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Analyzing Global Financial Market Indices and Predicting
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The stock market has been extensively studied as one of the important research areas of economics and finance.
In particular, research on analyzing and predicting stock markets based on stock price and rate of change data is
the most active topic in the financial sector, and specifically, predicting stock prices and markets as a whole is
one of the important factors for investors to establish optimal investment strategies. In this study, a causal
network was constructed based on the information flow of major financial market indices using the concept of
transfer entropy. In addition, the financial market was analyzed using the configured network, and the predictive
power of KOSPI's fluctuation could be almost maintained using a cluster-based smaller number of whole data
when predicting the global financial market index based on the fluctuation of information flows. To conduct this
experiment, transfer entropy, which measures the amount of reduction in information uncertainty, was used as an
indicator of measuring causal relationships. Specifically, an information flow network was constructed using
efficient transfer entropy, an effective indicator in adjusting the finite size effect that may occur when measuring
transfer entropy. In other words, we analyzed the causal relationships between global financial indices and
predicted KOSPI fluctuation using effective transfer entropy. As a result, it was confirmed that the financial
market index could be analyzed using a causal network using efficient transfer entropy, and the improved
prediction results could be confirmed using fewer data columns in predicting fluctuations in the domestic

financial market using the configured network.

Keywords: Financial Market, Information Flow, Transfer Entropy, Network Analysis

ToAgAA A W, 34141 WA f
Fax : 042-350-3110, E-mail: wkim@kaist.ac.kr

202219 2€ 10¥ A 20229 39 189 FAHE A 2022 59

AT OStE 291 B2 #3107, &= 8t7]149

gbs] £ 2 1§l FA ol £3], FA A EE T

A At gk o & FAAbE o] A Y FAA TS #%

3t7] 98 B HA F shfoltt. o] 2l T2 A A o5&

ANAEH #HHAE M 838t SRS EA F v E B}

HH=TH(Chen ef al,, 2017). Fama(1970)9] &) FZE 9 oH
49 2 A 2= F3T Tel : 042-350-3129,

239 AA A,


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2022.48.4.340&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

q8 5EUEN IS LD A FE AT AS BN Y F AR AL 5S 2 341

Fama (1991)°] 93] FHE NI F249 A2 E Q27| & JAE AFs] A8 E-34A A28 € AR 0|23 2
o 5% gtk 288 A% 7}@_(efﬁciem market hypoth- B/ B3] MF S S48t A3 E oY A7} o] &
esis) ©] &5 MEOﬂE of —f—% g A myo bjgkd o X th(Mantegna and Stanley, 1999; Noh, 2000; Bonanno et al.

© A&HH 0 g o] Fo|A) 1 YTH(Weng et al., 2017). AAZ  2003; Zunino et al. 2008; Chi et al. 2010; Bekiros et al., 2017).

Fama(1991), Malkiel(2003), Atsalakis and Valavanis(2009), o] 28k 8.9l A Schreiber(2000)7} Z o] AEZI|(TE) /N
Kumar et al(2016)%] AF Aol A Qokdl AT o] o]#d & AAFUY Ao] NEZIE Shannon(1948)0] A AT A
& AFol AgHo|A Ratrte AT GA| FE3| o] FoA B dEZIZRE SAsIH EX WM Mgz FR

A
Mifﬂ AZbol Adel met o2 2T F e S5 B
& Aol A&A oA X3HE oulet
G edod 3¢ EEEAL &
zol7lo] A% A% o] 1 F24
(Henrique et al 2019).

ol 34 Aol B4 2
49l #1452 2490
FHBA 718 ANA L % ol
Hle o2 2§ A& E
al.,2002; Kim et al., 2011, Kumar and Deo 2012) T3 T8 A
ol BEFA VIEH AR AAEH ofd &g A7} o] FoiA]
”“1 Pearson WAl 53 2 A A Yo E BE

& A 22 Qo] FZ3}(synchronization) == A ©] oY
?/} DA N ZAA o] FARE FAsHA HEA 55

Azl tisl Al A F A AdEA o= Y FHIA (causality)
g Zo] A2 & ey 5 02w o g Aeks) 9 A 23s)
He AR 9 2] AR o)d AFAEE o2
52014 26 A% W87 o247 B A £l B
S B 23 ATE] AR,

