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1 300 RV log(RYV)
Table 1 Descriptive statistics for RV and log( RV) series of Shenzhen 300 index
RV log( RVY) RV log( RV?) RV log( RV?)
Mean 0.008 218 —-4.904 248 0.008 238 - 4.873 478 0.008 319 —4.846 495
Median 0.007 367 -4.910 749 0.007 722 —-4.863 747 0.007 682 —-4.868 876
Maximum 0.034 204 -3.375 413 0.024 884 -3.693 53 0.017 376 - 4.052 665
Minimum 0.002 696 -5.915 986 0.003 07 -5.786 078 0.003 485 - 5.659 287
Std. Dev. 0.004 124 0.444 457 0.003 338 0.384 678 0.002 872 0.339 668
Skewness 2.072 865 0.277 906 1.365 62 0.072 731 0.848 741 -0.02 676
Kurtosis 10.458 01 3.073 412 6.113 52 2.946 256 3.451 975 2.840 368
Jarque-Bera 1510.787 6.522 067 355.938 7 0.498 983 64.028 86 0.588 198
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Fig. 1 Realized volatility autocorrelation positive-negative returns and realized volatility correlation analysis
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Table 2 Parameter estimation of the LHAR-RV-V model
Horizons
Variable
1day 1week 2weeks 3weeks I month

~2.114 406 | = 1.284 567" | -0.829648 | —-0.851335 | —0.678 122

Fo 0. 830 91 0. 657 661 0. 629 783 0. 643 524 0. 654 424
0.295 509 *** | 0.203 459 *** | 0.197 345™** | 0.163 984*** | 0. 154 773 ***

P 0. 048 267 0. 038 203 0. 036 584 0. 037 382 0.038 015
0.259 601*** | 0.328 988 *** | 0.309 523 *** | 0.284 455*** | 0.268 572***

Pu 0. 078 099 0.061 815 0. 059 195 0. 060 486 0.061 511
0.262 844 | 0.245 351*%* | 0.213 017" | 0.195 256*** | 0. 163 252**

Pu 0. 082 287 0. 065 13 0. 062 369 0. 063 73 0. 064 809

~2.686 1117 |~ 1,638 505***| = 1. 168 65*** | - 0.996 152** | - 0. 909 553 **

= 0.573 359 0.453 811 0. 434 574 0. 444 056 0.451 577
—3.584367* |- 3.874 107 | = 3.717 73°** |- 3.486 372***| - 2.314 967"

- 1.558 112 1.233 238 1.180 961 1.206 728 1.227 168
-4.032042 | -1.665596 | —1.824358 | —4.322752" | -6.089 7**

P 3.200 633 2. 540 408 2.43272 2.485 8 2.527 904
N 0.183 726 | 0.126 868** | 0.153 765*** | 0.133 372** | 0.134 232**

0. 067 87 0.053 719 0.051 442 0. 052 564 0. 053 454

. 0.090 515 | 0.221 348*** | 0.222 016*** | 0.264 84*** | 0.247 35***

0. 104 302 0. 082 555 0. 079 055 0. 080 78 0. 082 148

A —0.211 733 |- 0. 340 093 *** |- 0. 407 786 *** |- 0. 449 862 *** |- 0. 458 098 ***

0.077 511 0.061 35 0. 058 749 0. 060 031 0.061 048

R 0. 589 509 0. 658 768 0.651 112 0. 610 686 0. 574 340

RMSE 0. 002 963 0. 002 130 0.001 953 0.001 968 0. 001 932

N NN 1% 5% <10%
2
BI) ‘ﬁW ‘BM 1%
23
Miiller * Bw~Bu Bo
2
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Fig. 2 Volatility coefficients 8 change along with different realized volatility estimated periods
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Fig. 3 Return coefficients p change along with different realized volatility estimated periods
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Table 3 Predictive power analysis in sample of each model
ARFIMA HAR-RV LHAR-RV-V
RMSE 0.004 06 0.003 073 0.002 979
MAE 0.002 845 0.002 015 0.001 935
MAPE 38.790 23 23.295 85 22.187 86
TIC 0.233 958 0.173 408 0.167 155
4

Table 4 Predictive power analysis out of sample of each model

ARFIMA HAR-RV LHAR-RV-V
RMSE 0.003 907 0.001 862 0.001 832
MAE 0.003 008 0.001 328 0.001 307
MAPE | 42.067490 | 21.267 810 | 21.186 160
TIC 0.405 491 0.147 072 0. 143 790
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Research on China’ s stock market fluctuations based on LHAR-RV-V model
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Abstract: On the basis of heterogeneous autoregressive realized volatility model( HAR-RV model) combining
the market microstructure theory the paper proposes a new dynamic volatility model which considers both the
leverage effect and price~volume relation and which is called Leverage Heterogeneous Autoregressive Realized
Volatility with Volume model( LHAR-RV-V model) . The proposed model is applied to empirical analysis with
the 1 minute high frequency data of Shenzhen 300 index. The empirical results show that the model can well
capture the long memory and the leverage effect characteristics and the leverage effect has certain sustainabili—
ty. In addition the past different cycle volume joined in the model can not only reflect the relationship be—
tween the volume and price in a more sophisticated way but also improve the predictive power of the model to
some degree.

Key words: heterogeneous market hypothesis; LHAR-RV-V model; volume; leverage effect



