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95% 1 000
500
MCMC
1 500
Table 1 Result of 500 times of simulation
95%
p 0.990 0 0.983 3 0.007 1 0.967 4 0.993 3
q 0.970 0 0.961 1 0.010 1 0.9457 0.9814
) 0.900 0 0.882 1 0.048 2 0.768 0 0.948 7
o, 0.046 8 0.047 1 0.011 2 0.029 2 0.0715
o, 0.290 0 0.294 5 0.007 3 0.2795 0.310 0
My -1.000 0 -1.034 4 0.060 7 -1.166 8 -0.9266
Mo —-1.500 0 -1.5389 0.028 1 -1.6021 -1.4885
N 95% 500
Zhou ! .
3 Kim ¥ . So 32 p
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Table 2 Estimation results of RMSSV models
300
90 % 90 % 90 %
p 0.995 2 0.9858 0.999 3 0.995 5 0.987 0 0.999 3 0.996 1 0.9905 0.999 4
q 0.997 6 0.9937 0.999 6 0.997 6 0.994 3 0.999 6 0.996 8 0.9920 0.999 5
M -4.018 1 -4.1332 -3.8911 -3.9151 -4.0045 -3.8103 -3.9914 -4.0915 -3.8883
Mo -4.6318 -4.7212 -4.556 6 -4.526 6 —-4.5983 -4.4650 -4.5358 -4.6153 -4.4478
0.9311 0.9014 0.9537 0.919 5 0.8872 0.9480 0.928 6 0.8972 0.957 6
o, 0.097 7 0.0841 0.1163 0.108 9 0.0935 0.1251 0.103 6 0.0875 0.1229
o, 0.364 6 0.3530 0.3757 0.360 6 0.3493 0.3718 0.365 8 0.3534 0.3783
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0'2 vh ) Rz
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Table 3 Result of Mincer-Zarnowitz regression
| cARCH | EGARCH | FIGARCH [APGARCH| sV MsSV | sWARCH | RSV | Rmssv
'230 -0.0702|-0.1590| 0.1775 | -0.0791|-0.2945|-0.2073| -0.3067| -0.5126 | -0.522 4
(s.e.) 0.117 9 0.1133 0.109 4 0.114 1 0.136 6 0.113 2 0.120 4 0.126 0 0.127 0
'231 0.712 0 0.744 0 0.621 4 0.717 5 0.826 7 0.840 4 0.774 2 1.509 6 1.503 3
(s.e.) 0.052 7 0.050 9 0.045 5 0.0511 0.063 3 0.056 5 0.055 2 0.095 4 0.094 2
X% 173.59 178.97 155. 08 167. 16 238.03 282.55 286. 54 47. 44 47. 88
p 0.000 0 0.000 O 0. 000 0 0.000 0 0.000 0 0.000 0 0. 000 0 0.000 0 0.000 0

R? 0.3533 0.3638 | 0.3048 | 0.3583 | 0.4373 0.492°5 0.3462 | 0.5584 | 0.580 2

By -0.2325|-0.2511|-0.1463|-0.1823|-0.4753]-0.3192| -0.2804 | -0.553 9 | - 0.576 2
(s.e.) 0.1630 | 0.1606 | 0.1525 | 0.1586 | 0.178 3 0.1535 0.1708 | 0.1860 | 0.184 4
.2‘31 0.7686 | 0.7765 | 0.7466 | 0.758 7 | 0.8851 0.8686 | 0.7758 1.452 4 1.450 4
(s.e) 0.0589 | 0.0581 0.0549 | 0.0574 | 0.0678 | 0.0615 0.0608 | 0.1057 | 0.1029
3% 174.27 169. 23 157. 14 155.27 232.50 266. 28 204. 34 47.89 47. 81
p 0. 0000 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000
R? 0.3508 | 0.3536 | 0.3303 | 0.3488 | 0.4299 | 0.4624 | 0.3260 | 0.5557 | 0.5820
300
,230 0.0850 | 0.0964 | 0.2647 | 0.1107 | -0.2749|-0.4217|-0.2542|-0.458 1| -0.5315
(s.e) 0.1657 | 0.164 1 0.1607 | 0.1637 | 0.1856 | 0.1777 | 0.1872 | 0.1734 | 0.177 5
/;1 0.6538 | 0.6569 | 0.5894 | 0.6502 | 0.7969 | 0.909 3 0.7323 1.437 3 1.4655
(s.e.) 0.052 3 0.0508 | 0.0464 | 0.0514 | 0.0662 | 0.0678 | 0.0616 | 0.1026 | 0.1032
P 122. 38 114. 65 150. 36 118.13 152.73 156. 25 190. 53 44.27 44.68
P 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000