I AR AALG Aol 9] JAFAAE HJ3t7] Al Granger
1969)° ]3] Granger AABA7F =Y HALH o= A ALY
AEARJAFAAAE SA k= A= ) AHE7] A28
ol Granger ]er-‘JrZ"‘" ELIRSRER-R = PV R R
(VAR, vector autoregression model)= A 2 3} o] 2] 3 Wl E{ z}
7181728 & Hlo|El o] A4S vk 0 2 8o} ATk 2400]

AR Y AT A= 7 HolHU 49 & vl ol E & ¥
WA o g AFAL UEEA o Zg HolE 7 AA Ad A

X7} A £27Fold E}E B, 1A 02 & Pareto B3
(Pareto distribution), t - &3(t - distribution), Cauchy &3
(Cauchy distribution), Laplace X (Laplace distribution) 5 °l| 7}
Zhths AT A S A A gk a9l tiMandelbrot and Taylor, 1967;
Bouchaud, 2001; Linden, 2001; Pierou et al., 2001; Cowan and
Sergeant, 2001; Young et al., 2006; Young, 2008; Almonte et al.,
2011; Beitinger et al., 2015; Lausberg et al., 2020).

ojd 7]&9 ATE2 F= FAFTA ol 7Iwsto H o]
B9 AFA4S HASIL Granger AAJAE ZA3AT. 5}

Ak o] gk Afgo] HA Eo ok s Granger 14*&7114
At A of g tigte] AAE Ao R AFEE A2
g WA BA =23t g &85t /\lxﬁ‘%q. 74 A st

03§ ok 4N AA BE T LGN F§ A B

_1

—_

ﬂJ

T

SR BoF RS WA o)) Ho] A=
e A2 Y vthA AsA8Ss T35
A% BEHOT FRY 4 UL 54 HEol 47 40 9
=
=

H A8 A s

m.
oo

A
215+ 1L, Faes et al.(2013)2 Ho] AERYZ
‘%l AN ALY FAo] w4 &

R
N

k=
)

S,omN 4
N

oi_r:; D=3 Dg—_g_%]- A(})]ﬂﬁ]-?ﬂ u—ﬂ ﬂ
3E AANSIE . Kim et al.(2016)2 Ho
td & ]-| 7H8 glol E34A AHE A d
0T % o5

oft

(S =)
™

O

° —=

=)
i
Fo

{0

ook
il I
L
tlo 18 oo
4
4N
32

Of
2 W m o o po

1m
Mr o 2 > >

Hol &

e

o o,

3 AG4HA = o - LA FHo| 9l

P A3 22 3 AA YEY T 7)He] AT} °l
% A A8 JAF3A )
ol 28 AR A5 oSS HEAT
%‘% 6H Ao & g
KO SPI** B o 2 F§ AF A F
T AT BHS

elde g

|o
2 °
,> o
T
_E, ro{l loi’
i) (i
2
e =
172
r !
N o _1{)1
_>.:
rlr

Eﬂ_l
o 42 59 o ]H %
ARG o Y I3tz st Gt o]
#3285 A Lﬂ 3 o = Kwon et al.
(2005)‘3] 7H“é -Zré'. \_H NN WA BATE ]% U EY
AEe 28 01]

o

FHA WEYIE FA31
HEOE A S8 AR AF
¥4 9 242 KOSPIY 5

A elste A8 4

EEREPEL e
R B FHAFAFUE
28 7490 ASHIAE A4RAA 748 =922
0.2 se] 3] T4 A%l A5 Ashel thalA 243
Ao E Ao A, @A B oolo] e A @t



342

Insu Choi + Woo Chang Kim

2.dole € AT E 2o B2 Q@A o Aol fom @ Aol 7} §le A
Z yeetr 482 s
2.1 djojg A% 2 4

£ ATFolAE=2016F 1€ 1Y 5E 20219 1149 30L 744 9] WSS

71be QTE S HolE w49 71tz AAsiTh o]

