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( SSEC) Wind
S&P 500 2000 - 01 - 03 ~ VIX
2016 -04 -29 4014 VIX S&P 500.SSEC
5 min 4 014 x 80 =321 120 © VIX
Thomson Reuters Tick His— ( Chicago Board Options Exchange CBOE) .
tory Database; SSEC 2000 -01 - 04 ~
2015 -05 -29 3724 x48 =178 752 19,
1
Table 1 Descriptive statistical analysis
S&P 500 SSEC
Return RV Jump VIX Return RV Jump VIX
8.48x107° | 1.24x10™* | 2.74x107° | 1.99x107* | 3.26x107* | 1.68x107* | 1.82x107> | 2.03 x10~*
0.012 8 2.64x107* | 8.04x107° | 2.19x107* 0.0157 2.45x107* | 4.25x107° | 2.25x10~*
—0.159 6™ | 10.778™ | 13.001™% | 4.510 7% | —0.119 6™ | 5.228 9™ | 5682 5% | 4.443 7%
7.655 8% 2,05 x102** | 2,80 x107™** | 29,460 | 4.534 0™ | 48.876™ | 45.974*% | 28,232 3***
J-B 9. 82 x10°** 7.09 x10°™* | 1. 32 x107** | 1.59 x10°*** | 3.20 x10°*** | 3,88 x10°*** | 3.48 x10°*** | 1.36 x10°***
Q(5) 42,790 | 7.26 x10¥F* | 8.06 x107** | 1.76 x10**** | 17.374** | 5.30 x10>™** |9.26 x10°*** | 1. 63 x10****
0(22) 81. 846 | 2.08 x104*7* | 2.84 x10*** | 6.44 x10*** | 62.604 ™ | 1.35 x10*™** | 3. 54 x10°>™** | 5.93 x10****
0*(5) 1.78 x10°*% | 8.66 x107*** | 38.667*** | 1.38 xI10**** | 2.79 x10?*** | 1. 08 x10°™** | 1. 41 x10>™** | 1.24 x10****
*(22) 6.23 x10°%% | 1.94 x103** | 3,33 x102*** | 4.30 x10**** | 8. 66 x10**** | 1.48 x10>™** | 5.31 x10>*** | 3.92 x10****
BDS 28.246%F | 41.907%% | 20.909™%F | 91.759%* | 16.875™ | 56.544%% | 23.727%% | 90.163***
ADF —49.302%% | _6.331 2% | —9.149 8% | —4.978 3% | —58.921 %% | —6.073 0™ | —7.597 7*** | —4.566 3***
el 1% ;J-B Jarque-Bera ; Q(n) n Ljung-Box Q iBDS  Brack
¥ ; ADF  Augmented Dickey-Fuller
1 S&P 500
SSEC SSEC VIX 2®, 2
1%
Corsi "
; 5 22 Q HAR
Q’ ; HARFIMA
ADF LHARFIMA HAR
HAR-
3.2
3.
©® S&P 500 VIX SSEC VIX VIX
. VIX “
” 100 252.
@ RV WVIX Jump +1
® VIX
; ARFIMA Ba (6) @ Bi @ 1
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2
Table 2 Insample parameter estimation results
s | s | e B | 4 6, w | on |
S&P 500
HAR ~0.660 1%/ 0.346 1 | 0.399 1™ | 0.194 5%
ARFIMA  |-9.635 67| -0.305 6*** 0.497 5 | 0.200 9"
HARFIMA | -0.459 7| 0.965 6*** |-0.056 5™*| 0.043 5*** | 0.187 5™** |-0.740 7***
LHAR  |-1.732 8™/ 0.242 8 ** | 0.356 1*** | 0.242 9*** —10.443 4*1-31.198 424,650 8™
LHARFIMA |-1.176 3%*| 0.842 9™ | -0.0104 |0.055 9™ | 0.187 6™ |-0.747 9™**|-18.180 6 -4.832 8 *| -3.0702
SSEC
HAR ~0.574 7| 0.415 6 | 0.284 0™** | 0.246 6***
ARFIMA  |-9.241 4**| 0,952 9*** 0.431 4™ |-0.921 0***
HARFIMA |-5.724 5™%|-0.192 0***| 0.0859" |0.500 3*** | 0.391 9™** | 0.2112
LHAR  |-0.969 9| 0.353 0" {0.303 0™** | 0.256 0*** 11,1629 -4.808 0" | -2.6202
LHARFIMA |-4.481 0%*] 0.162 3™ | 0.0465 |0.327 7™ | 0.396 5*** |-0.188 6™*|-10.564 8 | ~8.929 8 ***|-29,954 4 **
DR 10% 5% 1%
3 RV
