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[ Abstract ]

This paper examines the differences between the Korean and American stock markets using the Kospi and S&P 500 indices and
discusses policy implications through them. To this end, in addition to the existing time series analysis method, a deep learning
method was used to compare markets, and the comparison was made in terms of stock price forecasting ability and data generation
ability. In monthly data, the difference between time series was not large, and in daily data, the difference in terms of stability was
weak, and there was no significant difference in predictive power or simulation data generation. As shown in the results of this study,
if there is not much difference in market price movement patterns between Korea and the United States, tax benefits for long-term
stocks investment will be effective against the side effects of short selling.

Key Words: Kospi, LSTM, Predictability, S&P500, Stability, TimeGan

http://dx.doi.org/10.14702/JPEE.2024.051 Received 16 January 2024; Revised 23 January 2024
@@ This is an Open Access article distributed under the Accepted 31 January 2024

@ = terms of the Creative Commons Attribution Non-

) Commercial License (http://creativecommons.org/ *Corresponding Author

licenses/by-nc/3.0/) which permits unrestricted non-commercial use, o

distribution, and reproduction in any medium, provided the original work E-mail: sihan@koreatech.ac.kr

is properly cited.

Copyright © Korean Institute for Practical Engineering Education 51 http://JPEE.org pISSN: 2288-405X elSSN: 2288-4068



J. Pract. Eng. Educ. 16(1), 51-58, 2024

| M2 % 7|E28 o7

El

A ool EHoH

Z 2 9=919] Ful S (short sale)ol] T3t A S Q 5=
A2 FAAREY] 2 77F solubal o AR= o) E vk
sto] AFAE JHAE 8 Utk AR EdEAe Fus
FA7F vt FAANGY dF 7He S dolmYA] o
T2 ZAAHA A=NAE F28 Jvke 2AE 3
CHAZIZ R A, 2023, 12. 05). S-g]uba Algol A Be =
AAEL = FAE TR o] Ag stk Be Sl
v 5 SollA EE tge 7R HHEN 55 ]85k
g ok EAE vE T TEA S AA =
Q1 HFo] w9 A3 A9 =5 7]H] &) st =
2 o|FoJABE w5 AFH FRA Aol7} A& 5 ATk
TRl & v Aol A o w7 A 2 Sl A A Al
F7HA 9 dF T2 B FAAEY 9 B4t
, v Al A7) Aol S-S FEsHA] geth
ke w=e] 7926 US. Code 12228 BH 11S 7|50
{713 ol e} Algo] BEs] gt olol whet v
FAPGON A FAAE ] 7| B flo] Aetal, ©r]A<l
7HA sl AFe A o= RIZFEAl whg-shA] BT AA Al
A7 SA D9 e o] ghm|ztel] xfo]7} T4 QrhH Fuf
T9] FA-go dial] 7HEe] FEFE WA= AHARD A
(el : HHAlE 24, Ry oR7tshuot AFRIsA 1 27t
A5 APE§ AFS sk 71 EAdd dis] AAE
8-S Fojshe Wete] a3 ol £t o]d] il E A
To T2 A AFAT 71 55 &8st dEAE uis)
YU FAAGT vl A Zpo) s BAlske] A
A AALE S B3} g

s HZ 2dE] e Q) 71%<] LSTM(long
short-term memory) 28 52 53 & A|FA o= =23
o) A= AA Bz el g8 9l A xpEod YA
B FAAWpel o3 2o A(2E AT 7 Jd=AE B
ot AF7HA] ATt tE2A Eas S FAAGY &
AE A AFARE o] 835t AFH 71 FFE(co-
integration), A7]7# EX R T= AAIE ek JAF A5
EA7HE ALt gt 2o AFEA 2y v
= T2 AT U FAAE 7HA S ole] B Ao
frAFeHH, oS 7hs A = frARE A 02 Ugktt o]z gk
o2 B 7H YAE vl= F24 AR AR Ao ®
dEc) o) g AFATE AN A7 7R 4
te FmlE AlE Aol 58S ol A9 728

mo E

I P ol

O

http://dx.doi.org/10.14702/JPEE.2024.051

52

fach

&€ Ak
e

FEAAA NN AALR FoIA = FHAZ Azl
52 BAAL T shuolt ml= FAAR i AS #
Mg B 9l FUREEY 9 RRdA 27484
o] FaA i, B F71E SV A= T < A
A Yoy F7hEE Ao g B " tiCampbell 5(1996),
Cochrane(2005, pp. 391-395))[1,2]. £ 7]&¢] A AJA
Hofl 7]x3 T ARIMA (autoregressive integrated moving
average) & Z¥o| G AEsty Z¥F LSTM 28-S
ol gsto] A A7 &5 gl EHS BuA} drh 744
22 ARIMA, LSTMS ©]43}0] oj&8S 2 I Facebook
oA 7§t¥ Prophetd} B E 53] A|ALES Erf o]F
TimeGan(time generative adversarial network) 2.3 & ©]-8-3}
o B9 259 AN 7hsde At gk

