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1
Table 1 The descriptive statistics of daytime and overnight returns
r;l r-in Ul-l/zD/l,-l/z rzz-l/zD%-l/z r?—l/zD?-l/z
0.040 1 -0.0289 -0.048 5 0.050 6 0.299 1
0.909 4 1.312 6 1.279 8 1.310 7 1.740 5
0.1340 -0.728 8 -0.908 5 -0.130 4 -0.880 7
10.873 2 11.470 8 12.772 3 7.900 4 5.8810
3651 3 650 2 966 713 34
Cor(r! 1)) 0.013 4
Cor( 1)1 T/_1-1) -0.086 3
Cor(r 1l D 1)) 0.014 4 ~0.0108 0.015 4
0.022 2 -0.038 1 -0.0452 0.0118 -0.156 9
0.738 4 0. 966 8 0.980 9 1.079 5 1.679 8
0.203 4 -0.496 5 -0.2397 -0.818 7 -1.491 4
12.193 0 13.865 9 13.819 4 11.172 3 11.982 1
3 444 3443 2718 651 33
Cor(r? r')) 0.056 8
Cor(r_1p 11_101) -0.1150
Cor(r? iy D ) -0.023 4 -0.000 2 -0.028 6
0.010 7 0.0118 0.002 3 0.026 6 0.103 1
0.945 8 1.094 6 1.017 0 1.188 5 1.4379
- 1.401 4 0.904 2 0.958 0 0.058 9 -0.108 0
22.314 7 46.530 2 59.216 2 27.470 0 2.638 8
3 305 3304 2619 614 36
Cor(r? r’)) -0.040 5
Cor(r'1p ' 1poe1) 0.045 7
Cor(r! 11, D)) -0.046 3 -0.023 4 -0.019 4
0.010 1 -0.008 3 0.000 8 0.037 2 0.499 9
1.027 2 1.4218 1.264 4 1.424 5 2.592 3
0.0153 5.031 2 6.898 6 3.246 7 2.820 4
8.568 0 101. 105 4 166. 245 1 36. 429 6 11.912 6
2 674 2673 2 106 488 38
Cor(r? r')) 0.049 9
Cor(r_yp 11_101) -0.050 1
Cor(r! '\ D™ ) -0.137 8 -0.033 1 -0.087 1
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Table 2 The estimated DIC of SV,SV, SV, and SV, models with different distributions
DIC
SV, N -20454.2 -19759.5 -19190.3 -23524.6
SV, N -20675.3 -19977.5 -19501.7 -23626.9
SV, N -20950.6 —-20 106.3 -19722.8 -23857.4
SV;N -21033.5 -20226.3 -19 810.4 -23924.7
SV, -20582.4 - 19 890.8 - 19 330.2 -23549.3
SV, + -20705.7 -20049.0 -19572.3 -23670.2
SV, -20968.9 -20285.5 -19752.0 -23872.8
SV;+ -21070.8 -20341.9 -19839.3 -23936.0
SVy-GE —-20 606.4 -19923.3 - 19 358.2 -23595.6
SV,-GE -20747.1 -20064.4 -19596.4 -23701.7
SV,-GE -20975.4 -20312.2 -19 862.2 -23896.1
SV;-GE -21113.2 -20 366.4 -19999.7 -230985.3
SV,-MN -20637.3 -19934.0 - 19 469.4 -23631.8
SV, -MN -20 787.8 -20158.4 -19850.2 -23820.2
SV,-MN -20992.8 -20475.2 -20291.8 —-24050.6
SV;-MN -21145.6 —20497.5 -20335.9 -24088.2
DIC “ 5.5 10 7o« 10” “ e
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3 SV,-MN
Table 3 The posterior mean of parameters based on SV, -MN model
@ 0.014 4**(0.008 6) 0.002 5**(0.008 2) 0.017 8**(0.010 6) 0.011 5**(0.009 2)
B 0.032 1*%(0.014 2) 0.093 8**(0.015 4) -0.033 8*(0.014 9) 0.016 5**(0.015 4)
B —0.008 8**(0.009 3) - 0.025 5*(0.010 4) 0.002 4™*(0.012 0) —0.043 2%(0.010 2)
“ - 1.238 27%%(0.243 2) - 1.890 6** (0. 164 0) - 0.952 8**(0.100 2) - 1.213 6™ (0. 142 6)
¢ 0. 990 3**(0.004 8) 0. 968 0** (0. 008 5) 0.963 4** (0. 006 8) 0.962 0** (0. 008 0)
Ya -0.027 2**(0.014 0) -0.025 6**(0.024 8) —-0.018 1*(0.0127) 0.018 9**(0.021 5)
Ya -0.011 2*%(0.009 5) -0.039 0**(0.022 0) 0.009 8**(0.010 1) -0.061 8**(0.014 1)
MCMC SV,-MN N 5% 1%
SV,-MN SV,-MN
> Y2
4 B(l“yd
b 1%
SV,-MN ) Y3
B>
Y. 5% Bili=12 .
3) v(i=123) 1%
Bi
B 3 4
Bs .