Table 3 Long memory test of original sequence RV and model residuals
S&P 500 SSEC
Hurst 14 V(5) V(22) Hurst 4 V(5) V(22)
RV 0.8645 |7.1293™* 3,027 | 1.7051" 0.8855 |11.955 9™ | 4.659 5™ | 2.599 0***
HAR 0.5830 [ 2.176 4™ | 2.086 1 | 2.0434™* | 0.6080 |2.358 3™ | 2.313 5™ | 2,161 8***
LHAR 0.6143 | 2,534 3™ | 2,457 2% | 2.336 8™ | 0.6323 | 2.837 7% | 2.739 2% | 2,450 1***
ARFIMA 0.5530 1.564 5 1.500 7 1.3526 0.512 8 1.403 9 1.403 6 1.389 1
HARFIMA 0.538 7 1.300 9 1.2950 1.306 8 0.529 7 1.518 0 1.518 5 1.5247
LHARFIMA 0.5825 1.566 1 1.561 0 1.559 5 0.526 8 1.5117 1.5150 1.506 7
ek 10% 1% .V Hurst V(5) \V(22) 5
22 Lo % Hurst
3 S&P 500 3.3
SSEC HAR ~LHAR HARFIMA-
RV
Hurst ( 0.5 HAR-
)
HAR LHAR
S&P 500  SSEC
(1%
). ( FI) 1% 1
( )
3 000 S&P 500 1014 SSEC
HAR- HARFIMA- 724
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Table 4 The statistical test of the direction of forecasting
R t LR R t LR
S&P 500 SSEC
HAR 0.6328 8.762 2% | 72,296 5*** 0.630 7 7.277 2%%% | 49,985 37
ARFIMA 0.649 6 9.971 9*** | 92.033 0*** 0.626 6 7.030 17%% | 46.827 2%
HARFIMA 0.650 5 10.044 2% | 93,271 6*** 0.640 4 7.860 6*** | 57.770 §***
LHAR 0.653 5 10.262 1*** | 97.039 2*** 0.658 4 8.972 7% | 73.796 7***
LHARFIMA 0.662 4 10.924 0™ | 108.814 4*** 0.644 5 8.113 8™ | 61.287 2™
HARY 0.629 8 8.552 4™ | 69.069 9 *** 0.6349 7.526 0*** | 53,250 37
ARFIMA 0.6515 10.116 7% | 94.518 8 *** 0.6210 6.703 1% | 42,781 8***
HARFIMA-J 0.642 6 9.469 27*** | 83,605 77" 0.627 9 7.112 279 | 47,868 1
HAR-V 0.679 2 12.210 4™ | 133,015 5*** 0.6390 7.776 7% | 56.622 7%
ARFIMA-V 0.713 7 15.041 1% | 191.176 4*** 0.626 6 7.030 1% | 46.827 27
HARFIMA-V 0.696 0 13.551 3*** | 159.836 1 *** 0.637 6 7.692 9*** | 55,486 6%
LHAR 0.659 4 10.702 0*** | 104.810 4*** 0.6459 8.198 777 | 62.483 57**
LHARFIMA 0.669 3 11.447 7% | 118.466 9 *** 0.647 3 8.283 7% | 63.691 8™
LHAR-V 0.684 1 12.598 8™ | 140.628 7*** 0.648 7 8.369 0*** | 64.912 3***
LHARFIMA-V 0.705 8 14.369 3™ | 176.867 5*** 0.658 4 8.972 7% | 73.796 7
HARJV 0.677 2 12.056 4™ | 130.033 8 *** 0.6349 7.526 0*** | 53,250 37
ARFIMAJV 0.704 8 14.286 47 | 175.121 8*** 0.6252 6.948 1% | 45.798 2***
HARFIMAJV 0.696 9 13.632 1% | 161.497 0*** 0.634 9 7.526 0F* | 53,250 37
LHARV 0.688 1 12.912 9*** | 146.883 7*** 0.640 4 7.860 6*** | 57.770 8 ***
LHARFIMAJV 0.705 8 14.369 3*** 1 176.867 5*** 0.650 1 8.454 5% | 66.144 9***
e 1%
4 20 . VIX . VIX 4
( 60% ~70%) 4 MCS 5.
5 VIX
“ 7 (1% ) ( A)
LHARFIMA 4
MCS .
® ( B) LHARFIMA-]
MCS
3.4 . VIX
( C) S&P 500 SSEC
20 . SSEC LHARFIMA-V
VIX S&P 500 MSE  R2Log
©) t  t+1 10 W11 t+1
9 20 20 9
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HARFIMA-V MAE S&P 500
QLIKE LHARFIMA-V
HARFIMA- VIX ( D)
2 VIX ( C)
5 MCS
Table 5 MCS test of out-of-sample forecasting accuracy
A: VIX

