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Abstract

Due to the impact of the public health event COVID-19 epidemic, the Chinese futures market
showed "Black Swan". This has brought the unpredictable into the economic environment with many
commodities falling by the daily limit, while gold performed well and closed in the sunshine(Yan-Li
and Rui Qian-Wang, 2020). Volatility is integral part of financial market. As an emerging market
and a special precious metal, it is important to forecast return of gold futures price. This study
selected data of the SHFE gold futures returns and conducted an empirical analysis based on the
generalised autoregressive conditional heteroskedasticity (GARCH)-type model. Comparing the
statistics of AIC, SC and H-QC, ARMA (12,9) model was selected as the best model. But serial
correlation in the squared returns suggests conditional heteroskedasticity. Next part we established
the autoregressive moving average ARMA-GARCH-type model to analysis whether Volatility
Clustering and the leverage effect exist in the Chinese gold futures market. we consider three
different distributions of innovation to explain fat-tailed features of financial returns. Additionally,
the error degree and prediction results of different models were evaluated in terms of mean squared
error (MSE), mean absolute error (MAE), Theil inequality coefficient(TIC) and root mean-squared
error (RMSE). The results show that the ARMA(12,9)-TGARCH(2,2) model under Student’s
t-distribution outperforms other models when predicting the Chinese gold futures return series.
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Fe 3% 447 39 £4 7 A 208
o]  FHojgth(Bin Hui-Wu and  Ting
Ting-Duan, 2017). ZAI7} &dgtel wet F=
FE AEAFS FA 304 B9 S5 4
< AYLeH(Wu et al,, 2020), 72 AA Al
e = AiFolAt 7 Aav|Fola, =3k A
7} AFetAA F=e 5 FavE A 5o
Zolth(Ni-Zhao et al., 2015). & At &
ol FHE FEAFL 2000 o] F A=)
o}, Asto] F AA(SGE)7F 200210 217
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&=t 3 ol F AE Al A%
Z7letda A FRE AXEA F AEAF
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W = A =3 gt dAe Faskt
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Wong, 2015; Daskalaki et al., 2017; Alkhazali
and Zoubi, 2020). Bentes (2015)= 2} 4 3
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HEE ARIMA 23 o|th(Mallikarjuna and Rao
2019; Challa et al., 2020; Dong et al,, 2020),
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A Z18 o]E2H Autoregressive Conditional
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Fig. 1. China Futures Market Trading Quantity Fig. 2. China Futures Market Trading Volume

and Change Ratio
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Fig. 3. Annual Growth of Trading Quantity and Trading Volume of Gold Futures in SHFE

(Unit: Million Tons/ Trillion RMB)
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Fig. 4. The Proportion of Trading Volume of Each Variety of Chinese Commodity Futures in 2021
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Table 1. World Top 20 Commodity Futures Trading Quantity in 2021

(Unit: Lots)
Ranking Futures Contract Trading Quantity(T+2l/Lots)
1 Sctew Thread Steel(SHFE) 655,986,710
2 Silver(SHFE) 231,447,606
3 Hot Rolled Coils(SHFE) 220,457,606
4 Iron Ore(DCE) 174,412,025
5 Nickel(SHFE) 172,165,580
6 Aluminum(SHFE) 131,457,870
7 Ferrosilicon(ZCE) 95,241,196
8 Gold(BIST) 93,557,193
9 Manganese(ZCE) 80,496,126
10 Zinc(SHFE) 69,341,255
11 Silver(MOEX) 67,378,342
12 Copper(SHFE) 64,107,155
13 Gold(GC), COMEX 58,464,997
14 Aluminum(LME) 57,670,339
15 Gold(MOEX) 48,466,085
16 Silver(MCX) 47,357,929
17 Gold(SHFE) 45,412,161
18 Stainless Steel(SHFE) 40,468,072
19 Copper(LME) 29,691,402
20 Stannum(SHFE) 27,012,409
Source: FIA
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Fig. 5. Histogram and Stats
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Table 2. Descriptive Statistics of Returns Series

Series d(log( gold price))
Mean 0.000216
Median 9.52e—05
Maximum 0.052832
Minimun -0.053075
Std. Dev. 0.009742
Skewness -0.1269
Kurtosis 6.5319
Jarque—Bera 1650.42
p-value 0.0000
Table 3. ADF Test
t—Statistic p 1% level 5% level 10% level
gold =1.7572 0.7572 -3.9609 -3.4112 -3.1274
Ingold -1.9293 0.6387 -3.9609 =-3.4112 -3.1274
R, -58.8170 0.0000 -3.9609 =-3.4112 -3.1274
Table 4, PP Test
t-Statistic p 1% level 5% level 10% level
gold -1.4168 0.5756 -3.4322 -2.8622 -2.5672
Ingold -1.67988 0.4415 -3.4322 -2.8623 -2.5672
R, —58.8941 0.0000 -3.4322 -2.8623 -2.5672