T oo A AT Y g 5o tFUENIY & 214004 A5d BlolE o] 22 5 Eol 7] = $AF
A5 A AP 71 2 V1A S e g A 713t &84%7W}@wmbﬂﬁ***”*°ﬂﬂa—0L
220169 1€ 19EH 2020 129 31Q 0]t KOSPIY] 8 a=0.05, a =001 FFA 3T AR FAF| TAHCZ
%9 230 g H2E 717422021 19 12 P,—E1 2021 fre U]%%«l“]““‘/} 3 A AR B =R Aol A
1€ 3092 ARG Ao Abgd j}xﬂ & AR A5 EENEZ LA B 28 ol F shiolnE At A
= <Table 1>3} 240] 20209 712 24 2¢ A& A2S 7] S A8t 7 74 A4, Jarque-Bera 7 Xﬁ% Shapiro-Wilk 7
%2%%?7Vﬁﬂﬂqaﬂ%ﬂd#ww43%4%%%} 4%M%ﬂ%°ﬁ:1ﬁ4mm4 < Hloe g tisj A
ek 49 207) Fksk ol & thEtE 3¢ AS 208 M T AB 2R A4 e BEehs delH de fled
Astg o oo 71g F4 X]—/F(EurOStoxx, = 96 wE  Jarque-Bera A9 A TA T IBS} Shapiro-Wilk 242 A
292 Meste] & 49 Holg de AAFAT 1a A B SAT W= T FAL o Aok EI A4 (stationarity)
7v3lo) WOl AL 93] 7 27} 2 2§ A A A e sk & = 5487 98k Augmented Dickey-Fuller 778 & A A13131
2o 9l= Q) o] oo T ®rEHAT) o] W] 2o A¢  SH, Augmented Dicky-Fuller 8] 457 % DFE &3}

ISO 3166-1 Alpha-3 2=

A, 91

S BT & ATl M=
A ZEHE T7PER AT AAF Apo]7h 24A13E o) o] U=
Hole o] A7t Eebdol mek & Aol A
Aoetaat sk oA o Akl Tt A AL 2

ATAA AEE T8 AR e Hh ARF Afol = 244

ae  2uH9 BE

frEs Aol

st &

Table 1. Selected global market indices(Worldbank, 2021)
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Country Financial index Abbreviation
United States Standard and Poor's 500 USA(S&P500)
China Shanghai Stock Exchange Composite Index CHN(SSE)

Japan Nikkei 225 JPN(NIKKEI225)
Hong Kong Hang Seng Index HKG(HSI)
United Kingdom Financial Times Stock Exchange 100 GBR(FTSE100)
Canada Standard and Poor's Toronto Stock Exchange Index CAN(TSX)

India Bombay Stock Exchange Sensex Index IND(SENSEX)
Saudi Arabia Tadawul All Share SAU(TAS)
Germany Deutscher Aktienindex DEU(DAX)
South Korea Korea Composite Stock Price Index KOR(KOSPI)
Switzerland Swiss Market Index CHE(SMI)
Australia Standard and Poor's Australian Securities Exchange 200 AUS(ASX200)
Iran Tedpix IRN(TEDPIX)
South Africa South Africa Top 40 ZAF(SA40)
Brazil Bovespa BRA(BVSP)
Spain Iberian Index 35 ESP(IBEX35)
Russian Federation Moscow Exchange Index RUS(MOEX)
Singapore Financial Times Stock Exchange Singapore SGP(FTWISGPL)
Thailand Stock Exchange of Thailand Index THA(SET)
Indonesia Indonesia Stock Exchange Index IDN(IDX)
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Table 2. Descriptive Statistics

Financial Index |Average ]i:?:z:i Minimum [Maxmium| Q1 |Median| Q3 |[Skewness| Kurtosis | W p?\i}? IB p-(\;;h;e DF p;vDalije
US(S&P 500) 0.0006| 0.0116 | -0.1277 | 0.0897 |-0.0029|0.0008 | 0.0053 | -1.1422| 22.7413|0.7978 | 0.0000""[32139.2102| 0.0000™"|-11.8845| 0.0000™"
China(SSE

ina(SS 0.0001| 0.0113 | -0.0804 | 0.0555 |-0.00490.0006 | 0.0055 | -0.9475| 7.0195]0.9148 | 0.0000""| 3140.8410| 0.0000™"|-17.5039| 0.0000
Composite Index)

