o]§3 s|fRgom
@713 KOSPIAIGE o &3t124} 3t} Lee (2008)+= 1998WRE 2007 d7HA19] 1271A]9) 7]&3 A
FEE &83to] KOSPIAIFE] Fe<= o537 fof 84 daugjgs 7oz 3 AdFAs A571H
=< 2% BYPS AAstlen, 2RRFP S5 58 dlolEelA HaL 66.71%, H5E Tl
ol A 1 55.74%2) AFES Utk ¢H Park T (2016)2 71€d ARE o] &3 KOSPIATE

oo mu M

= o

&9

239 Aol 5] 50% Bt} A UEhsith Basak 5 (2019)2 10709 S5 FAHE A8
3ol I F52 6719 714 AxE WAFEZYA2E (random forest)2} XGBoostoll A-&3l¢o] 3, 5, 10,
15, 30, 60, 90Y Z9o] F7}1o] Seke o|&atgon, d& AL AP 7|7} (trading window)o] #H A4
=2 Z7lsdtk Lee (2017)+& 2000 19 19%E 2016\d 29 12971A) 3= 23] F74x] 40 T3k
A A5 F7} 3ol i 71ed F7HEA ARES JAHEAWRERY, SVM, 989 (deep learning)
Joll A-&st] MEZL #4 7S AASAL b= Z25] A9 4 Ex stz et o5 A5
ettt 1 A3 AA HeE AR i A" Bave g = IAE FUMAS S

]2}\3’_ ;q] 3539] tﬂ—‘n_ﬂ:/\é ] =
9] 7|ASrE AFAdAME st B4 2 Ve8] ARES shte] HEZ mjdstd] B
! i 2Hge] F7Fete A
7F WolA= ‘A 3 545 Yol vk
7] 2ol AE T AEY AAE g7 AU FAISHA "t Guo F (2012)2 Thxt
T4E A 2RE o] &3] JREY AEAAL EAT 4 weE FRES S /A
G A Hdst Y 4 & ®lA 3FARY (tensor regression)= 7R3t
A 2370 FEO izt 12747] 71eA ARE FAE dAAREE o &5 B JARY 3y
71 AIErs #H <l SVMIE ANN, Lasso 3724 #ol o3t o5 Azte} vjaste] 452
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2. A Res) WA AR

ANN2 7|A 855} AR HEo M FESI] AN F7He 42 FATE 85 guelgolty. =
= 3 2 single layer perceptron) 30|

7l58E Asto A= 2 AEslxu ARPE 7} BosE A
= ,

=

L] VA, 29%on 749 B AS AEE (
. ©d A e ARRe) s 2=

= & (XOR) #57F #A1E of7]3t). o] #A1E s 2317
9% 012 FAEE (multi-layer perceptron) & oi2] o] 9l AZ HMERL AU hE T2 ()
H3, 2495, 895)E 7K, 2SS o8l 7€y IS 2AE] AR MER 5 e E
Hgsto] 7]28] N A EAE AT o Ark T ST ADs Al 2A2E A
2ol (logistic sigmoid), tanh (hyperbolic tangent), ReLU (rectified linear unit) 53 22 A=
FAHE AL

ANNE Exieha nag4e Auod foue Aee FE8a Aue tia 544 240 glo|
442 8% 5 gon Adoz Agee] Autka Ang Yol FES AT Yot By
of AASHE Btell thE A0S B FEI T2 AWFHE FANA FA Tl 7] Frhe w
2 A3 gt

SVM e F2 2510 HARAL 95 olg3ie, T WEe BRae 28W 3T 5 AL
A 7HE 2FES Ak ZHolth (Vapnik, 1905). 71229 48 SVMS NS 98 z;
yi € (~1,1}o14 ZH MRS Wt 23UE 3 5 U5 Aol A2 Arjsshe 2YHol MRS 3

Ek3 —'?*13]5}7] Ffﬂ%"ﬂ ﬁﬁﬂ v 2EE APEFI|Z o] &5t

f() = wTe + b= Aejehd B A4 B R ke
4 Aol) AL 2ljul] & AT = 971 gl 2|10l € Aol e wE Faiol WAL Hels)
st W HAAE 7 4 QUth o9 T EAl= A (2.1)8 2ol ||w||[E 43I sk BE A3
(convex optimization) A2 W& 4= 9t}

min=w’ w (2.1)

subject to yi(w' z; +b) <1, fori=1,..,N.
(2.1)€ et 22 4 22)2% WA v, bE ToH: BAE A 55 aF 7