2y 2o}k, 5 (skewness) Zr-2 -0.12690f 4]
SFE Yo rg E¥7} 9E0 2 tAh
wE 7HAL e AE 2

(kurtosis)7} 6.53190|4] 31

e

kv

o}, (Fig. )& RH ZAje] X+
o T mEE AL YL 1 X
(Leptokurtic)® YERN™, p(0.0012 99%2]
2 E|F7Ee A Jarque Bera B-Al%Fl <Ak
LX) AarEEele AYUMES 717 Aol

2 =iolA AMgete AAE ABES
He2S Zie BAIAAHR AAdelm=E
ARIMA - GARCHE Y-S F%3}7] ol u]g%4
AALE A 7IAEE WEs o B4e

A7) e T A7) 2o 7 g <
T B ARES 2a5E AARE B2

ADF(Augmented Dickey-Fuller) A3} PP
(Phillips-Perron) 73S AF&3la] AlA|He] o
XS B3 ATHEn Zhen-Liu and Ji Fu-Ju,
2021),

(Table 3)$} (Table 5) oA Yeht vfe} 2+
o] & AE 7H4 W= ADFAAH PP
p-valueZ7} 25 Fo4F suHETE 714 Gl
o ZAFTIE AL S48 5 glonz
ARl BAHoleka & 5 ik, B AE 7
o) vlePgAALS SN AR W]



Fig. 6. Correlogram
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Table 5. Estimation and Evaluation Summary of Tentative ARMA Models

Model AR MA AlC SC H-QC
ARMA(9,9) -1.335719 1.571782 -6.425759 —6.418088 —6.423007
ARMA(12,12) -0.102478 0.216586 -6.424362 —6.426691 -6.421610
ARMA(9,12) 3.582045 *** 2.910034 ™ —6.426940 -6.419270 -6.424188
ARMA(12,9) 2.881149 ™ 3.720609 ***  —6.427056 —6.419385 -6.424304
AR(9) 3.606846 *** -6.425791 -6.420038 -6.423727
MA(9) 3.745532 ™ —6.425921 —6.420168 —6.423857
AR(12) 2.952067 ** -6.424979 -6.419226 -6.422915
MA(12) 2.976914 ™ —6.424991 -6.419238 —6.422927

Note: * p{0.1, ™ p<0.05, ™ p<0.001

Adete] BhgoR2E AdRIE —J’E& HrES Box-Jenkins WHES AME3t T WEF 2

13} 2158 & ADF A% 2 pp AL A3} & (Univariate Model) S 723181 sttt 24
Aot AA Ay 1Y 13} 22 %" AE =2 9] AJZH The Most Optimal Lags)Z 27| 93|

a7E HFE2 1% FoFEddA -‘?']EO] AME THE AR 2 MA AAE Bl 2Eskgich A}

EAEHA e A A=

2. ARVARY F=

o] AMME= &+

HNE 2O

Tl o
ARMAR S FZ3}1, ARMAR3

s
Tzel

7] A& dF=(Autocorrelation Function : ACF)
¢} BB =}7] A gk (Partial Autocorrelation
Function : PACF)%® AF2-E| ¢tk (Pahlavani and
Roshan, 2015). Akaike and Schwarz®] K
71EE HHo RS 23] Sl ARS-E I

o] mal HA A B ARMA99EY
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Table 6. Heteroskedasticity Test: ARCH for ARMA 23

F-statistic 87.36548 Prob.F(1,3156) 0.0000
Obs*R-squared 85.06601 Prob.Chi-square(1) 0.0000
Fig. 7. Actual, fitted and residuals under ARMA(12,9)
.06
- .04
- .02
.00
- -.02
- -.04
- -.06
j 21 '22
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Table 7. In-sample estimations of the ARMA-GARCH

Gaussian Students T GED
ARMA(12,9)-GARCH(1,1)

Coefficient z-Statistic Coefficient z-Statistic Coefficient z-Statistic
AR 0.039842 2.220548 0.030766 1.839545 0.028121 1.894889 *
MA  0.031105 1.661307 0.025402 1.501491 0.015457 1.023749

4.30E-07 4074748 5.13e-07 2.552792 ** 4. 22807 2.259109 **
a  0.048081 16.64963 ** 0.058582 6.875172 ™" 0.053084 7.537030 ***
By 0.949283 332.3298 " 0.942315 129.5609 **  0.945020 140.7390 ***