71 A AA BRS AHSSe Y A5 BE 3
ARG E o] &3td Al dE58e Bl F5UFA yiw
< PN R AR F AN Y AT XE o)&
sto] A AT BAA 79485 AF T Chun(2020)9]
Aol = ARss AN ZA &7 b ARgshd
4 Az dis) grigls Aol 7
TH3]. 3| FAAERE Zfol o] tigk A
H F2 AAYE 24718
Z3 o] FAH 4] HT ATATE °]&F
AREA S Bol AAE L ek vk AT

RLIG T
# A7 M mATE ob4)

O

off «o
o
He
o
i
l-'O
i)
r
X

r
>
-
1147
He
1
rlo
=)
&
)

il

(1t
L)
o

o] = attention' 7o & AN A WS FA 3= transformer 7] HE
AT L QAT AFA T 7IHE o] &3 w8 AAE =l
&t AT Choi(2021) Q1EA 5SS 0] 43 F7lo=
23 AS AEF on, Hong(2021) Facebook?] Prophet
A 2E S o] g3t aste Ao €S8 HAUTHS]
[6]. Jung-Kim(2020)2 Nasdaq A} ts] 4 A5 E o]
£3to] LSTM 234 w2 458 Bor}7]. 7]& LSTM
Ry g s wet 29 W gho] 93
T2AH AR o] HAAFE JFE7} wopxint. 344
T FAAAG AR 4 dEe] el Al d 3 F3s)

=1
-

‘attention-& F=0] 721 ] ol th &l key, valueE o] &30 F 2 == AAbst=
71% © 2 7]Z 9] encoder, decoder2. 8 7} T} 2 A A WG5S 0] &5 &

o},



Al & el ofal m e "]ﬂ% 7HAo] ¢ &H= A Qs
ot o] X H FA A FREE WHP5] d5S k= A 0]
transformer®l] 7]9F3gF 2 o] \’4—. Yoo 5(2021)- transformer
7HE ALste] B FA FAAEE v A ¢S50
7Fs? DIML 23S ot 57ke] & Ao disf 28
FTH7]. Lee 5(2022)2 TimeGan 28-S o]&-3fo] meo] =}
BE YA3 3 EFolyd AAHY FE&AS A==l F
&4 HEAol Bil FF A= =2 g E A
438 F43L JTH9). o9l = ARIMAS} LSTMS 25
28301 Nasdaq A]7gel A-83F A+=Z Kobiela(2022)7F S
+l, ARIMA E 3 o] LSTMo|| H]3j 2uo] ¢ 453 o] 585
Hol= 707 B 1E 1 JrH10]. 3H, Lin 5(2014)2 Finbert
AL EYO)F o]t ThgFe S (features) S W= F 7HAAL
Eo F713t ¥ Gan 2B w5 Al A-8-gi11].

MH

I 24 29

A.LSTMS 0|88t Al X122 o=

AEFA TS o] &3 AAE £ dis) 712 T &<t 3
A AALE A7 X2 A 2"Z 4Z 03 X = {(x, 1), ...y
Ger, ), xi € RP} 2 B85} } ANAG 71%3 YL Fo
oju} #ito] 7)ol Al = 7Hg st A E =

£ AAGE FA, A Hﬂ% %% ke ate] W & o
BAA AALR BHEE W8 g 3o 011;" .

£ ol&

4
= M G912 274 ADF 502 £9% 4 ok, £ 3

S0 BAAT AL NABAE TN 2Y So= 3
A7z gk Eis A 45 ARIMA 230 =7 9

=2 slelnz Bk ofn) By
JWNFE F7h2 W ARIMAX Fo] AH4-d 5 9w

B3t 6% BYlHE D=19) QUSTHE TSk
_Azas 1L71€ A AL

= 5'_71] Eﬂ"] Hol| A3zl E‘r‘ﬂﬁ% 01%311 ‘i}%s}t A =3}
—(superv1sed learning) 2 F 3} o] E &-8-3}%] Y= H|A| =8}

& 238 1383 73}8ls5(reinforcement learning) B8 0. & -
EHt}. Foumani 5(2023)& A3z di& £538 3L
£ Rgs A9 g FE 2goz FEAL ool 3715
ol Ay 2 ol ddy RPo R TR QUUHI2) B
= AR B BAEFE B I A58 E F7T 5t
A &3t ot