S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR 0.243 7 0.003 1 0.024 7 0.000 0 0.6218 0.559 2 0.024 5 0.010 0
ARFIMA 0.249 9 0.053 4 0.024 7 0.000 3 0.552 4 0.667 1 0.024 5 0.015 8
HARFIMA 0.249 9 0.018 0 0.024 7 0.000 1 0.6218 0.667 1 0.090 1 0.019 8
LHAR 0.2499 0.0180 0.024 7 0.000 1 0.6218 0.667 1 0.024 5 0.043 6
LHARFIMA 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0

B:

S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR- 0.345 6 0.001 3 0.062 3 0.000 0 0.663 3 0.530 0 0.039 5 0.012 7
ARFIMA 0.497 1 0.124 1 0.062 3 0.000 5 0.601 3 0.9312 0.039 5 0.017 6
HARFIMA 0.363 5 0.006 7 0.062 3 0.000 2 0.663 3 0.9312 0.124 5 0.0225
LHARH 1.000 0 0.124 1 0.062 3 0.000 2 0.663 3 0.673 5 0.039 5 0.089 1
LHARFIMA-J 0.786 4 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0

C: VIX

S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR-V 0.481 0 0.034 3 0.046 7 0.000 0 0.637 1 0.3429 0.018 7 0.003 8
ARFIMA-V 0.328 5 0.118 4 0.061 7 0.009 2 0.502 3 0.547 5 0.018 7 0.009 1
HARFIMA-V 1.000 0 0.1343 0.493 4 1.000 0 0.637 1 0.547 5 0.070 5 0.032 8
LHAR-V 0.458 6 0.020 3 0.036 4 0.000 0 0.803 6 0.3429 0.018 7 0.009 1
LHARFIMA-V 0.602 5 1.000 0 1.000 0 0.108 4 1.000 0 1.000 0 1.000 0 1.000 0

D: VIX

S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR-JV 0.212 4 0.055 4 0.040 8 0.000 0 0.6151 0.3921 0.035 8 0.011 2
ARFIMA-JV 0.304 6 0.275 4 0.042 8 0.012 3 0.514 5 0.8517 0.035 8 0.021 9
HARFIMA-JV 1.000 0 0.275 4 0.4921 1.000 0 0.593 2 0.8517 0.072 1 0.042 6
LHARAV 0.196 3 0.037 7 0.034 8 0.000 0 0.987 3 0.3921 0.035 8 0.021 9
LHARFIMAJV 0.3953 1.000 0 1.000 0 0.139 7 1.000 0 1.000 0 1.000 0 1.000 0