ARMA(12,9)-GARCH(2,1)
AR 0.044305 2.494984 0.032058 1.935461 * 0.028633 1.945019 *
MA  0.038240 2.107997 0.026693 1.595346 0.016843 1.125808
¢ 257E-07 3.682823 ™" 3.48E-07 2.273392 2.80E-07 2.021086 **
o, 0.104273 7.137249 ™ 0.116265 4,003135 ™ 0.105457 3.773753 ***
ay  —0.06856 —4.588311** -0.06933 —23.7056 ** -0.06336 —2.21559 **
B 0.962705 386.5467 *** 0.954145 144,239 ™ 0.956743 158.5576 ***
ARMA(12,9)-GARCH(1,2)

AR 0.038786 2.163041 0.030497 1.831363 * 0.027911 1.886316 *
MA  0.033743 1.815250 0.025842 1.531531 0.016216 1.074887

6.45E-07 3.998171 ™ 7.61E-07 2.463258 ** 6.40E-07 2.208979 **
a  0.074708 13.52880 *** 0.091312 6.311177 ™ 0.083836 6.796842 ***
By 0.261263 3.631713 ™~ 0.283367 1.831759 0.253511 1.775966 *
By 0.659839 9.588820 *** 0.626795 4,228429 **  0.659703 4.815995 ***

ARMA(12,9)-GARCH(2,2)

AR 0.038761 2.228513 0.030862 1.855625 * 0.027914 1.888466 *
MA  0.038391 2.208551 ™ 0.025978 1.544421 0.016156 1.073676
¢ 1.48E-08 2.000771 6.32E-07 2131392 ** 5.63E-07 1.999127 **
oy 0.100569 9.511276 *** 0.104547 3.989595 ** 0.092771 3.877181 **
ay  —0.09753 -9.623308 ** -0.0259% —0.70565 -0.01687 -0.48914
By 1.763863 53.13488 " 0.427963 1.495923 0.341674 1.234624
By -0.76703 -23.65172** 0.494869 1.838183 * 0.57987 2.222893 ™

Z7 p0.1, ™ pg0.05, ** p¢0.001

0

Pk, weka] B AgtelAlE GARCH(L,1D)E
3, GARCH(12)23, GARCH(2,1HE3¥ =
GARCH(2, 2)28-& &-83% Ao|},

FAE mEgE AL e 23 EX

(Leptokurtic)S A ™3s}7] $J3] ARIMA-GARCH

[¢]

2

RPES BT GED R, Students t ¥,
Gaussian -3 A 7H4] k2 £2E 32t
AL A2 B ARMA(12,9)-GARCH(1,1) &
3 g ARMA(12,9)-GARCH(2,1) 23 ] ARCH
33} GARCH3-S GED #3F Student’s t £ 3
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Table 8. Model Selection Criterion

Gaussian Students T GED
ARMA(12,9)-GARCH(1,1)
AlC —6.585742 —6.676465 —6.68539
SC -6.574200 —6.662998 —6.67192
H-QC -6.581601 -6.671633 —6.68056
ARMA(12,9)-GARCH(2,1)
AIC -6.588996 —6.677485 —6.686387
SC -6.575529 —6.662095 —6.670997
H-QC -6.584164 -6.671963 —6.680865
ARMA(12,9)-GARCH(1,2)
AIC -6.588021 -6.677290 —6.686361
SC —6.574554 —6.661900 —6.670971
H-QC -6.583189 -6.671768 —6.680839
ARMA(12,9)-GARCH(2,2)
AIC -6.599836 -6.67679 —6.685816
SC -6.584445 —6.65947 —6.668502
H-QC -6.594313 -6.67057 —6.679604

2 Gaussian XA B5F 3= p(0.05 oA
frolgt A3E & 5 vk B3 ARMA(12,9)-
GARCH(1,2)28-& GED ¥, Student’s t ¥
¥ 9 Gaussian BENA p(0.1 oA F2J3t
A7} JERY I, ARMA(12,9)-GARCH(2,2) 5.
3L Gaussian FENAMTF F-2] 35 7HA]aL T,
AIC, SC ¥ H-QC HA|X& H|ashd GED
EEol|A ARMA(12,9)-GARCH(2,) 2 g
ZHolzglx & 4 At} ARMA(12,9)-GARCH
(2,)E3-& ©@7]A&A(short run persistence)<
e & ARCHE| AlF7F 5%9] frolgellA
#oJ8tg e, A71#€A(long run persistence)
< YERE ARCH+GARCHY] Al 0,998418
2 1o 7k FH)e oz 1HTh Fow,
SAHSR frofstdtt. olelgt 2ARE Tl
° AEVE FUES FAHIEU SlolA
ARMA(12,9)-GARCH(2,) 282 WEAe +
el 4T ARE 7PEAER 58S 23S
A= Ao YERGTE ARMA(12,9)-GARCH
Q2DEH AN HEFFe 49 &L A
o] WE/do] mEe WEA sEet A=
HoldlE Art EAlgts A3E SIS