Japan(NIKKEI 225)| 0.0003| 0.0128 | -0.0825 | 0.0773 |-0.0054|0.0006 | 0.0065 | -0.2022| 5.7324|0.9290 | 0.0000""| 1967.6890| 0.0000|-15.5226| 0.0000""
Hong Kong(H
s:;?; ongMang |5 0001] 0.0117 | -0.0572 | 0.0492 | -0.0061|0.0008 | 0.0069 | -0.4237| 1.9633|0.9752 | 0.0000| 275.1089| 0.0000"|-39.0400| 0.0000
UK(FTSE 100) 0.0001| 0.0106 | -0.1151 | 0.0867 | -0.0045|0.0006 | 0.0052 | -1.0709| 16.2227|0.8810 | 0.0000""|16561.3404| 0.0000™"|-12.5651| 0.0000""

v |158379.369
Canada(S&P TSX) | 0.0003| 0.0103 | -0.1318 | 0.1129 | -0.0030(0.0008 | 0.0043 | -2.0842| 50.6303|0.6883 | 0.0000 ;| 0:0000|-12.3829/ 0.0000
India(BSE Sensex) | 0.0005| 0.0114 | -0.1410 | 0.0859 |-0.0043|0.0008 | 0.0061 | -1.6197| 25.4506|0.8330 | 0.0000"[39649.2574| 0.0000"|-11.0492| 0.0000""
Saudi Arabi

audi Arabia 0.0003| 0.0107 | -0.0868 | 0.0683 |-0.0042|0.0007 |0.0057 | -1.1379| 10.8445| 0.8844 | 0.0000"""| 7460.4110| 0.0000™"|-13.0756| 0.0000
(Tadawul All Share)

Germany(DAX) 0.0002| 0.0138 | -0.1202 | 0.0923 |-0.0058|0.0007 | 0.0071 | -1.2129| 13.2195|0.8754 | 0.0000"[10901.4922| 0.0000™"|-14.2278| 0.0000""
Republic of K
(;(p)“spg" O 1 0.0003| 0.0106 | -0.0877 | 0.0825 |-0.0040(0.0007 | 0.0058 | -0.2985 9.9300]0.9023 | 0.0000"| 5883.4861| 0.0000"""|-23.6737| 0.0000
Switzerland(SMI) | 0.0002| 0.0095 | -0.1013 | 0.0678 | -0.0043|0.0006 | 0.0050 | -1.0183| 13.1323|0.9081 | 0.0000"|10863.4355| 0.0000 | -39.0720| 0.0000™"
S&P ASX 200) 0.0002| 0.0102 | -0.1020 | 0.0677 |-0.0039|0.0008 | 0.0051 | -1.3616| 16.1390|0.8522 | 0.0000"""[16636.5258| 0.0000™"| -9.7237| 0.0000""
Iran(TEDPIX) 0.0022| 0.0133 | -0.0634 | 0.0438 |-0.0028|0.0009 | 0.0069 | -0.0420| 2.2277/0.9351 | 0.0000""| 291.4920| 0.0000™"|-12.3667| 0.0000 "
South Africa(South . - -

) 0.0002| 0.0122 | -0.1045 | 0.0906 |-0.00560.0007 | 0.0066 | -0.5285| 10.1308]0.9167 | 0.0000""| 6337.1450| 0.0000™"|-13.7896| 0.0000

Africa Top 40)
Brazli(Bovespa) 0.0006| 0.0171 | -0.1599 | 0.1302 |-0.0074]0.0011 | 0.0096 | -1.2992| 16.3979|0.8720 | 0.0000"|16670.5274| 0.0000 | -13.4445| 0.0000™"
Spain(IBEX 35) -0.0001] 0.0131 | -0.1515 | 0.0823 |-0.0059]0.0004 | 0.0061 | -1.7886| 22.2852|0.8605 | 0.0000""[31917.0870| 0.0000 " |-13.4321| 0.0000""
Russia(MOEX) 0.0003| 0.0160 | -0.0888 | 0.0883 |-0.0080|0.0000 | 0.0095 | -0.1656| 2.3573|0.9762 | 0.0000""| 348.7780| 0.0000™|-37.8681| 0.0000 "
Singapore(FTSE - . ik
Singaporc) 0.0001| 0.0099 | -0.0826 | 0.1015 |-0.0042|0.0000 | 0.0046 | 0.0134| 17.5827]0.8618 | 0.0000""[19661.4793| 0.0000™"|-15.4846| 0.0000
Thailand(SET Index)| 0.0002| 0.0101 | -0.1143 | 0.0765 |-0.0039|0.0005 | 0.0047 | -1.9308| 26.7956|0.8065 | 0.0000""[43661.3450| 0.0000™"| -9.5879| 0.0000™"
Indonesia(Jakarta . - -
, 0.0003| 0.0102 | -0.0681 | 0.0970 |-0.0046/0.0007 | 0.0054 | -0.0934| 10.0150|0.9147 | 0.0000""| 5952.4901| 0.0000"|-12.2923| 0.0000
Composite Index)
EU(Eurostoxx 50) | 0.0002| 0.0120 | -0.1324 | 0.0883 |-0.0047|0.0005 | 0.0056 | -1.3793| 17.3493|0.8663 | 0.0000""[19359.1366| 0.0000™"|-12.8298| 0.0000""
Gold/USD 0.0003| 0.0085 | -0.0589 | 0.0469 |-0.0039|0.0006 | 0.0048 | -0.3593| 4.3211/0.9553 | 0.0000""| 1220.4851| 0.0000"|-38.0032| 0.0000 "
Bitcoin/USD 0.0023| 0.0406 | -0.4973 | 0.2276 |-0.0132{0.0022 | 0.0195 | -0.9125| 13.3728|0.9051 | 0.0000"""[16313.0964| 0.0000™"|-32.4521| 0.0000""
WTI/USD 0.0008| 0.0308 | -0.2822 | 03196 |[-0.0109]0.0021 | 0.0127 | 0.2014| 28.0467|0.7704 | 0.0000""[50766.9886| 0.0000™"| -9.6270| 0.0000™"
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E 55 A AT UEY]A s oA E&3 o] dEZ
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3.2.3 # o] A @ I (PageRank)