p 0.25 (p )
HARFIMA- 4

HARFIMA-
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3 ized kernel RK)
; 2 000
MCS 6 ( S&P 500
: ( real— 2014 SSEC 1724 ).
6 MCS ( 2 000)
Table 6 MCS test results for all models ( the forecasting window width is 2 000)
S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR 0.5295 0.1232 0.003 7 0.000 0 0.273 8 0.1826 0.110 6 0.0115
ARFIMA 0.346 3 0.6351 0.006 3 0.000 0 0.256 5 0.043 8 0.139 2 0.005 2
HARFIMA 0.4554 0.398 6 0.004 4 0.000 0 0.264 6 0.0333 0.243 9 0.007 3
LHAR 0.214 5 0.078 9 0.002 7 0.000 0 0.4154 0.143 7 0.346 5 0.072 8
LHARFIMA 0.177 9 0.223 8 0.004 4 0.000 0 0.346 4 0.107 1 0.715 4 0.525 6
HAR- 0.353 4 0.174 3 0.004 6 0.000 0 0.4154 0.3591 0.161 5 0.048 9
ARFIMA4 0.3116 0.457 2 0.006 5 0.000 0 0.346 4 0.077 6 0.226 0 0.008 1
HARFIMA-] 0.265 7 0.074 2 0.004 4 0.000 0 0.4154 0.027 3 0.612 4 0.006 5
LHAR- 0.203 8 0.3154 0.003 7 0.000 0 1.000 0 0.417 6 0.572 1 0.525 6
LHARFIMA- 0.437 4 0.6351 0.004 4 0.000 0 0.4154 0.158 2 0.980 0 0.585 8
HAR-V 0.749 6 0.718 0 0.004 4 0.000 0 0.2817 0.417 6 0.083 8 0.017 2
ARFIMA-V 0.688 7 0.477 7 0.009 4 0.000 2 0.258 8 0.0323 0.161 5 0.014 6
HARFIMA-V 0.749 6 0.8913 0.027 9 0.029 1 0.258 8 0.055 2 0.346 5 0.0357
LHAR-V 0.346 3 0.468 6 0.005 5 0.000 0 0.4154 0.417 6 0.161 5 0.295 8
LHARFIMA-V 0.688 7 0.867 4 0.070 7 0.054 0 0.302 2 0.1220 0.8517 0.5858
HARJV 0.749 6 0.882 4 0.004 4 0.000 0 0.4154 0.417 6 0.127 2 0.098 5
ARFIMAJV 0.749 6 0.7180 0.037 6 0.0153 0.4154 0.050 2 0.460 4 0.023 6
HARFIMAJV 1.000 0 0.989 6 0.192 9 0.564 9 0.4154 0.026 7 0.7154 0.0317
LHARJV 0.749 6 0.989 6 0.006 5 0.000 0 0.575 6 1.000 0 0.254 4 0.5858
LHARFIMAJV 0.889 7 1.000 0 1.000 0 1.000 0 0.4154 0.2450 1.000 0 1.000 0
p 0.25 (p )
6 HARFIMA-
LHARFIMAJV LHARFIMA-V
HARFIMA- MCS ) HARFIMA-
2015  ~2017
“ 7 RK
SSEC 2015  ~2017 RV
2015  ~2017 RK RV o RK
SSEC RV ) MCS 8.
2017 12 29 634 8 S&P 500
4 358 2015  ~2017 HARFIMAJV
732 LHARFIMA ) SSEC
4 358 —732 =3 626. 2015  ~2017 LHARFIMA-V LHARFIMAJV
SSEC MCS 7. MCS ARFIMAJV

7 MAE
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QLIKE  R2Log MCS
HARFIMA-
7 2015 ~2017 SSEC MCS
Table 7 MCS test for forecasting performance of SSEC during 2015 ~2017
SSEC