5. ARMA(12,9)-IGARCH 2 &

ARMA- IGARCHE B o)A ¢tAA =48 7t
ZAZIARE 2 50] HEAde Fekeh v W
A FgFE of i3l
ARMA-IGARCHE 8% 70|t} Integrated
GARCHEEL a+ 3=1 3 A$L=E A3},

(Table 9) & E84] ARMA(12,9)-IGARCH
(1,D23 2 ARMA(12,9)-IGARCH(2,1) 2.8 2]
ARCH3®}} GARCHSHS GED #3, Student’s t
22X 2 Gaussian EXA EEF A=
p<0.05 oA #-28t 2FE & & Qrh. m=dk
ARMA(12,9)-IGARCH(1,2)E¥ & GED #X,
Student’s t ¥ % Gaussian ¥X oA p(0.1
oA fogt At YERIIL, ARMA(12,9)-
IGARCH(2,2) 282 Gaussian XA
Student’s t XA ARCH3}Z GARCHS}F
BT A= p(0.01 oA Fogk ARE &
£ Aolal, GEDEH A 4,2 F25tA] ¢
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Table 9. In-sample estimations of the ARMA-IGARCH

HE A 71 W) o 24 2 o 223

Gaussian Students T GED
ARMA(12,9)-IGARCH(1,1)
Coefficient z-Statistic Coefficient z-Statistic Coefficient z-Statistic
AR 0.040609 2.444533** 0.030135 1.864915 * 0.027984 1.935030 *
MA  0.031436 1.822051" 0.026382 1.620978 0.016103 1.097337
e} 0.037089 21.45594*** 0.040913 9.584471 = 0.04054 9.865859 ***
B 0.962911 557.0490** 0.959087 2246799 *** 0.95946 233.4944
ARMA(12,9)-IGARCH(2,1)
AR 0.045836 2.766837 " 0.032098 2.009573 ** 0.028247 1.962563 **
MA  0.040501 2.410490** 0.028319 1.760365 * 0.018341 1.129153
a;  0.099396 8.049266 0.103636 4.615248 0.099390 4188978 ***
oy —0.070918 -5.53262**" -0.072069 -3.09974 *** -0.067203 -2.72381
1654 0.971522 564.2992*** 0.968433 249.2213 ** 0.967813 247.2804 ***
ARMA(12,9)-IGARCH(1,2)
AR 0.040010 2.402587** 0.029947 1.859438 * 0.027644 1.915044 *
MA  0.034360 1.998851** 0.026910 1.655143 * 0.016647 1.133668
Q 0.059119 16.25574*** 0.066058 7.782876 0.065805 8.130538 ***
By 0.281761 3.604187*** 0.282728 1.778625 * 0.262685 1.733038 *
Ba 0.659120 8.688080 0.651214 4.234260 0.671510 4572392 ***
ARMA(12,9)-IGARCH(2,2)
AR 0.03815 2.227440™ 0.029665 1.874259 * 0.028238 1.941451 *
MA  0.037741 2.231836™" 0.027491 1.700667 0.015822 1.081898
o;  0.095454 11.10912* 0.09433 6.136802 *** 0.039065 7.711441
oy —0.09323 -11.1485"" -0.09224 -6.15580 *** 0.043406 7.697294
By 1.785880 70.29233** 1.794096 40.156668 *** -0.02859 -1.37653
By —0.788101 -31.5121™ -0.79619 -18.0904 *** 0.946121 43.16996 ***
Note: * 0.1, ** p€0.05, *** p€0.001
Table 10. Model Selection Criterion
Gaussian Students T GED
ARMA(12,9)-IGARCH(1,1)
AlIC -6.585052 -6.67202 -6.68278
SC -6.575433 -6.6624 -6.67316
H-QC -6.581600 -6.66857 -6.67933
ARMA(12,9)-IGARCH(2,1)
AlC -6.585052 -6.674331 -6.684808
SC -6.575433 -6.662789 -6.673265
H-QC -6.581600 -6.670190 -6.680666
ARMA(12,9)-IGARCH(1,2)
AlIC -6.58221 -6.673170 -6.68395
SC -6.57259 -6.661627 -6.67241
H-QC -6.57876 -6.669028 -6.67981
ARMA(12,9)-IGARCH(2,2)
AlC -6.59925 -6.681898 -6.681879
SC -6.58771 -6.668432 -6.668412
H-QC -6.59511 -6.677066 -6.677046
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Table 11. In-sample estimations of the ARMA-TGARCH