ZAHL Y EY T B0 QoA 7} o /\].Q_Qh A%
24, 257k A 9 e 2] 93 F4lol 93
= ATE 2AH3 A %ot} o] F Brin et al.(1999)°

v o+ &

9]
al
PageRank~ AL AA AR o A Fo] A 9] =95 &4
o A

A3 (eigenvector centrality) ¥} Katz
centrality) 5] Z]Eﬂ GAH S Bkt o“dé‘ 2 494 ok
o

= J—T%OE '/l:%]\q

PageRank S 7| 42tete W& tha3t 2ok U E 9] A0 NIA
gt e g, o] EYTE AcrRVN = A I E
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T 9| PageRankE H¥A4E 3t G H re RVE ol 2ol
A o 7 AL & T

r=(1—a)(I—ozATD_1)711 (8)
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2 8)l A IeERV N & @9l olr] 1RV E ZE U
7F1%1 @9 o], DERNV N & max(K/,,1) & Y42 3}

=g ggdo|t} oju] K& =& A Wolurts §3 4
T AFE gudth aE 004 1 Aol ghs 7HA & 24
Z|(damping factor)Z, & Ao A= PageRank & s+ A
o A ARE-E A 7k<1 0.852 8 U Th(Brin et al., 1999). 9
o] A& o] &3, AFAF ¥ H (power method)S 53l 5
2|4 0 & PageRank?] #<S £ 4 A H T} PageRank
o o] F 4 5 1Y FAA] Atk Kol7] Wi
B AFNAN 78S 55 AR M EATNA 81T =
7} Zte Yo Aotk v E A4S At

YA

—HLF_-.

T AF

324 78 24

HER A #H-S AA8H7] Aot tha3 2-& Dugué and
Perez(2015)2] #3F YIEY 2 3 Louvain ¥e] 5ol T3t
ATE ZEAtt g ATl E FFUEHNTY +33
£ Y8td 23 2 W EY T 2E 4 (modularity)S 2l
slsle= A o2 &8ttt o] W ZE A (modularity)S W E
943 Wol A doid o2 WHe AAE 7L e &k A

s 2] 9 -ri AHEE = , BEAC] Ate AL
A U AA(EE A Ag) Aol #AZ JE T 568
Aol o] #A o vlsl 2 AL ojn| et ohA Tal, 5k I1F

A

ol Wesl B RE4E REAY ghol FL nlat
1 di'd;
iy D o)

A IR e =iy 7R, S g = 9F LU
7VEAE nEY o =174199 5+ Kroneckerd] dE}o| T},

npA g0 2 & 34 E 4 (resolution parameter) ©] TF.