MSE MAE QLIKE R2Log

HAR 0.600 6 0.2250 0.119 8 0.002 0

ARFIMA 0.4513 0.378 8 0.407 6 0.021 8

HARFIMA 0.488 0 0.378 8 0.3857 0.021 8

LHAR 0.689 9 0.489 9 0.142 5 0.006 8

LHARFIMA 1.000 0 1.000 0 0.879 4 0.070 9

HAR-J 0.398 3 0.169 0 0.119 8 0.003 0

ARFIMA-J 0.516 4 0.348 2 0.119 8 0.006 8

HARFIMA 0.409 3 0.280 0 0.1302 0.021 8

LHARY 0.689 9 0.589 7 0.119 8 0.003 0

LHARFIMA-J 0.689 9 0.777 5 0.3857 0.033 2

HAR-V 0.600 6 0.187 1 0.119 8 0.002 5

ARFIMA-V 0.666 9 0.4213 0.69%4 1 0.033 2

HARFIMA-V 0.689 9 0.629 3 0.3857 0.034 6

LHAR-V 0.689 9 0.378 8 0.212 8 0.003 4

LHARFIMA-V 0.689 9 0.777 5 1.000 0 1.000 0

HAR-JV 0.392 6 0.158 6 0.119 8 0.003 4

ARFIMAJV 0.601 3 0.370 7 0.119 8 0.021 8

HARFIMA-JV 0.387 8 0.3350 0.119 8 0.021 8

LHAR-JV 0.689 9 0.4213 0.119 8 0.003 0

LHARFIMAJV 0.689 9 0.777 5 0.407 6 0.044 0

P 0.25 (p )
8 MCS (RK
Table 8 MCS test results for all models ( RK as the real volatility)
S&P 500 SSEC
MSE MAE QLIKE R2Log MSE MAE QLIKE R2Log
HAR 0.1157 0.001 6 0.000 0 0.000 0 0.400 8 0.020 6 0.026 4 0.000 3
ARFIMA 0.6%4 6 0.085 1 0.000 0 0.000 0 0.840 2 0.4913 0.206 5 0.003 5
HARFIMA 0.347 6 0.011 2 0.000 0 0.000 0 0.595 6 0.073 1 0.031 8 0.002 3
LHAR 0.264 5 0.020 3 0.000 0 0.000 0 0.595 6 0.092 8 0.031 8 0.009 2
LHARFIMA 0.254 0 0.009 7 0.000 0 0.000 0 0.956 8 0.396 6 0.9227 0.030 2
HAR- 0.167 5 0.000 3 0.000 0 0.000 0 0.528 3 0.008 6 0.020 2 0.000 2
ARFIMA- 0.480 9 0.018 4 0.000 2 0.000 0 0.956 8 0.7330 0.031 8 0.003 5
HARFIMA-] 0.2109 0.005 5 0.000 0 0.000 0 0.840 2 0.045 1 0.031 8 0.001 1
LHAR- 0.149 3 0.000 8 0.000 0 0.000 0 0.744 3 0.171 0 0.031 8 0.009 2
LHARFIMA- 0.694 6 0.079 3 0.000 0 0.000 0O 0.972'5 0.420 2 0.9713 0.0511
HAR-V 0.628 5 0.059 5 0.000 0 0.000 0 0.4519 0.031 1 0.0222 0.001 2
ARFIMA-V 0.201 7 0.1279 0.008 5 0.008 1 0.678 9 0.4913 0.113 1 0.009 2
HARFIMA-V 0.69%4 6 0.2950 0.492 7 0.083 3 0.5531 0.290 0 0.0318 0.003 5
LHAR-V 0.202 1 0.059 5 0.000 0 0.000 0 0.5531 0.054 6 0.031 8 0.003 5
LHARFIMA-V 0.778 4 0.456 3 0.4212 0.021 0 0.966 5 0.4913 0.9713 1.000 0
HAR-JV 0.796 6 0.245 4 0.000 0 0.000 0 0.5393 0.014 1 0.018 9 0.000 7
ARFIMAJV 0.628 5 0.195 8 0.046 3 0.026 5 0.947 7 1.000 0 0.0318 0.009 5
HARFIMAJV 1.000 0 0.456 3 1.000 0 1.000 0 0.678 9 0.242 6 0.0318 0.003 5
LHARV 0.6%4 6 0.0590 0.000 0 0.000 0 0.693 8 0.097 9 0.0318 0.003 5
LHARFIMA-JV 0.796 6 1.000 0 0.492 7 0.083 3 1.000 0 0.4913 1.000 0 0.869 6
P 0.25 (p )



— 114 — 2020 11

HAR-
5
HARFIMA-
HAR HAR-
; ARFIMA HARFIMA-
“ 7 RV RK
HARFIMA
7 . HARFIMA- HARFIMA-

S&P 500  SSEC

1 Bollerslev T Chou R Y Kroner K F. ARCH modeling in finance: A review of the theory and empirical evidence J . Jour—
nal of Econometrics 1992 52(1/2): 5-59.