Gaussian Students T GED
ARMA(12,9)-TGARCH(1,1)
Coefficient z-Statistic  Coefficient z-Statistic Coefficient z-Statistic

AR 0.039619 2.217986 ** 0.029994 1.797234 0.027952 1.884707 *

MA  0.030325 1.607476 0.025352 1.501381 0.015129 1.001401

c 4 34E-07 4129569 *** 5.08E-07 2.574423 4.22E-07 2.285255 **

« 0.053168 11.71716 ™ 0.067040 5.884089 *** 0.059139 6.011822

o4 -0.01018 -1.84572 " -0.017298 -1.32998 -0.01225 -1.01782

By 0.949222 328.5113 ™~ 0.942538 130.2810 ** 0.944998 141.0893 ***
ARMA(12,9)-TGARCH(2,1)

AR 0.04516 2.533782 ** 0.031632 1.912167 * 0.028687 1.942663 *

MA  0.037043 2.006178 ** 0.026748 1.601134 0.016423 0.95849

c 2.61E-07 3.778137 ™~ 3.61E-07 2.351097 ** 2.87E-07 2.088349 **

o 0.075008 3.755896 *** 0.102406 2.590815 *** 0.087919 2.275925 **

" 0.049484 1.806580 * 0.02766 0.539302 0.032572 0.639589

oy —0.03466 -1.68054 * —0.04692 -1.18947 -0.0399 -1.02016

Yo -0.06036 —2.24997 ** -0.04382 -0.86804 -0.04478 -0.89491

B 0.963341 384.6024 *** 0.953515 142.4249 ** 0.956702 159.0547 ***
ARMA(12,9)-TGARCH(1,2)

AR  0.038078 2.134846 ™ 0.029592 1.781471 0.027571 1.864896 *

MA  0.032846 1.753889 ** 0.025921 1.538998 0.016035 1.061879

C 6.55E-07 4089933 *** 7.59e-07 2.493644 ** 6.43E-07 2.243945 **

« 0.084102 11.63102 *** 0.105287 5.675956 *** 0.094589 5.914718 ***

04 -0.01821 -1.96037 * -0.02751 -1.36222 -0.02107 -1.09349

B 0.244394 3.240954 * 0.268948 1.834156 * 0.241334 1.735731

Ba 0.676263 9.338492 ** 0.641036 4 557746 0.671486 5.026234 ***
ARMA(12,9)-TGARCH(2,2)

AR  0.050122 2.896573 *** 0.033809 1.970603 ** 0.025861 1.776891 *

MA  0.037172 2.086768 ** 0.038224 2.210296 ** 0.023223 1.568748

c 1.88E-08 2.178794 ™ 2.44E—08 2.143707 ** 3.84E-08 1.813791 *

a;  0.071058 57.49168 ** 0.085442 5.315160 *** 0.081228 3.524706 ***

" 0.063405 5.067037 *** 0.069373 2.856275 *** 0.05484 1.587293

oy =0.06042 721613 -0.078464 -4.82677 -0.07216 -3.13501 ***

Yo -0.07123 -5.61987 *** -0.072060 —2.97484 -0.05779 -1.67846 *

B 1.685866 4019.742™ 1.658631 569.5648** 1.667879 139.864C

Ba -0.6923 -3495.12"* -0.664702 -198.614™* -0.67572 -54.855¢™**

Note: * 0.1, ** p{0.05, *** £X0.001

AIC, SC ¥ H-QC SAIXE H|&3}lH GED
EZ oA ARMA(12,9)-IGARCH(2,1) 2 & o]
Holglal & 4 9t ARMA(12,9)-IGARCH
(2,123 A ARCH+GARCH®] A5 22 1
2 35 49 £52 YRy, ARMA(129)-
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Table 12. Model Selection Criterion

AE A 71 dEe O 24 4 A% 225

Gaussian Students T GED

ARMA(12,9)-TGARCH(1,1)

AIC -6.585636 -6.676413 -6.68511

SC -6.572169 -6.661023 -6.66972

H-QC -6.580803 -6.670891 -6.67959
ARMA(12,9)-TGARCH(2,1)

AIC -6.589468 -6.677060 -6.68582

SC -6.572154 -6.657822 -6.66658

H-QC -6.583256 -6.670157 -6.67892
ARMA(12,9)-TGARCH(1,2)

AIC -6.588055 -6.677266 -6.68614

SC -6.572665 -6.659951 -6.66882

H-QC -6.582533 -6.671053 -6.67993
ARMA(12,9)-TGARCH(2,2)

