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Fig. 1 Time series of daily logreturns of SSE composite and SZSE component indices for sample period from 1/2/2001 to 12/30/2011
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Table 2 Descriptive statistics of daily log—returns of SSE composite and SZSE component indices
Jarque-Bera
1 583.554
0.000 0O 0.094 0 -0.092 6 0.016 9 -0.1259 6.770 8
(0.000)
1 040. 837
0.000 2 0.095 3 -0.097 5 0.018 6 -0.166 0 6.0459
(0.000)
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) by ¢, (THSV.THSV4.  THSV-DL
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3
Table 3 Estimation results for SSE composite index
8% SV, THSV THSVA. THSV-DL
0.000 1(0.000 3) |- 0.000 0(0.000 3) 0.000 1(0.000 3) | 0.000 0(0.000 3) | 0.000 0(0. 000 3)
" "
<0.000 1 <0.000 1 <0.000 1 <0.000 1 <0.000 1
0.014 1(0.001 0) | 0.014 1(0.001 0) 0.013 4(0.001 1) | 0.017 5(0.003 5) | 0.018 6(0.001 2)
Ox Ox
< 0.000 1 <0.000 1 <0.000 1 0. 000 1 0. 000 2
. 0.973 7(0.007 1) | 0.971 3(0.007 6) . 0.996 3(0.022 0) | 0.992 5(0.016 6) | 0.980 7(0.020 0)
0 0
< 0.000 1 <0.000 1 <0.000 1 0.000 1 0. 000 6
0.189 7(0.022 5) | 0.199 7(0.023 7) 0.953 4(0.020 0) | 0.950 3 (0.0202) | 0.958 9(0. 020 6)
Ty, b,
0 0. 000 2 0.000 2 <0.000 1 0.000 2 0. 000 7
20.223 5(0.062 9) 0.189 1(0.0223) | 0.134 6(0.048 2) | 0. 172 4(0. 051 3)
Po - gy,
0.000 1 0 0.000 2 0.001 9 0.001 9
0.252 8(0.039 9) | 0.236 4(0.042 9)
oy _
: 0.001 0 0.001 2
Z0.2897(0.087 2) |- 0.159 1(0. 118 5)
Po -
0.002 5 0.005 4
Z0.314 8(0. 064 7)
p1 - -
0.003 4
7413.953 9 7419.686 7 7414.492 4 7421.261 9 7 424.739
Logik -
0.046 7 0.046 7 0.048 8 0.164 5 0.124 9
AlC ~6.1315 ~6.135 4 - ~6.131 1 ~6.135 1 ~6.137 1
§ =32 BIS 5 ; Logdik ©AIC ) EIS-ML ;
20
4
Table 4 Estimation results for SZSE component index
SV SV, THSV THSVA. THSV-DL
0.000 0(0.000 3) |- 0.000 1(0.000 3) 0.000 1(0.000 3) |- 0.000 1(0.000 3) | - 0. 0001(0. 000 3)
" "
<0.000 1 <0.000 1 <0.000 1 <0.000 1 <0.000 1
0.015 8(0.001 2) | 0.016 0(0.001 2) 0.015 0(0.001 3) | 0.019 6(0.005 2) | 0.022 5(0.001 4)
Ox Ox
<0.000 1 <0.000 1 <0.000 1 0.000 1 0. 000 2
. 0.976 3(0.006 5) | 0.976 4(0. 006 6) . 0.999 0(0.018 4) | 0.993 8(0.017 4) | 0.982 7(0.016 4)
0 0
< 0.000 1 <0.000 1 <0.000 1 0. 000 2 0. 000 7
0.175 2(0.0207) | 0.179 8(0.021 1) 0.953 0(0.018 2) | 0.960 1(0.023 3) | 0.969 3(0.018 7)
oy b,
0 0. 000 2 0.000 2 0.000 1 0. 000 2 0.000 9
Z0.201 9(0. 066 6) 0.177 7(0.020 2) | 0. 124 6(0.054 7) | 0. 154 1(0. 050 8)
Po - Ty,
0.000 1 0 0. 000 2 0.001 7 0.001 8
0.219 2(0.034 3) | 0.206 9(0. 034 5)
oy _
: 0.001 2 0.001 3
Z0.264 7(0.091 7) |- 0. 129 7(0. 120 0)
Po -
0.002 1 0.004 9
Z0.310 4(0. 071 5)
Pi - -
0.003 7
7 140. 142 0 7 144. 443 0 7141.211 0 7145.795 7 7 149. 163 5
Log-ik -
° 0.043 1 0.042 7 0.045 7 0.160 9 0.1217
AIC ~5.9050 ~5.9077 - ~5.9050 ~5.907 2 ~5.909 1
S =32, RIS 5 ; Logdik ©AIC () EIS-ML :