FIF

=
1_1_.1_].-

maxZozl ZZalajylijl z; (2.2)

i=1 j=1
N
subject to Zaiyi =0,0; <0, fori=1,...,N.
i=1
o W, 4YA Bel7k olele AnEel B A9t
Ag ALAY, AYE o gdlel U WElE AU 8
grol FEE 7FetA stk SVMoOA A5 ARgshe AdEeE A3 AY (linear kernel), tha-Ad
(polynomial kernel), RBF #g (radial basis funtion kenel)©]|T}.
Lasso 371232 4 (2.3)3 Zo] 4 37y At AlFde Hadtehe HAolA Li-
norm SYE] F& A0l 2 AFANE APEE Bhstel ol 4Ho) B3 FFES AT B4
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3 (overfitting) S A 3H= A3 3)71 24 W olct.
arg min(y - XB) (y—XB)+ A Bl - (2:3)

ol W, Ax SIQE Fe| ASE A 27|} AE42 Axe) AFRE 43 s Aol HFo] Z)t

o} HAFS 7] 920} wpebd) AT A9 ghe A st H Ao RS Frolof gtk

2.2. 4 PARY

A= ok vl Feje] AR E wetd, WE= 12 'lA], FEe 23k "lA], 28 A5
Fel9] A T2E 339 BlAel stk ojn W4 X o] B JRIF NS TR tialA k-3 =
Mg FAE A0 A (24)8 B3I 2 AL

){€§};EN><11><12><...><I;C7 (24)

o714 Ao £AE BT (mode)eti 8111, RE [+= 2 5459 9L 9u|sic}.
A E3] (tensor decomposition)L dAo] F83 ARES 29 AYE 545 HoE |
H ARG NAE Z2Ae03} 3k 3 AASLY £5 EArt (Koldast Bader, 2009). ®lA 23] ¥y
2 CANDECOMP/PARAFAC, Tucker, PARAFAC2, DEDICOM % o3 7}A] ¥ & AM8-3tH, 2
—“_"——Er‘-"ﬂ A dubd oz 71 ol o]238= Tucker WS o] 83172 St} o= W X o] A5 R

7 339 B4 X € ROV K ek 34 121w Tucker B8] o] o8 42 (2.5)9 2},
P Q R
X%g><1A><QBX3C=Zzzgpqrapobqocr, (2.5)

A7 A e RI¥XP, B e R7XQ, C e REXF2 Mz I3 29 gPSoy
A7 5 k. G € RI*OF = o] "Xzt By AR o LA S
HolZ AgEolt). Tucker £3] L FolelAe] 219 271, = [P,Q,R|¢] 2710 whet 24 A=
2AT 4 51wl Melolelg 2AL  Holele] AUE Fasteslo) fazolc)
QA Q1 Bl AR A HAAFHE o83t FAAsHY gE Fgstt v A
A tBagol Exlstel AR oS0 2AW 4 doul A Sl o

it
r-|11

2, ofX

o

_l
o ok -
oo
o
i
ol
EY

oo B D N

?E WOk 7] wi 2ol Aol AT Aol whA 7] dot. €A 7Ry dYgHss el A

aste] AT EFS A5 w2l 7€ FFRFY AE G 5 Y3 A Ee
%6}04 Fo| "M 3718 iéﬂ%‘ T 7] wiEel FAsoF & AT £ S A
As M2 & o CdE , DA RPN Az FEIZF 20 x 20 x 20 FE
9l X € R20X20xV oz 24x %oﬂ ZAsl ok & 37 A5 S 8,000 (= 20 % 20 * 20) 7] ©]
ok e ' SR A Tl 'l G e RV o 3718 [2,34]2 AR A oF & 5}
a}_u]a\_ A c §R20X2 B c §R20X3 C c §R2O><4’g c %2X3X4E —%—@%HO]: é—a}_ ﬂ:ﬂfﬂ—/}:g} _/r__x& % 204
(= 40 + 60 + 80 + 24) /| & ZraH T}

A ARG A 25 Feol uk FHARE Y e RV xUvg) sl d9nsE X €
RN>VIxVex.xVe gl gtq1 - A (2.6)7 o] B337|E 1A}

I b %

R

Huﬁ

Y =<X,B>, + E, (2.6)

