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Table 2 Descriptive statistics of ndexes retums
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117 06Q 7 208. 25 210. 49 214 19
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(0 000 00) (Q 000) (0. 000) (@ 000)
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MC 2 5% 97 %
- Yo 0.041 @2 0. 012 37 7911E - 4 Q0 019 01 0. 040 28 Q0 067 8
Y, 0.9315 0. 017 32 Q 001 492 Q 893 0.9329 09625
% 0.3855 0. 050 19 Q 004 817 02956 0. 3817 Q 493
Yo 0. 1861 0. 038 74 Q 003 095 01154 0. 1834 0269 6
V- Y, 0.9314 0. 010 38 753 E-4 0.91 0. 932 0 950 2
Y, - 0. 070 31 0. 02123 Q 001 471 -0 1111 - 0.07023 - 0027 79
Ys - 0191 0. 047 78 Q 003 949 -0.2932 -0 1874 - 01031
v 0. 3739 0.0326 Q 003 034 0 3129 0. 3744 04358
v Yo 0. 044 22 0. 012 04 7 121E - 4 Q0 022 66 0. 04378 Q0 069 83
Yy 0. 936 8 0. 014 02 Q001 11 0907 9 0.9375 Q0 9627
% 0. 3652 0. 038 52 Q0 003 598 02869 0. 366 3 0 4427
Yo 0 1342 0. 04229 Q 003 634 Q0 052 09 0. 1328 02194
V- Yy 0.9393 0. 009 661 6 5% E- 4 0918 8 0.9397 0 9% 7
Y, - 001417 0. 020 53 Q 001 389 - 0054 21 - 0.01426 0 026 13
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Fig. 1 Return series of Shanghai stock market and Shenzhen stock market indexes
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Tabl 4 Resdual distribution ofmodel estim ations
B Q(3) Q( 10) Q(15)
10. 418 33 71. 293 80. 237 89 274
SV 0017082 | 0.996978 | 0.018507 | 2 672 295
(0005 466)| (0.000) | (0.000) | (Q 000)
16. 708 28 67. 204 79. 077 89 696
SV-SN [ 0010236 | 0.997910 | — Q 01278 | 2 58 143
(0000 235)| (0.000) | (0.000) | (Q 000)
11. 774 €0 67. 587 79. 767 91 812
MY 0 002 190 | 0.997 881 0.031258 | 2 634 633
(0002 774)| (0.000) | (0.000) | (Q 000)
15. 057 67. 077 79. 725 93 423
SV-SN | Q000971 | 0999852 | 0.031565 | 2 608 145
(0000 537)| (0.000) | (0.000) | (Q 000)
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Abstract Fistof all a stochastic volatility modelw ih leverage effect ( SV-L for abbreviation) is constmc-
ted The cond itbnal distrbutbns of its volatility item are proved to be wo skev nomal distributions and this
model is so calkd stochastic volatility model w ith skew nomal distrbution ( SV-SN for abbreviation). Then
the econan © meaning of thismodel and the statistical characteristics of its volatility item are discussed Last
ly usng data fran Shanghai and Shenzhen stock markets thismodel is tested and the outcanes are as fok
lowvs SV-SN model fits data better by contrastwith the canmon SV mode] news canweaken the subsequential
volatility negative news can bring about stonger strke than positive news

Key words SV-L mode] SV-SN mode]l mndices of stock markets



