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Fig. 1 Forecasting results of short memory volatility models during forecasting period
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Fig. 2 Forecasting results of long memory volatility models during forecasting period
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Table 2 Based on RV MCS results for different volatility forecasting results
MSE MAE HMSE HMAE QLIKE R’LOG
Ty TSQ Ty TSQ Ty TSQ Ty T,\'L) Ty Th() Ty TSQ
SM1 0.2679(0.3381|0.000 3 |0.000 0 |0.0000|0.0000|0.0000|0.00000.8809]0.9015|0.0280|0.042 1
SM2 0.267 9(0.374 8 |{0.000 1 |0.000 0 |0.000 0{0.0000|0.0000|0.0000|0.8809 |0.8616|0.0354|0.078 6
SM3 0.6289(0.448 5[0.011 8 |0.004 0 |0.021 0{0.000 0 |{0.000 0 [0.000 0 |0.394 0 |0.5142|0.1427|0.3339
SM4 0.2679(0.3861|0.001 7|0.0020|0.0000{0.0000|0.0000|0.0000|0.39400.5157|0.0639|0.1433
SM5 0.7182(0.569 1 |0.016 7 |0.005 5 |0.000 0 {0.000 0 |0.0000|0.0000 |0.8809 |0.8616|0.1386|0.171 5
SM6 0.0000{0.000 1 |0.000 0 |0.000 0 |0.0000{0.0000|0.0000|0.0000|0.01140.0244|0.0000 |0.000 0
SM7 0.000 1 {0.000 4 [0.000 0 |0.000 0 |0.000 0 {0.0000 |0.0000 |0.0000 |0.013 4 |0.088 3 |0.0000 |0.000 0
LM1 0.7182(0.569 1 |0.023 9|0.0365|0.059 6{0.0005 |[0.007 9 |0.0001|0.8809 0.8616|0.2214|0.5528
LM2 0.8755(0.8270(0.0167|0.0125|0.028 9{0.000 0 |0.0022|0.0000 |0.88090.9015|0.3335|0.6501
LM3 0.8755(0.827 0|0.0556|0.0803|0.059 6{0.0005|0.0079|0.0001|0.8228|0.6822|0.7687|0.799 4
LM4 0.7182(0.8252(1.0000 |1.000 0 |1.0000{1.0000 |1.0000 |1.0000 |0.39400.5157|1.0000 |1.000 0
LM5 1.000 0 |1.000 0 |0.0556|0.080 3 |0.059 6 |0.0005|0.0079|0.0001|1.0000 |1.00000.7687|0.799 4
LM6 0.000 1{0.0002|0.000 1 |0.000 0 |0.0000{0.0000|0.0000|0.0000|0.01340.041 8|0.0000 |0.000 0
LM7 0.267 9{0.001 1{0.000 1 |0.000 0 |0.000 0 {0.0000 |0.0000 |0.0000|0.0114 |0.0133{0.0000 |0.000 0
10 000  Bootstrap MCS p .p 0. 1¢( ) MCS
i ARFIMA4nMFV ARFIMA-LnMV . ARFIMA-LnMFVW.
ARFIMA4.nMVM,ARFIMA-4LnRV.HYGARCH  FIEGARCH( LMl LM7);7 ARMA-LnMFV,
ARMA-.nMV.ARMA-{L.nMFVW.ARMA-L.nMVM,ARMA-4.nRV.GARCH.GJR-GARCH( SM1L  SM7).
3 MCS ( BPV)
Table 3 Based on BPV  MCS results for different volatility forecasting results
MSE MAE HMSE HMAE QLIKE R’LOG
Ty T Ty T Ty Tsq Ty Tsq Ty Tsg Ty T
SM1 0.074 9{0.129 9 {0.000 0 |{0.000 0 |0.000 0 {0.000 0 |0.000 0 |0.000 0 |0.861 6 |0.749 5|0.001 2 |0.002 3
SM2 0.076 0{0.174 5 |0.000 0 | 0.000 0 |0.000 0 {0.000 0 |{0.000 0 [0.000 0 |0.861 6 |0.749 5|0.001 2 |0.004 4
SM3 0.3330{0.3013/0.0000|0.001 8|0.0185{0.0000|0.0004 |0.0000|0.86160.746 3|0.0399|0.0430