21 22 .,
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123) Bi(i=123) :
( B /B! | | B2 /8: |
' | /B 1 (i=123)
1
vi(i=123) vi(i=123)
|y 7y | |y /i |
lyiryi 1 (i=123)
> 1
SV, -MN
SV,-MN
SV,-MN .
5
B (i =
4 SV,-MN
Table 4 The posterior mean of parameters based on SV,-MN model
a 0.013 8 (0. 008 0) 0.001 9% (0. 005 2) 0.019 6**(0.010 0) 0.009 1**(0.010 4)
B 0.032 8**(0.015 2) 0.092 6*(0.014 4) -0.0363*(0.0147) | 0.0152*(0.0137)
Bi -0.008 3*(0.0105) | —0.021 0™*(0.008 8) | 0.014 6™*(0.014 8) -0.044 0*(0.017 0)
B> -0.0183*(0.0203) | —0.027 8**(0.017 2) | -0.0157**(0.027 7) 0.052 6" (0.026 8)
Bs 0.011 27 (0.054 1) -0.0220%%(0.0205) | —0.0194™*(0.0362) | -0.056 9 (0.025 2)
m -1.2738*(0.2450) | - 1.8526(0.1520) | —1.00227*(0.080 1) | —1.247 1™ (0.162 2)
) 0.988 0 (0. 004 4) 0. 965 2% (0. 008 8) 0.956 0**(0.012 8) 0.961 0**(0.011 5)
Ya -0.0294%(0.0121) | =0.022 6**(0.0205) | —0.011 3**(0.0142) | 0.014 5**(0.020 3)
7 -0.020 8*(0.0115) | —0.0382**(0.0238) | —0.024 0**(0.017 5) | —0.0459**(0.020 7)
7> 0.039 4*%(0.021 5) 0.006 5" (0.044 8) -0.064 3*(0.0310) | —0.106 2**(0.036 6)
Y3 0.022 5% (0.045 8) -0.101 0**(0.0955) | 0.0533*(0.0325) -0.062 3*(0.034 1)