AN B e RV xUa VX x Vi 2gg)ok & HAA S, B € RY VU Unn g Agpolt,
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2 AT AL 24 AAAS HAFLS YA wde] LS Fol7] Astel AAASI 2W
SI9ElE Folshe La-norm $& F7H 4 (27)€ olg3tel IAASE F452 ek

—~

arg min | Y— < X,B>.|z + A B % . (2.7)
rank(B)<n

3. ARTAH 2 By

3.1. R8FA

B AFoAe @713 B2 BHOR Ve ARE o8t VEdR
KOSPI 3¢ A4E d &3tz st olel 2 &7 3}
o= A AIZZ WolA] TAE BE S0 Eel] mRehE 24 vnE A

& Foust 59 0 109 ole] KOSPIA4o) 718 o848l ohnl /1Ediel 35 59 &
£ 109 5] KOSPIAS9] F#ghe LW o] gt/ 2 sty Agoz 2007d 19 198
2020 8¢ 3147kA] KOSPIA|ol| ] of 5 7]7ko] 541 -0l 204748 S5 7t A e
H, o&7]|7to] 104 Aol 16370 F5H7 A= Ut ¢k AgsE KOSPIATE +
Aal= A9 207) 223} NIKKEL NASDAQ 2 S&P5009] th3t 12744 7]1$4 A RS o] &dl7|2
Sheh 52007 1€ 1958 20201d 8 3147HA] 237 S5l thek Al7E, 17k, 71 Al 52 ©l
£3}o] 1271A] 714 A& (minus-DI, plus-DI, ATR, Bollinger band, MACD, Stochastic, Moving
Average) & AWHFE o &3Stk WA 0|2} 2 ARe P4l T} 1371700 BE AAAE
o] Fel= the 2ok WA d57]7k0] 54 Afoll= 204708 S5} 237 S hsiA V)
Q= BA 59, 108 B 158 e 1271 716 ARE 74T AAARS Fehe 4 (313
Zon

5: X c %204X23X5X12,
10: X ¢ §R204><23><10><12’ (3.1)
15 X c §R204><23><15><12.
o %71%k0] 102191 Aol 15379 F4w49} 237) F2o] oA 712 A=RE 77 102, 159
W 209 Fe] 12744 7144 AEE TAY AR Feis 4 (3.2)9 2Tk
10 : X c 3%153><23><10><12’

15: X € §R204><23><15><127 (32)
20: X € %204><23><20><12

auig oz 7Asks WA= H-E4k Efe]=2 2 (bias-variance trade-off) A2 ZEE2]

A (overfitting) 1S BT ol W LAT FolW RAL A} AN BT Solu

Aol LA} AXE FAE Bah o o WeleA AA ARE AT dZeA ool WA

299 242 BT, BaeAE SoARst geilel wel vtk 299 2 AE wadh. A

& BaARE A Begte] Al eAE Fol AW BT ANA B 49E olujdt, A

Aoz HAF TAE AAS] A3 HEAas) ASARE Belstel volH 5 A5 @A
[s)

oy
oN |o
a
-
5]
w
195]
g
g
o
=
@]
2
011
i)
o
o
ofo
o
K
=
2
=}
]
w
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2 AFAAE= FEHUTQA KOSPIAGFE] AAE 54300 mhe A3t vigf dS54S 185t AAE
W AS (time series cross validation) W< 3l 85 A5 (blocked cross validation) %Y
< 3|

o319t Figure 3100419} o] B5 LAAF B4 AA ARG A9 @Al wet I3
el 54 AL NEoR HA AR A2E AARES A8 TAE AL o)$5aL v A
ARE ATH Az olgalslch o W M) AT WElAe A5 A kg Yehio 254
9 mdle] J5e 2 wEolqe] Ase] FF ghow TaTh ol9) e BY mAASNA AEe] 57}
Boh Fre) 48 S04 99 e AT Ao) Btk T8t @ ATl AES)

5 % 49 5%

Hsto] A3} o] RZ nwatg o, o o),

D | —

3
1
MY, wmp §ZM,,(YR)

e

I Train set
B Test sct

Iteration

Time

Figure 3.1 Blocked cross validation (3-fold)

ghd Ao By &3] AsAE g Azl 7 AR stolostetvE S F/35k]

ofF sty & AFeAEs EF wAAS W AAEA (grid search), FE YA (random search)

WS olgstol HAHO stolo st HYS AR WA TR oM AAEAE oSt

S SAASA HIT AGE A )] AR AN O] 215 A SV

FolAL AAGAE o) §5t] TRILF (C)3 AES) FT2 27 (gamma), TFF AL A5 (de-
al

gree) 9 w9 Z (epsilon)S 7&%‘3}%\1’4— 23l ANNS R3ox+= 72 §AE o]8-3te] hid-
den layer®] =, 739 4= 9 sl5E-S 239 oH, Lasso RZ A= AAFNE o] &3l A
WdEl Ax (A\)E 2A3C (Table 3.1 F2).

