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1

T =500

Table 1 Estimation results for simulated series of 500 observations

RMSE CPU
m 0. 000 4 0. 000 4 0. 000 6 0. 000 6
oy 0.013 7 0.013 6 0.002 3 0.002 3
b 0.968 4 0.956 8 0.020 6 0.023 5 0. 181 9s
ay 0.2259 0.2326 0.048 6 0.048 8
-0.2302 -0.2276 0.177 0 0.176 2
m 0.000 3 0.000 3 0. 000 6 0. 000 6
ox 0.014 6 0.014 5 0.002 5 0.002 5
b 0.967 8 0.9539 0.023 2 0.027 0 0.193 1s
oy 0.2317 0.242 1 0.049 7 0.050 6
p -0.208 9 -0.205 4 0.176 3 0.175 4
© S =32; EIS 5 100 . RMSE RMSE
; CPU EIS
2 : T =1000
Table 2 Estimation results for simulated series of 1 000 observations
RMSE CPU
m 0. 000 4 0. 000 4 0. 000 4 0. 000 4
ox 0.013 7 0.013 6 0.001 3 0.001 3
b 0.968 4 0.961 7 0.0135 0.0150 0.416 3s
oy 0.2259 0.2353 0.040 6 0.041 5
-0.2302 -0.233 1 0.1154 0.1149
i 0. 000 3 0.000 3 0. 000 4 0. 000 4
oy 0.014 6 0.014 5 0.001 4 0.001 4
) 0.967 8 0.960 5 0.014 5 0.016 1 0.420 1s
oy 0.2317 0.242 0 0.042 8 0.043 8
p -0.208 9 -0.2120 0.1149 0.114 3
: S =32; EIS 5 100 N RMSE RMSE
; CPU EIS
3 2 T =2000
Table 3 Estimation results for simulated series of 2 000 observations
RMSE CPU
M 0. 000 4 0. 000 4 0. 000 2 0. 000 2
oy 0.013 7 0.013 7 0.001 2 0.001 2
b 0.968 4 0.964 6 0.008 7 0.009 5 1.163 2s
oy 0.2259 0.229 1 0.0255 0.025 6
p -0.2302 -0.249 4 0.089 0 0.090 6
M 0.000 3 0.000 3 0.000 3 0.000 3
oy 0.014 6 0.014 5 0.001 3 0.001 3
) 0.967 8 0.963 8 0.009 0 0.009 8 1. 125 8s
oy 0.2317 0.2350 0.025 8 0.0259
p -0.208 9 -0.2280 0.088 2 0.089 9
: S =32; EIS 5 100 N RMSE RMSE

, CPU EIS



(a)
(a) Time series of prices of Shanghai Stock Exchange
Compostite Index

1
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4 T =5000
Table 4 Estimation results for simulated series of 5 000 observations
RMSE CPU
m 0.000 4 0.000 4 0.000 2 0.000 2
oy 0.013 7 0.013 8 0.000 8 0.000 8
b 0.968 4 0.967 0 0.005 5 0.005 6 3.416 3s
oy 0.2259 0.226 3 0.014 2 0.014 1
-0.2302 -0.2353 0.056 2 0.056 2
m 0.000 3 0.000 3 0. 000 2 0.000 2
oy 0.014 6 0.014 7 0.000 8 0.000 8
b 0.967 8 0.966 5 0.005 6 0.005 7 3.413 4s
oy 0.2317 0.2316 0.014 2 0.014 2
p -0.208 9 -0.2145 0.056 2 0.056 2
: S =32; EIS 5 100 R RMSE RMSE
; CPU EIS
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Fig. 1 Time series of SSE component index prices and daily log returns sample period: 2000 — 01 — 04—2010 - 10 - 28
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Fig. 2 Time series of SZSE component index prices and daily log returns sample period: 1998 — 01 - 05—2010 - 10 - 28

5

Table 5 Descriptive statistics of daily logreturns for SSE and SZSE composite indices

Jarque-Bera
1 637.077
0.000 3 0.017 1 -0.098 8 6.874 9
(0.000)
1 509.952
0.000 4 0.018 0 -0.3308 6.357 3
(0.000)
() Jarque-Bera P
p
SV-L SV
EIS-ML 6.
6
) 0.968 4 SV
¢ p=0
0.967 8 . 6
0.96
6 SVL
Table 6 Estimation results for the SV-. model
In L i oy ¢ ay p
0. 000 4 0.0137 0.968 4 0.2259 -0.2302
7 294. 65
0,045 6 (0.000 3) (0.001 0) (0.007 5) (0.023 6) (0.060 1)
' < 0.000 1 < 0.000 1 < 0.000 1 0. 000 2 0. 000 1
0. 000 3 0.014 6 0.967 8 0.2317 -0.208 9
8 492.97
0.078 5 (0.000 2) (0.001 0) (0.007 2) (0.022 2) (0.054 6)
' < 0.000 1 < 0.000 1 < 0.000 1 0. 000 2 0. 000 1
: S =32; EIS 5 ;InL () EIS - ML ;
20

SV-L
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Table 7 Diagnostics for the residuals of SV, model
Jarque-Bera Ljung-Box( 10) Ljung-Box( 20)
1.843 10.018 19.329
0.032 2.887
(0.398) (0.439) (0.501)
2.261 7.805 16.215
-0.047 3.094
(0.323) (0.648) (0.703)
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Fig. 5 Diagnostics for the SV-L model for Shanghai Stock Excharge Composite Index
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EIS-based maximum likelihood estimation of stochastic volatility model with
leverage effect

WU Xinsu'®> ZHOU Haidin' WANG Shou-yang® MA Chao-qun’

1. School of Finance Anhui University of Finance and Economics Bengbu 233030 China;

2. School of Business Administration Hunan University Changsha 410082 China;

3. Academy of Mathematics and System Science Chinese Academy of Sciences Beijing 100190 China

Abstract: The stochastic volatility model with a leverage effect ( SV-L) has received a great deal of attention
in the financial econometrics literature. However estimation of the SV-L. model poses difficulties. In this pa—
per we develop a method for maximum likelihood ( ML) estimation of the SV-. model based on the efficient
importance sampling ( EIS) technique. Monte Carlo ( MC) simulations are presented to examine the accuracy
and small sample properties of our proposed method. The experimental results show that the EIS-ML method
performs very well. Finally the EIS-ML method is illustrated with real data. We apply the EIS-ML method of
SV-. model to the daily log returns of SSE and SZSE Component Index. Empirical results show that a high
persistence of volatility and a significant leverage effect exist in China stock market.

Key words: stochastic volatility; leverage effect; efficient importance sampling; maximum likelihood
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