AIC -6.597141 -6.642558 -6.689139

SC -6.577903 -6.621396 -6.667977

H-QC -6.590238 -6.634965 -6.681545

6. ARMA(12,9)-TGARCH 28

=

:I;

= A& AAEL vdAd(asymmetry)©] )
=AE gotstr] ¥ste] GED £, Student’s
t £ 9 Gaussian £3E A ARMA-TGARCH
2 FHIEE s

TGARCHE &AM Al A, >0 o] S(-)¢]
FAo| & Y+ FARG g7l 7 A

=

B} og7]e] 5 AE 7HE0 o & 9FS v
2= Aotk (Ahmad and Ping, 2014; Wang et
al., 2013). ARMA(12,9)-TGARCH(1,1)23 9]
A& Gaussian EFEA] 10%9] F-olF
fol3ke], ARMA(12,9)-TGARCH(2,1) 2.8
2SS Gaussian EE A 10%9] §-o+F
A 331 ARMA(12,9)-TGARCH(1,2) 28
Gaussian XA p(0.05 oA
Jb UrERSITh. ARMA(12,9)-TGARCH

flo

Lo

flo

L o 2 fo x

[e)
-
A&
3 A

B

(2,2)28 & Student’s t ¥ % Gaussian 3
oA pL0.052 FoldS 7HAAL ok A#r)
vehta, AHERI S F§ AE HEFdE
o] AP AL FoFE SwolA BE Al
7b oolghs AFTHAE AYE F glomR
AFeZ B Fofstk gholgtal & 4 Qi
2l A9 ghol fost (9 #e %
ovZ YA 7} 7HR Yoz &
ARZF Y AR Bu "W5del o & %
A GoE Aoz s & gl

AIC, SC ¥ H-QC BAAE w3t GED
E3ZoA ARMA(12,9) - TGARCH(2,2)E3-2
HAolghal & = AT F5E 1000 BE
A7} oolgte HAFIMEE A  glon
2 HFHOZ Student’s t EEAA p(0.052
fFolAde 7HA = ARMA(12,9)-TGARCH
Q2RYES HHrFoz HAHIT. ARMA
(12,9)-TGARCHQ2 )R &L = F A& A%
oA vt kel v W-s/do] EAls)
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Table 13. Model Selection Criterion

Gaussian Students T GED

ARMA(12,9)-GARCH(1,1)

Q(10) 11.898(0.292) 8.2219(0.607) 8.8547(0.546)

LM(10) 11.70385(0.3054) 8.321175(0.5975) 8.906376(0.5410)
ARMA(12,9)-GARCH(2,1)

Q(10) 9.3981(0.495) 5.9215(0.822) 6.5673(0.766

LM(10) 8.860009(0.5454) 5.875328(0.8256) 6.432596(0.7777)
ARMA(12,9)-GARCH(1,2)

Q(10) 7.5431(0.673) 4.1435(0.941) 4.6617(0.913)

LM(10) 7.089377(0.7170) 4,078995(0.9437) 4,521759(0.9208)
ARMA(12,9)-GARCH(2,2)

Q(10) 2.9699(0.982) 4.3378(0.931) 4.8452(0.901)

LM(10) 3.102034(0.9789) 4.272082(0.9342) 4.682696(0.9113)
ARMA(12,9)-IGARCH(1,1)

Q(10) 20.728(0.023) 15.493(0.115) 15.644(0.110)

LM(10) 19.07841(0.0393) 14.67761(0.1443) 14.78519(0.1401)
ARMA(12,9)-IGARCH(2,1)

Q(10) 14.073(0.170) 10.782(0.375) 10.578(0.391)

LM(10) 12.54001(0.2505) 9.960835(0.4439) 9.761558(0.4617)
ARMA(12,9)-IGARCH(1,2)

Q(10) 14.753(0.141) 9.7242(0.465) 10.059(0.435)

LM(10) 1.06684(0.2200) 8.949559(0.5369) 9.182948(0.5148)
ARMA(12,9)-IGARCH(2,2)

Q(10) 3.1594(0.977) 3.0996(0.979) 15.795(0.106)

LM(10) 3.298452(0.9735) 3.242594(0.9751) 15.25437(0.1231)
ARMA(12,9)-TGARCH(1,1)

Q(10) 13.023(0.222) 9.5301(0.483) 9.7892(0.459)

LM(10) 12.72565(0.2394) 9.538776(0.4818) 9.765329(0.4613)
ARMA(12,9)-TGARCH(2,1)

Q(10) 9.6038(0.476) 5.8652(0.826) 6.4684(0.774)

LM(10) 9.038524(0.5285) 5.824616(0.8298) 6.336921(0.7862)
ARMA(12,9)-TGARCH(1,2)