Table 3.1 Hyperparameter grid for each model

Hyperparameter Parameter grid
b\ [1,10,30,50,100,500,1000]
Tensor core-model(stock&major international indices) [1,2,3]
core-mode2(day) 5 day2:[1:3], 10 days:[1:7], 15 days:[1:11], 20 days:[1:15]
core-mode3(technical index) [1,2,3]
c [0.01,0.1,0.5,1,5,10,20,50,80,100]
gamma [0.01,0.1,0.8,1,10,20,50,100]
SVM kernel ['linear’,’poly’,’rbf’]
degree [1,2,3,4]
epsilon [0.5,0.6,1.4,1.8]
hidden layers [2,3]
ANN neurons [1:500]
learning rate range(0.001,0.01)
Lasso b\ [0.1,1,3,5,10,15,20,30,40,50,100,1000]
7t maolAel A4 stolsaieuiE el W) wel B=o) £7) 39 BE 5AASL olgde] &
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do] 35S AFH e, MSE (mean squared error) 7} 7g 242 23 9] sto|Fstetn|EE HH ot
o]g{y}a}u] B2 2R g =3 H A 2o thsiA] Insamplez} Outsampleo A2 23] Az} 1}
A o ST Insamples] 37 FEUR A T AHOR ATY DY o 2 A
o2 Brlsto] MSES 2748 45019, Outsamples] A= B7} AFo2 B340 MSES 374
3l AL Uit o] HH, A A= _‘?_Eé./] Insample errorol] H]3] Outsample error 7} B] AAFZ ©
2 279 QNS A5l $E9 A4S Bath dNHes HAge F8 AL Fola wie 4
of OH FAdoFe gietulE e 71 B2 A, S A9 A ARl A A= g st

2 AolAE BT 6Z8L el MSE Btk ozl B4 Ba 542 SaAE oS
(12 52 271 ool A8 240 ) 42 e QY 9 BETAE ool

0

= 7% Agolel KOSPIASoN tfaf o157128] A} A5 Hnsiel, e A 443 2
S0 JHo o E3hE TP, Bl AA 458 49 oz 5o PN 4 ki 31, ¥ A
S A5ol 40 AZE P, 2 AA S B5ol SO AZA TNOE ehiA

=
(Table 3.2 #%). 108 259 PB5EL 2454 ALol JHE (Accuracy), AT (Precision),
AHA=Z (Recall), F1 Score= 4] (3.3)3} 2t}

Table 3.2 Confusion matrix

Predicted class
positive(1l)  negative(0)

;ﬁvs positive(1) TP FN
é negative(0) FP TN
<
Accuracy = TP+TN
TP+TN+FP+FP’
Precision = _rr
TP+ FP’
(3.3)
Recall = __Tr
TP+ FN’

Precision x Recall

F18 =2 X .
core Precision + Recall

2 29

o

71E AR ZRE T 59 B9 KOSPIAGS Hg oS53k 7F Hol 93 25 23 o
A o =8S el MSES} #8588 YEel+= Accuracy, Precision, Recall, F1 score®] 2=
A 54, 109 R 1590 s Fste 7|<F Azl wet InsamlpeZ} Outsample 7]EL 2 A2 st
(Table 4.1, Table 4.2, Table 4.3).