R? 0.3040 | 0.3033 | 0.2790 | 0.3027 | 0.3976 | 0.4747 | 0.3163 | 0.5331 0.551 6
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Table 4 Result of Diebold-Mariano-West ( DMW) tests
b ‘ GARCH ‘ EGARCH ‘ FIGARCH ‘ APGARCH SV MSSV SWARCH RSV
1 -5.050 -5.216 -5.162 -5.138 -2.699 -1.511 -7.208 -2.574
0 —-7.059 -7.394 -7.101 -7.115 -3.946 -2.020 - 8.649 -3.235
-1 -12.231 -12.780 —-12.440 - 12.441 -7.189 -4.156 -12.837 -3.753
~2 | -16.464 | -16.896 | -17.854 | -16.970 | -12.151 | -9.729 | -15.310 | -3.708
5| -7.361 ~7.534 ~7.341 ~7.388 ~7.666 ~7.093 ~7.191 2.604
1 -4.824 —-4.808 -4.929 -4.788 -3.415 -2.917 -7.321 -2.665
0 -7.101 -7.163 -7.179 -6.997 -4.991 -3.581 -9.820 -3.529
-1 -12.718 - 12.958 -13.164 -12.719 —-8.944 -6.153 - 14.650 -4.197
-2 - 15.696 - 16.206 —-16.548 -16.372 -12.572 -11.118 - 15.909 -4.318
-5 —-6.835 -6.871 -6.863 -6.870 -6.631 -6.542 - 6.888 2.569
300
1 -5.562 -5.390 -5.947 —5.487 -3.244 -0.524 -6.907 -2.067
0 -7.1717 -7.024 -7.587 -7.079 -4.217 -1.178 -7.876 -2.613
-1 -10.915 —-10.793 -11.399 —-10.809 - 6.566 -2.981 -10.756 -2.883
-2 -14.912 -14.924 - 15.875 -14.936 -10.274 -6.817 —-12.605 —-2.452
-5 -5.219 -5.267 -5.263 -5.229 -5.221 -4.753 -5.160 2.009
3 4 MCMC
RMSSV
SV
GARCH . Andersen MSSV SV RMSSV
GARCH SV RSV
RMSSV
GARCH SV RSV b
RSV RMSSV Patton *
SV MSSV
RSV RMSSV R® 0.5584 0.5802 b RMSSV
SV MSSV 0.4373 0.4925 RSV MSE
GARCH b =0 Patton
. Alizadeh " QLIKE b=-2
SV SV MZ RMSSV
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Range based regime switching stochastic volatility models with applications

ZHENG Ting-guo' ZUO Hao-miao’

1. The Wang Yanan Institute for Studies in Economics Xiamen University Xiamen 361005 China;
2. China Life Insurance Asset Management Company Ltd. Beijing 100033 China

Abstract: For financial volatility modeling most of the studies use returns as proxies of volatility whereas
very few are devoted to volatility methods based on range which is a more efficient proxy. Taking the advanta—
ges of stochastic volatility method into consideration this paper introduces the regime shifts of volatility levels
into the range based stochastic volatility model to capture possible structural changes in volatility levels in fi—
nancial markets. Afterwards this paper describes the MCMC algorithm to estimate the model and demonstrates
its efficiency through a simulation. In the empirical part based on the range data of Shanghai Composite In—
dex Shenzhen Component Index and China Securities Index 300 the RMSSV model is estimated. Using the
realized volatility as the benchmark and robust loss function as the criterion the relative advantage of the
RMSSV model in comparison with several popular models in GARCH and SV families is demonstrated.

Key words: range; stochastic volatility; regime switching; MCMC
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