2 Ding Z Granger C W J Engle R F. A long memory property of stock market returns and a new model J . Journal of
Empirical Finance 1993 1(1): 83 -106.

3 Cont R. Empirical properties of asset returns: Stylized facts and statistical issues J . Quantitative Finance 2001 1(2):

223 -236.
4 Lothian J R. Some new stylized facts of floating exchange rates J . Journal of International Money and Finance 1998 17
(1):29-39.

O}

Laurent S. Asymmetry and Fat—ails in Financial Time Series D . Martinique: Maastricht University 2002.
Li X M Rose L C. The tail risk of emerging stock markets J . Emerging Markets Review 2009 10(4) : 242 -256.

@)}

7 Andersen T G Bollerslev T. Answering the skeptics: Yes standard volatility models do provide accurate forecasts J .
International Economic Review 1998 (39)4: 885 -905.
8 Andersen T G Bollerslev T Diebold F X et al. Modeling and forecasting realized volatility J . Econometrica 2003 71
(2): 579 -625.
9 Koopman S J Jungbacker B Hol E. Forecasting daily variability of the S&P 100 stock index using historical realised and
implied volatility measurements J . Journal of Empirical Finance 2005 12(3): 445 —475.
10 . 300 I 2010 13(2): 66 -76.
Wei Yu. Volatility forecasting models for CSI300 Index Futures J . Journal of Management Sciences in China 2010 13
(2): 66 —76. (in Chinese)
11 Corsi F. A simple approximate long-memory model of realized volatility J . Journal of Financial Econometrics 2009 7
(2): 174 - 196.
12 Chen X Ghysels E. News-good or bad and its impact on volatility predictions over multiple horizons J . Review of Finan—
cial Studies 2011 24(1): 46 -81.
13 Patton A J Sheppard K. Good volatility bad volatility: Signed jumps and the persistence of volatility J . Review of Eco—
nomics and Statistics 2015 97(3) : 683 -697.
14 Prokopczuk M Symeonidis L. Wese S C. Dojumps matter for volatility forecasting? Evidence from energy markets J .
Journal of Futures Markets 2016 36(8): 758 —792.
15 . HAR-BACD-V J. 2012 32



11 . HARFIMA — 115 —
(3): 608 -613.
Wen Fenghua Tang Hairu Liu Xiaoqun et al. HAR-BACD-V model and its application to Chinese stock market J .
Systems Engineering: Theory & Practice 2012 32(3): 608 —613. (in Chinese)

16 N J. 2013 33
(2): 296 -307.

Chen Langnan Yang Ke. HighHrequency volatility features forecast model and performance evaluation J . Systems Engi—
neering: Theory & Practice 2013 33(2): 296 —307. ( in Chinese)

17 TVS-MHAR J. 2018 38(7) :
1677 — 1689.

Luo Jiawen Chen Langnan. Multivariate realized volatility forecasts of financial markets based on TVS-MHAR model J .
Systems Engineering. Theory & Practice 2018 38(7): 1677 —1689. ( in Chinese)

18 J. 2015 35(6): 667 —684.

Tang Yong Huang Zhigang. Volatility modeling for financial market: Based on the views of multifractal J . Journal of Sys—
tems Science and Mathematical Sciences 2015 35(6): 667 —684. ( in Chinese)

19 J. 2016 36(8): 1160 - 1174.
He Zhifang Yang Xin Gong Xu et al. Predicting stock index futures market volatility J . Journal of Systems Science
and Mathematical Sciences 2016 36(8): 1160 — 1174. ( in Chinese)

20 . — HAR J . 2018 38
(9): 1036 —1054.

Tang Yong Cui Jinxin. Research on optimal hedging ratio of Chinese stock market based on higher moments HAR model
J . Journal of Systems Science and Mathematical Sciences 2018 38(9): 1036 — 1054. ( in Chinese)

21 Qiu Yue Xie Tian. Forecasting foreign exchange realized volatility: A least square model averaging approach J . Journal
of Systems Science and Mathematical Sciences( English Serices) 2018 38(6): 725 —744.