4. A3

ook

23}
4.1 v EQ T 74 A3} oS4

B ATl M= ETERZ 449 29 #h< T3 =4 p-3tol

Table 3. Network-level Network Measures of Global Financial Market Index Network

Attribute a=0.1 a=0.05 a=0.01
Total Connected Nodes 24 24 24
Total Connections 314 257 140
Network Density 56.88% 46.56% 25.36%
Maximum Degree Centrality 40 37 25
Minimum Degree Centrality 16 10 2
Average Degree Centrality 26.17 21.42 11.67




346

AU (TAS;

Insu Choi

100)

1rn{(TED)

00)

EU(E

Figure 1. Global Financial Market Index Network(c = 0.1)

U (7AS)

225)

£U (@

Figure 2. Global Financial Market Index Network(a = 0.05)

S
>
EHD
| AN
AT
I
NS
S
s

g
AR
\\ l \V/l\'\\
ﬂb\‘ .

V
7

W
%
N

’»(,p
é'r
AL
0
2
P

\
P.v

[
V9
N

>'4
A
S

b

(/

Y

e
Vyp

I/
5

[
A,‘

Figure 3. Global Financial Market Index Network(a = 0.01)
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Table 4. Clustering results

IND (SENSEX)

BRA (BVSP)

® HKC (Hsh)
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ZAF (SA40)

GBR (FTSE100)

Figure 8. Global Financial Market Index Network Including Clustering Results

Country Financial Market Index Abbreviation # of Cluster
United States Standard and Poor's 500 USA(S&P500) 1
China Shanghai Stock Exchange Composite Index CHN(SSE) 1
Japan Nikkei 225 JPN(NIKKEI225) 1
Hong Kong Hang Seng Index HKG(HSI) 1
United Kingdom Financial Times Stock Exchange 100 GBR(FTSE100) 2
Canada Standard and Poor's Toronto Stock Exchange Index CAN(TSX) 1
India Bombay Stock Exchange Sensex Index IND(SENSEX) 3
Saudi Arabia Tadawul All Share SAU(TAS) 3
Germany Deutscher Aktienindex DEU(DAX) 1
South Korea Korea Composite Stock Price Index KOR(KOSPI) 1
Switzerland Swiss Market Index CHE(SMI) 1
Australia Standard and Poor's Australian Securities Exchange 200 AUS(ASX200) 1
Iran Tedpix IRN(TEDPIX) 1
South Africa South Africa Top 40 ZAF(SA40) 1
Brazil Bovespa BRA(BVSP) 3
Spain Iberian Index 35 ESP(IBEX35) 2
Russian Federation Moscow Exchange Index RUS(MOEX) 2
Singapore Financial Times Stock Exchange Singapore SGP(FTWISGPL) 3
Thailand Stock Exchange of Thailand Index THA(SET) 1
Indonesia Indonesia Stock Exchange Index IDN(IDX) 2
EU EuroStoxx 50 EuroStoxx 50 3
- Gold/USD Gold/USD 2
- Bitcoin/USD Bitcoin/USD 1
- WTI/USD WTI/USD 3
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Table 5. Experiment Results(average accuracy of 100 time simulations)

ML Algorithm Benchmark Experiment 1 Experiment 2  Experiment 3 ~ Experiment 4  Experiment 5
XGBoost 0.4961 0.5659 0.5736 0.4729 0.4651 0.5426
LightGBM 0.4806 0.5814 0.5659 0.4496 0.5194 0.5271
CatBoost 0.4651 0.5504 0.5659 0.4806 0.5194 0.5271

HardVotingClassifier 04806 0.5736 0.5659 0.4651 05039 05504

(with equal-weights)

Table 6. Experiment Results(average F1 score of 100 time simulations)

ML Algorithm Benchmark Experiment 1 Experiment 2 Experiment 3 ~ Experiment 4  Experiment 5
XGBoost 0.5752 0.6164 0.6043 0.5584 0.5175 0.6093
LightGBM 0.5442 0.6250 0.6056 0.5298 0.5694 0.5793
CatBoost 0.6102 0.6234 0.6216 0.5839 0.6026 0.6013