20
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Fig. 2 Time series of absolute returns and of filtered volatilities for SSE composite index
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Fig. 3 Time series of absolute returns and of filtered volatilities for SZSE component index
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Fig. 4 Standardized residuals for SSE composite index
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Fig. 5 Standardized residuals for SZSE component index
5
Table 5 Diagnostics for the residuals

Jarque-Bera Q( 10) Q(20)
7.575 4 10.917 17.160

SV -0.007 4 0.951 2 2.9300
(0.022 6) (0.364) (0.643)
0.308 6 9.214 17.593

SV-L 0.0239 0.949 6 2.947 5
(0.8570) (0.512) (0.614)
6.543 5 9.212 16.757

THSV -0.006 5 0.959 5 2.924 6
(0.0379) (0.512) (0.669)
0.9870 7.6717 16.555

THSV-L 0.0259 0.958 0 2.966 7
(0.6105) (0.660) (0.682)
0.316 1 8.339 17.755

THSV-DL 0.024 0 0.961 0 2.9820
(0.853 8) (0.596) (0.604)
3.454 7 12.357 22.534

SV 0.004 7 0.953 4 2.9350
(0.177 7) (0.262) (0.312)
0.450 2 9.771 21.522

SV 0.0358 0.957 1 2.949 9
(0.798 4) (0.461) (0.367)
1.853 8 10. 828 22.004

THSV -0.000 0 0.966 7 2.9345
(0.395 8) (0.371) (0.340)
1.002 1 9.652 22.257

THSV-L 0.0315 0.959 6 2.9327
(0.6059) (0.472) (0.327)
0.899 8 9.654 21.781

THSV-DL 0.0310 0.960 9 2.9338
(0.6377) (0.471) (0.353)

TQ() Ljung-Box () P
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Fig. 8 Plots of autocorrelation function of squared residuals for SSE composite index
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Fig. 9 Plots of autocorrelation function of squared residuals for SZSE component index
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Fig. 10 VaR estimates with different confidence levels based on SV model
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Fig. 12 VaR estimates with different confidence levels based on THSV model
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Fig. 14 VaR estimates with different confidence levels based on THSV-DL model
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A threshold stochastic volatility model with double leverage and its empirical test

WU Xin<u' ZHOU Haidin' WANG Shou—yang® MA Chao-qun’

1. School of Finance Anhui University of Finance and Economics Bengbu 233030 China;
2. Academy of Mathematics and Systems Science Chinese Academy of Sciences Beijing 100190 China;
3. School of Business Administration Hunan University Changsha 410082 China

Abstract: To capture the asymmetric effects of positive shocks ( good news) and negative shocks ( bad news)

to asset returns this paper incorporates both the threshold and state-dependent leverage effects into the basic
stochastic volatility ( SV) model and proposes a threshold SV model with double leverage ( THSV-DL) to
model the volatility of asset returns. Based on the efficient importance sampling ( EIS) technique we use the
maximum likelihood ( ML) method to estimate the parameters of the THSV-DL model. Then Monte Carlo
simulations are presented to examine the accuracy and small sample properties of the proposed method. The
experimental results show that the EIS-ML method performs very well. We apply the THSV-DL model to the
daily returns of Shanghai stock exchange ( SSE) composite index and Shenzhen stock exchange ( SZSE) com—
ponent index of China. Empirical results show that there exists a high persistence of volatility and a significant

leverage effect in China’ s stock market. More importantly asymmetries in the volatility persistence volatility
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of volatility and leverage effect are discovered in China’s stock market. Specifically the volatility persistence
tends to be higher and both volatility of volatility and leverage effect tend to be lower following the bad news
than following the good news. Finally an empirical study on the accuracy of value at risk ( VaR) estimates
based on Shanghai stock exchange composite index is presented. The empirical results demonstrate that the
THSV-DL model can yield more balanced and accurate VaR estimates than the basic SV SV with leverage
effect (SV-A) THSV and THSV with leverage effect ( THSV-.) models.

Key words: asymmetric effect; threshold effect; leverage effect; stochastic volatility; efficient importance sampling
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