Q(10) 8.8963(0.542) 5.2793(0.872) 5.6351(0.845)

LM(10) 8.328688(0.5968) 5.158321(0.8804) 5.438382(0.8600)
ARMA(12,9)-TGARCH(2,2)

Q(10) 4.2555(0.935) 3.8648(0.953) 3.1742(0.977)

LM(10) 4.272664(0.9342) 3.899226(0.9518) 3.224733(0.9756)

Ljung-Box FA-ou LM AX EFol|A o]t A =7 WA T YA BEEHr] S
e Yelgou, B¥o] FAHH T IAELS 3l Ljung-Box AL &3t Yol (Table

E=HAS wEoksiedl ZEE s &k
o] A71dHA AR L2 Ljungd Box (1978)7}
Aeket Ljung-BoxHAAS & 4 At} ARCH-
LM Test (Engle 1982)& A}g3ale] 3 AL
T 7 A AAE B3 ol ¥ Ayt
e FrE Aol

13)9] Q(10) BAXE HWA & F Uxo|
ARMA-GARCHEHE YARMA-TGARCHEH
E2 AFFFE 0.1 3tellx] MAZEFEY S o
2o AFMKEES 713 £ g diEdd =
T FA4F oA B3] AHAHS FH3Y
t}. ARMA-GARCHEEE A ARMA(12,9)-
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Table 14. Forecast Values of the Gold Return Series

AE A 71 dEe O 24 4 A% 227

D ReaRoum LRl lAGHB)  TOARGHED
4/01/2022 0.004848 —0.0001593 —0.000162 —0.000236
4/06/2022 —0.004342 0.0004734 0.000478 0.000688
4/07/2022 0.001416 0.0000121 0.000004 —0.000039
4/08/2022 0.003077 0.0001454 0.000162 0.000383
4/11/2022 0.008827 0.0003563 0.000365 0.000582
4/12/2022 0.005179 —0.0002408 —0.000250 —0.000382
4/13/2022 0.004905 0.0002837 0.000272 0.000273
4/14/2022 0.001334 0.0002331 0.000227 0.000261
4/15/2022 0.003843 -0.0002162 —0.000213 —0.000226

IGARCH(1,)2 8-S +=% u] Gaussian £E
oAl 71243 AF7E 10%e] F-oJgFolA #A
TS 714 EE AS & 4 Tt Student’s
t £ 2 GEDEXA ARMA(12,9)-IGARCH
QDRI AF7Hde 714 5 gl =3
ARCH-LM Test® Ljung-Box 7AAH 72 4
I2 2F HE T 54 e AAS T
o2t BE ol AHjAAS FHREHI.

~N

241 9 of

A

9] Ljung-Box A3 LM 7AAS SsiA
T BEEo] APAES FHHAY. T B
AIC, BCE 717 R3e HMrgolat 7t
TS (Miswan et al., 2013; Ahmad and Ping,
2014). GED #3ojlA ARMA(12,9)-GARCH

2,23 2 ARMA(12,9)-IGARCH(2,1) 8 &
p<0.05 oA F-2)3t A7} YE I AIC SC
9 Q-HC AH7|Fe =™ ARMA(12,9)-
GARCH(2,1)28 2 ARMA(12,9)-IGARCH(2,1)
2ol dlojgd Uigt YT} o i &
2 AW, ARMA-TGARCHRE. 8 E°] GEDE X
Al ARMA(12,9) - TGARCH(2,2)28-& A o]
2 & 5 AN ol E 10%A ZE A
F7F oolghe AEIMAS A 5 glonz
ZFXH O =2 Student's t XA p(0.052 F
)AL 71X 3 Y= ARMA(12,9)-TGARCH(2,2)
2ge HAZRrgorw HAAFJL, o] =&

flo to

Al 7EA B2 71E9l RMSE(Root  Mean
Squared Error), MAE(Mean Absolute Error) &
TIC(Theil Inequality Coefficient)E AR&-3}<]
(Pahlavani and Roshan, 2015) &= & A&7}
A g9 W sk dS5E B3t GED
E XA ARMA(12,9)-GARCH(2,1)23, GED
EFoA ARMA(12,9)-IGARCHR2,1)EE
Student’s t EEo|A ARMA(12,9)-TGARCH
(22)R3 9 dF &84S vusty, ¥ A2
BAAE 71X 2ol v HHe ByoF 1
#E Flolth

139 & AE dolH AES HEo=E
ARMA B2dg Hi WA 2oz Ae3}te] GED
TEA ARMA(12,9)-GARCH(Z, DEE 4
ARMA(12,9)-IGARCH(2,1) 28 2 Students t
EXA9] ARMA(12,9)-TGARCH(2,2) 23S
MAsEAL, o]F 2022\ 49 14HE 2022\ 4
2 1594 flel RYE Agste] 3 F A
2 714 wEAd g dlxe Fasisi
ol Ae)ze) o3 Ak (H 14) 6] A
ol it