53

Q1FAS 7% RNN(5=8H21 747, recurrent neural networks)
24 HEdhs B

o 23} R3O = RNNAA &2 dA)
QB Pz A Y A B AEE PR 2=
t}. o] FA ATt A A o= ARSEE HA5HE 98] AR
HE 718719 B8l wAd= ol & sjdsk= Wt
© 2 LSTM & g% °] Hochreiter-Schmidhuber(1997) &-°i|
ofaf 7= ATH13]. RNN2 el sp71x) o d o] =}
F b, v E N AR o] FEEF} SHP = 1, o
£ Ad3tt Wi LSTME e E el ¢ 3718t
of Begte WA YT T AYY Nrs A Aze
BT hE e e AR HA FRA PR
o] $8&=E NHIs RNN9| 93 A5 4443l attention
9 attention FFO.2 ZEE A3 tansformer ZFo| A
AlF AL QAL o] & AAIE Azl A-&3k= W o] Zhou T
(2020)°1l 2] 3} Informer 2ZE =2 A A= ATH14].

Aug

RS
2=
LN a2

1
.

Soll 2|8t Al 712 WY

B. M3 TimeGan 2

BE2FTE HAA R ol B ARE ALY F
09 ZA)(latent) G F-7kol| FAFE (encoder) BFE 9|
&3t] A5 5 A4(decode)sto] AR5}t W E T3l I
Z0014)

<531+= autoencoder 7] o] 2t} A, Goodfellow
°

A2 oA mini-max 73 A ML ol =35}
o] Gan(H & A4 %) 2P AAYH15]. Gane &

AlA A mEgow A%, encoder®} decoder® A FH
autoencoder 283} F-AFS}HE encoders= AJ/d AK generator, G)
71811 decoder= -8 AH(discriminator, D) & A H T} A
A Ams Ao HAR 2 ARE AT 2e B
o2 By WUAE Aot o AuE FRIES 5l

| =
= Aot Hebd £ 715e Az AYHe 24 94

H
zrec,

29 A9 2N FRAE 4 Holho] Fehel Ak
A e EeE G A1 ol TS

S AA3HE 4% mini-max FEIE W= BA S V(G, D)
OMW A= Foldr). o] Ao B AYRy
A F2 g a) o2 FojAH ol ¢ =
FAR}ig AL YA Fozte] Ahs vepith S5 43
7] A& U A] Fojzte] A Feiate] 58-S A skt
A Fodatio] E4-& IS A Y S AEgi)

=
AYEZ) B4 £Q3te] Gan B

I+ minmax Va,

=
=2
T=

mingmaxp V(D, G) =
Ex~ o) [log D (x)] + Ex~p.o[log (1 — D(G(2))]

http://JPEE.org



J. Pract. Eng. Educ. 16(1), 51-58, 2024

% '1}_:.: ?:l—-l—i A% ]-]:} 0:.17]}\‘] pDatn\_ X}- Oﬂ 7] é__ HEE
A, pe A 2ol 712 % A A(prior) REFE eI

T8 3 D(G)E &l 7128 BT A=l da) #Ext
D2 &3 75 Yyl 249 A WA FE logDN)= 48

xo vhal BAAE FESE AE Rk DGE)E A
el ola) wEeld AR GRE WA AY3E 7
$ 2 ol g3 ANE g 5 WAL Solt F9E 3

a5t Jom AT
F& AADE A7) FBAL @ Aurgoln B
o SRS JFe W Axdoz ¥ 4 Yk 19
5 o] B} Aol HIL JAUFE F85 A4}
= Fgol HAG

7% o]t} EI AR E ’ETFJ'—E
(over-fit) 5= FA7} LAY} ) Lo 2
Q& ok A(stationality) T} H]QH AAXAN EAS Bl
o]Z Q&) HA| FHALANA A A2E 75T o 37
A7 E AHE-8hs 739 AR i(in sample) H7] = 13) 7T
A GuelFY Ag4 Brtel eF77F EAsHy| Hrt whet
A AT AY A A"EE FF37] HBiA = AT 5%

ZE WU BA A5ehs 02 FAE 7RI AY Al
g9 A= ol Ao] Fasith old At ddF A
s A EF o] Gano] 2 & 3Tt

AAL A5 EAE vhgste] 2 Y JAHTE
BAIA o2 aeshHA A E3ksS A3 Yoon 5(2019)¢]
TimeGan 282 autoencoder®} F+Z7} -§-AlshH 8 x= ut
O]‘Eo]l—‘ ?:Hﬂo eglr E:rLV’% %‘5]] HS T8 =9
she HEo® oY A5 E 7HgtH16]. 183 Gan BY
A Y A= X B PR AE YN B B
t}. % A A= RC-Gan, C-RNN-Gan 53} 7+-& ThF3l A48
A3 W TimeGang MW et om #EAso], oS A
& A A g