Predicting KOSPI using tensor regression 609

Table 4.1 5-day mean index predicting performance of KOSPI using 5-days tensor data

data Model MSE Accuracy  Precision  Recall F1 Score

Tensor  11204.05 0.784 0.821 0.792 0.804

Insample SVM 5656.50 0.932 0.946 0.938 0.942

ANN 5263.23 0.753 0.793 0.871 0.797

5 days Lasso 968.19 0.951 0.952 0.967 0.959
Tensor  21218.74 0.643 0.715 0.625 0.611

Outsample SVM 80786.55 0.571 0.417 0.500 0.422

ANN 40916.20 0.548 0.348 0.556 0.426

Lasso 86602.13 0.548 0.404 0.500 0.411

Table 4.2 5-day mean index predicting performance of KOSPI using 10-days tensor data

data Model MSE Accuracy  Precision  Recall F1 Score

Tensor 3626.47 0.790 0.820 0.805 0.808

Insample SVM 11126.54 0.895 0.912 0.904 0.908

ANN 6479.14 0.735 0.680 1.0 0.807

10 days Lasso 1003.30 0.907 0.924 0.910 0.917
Tensor  18115.65 0.810 0.806 0.861 0.820

Outsample SVM 73779.68 0.619 0.515 0.500 0.458

ANN 39561.56 0.548 0.576 0.722 0.596

Lasso 89892.26 0.595 0.533 0.444 0.417

Table 4.3 5-day mean index predicting performance of KOSPI using 15-days tensor data

data Model MSE Accuracy  Precision  Recall F1 Score

Tensor  3623.60 0.796 0.823 0.814 0.816

meample | SVM 1114614 0.883 0.904 0.893 0.898

samp ANN  14460.47 0.642 0.904 0.492 0.503

15 davs Lasso  18071.93 0.794 0.807 0.755 0.778

4 Tensor  16573.69 0.810 0.815 0.847 0.808

Ontsamo] SVM  72700.30 0.571 0.500 0.444 0.389

UISAMPIE - ANN  25777.48 0.667 0.822 0.417 0.530

Lasso  33380.38 0.525 0.583 0.550 0.490
Outsample 7|Z&0 2 B3] o288 Jeh)= MSE SHoA = A 3|ARFo] 74 59, 10Y
2 1599 sl BE V€4 A x| tsiA 7 43t Z“\EE e, 714 AxE AHESt
Zto] Z715tel whef of| SHo] 43 A2 YEGTE $HH Outsamples

ZIZow nyge] #EEE Yehf= A ZE A& (Accuracy, Recall, F1 Score)E2 77 5¢, 10€
2 15900 Ak wE e Aol tel WA BARYo] e AANS BT U A5

< YehITE TheE Precision®] 72 A 1590 d@ehs 7|ed Azl tisiA ®A 372
0.81501] HjaA ANN 232 0.8222 tha =4 Vet 343 o7& 3dst7] 913 Insamplet
Outsamples] 23e] 452 vl T3, 232 58S Heplt MSE SuolA 28 7Asts va)
oA Insample®] MSEe®] H]3|A Outsample®] MSEZ} =4 UebA g dHjd o g dA JARHE-L
Aol7} 2How] 53] SVM 283} Lasso BRL Aol7} Asisich. 9@ male] e el AR
SN E X 37232 Insampled} Outsample®] x}o]7} 22wk th2 7| Alghs 282 Ape]7t 4
347 Lrebict.

71 f1% A Ak o]371%F

4.2. KOSPI 10¢ H# A5

S 2HE FF 10 5 KOSPIAG] B oSk ZF el ok H & 2o o
£ Yehj= MSES} #8538 UEY+= Accuracy, Precision, Recall, F1 score®] A3-&

71 AA
2
=)

siA o &e
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A 104, 159 H 2090 S F3h= 71e 2 A& wet Insamlped} Outsample 7]1& 22 A5t ch
(Table 4.4, Table 4.5, Table 4.6).

Table 4.4 10-day mean index predicting performance of KOSPI using 10-days tensor data

data Model MSE Accuracy  Precision  Recall F1 Score
Tensor 4328.01 0.800 0.845 0.798 0.820
Insample SVM 0.248 1.000 1.000 1.000 1.000
ANN 3567.15 0.852 0.834 0.978 0.892
Lasso 2.519 1.000 1.000 1.000 1.000
10 days
Tensor  19403.53 0.758 1.000 0.644 0.750
Outsample SVM 86541.05 0.545 0.542 0.478 0.488
ANN 70526.28 0.611 0.500 0.667 0.556
Lasso 74577.24 0.467 0.433 0.433 0.422

Table 4.5 10-day mean index predicting performance of KOSPI using 15-days tensor data

data Model MSE Accuracy  Precision Recall F1 Score
Tensor 276.68 0.948 0.962 0.949 0.956
Insample SVM 0.250 1.000 1.000 1.000 1.000
ANN 4645.35 0.733 0.859 0.758 0.732
15 days Lasso 1.749 1.000 1.000 1.000 1.000
: Tensor  15141.07 0.722 0.833 0.750 0.689
Outsample SVM 82970.24 0.576 0.556 0.533 0.517
ANN 69186.70 0.500 0.167 0.333 0.222
Lasso 28170.16 0.600 0.733 0.550 0.582