SM4 0.080 4 {0.224 8 |0.000 0 |0.000 3 |0.000 0{0.000 0 |0.0000|0.0000 |0.8616 0.746 3 |0.003 0|0.014 9
SM5 0.3989(0.462 6 |0.000 8 |0.000 1 |0.000 0{0.0000 |0.0000|0.0000 |0.86160.749 5|0.0399|0.026 6
SM6 0.000 0 {0.000 0 |{0.000 0 |0.000 0 |0.000 0{0.0000 |0.0000 |0.0000 |0.8616 0.024 1|0.0012|0.0000
SM7 0.000 0 {0.000 3 {0.000 0 |0.000 0 |0.000 0{0.0000 |0.0000 |0.0000 |0.8616 0.097 7|0.0012|0.000 0
LM1 0.3989(0.776 9 |0.010 4 | 0.004 8 |0.028 5{0.0002 |[0.003 6 [0.000 0 |0.861 6 |0.749 5|0.064 5|0.115 4
LM2 0.8020(0.9596|0.001 5/0.0005 |0.0192{0.0000|0.0000|0.0000|0.86160.7930|0.0645|0.1154
LM3 0.963 3/0.959 6 {0.0104 | 0.0069 |0.028 5{0.000 2 |0.003 6|0.0000 |0.8616|0.7495|0.2041|0.2303
LM4 0.9633(0.9596(1.0000|1.0000 |1.0000{1.0000 |1.0000 |1.0000 |0.86160.7463|1.0000 |1.0000
LMS5 1.000 01.000 00.0104 |0.0069 [0.028 5/0.0002|0.0036{0.0000|1.00001.00000.2041|0.2303
LM6 0.000 1{0.000 1 {0.000 0 |0.000 0 |0.000 0 {0.0000 |0.0000 |0.0000 |0.8616 0.0412|0.0012|0.000 0
LM7 0.074 9{0.000 7 {0.000 0 | 0.000 0 |0.000 0{0.000 0 |0.0000 |0.0000 |0.8616 0.0111{0.0012|0.0000
10000  Bootstrap MCS p .p 0. 1( ) MCS
7 ARFIMA-L.nMFV.ARFIMA-L.nMV.ARFIMA-L.nMFVW |
ARFIMALnMVM.ARFIMA-LnRV.HYGARCH = FIEGARCH( LMl  LM7);7 ARMA-LnMFV,

ARMA-LnMV.ARMA-L.nMFVW.ARMA-LnMVM.ARMA-LnRV.GARCH.GJR-GARCH(

SM1

SM7) .
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Multi-fractal volatility forecasting model and its MCS test

WEI Yu MA Feng HUANG Deng-shi
School of Economics & Management Southwest Jiao Tong University Chengdu 610031 China

Abstract: This paper introduces a new volatility measure and constructs its model based on multifractal volatil—

ity method. Taking S-minute high frequency data of the Shanghai Composite Index as an example and apply—

ing the out-of-sample rolling time window forecasting combined with Model Confidence Set which is proved su—

perior to SPA test this paper compares the empirical performance of the new model and those of the GARCH-

type and Realized volatility ( RV) models. The empirical results show that the forecasting accuracy of the mul-

tifractal volatility measure model in the short term as well as in the long term are better than the GARCH-type

and RV models. Moreover the forecasting models in the long term perform better than those in the short term.

The performance in most loss function of the new method based on multifractal volatility measure is superior to

other forecasting models.

Key words: multifractal volatility; GARCH-type models; realized volatility model; rolling forecasting;

MCS test