Y 24 TS &

_l

(e

1

F

il

Foo| A TimeGan2] ¢

1=
=]

lll. Kospi X|50ofl LSt &S24

=
= |

/\] 72}011 ] ARIMA,
] 2¥E& o]g3td
KOSPI 5—?;]—7(]—,—9} S&P500
Oé‘{l.gi g olE AR}
H“’S‘E]X] °L°} 1 T Ho| M= AZF Ak 1
Yol = T A B4 B0 AHgE = AolE EA7F elok
I B} dW 249} 9 X 5E yfinanceE ©]-8314 Yahoo

2=0] H=
_l

http://dx.doi.org/10.14702/JPEE.2024.051

54

oA F&F oM, 717+& 20063 1 €2HE 20233 12927}
29l 9l A2 E AHEFTE dEAEE JPLS DA &
AL ot AR TR A5 E FHste] Ak
o T 7HAAEE o838t 7HARY AT
Stz Al 83t B AR BAE B
2 Sl A= F7Hete] o)§EH AL A= A
AE 7Mool A ITE dd 7HE A5 A4 e
Hog & o FALHRRE 4 (55 53l A
ol EA4E B BASH {83 Aolt} € S&P500 A
2] 74§ Robert Shiller’} A &-3l= A5Z AF&-F=d] 1900
1955 20239 69744 9] Atgoltt & Ats= 7|7l 4
N F7RA ok vG FAES AT, FAAE 544
T2 ol Eo] FA At ol ERY EE 74 Y
A, 7HAIFA A 3o o] WAShH= 71X ZeEjw| Y A
& AANAH R FA 8= F-8-3hth
A= A7 A F/hRE ALl E Fod A7
= 13 Fxolth AA 71 A= E 358 80%, HIAES
20%2 T-E3Fe] Alg3l o ARIMA, LSTM, Prophet B
ol Al A&t w3 EA X = o)A statsmodels$} sklearn
< o] &3t Attt AT BE Y B¢ Folx 7+
Atz o) &l maxminScaleS %-83}o] 714 A5 E A 7313
T dExE 2 AFE-Fch LSTM 232 tensorflow 1.5 WA
9] kerasE A3t Al AL 7t o]0 9] units = 10003
BPEA LSTMS 250 2 T4 3 & Dense -2 28310
121902 FoA A9} o SX]3F 2Fo]of] o3 mse(mean
EAGFE ARE3le] 10098 wHE-hs53)
= TEE ok #57|3te] TeHA 4 FUbe) ois) s
FE 1% 22 AE32E w g o7]o) A dA7|3ES
Zoto] =5 wdslA TxS F27F Bk B2 ) XW
7ML ARASE nEshe B f DSat ZE ARTE
AHgS = "ok E1E $=1002 AH8-31 3 Prophete] 7% qu
o] 1.1.5 W& AHE-FTh
TimeGan 2 & 9] B¢ A|IAZE RE AEE
gt} sh5HR (epoch)S 50,0002, IHA A A L(seq_len) 75,
& e ] xH(hidden_dim) 75, 2t Alo] E.¢] #lo]o] 37H, Hl
Fol= 1282 8142 gt Yoon S(2019) 72 7HAxt=
o thal TimeGans #-&-F=H 31F 2= Yahoo 5ol 4] Al
= T 19‘r x}°l7} o= TS st M-S
%i Aoz Fad) I BP9 A4S HF3H] A
14*01 AFsh= A=E hFste] v=d A3t o
_Qt%i 313} & S&P5003% Kospiol] 283153tk
3tE 9 o] = Intel 1-7, Titan X 3-GPU &4 0.2 A1
271¢] GPUY| &4-& &3ste] Tensorflow 1.58 ©]-§-3}o]

YL 5

%

o]

£

ay

T

_&

gul

1
L

RO o
llj

S~

]

¥

O o W

L
[

=

to |

squared error) &

o§3te] Bl

Uy A
=i
A

\1

FN OOH 2 oo o

gg



44000 -

3000 -

2000

1000 -

2SST LSS LT T oS

12 1. 2006~20237t Kospiet S&P500

Fig. 1. Kospi and S&P500 from 2006 to 2023.
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Fig. 2. Autocorrelation function of daily differential price data.
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Table 2. Error statistics for each prediction model
ARIMA LST™M Prophet
Kospi S&P500 Kospi S&P500 Kospi S&P500
MSE 821.91 2025.10 982.53 5598.69 1094322 543472
MAE 22.02 33.94 24,55 63.14 993.21 651.89
RMSE 22.69 45.00 31.35 74.82 1046.10 737.21
MAPE 0.092 0.092 0.097 0.124 0.606 0.392
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Fig. 3. PCA of Kospi and S&P500.
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