MCMC

SV,-MN

N
N 5%

1%
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5 SV;-MN
Table 5 The posterior mean of parameters based on SV;-MN model
@ 0. 006 0** (0. 009 2) 0. 002 4** (0. 005 5) 0.007 7**(0.012 0) 0.001 0" (0.009 0)
Ba 0.031 5™%(0.014 4) 0.104 6™ (0.0150) | —0.041 3**(0.0149) | 0.0053**(0.016 6)
B ~0.0050*(0.0192) | —0.0225**(0.0151) | 0.0455*(0.0330) | —0.047 9**(0.028 7)
Br ~0.019 2*%(0.0153) | —0.041 0™ (0.016 6) | —0.058 4™ (0.027 5) | —0.101 4**(0.032 2)
I By /B | 3.840 0 1.8222 1.283 5 2.116 9
B 0.059 5** (0. 040 2) -0.001 4 (0.027 2) 0.026 6**(0.031 7) 0.005 4**(0.033 4)
By ~0.061 8**(0.030 1) | —0.107 3**(0.0375) | —0.076 2™ (0.065 3) | —0.034 1**(0.054 8)
I By /B3 | 1.038 7 — 2.864 7 6.314 8
B 0.1327*%(0.0740) | —0.011 2**(0.050 0) | —0.019 6**(0.066 5) | —0.092 8**(0.045 5)
B3 ~0.148 2**(0.101 0) | —0.063 4™ (0.0526) | —0.0128™*(0.0739) | —0.077 0**(0.048 2)
I By /B3 | 1.116 8 5.660 7 0.653 1 0.829 7
m —2.6179*(0.151 1) | —2.893 0™ (0.154 8) | —1.424 77" (0.074 0) | —2.180 0** (0. 107 2)
¢ 0.944 6**(0.011 8) 0.896 5** (0. 025 2) 0.779 2** (0. 038 0) 0.772 5*%(0.023 7)
Ya -0.0242*(0.0190) | —0.0334™(0.0264) | —0.0256™(0.0252) | —0.0232*(0.027 1)
vy 0.070 9**(0.027 7) 0. 159 8** (0. 054 9) 0. 145 1% (0. 046 2) 0.323 9** (0. 050 0)
Y1 ~0.078 0**(0.0219) | —0.231 5**(0.060 7) | —0.254 5™ (0.043 3) | —0.559 2**(0.058 3)
Ly, Zy) 1.100 1 1.448 7 1.754 0 1.726 5
Y 0.151 2** (0. 060 4) 0.250 2** (0. 100 5) 0.029 7** (0. 063 6) 0.141 0** (0. 070 2)
Y ~0.121 6*(0.0512) | —0.1550**(0.087 3) | —0.363 6™ (0.0939) | —0.398 4™ (0.100 5)
Ly, 7y; | 0.804 2 0.619 5 12.242 4 2.8255
Y5 0. 142 9** (0. 080 3) 0.192 7**(0. 180 4) 0. 185 5**(0.070 3) 0. 088 8** (0. 063 6)
s ~0.1836*(0.134 1) | —0.249 8™ (0.1315) | —0.194 0™ (0.117 5) | —0.229 2** (0. 068 4)
Ly 7yl 1.284 8 1.296 3 1.045 8 2.5811
MCMC SV,-MN SN 5% 1%
4
MCMC
1995 6 1 —2009 12 31 NEEN N
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Forecasting ability of overnight information on daytime trading in Chinese
commodity futures markets

LIU Qing+u ZHANG Jin-qing
Institute for Financial Studies Fudan University Shanghai 200433 China

Abstract: To investigate the predictive ability of overnight information on daytime trading in Chinese commod-—
ity futures market this paper gives the stochastic volatility models based on normal student+ generalized er—
ror and the mixture of normal distributions respectively. Then using Bayesian Markov Chain Monte Carlo
( MCMC) estimation techniques the empirical analyses are given for copper aluminum soybean and wheat
futures markets. The results show that the stochastic volatility models with the mixture of normal distributions
can better fit the stochastic volatility with normal student+ generalized error distributions in describing the
impact of overnight information on daytime trading prices. Total overnight information shows significant predic—
tive ability for daytime returns and volatility. Moreover the aspects and degrees of prediction are different for
different futures contracts. Furthermore weeknight returns weekend returns and medium-ong holiday returns
show prominent predictive abilities for daytime returns and volatility. Their predictive abilities are evidently
stronger than those of the total overnight information and show different degrees of asymmetry. Concretely
there are leverage effects for the impact of overnight information during the weeknights weekends and medi-
um-ong holidays on the daytime returns and volatility in most futures contracts except for inverse leverage
effects of medium-ong holiday in both soybean and wheat futures contracts.

Key words: futures market; overnight information; stochastic volatility; Bayesian MCMC