SoftVotingClassifier 05732 0.6309 0.6164 0.5605 05616 06133

(with equal-weights)
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Table 7. Average Feature Importance of Experiment |
XGBoost LightGBM CatBoost
Average Average Average
Index Mean(]SHAP|) Rank Index Mean(|SHAP|) Rank Index Mean([SHAP|) Rank
Value Value Value
USA(S&P500) 0.4253 1 Gold/USD 0.3911 1 Gold/USD 0.1393 1
Gold/USD 0.4237 2 USA(S&P500) 0.3464 2 DEU(DAX) 0.1299 2
SAU(TAS) 0.3942 3 DEU(DAX) 0.3048 3 USA(S&P500) 0.1109 3
Bitcoin/USD 0.3915 4 RUS(MOEX) 0.2734 4 IND(SENSEX) 0.0966 4
DEU(DAX) 0.3722 5 SAU(TAS) 0.2624 5 BRA(BVSP) 0.0795 5
RUS(MOEX) 0.3246 6 IDN(IDX) 0.2600 6 CAN(TSX) 0.0721 6
IND(SENSEX) 0.3196 7 Bitcoin/USD 0.2558 7 AUS(ASX200) 0.0713 7
JPN(NIKKEI225) 0.2992 8 IND(SENSEX) 0.2424 8 JPN(NIKKEI225) 0.0690 8
CHN(SSE) 0.2982 9 IRN(TEDPIX) 0.1910 9 Bitcoin/USD 0.0617 9
IDN(IDX) 0.2649 10 JPN(NIKKEI225) 0.1902 10 IRN(TEDPIX) 0.0569 10
SGP(FTWISGPL) 0.2560 11 AUS(ASX200) 0.1848 11 HKG(HSI) 0.0541 11
CAN(TSX) 0.2393 12 CHN(SSE) 0.1798 12 SAU(TAS) 0.0524 12
AUS(ASX200) 0.2310 13 SGP(FTWISGPL) 0.1627 13 IDN(IDX) 0.0454 13
CHE(SMI) 0.2251 14 THA(SET) 0.1607 14 CHE(SMI) 0.0435 14
HKG(HSI) 0.2227 15 HKG(HSI) 0.1474 15 WTI/USD 0.0367 15
THA(SET) 0.2186 16 WTI/USD 0.1465 16 RUS(MOEX) 0.0323 16
IRN(TEDPIX) 0.2143 17 CHE(SMI) 0.1448 17 CHN(SSE) 0.0309 17
WTI/USD 0.1934 18 CAN(TSX) 0.1399 18 SGP(FTWISGPL) 0.0253 18
GBR(FTSE100) 0.1667 19 GBR(FTSE100) 0.1377 19 EuroStoxx 50 0.0211 19
BRA(BVSP) 0.1612 20 BRA(BVSP) 0.1254 20 GBR(FTSE100) 0.0200 20
ZAF(SA40) 0.1339 21 EuroStoxx 50 0.0941 21 ESP(IBEX35) 0.0173 21
ESP(IBEX35) 0.1207 22 ZAF(SA40) 0.0864 22 THA(SET) 0.0171 22
EuroStoxx 50 0.1185 23 ESP(IBEX35) 0.0838 23 ZAF(SA40) 0.0156 23
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Table 8. Average Feature Importance of Experiment 2
XGBoost LightGBM CatBoost
Average Average Average
Index Mean(]SHAP|)  Rank Index Mean([SHAP|) Rank Index Mean([SHAP|) Rank
Value Value Value
Bitcoin/USD 0.5628 1 Bitcoin/USD 04115 1 DEU(DAX) 0.1839 1
CAN(TSX) 0.5066 2 DEU(DAX) 0.3825 2 CAN(TSX) 0.1746 2
DEU(DAX) 0.4354 3 USA(S&P500) 0.3343 3 USA(S&P500) 0.1637 3
CHN(SSE) 0.4081 4 CAN(TSX) 0.3277 4 Bitcoin/USD 0.1517 4
USA(S&P500) 0.3950 5 CHN(SSE) 0.3004 5 JPN(NIKKEI225)  0.1325 5
HKG(HSI) 0.3828 6 HKG(HSI) 0.2842 6 CHN(SSE) 0.1265 6
THA(SET) 0.3644 7 IRN(TEDPIX) 0.2754 7 AUS(ASX200) 0.1254 7
AUS(ASX200) 0.3563 8 AUS(ASX200) 0.2689 8 IRN(TEDPIX) 0.1244 8
JPN(NIKKEI225)  0.3543 9 THA(SET) 0.2559 9 HKG(HSI) 0.1134 9
IRN(TEDPIX) 0.3374 10 JPN(NIKKEI225) 0.2449 10 CHE(SMI) 0.0897 10
CHE(SMI) 0.2602 11 ZAF(SA40) 0.1546 11 THA(SET) 0.0868 11
ZAF(SA40) 0.2419 12 CHE(SMI) 0.1535 12 ZAF(SA40) 0.0613 12
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