24 dZe] 3845 o & SA437] S8
vl 713 &4 g ARt AR e 2
o] it Are}l o5 ARE Pt &
MSE(mean squared error)$F<=, MAE(mean
absolute  error)&4*, TIC(Theil inequality
coefficient)$H= 2 RMSE(root mean-squared
error) g0t}
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Table 15. Loss Function Values of the Forecasting of Gold Return Series

ARMA(12,9)- ARMA(12,9)- ARMA(12,9)-
GARCH(2,1) IGARCH(2,1) TGARCH(2,2)
MSE 0.000022 0.000022 0.000022
MAE 0.006783 0.006783 0.006786
RMSE 0.009683 0.009683 0.009678
TIC 0.965183 0.964714 0.947678
(Table 15yl ©4d¥ Ao =] A7} EAtE A0 Yedth 58 AlA

ARMA(12,9)-TGARCH(2,2) 2.3 2 MAE, RMSE
2 TIC 7ol uigt A4 kel ZZ
0.006786, 0,009678 & 0.947678¢} 2}, whak
A] RMSE, MAE ¥ TIC 7]%& &3 o= A%
HaE HAe] 2¥o| Student’s t E3E A<
ARMA(12,9)-TGARCH(2,2)-& Yehdtt uwz}
A] ARMA(12,9)-TGARCH(22)R38<S & A&

Felge WEAT gl E3E Qs
glow % A7 e myuc Euh
- =

B 7= ARIMAR Y 2 GARCH-classE 8
< ARgsle] S5 Adste] AE A A 2009
49 345¥E 2022 3¢ 3147HA]9] & AE
ZOFAES AT TEOZ AR, AR
T}2 ARMA-GARCH &%} 23, ARMA-IGARCH
3t 23 ARMA-TGARCH &3} 23<& ++=
= A& Bt F7 5 AEHE FUdES
2314t % 232 GED 23, Student’s
¥, Gaussian ¥ oA H|2E3}SIT), ADF
A7 PPARE B3t & AE/HEL vkl
Aol AR[NZIE H3 AFES 13 2
5 T 7 A A8y HEdS 1%
o) pFollA] T eo] EAIBIA] kv gl
AALE et A& 7H4E 9= u) A
F AMgEE ARMAR Y-S 723 u) AIC, BC,
H-QCell tigt dlo|H & wvlustH FHFHo=
ARMA(129)E3 & 4 B30z AAHU=
g AA 24792 B ARMA(12,9)28 e W%
A HF8 A (Volatility Clustering)¥} ARCH

o g

o

M

o

Al

fol

Holl4 ARCH 37} EAlt= A2 B2
A8 AFolA FHE A (Lun-Wang and Zhi
Gang-Zhang, 2020; Nargunam et al., 2021;
Yan-Li and Rui Qian-Wang, 2020). we}A o
£ A& BE X GARCH-classE M &ste] F

=
AEZHA FolEe] MsAES FA8HT 77
+ 18 E 7HA de UF EE(Leptokurtic)
S Amal7] 98] ARIMA-GARCH-class 23S
L GED #X, Students t ¥, Gaussian #3
A 7 e BES SRl w2

© 2 HH Gaussian E3Fo|A 2] ARMA(12,9)-
IGARCH(1,) 282 27 38A57}F 1008 H
SagalN AL AEE Ae 5
AL, A BYPEL Ljung-Box 747 LM
A4E Estel NFE 0.1 olakolx] w4
F2RFo| gltke AFMES 7148 4 gVl
miZel] BT AR o]t BEe AdS
2339 tH(Sam  Yong-Kim  and
Heun-Lee, 2006; Seun Yo-Hong et al., 2009).
T HA, AIC, SC E H-QC FAIXE |3}
™ GED EZ oA ARMA(12,9)-GARCH(2,1).
ol HAolgtx & F vt ARMA(12)9)-
GARCH(2, )R 3L w@7|x<%A(short  run
persistence) & YERE ARCHE| A7} 4(+)
o] Fo= 5% frolFEddA frolstslen,
A71AX4A(long run persistence) & YERN =
ARCH+GARCH®] 7|5 0,998418% 19| 717k
T )] FoF 18T} Aglom, FAH SR
FelasT. ozl AE ol F 421
FAEE FAsh=H Ao ARMA(129)-
GARCHR,DE &S WEAe 733 i
AIZE 7P ARl 548 22 4 Qloke Ao

Yong
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