Table 4.6 10-day mean index predicting performance of KOSPI using 20-days tensor data

data Model MSE Accuracy  Precision  Recall F1 Score

Tensor 204.04 0.919 0.947 0.914 0.930

Insample SVM 3.21 1.000 1.000 1.000 1.000

ANN 16030.18 0.681 0.845 0.705 0.638

20 days Lasso 139.05 0.967 0.970 0.968 0.968
Tensor  15042.38 0.778 0.833 0.806 0.775

Outsample SVM 79339.16 0.485 0.515 0.467 0.426

ANN 77885.02 0.500 0.167 0.333 0.222

Lasso 30538.67 0.567 0.660 0.457 0.493

5 109 KOSPIA|o]l th gt ol 5 Aol M & g5 5 KOSPIX| o]l gt ol 5 A3jel Aof A
ot 435 JUEhigith. & Outsamples 7|[£ 02 39| of|S58E el MSE SHAA = &l 3
Amgol F7) 109, 159 9 202l AFsE LE EA AL AN 1 94T Ao et
ou, X 7144 AXE 2] A8 A AR ol 87Ike] FTNeel w2t E o] $47 Ao
Z Uelgth E3 Outsampled 7|F02 B3] shddS Yehfl+= A BE A& (Accuracy, Pre-
cision, F1 Score)5-& T} 7]t malo] lajA dlA SARde 940 452 tehhart. ohet
Recall®] 3t& AA 10900 Gk 714 A kol thsliA "4 3723 0.644¢] vlsiA ANN 2
e 06672 the 7 Uehdtt FH olRe Bekelz] 913 Insamples} Outsamples] 28] 4
T2 Y, B9 A&5EE UeflE MSE SHA BEE 7|ASE 234 Insample®] MSE]
H]3i 4] Outsample®] MSEZ} =4 UelgA|w, Atizoz A 3ARYL o7t 2o the 7]
Ak WSS Aol Adkgirh B myel BEYL URhils AR SUAE A4 HARge
Insample?} Outsample®] x}o]7} 22| gk thE 7| A5 B3 Aol 7F AetA vheritt.
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S&P500] thst Al7F, 17F, 27} AdE S o] L3 12714 71ed A RE o] &5ttt
Aoz 2007d 19 1958 2020d 8Y 3197k KOSPIAIol| tisiA] ol %7]3ke] 5421 4
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W) 237) FEo tislA 71ELERE A 102, 159 D 209 59| 12714 7€ xpe o]&
skth. B dFeAe S5 KOSPIA Y Al AL 573 w2 B3 vjef 5432 e sho]
AAL AT e st E5 wAAS e olgsislen, A&l £ SRS o2 He
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ch.

o} Z-L A7 o] Pl wet AR o AxE Y (237 22 2 A 28 A
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Abstract

In modern data analysis, tensor data, which is a large-scale multidimensional array,
is often used in statistical models. When using such tensor data, most conventional
methods require converting the tensor into the high-dimensional vectors. However,
when these methods do not specify the intercorrelated characteristics of multidimen-
sional array variables properly in the statistical model, performance may sometimes
be degraded and curse of dimensionality problem is occurred easily. In this paper, we
propose a tensor regression model that can reduce insignificant explanatory variables
by regularizing regression coefficients without transforming tensor data into vectors.
We collect historical stock price index and technical index data over a certain period
of time, create tensor data, and apply a tensor regression model to them to predict the
short-term future KOSPI. The explanatory data are technical indicators for the top
20 KOSPI stocks and three major international indices from January 2007 to August
2020, and the response data are the mean KOSPI for future 5 and 10 days. Tensor
regression techniques and various machine learning analysis techniques (SVM, ANN,
Lasso Regression) were applied to predict the mean KOSPI for future 5 and 10 days
period, and the MSE and the up and down prediction performance scores (Accuracy,
Precision, Recall, F1-Score) were compared. As a result of the experiment, the MSE
and the up and down prediction performance scores of the tensor regression showed

superior performance than the conventional machine learning methods.

Keywords: KOSPI, machine Learning, technical indicators, tensor decomposition, ten-

sor regression.
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