22 Varneskov R T Perron P. Combining long memory and level shifts in modelling and forecasting the volatility of asset returns

J . Quantitative Finance 2018 18(3): 371 —393.

23 Baillie R T Calonaci F Cho D et al. Long Memory Realized Volatility and HAR Models R . London: Queen Mary
University of London Scool of Economics and Finance 2019.

24 Baillie R T Bollerslev T Mikkelsen H O. Fractionally integrated generalized autoregressive conditional heteroskedasticity

J . Journal of Econometrics 1996 74(1): 3 -30.

25 Barros C P Gil-Alana L A Payne J E. Evidence of long memory behavior in US renewable energy consumption J .
Energy Policy 2012 41: 822 —826.

26 Haldrup N Valdés J] E V. Long memory fractional integration and cross-sectional aggregation J . Journal of Economet—
ries 2017 199(1): 1-11.

27 Christoffersen P Feunou B Jacobs K et al. The economic value of realized volatility: Using high-frequency returns for
option valuation J . Journal of Financial and Quantitative Analysis 2014 49(3): 663 —697.

28 Wang Y Ma F Wei Y et al. Forecasting realized volatility in a changing world: A dynamic model averaging approach

J . Journal of Banking & Finance 2016 64: 136 —149.

29 Miiller U A Dacorogna M M Dave R D et al. Fractals and intrinsic time: A challenge to econometricians C //39th
International AEA Conference on Real Time Econometrics 1993.

30 Baillie RT Chung CF Tieslau M A. Analysing inflation by the fractionally integrated ARFIMA-GARCH model J . Jour-
nal of Applied Econometrics 1996 11( 1) : 23 -40.

31 LHAR-RV-V I 2012 15(6): 59
-67.

Wen Fenghua Liu Xiaoqun Tang Hairu et al. Research on China’ s stock market fluctuations based on LHAR-RV-V
model J . Journal of Management Sciences in China 2012 15(6): 59 —67. ( in Chinese)

32 — J.



— 116 — 2020 11

2017 37(6): 1509 -1523.
Zhu Li Liu Xiangli. High-frequency data stock index future-spot market volatility jumps and jumps overflow test-based on
EEMD and wavelet denoising J . Journal of Systems Science and Mathematical Sciences 2017 37(6) : 1509 —1523. (in
Chinese)

33 . N J. 2018 26(11): 11 -21.
Gong Xu Lin Bogiang. Jump risk structural breaks and forecasting crude oil futures volatility J . Chinese Journal of
Management Science 2018 26( 11): 11 —21. ( in Chinese)

34 Fernandes M Medeiros M C  Scharth M. Modeling and predicting the CBOE market volatility index J . Journal of
Banking & Finance 2014 40: 1 -10.

35 Sarwar G. Is VIX an investor fear gauge in BRIC equity markets? ] . Journal of Multinational Financial Management
2012 22(3): 55-65.

36 Degiannakis S Filis G. Forecasting oil price realized volatility using information channels from other asset classes J .
Journal of International Money and Finance 2017 76: 28 —49.

37 Christoffersen P F. Evaluating interval forecasts J . International Economic Review 1998 39(4): 841 —862.

38 Hansen P R Lunde A Nason J] M. The model confidence set J . Econometrica 2011 79(2): 453 —497.

39 Brock W A Scheinkman J A Dechert W D et al. A test for independence based on the correlation dimension J . Econo-
metric reviews 1996 15(3): 197 -235.

40 Lo A W. Long-term memory in stock market prices J . Econometrical 1991 59(5): 1279 -1313.

41 Barndorff-Nielsen O E Hansen P R Lunde A et al. Designing realized kernels to measure the ex post variation of equity
prices in the presence of noise J . Econometrical 2008 76(6): 1481 -1536.

A new method of stock market volatility forecasting in high-frequency per—
spective. HARFIMA model

CHEN Wang' WEI Yu>" MA Feng® MEI Deiang’
. College of Finance and Economics Yangtze Normal University Chongqing 408100 China;

1
2. School of Finance Yunnan University of Finance and Economics Kunming 650221 China;

3. School of Economics & Management Southwest Jiaotong University Chengdu 610031 China;
4. School of Finance Chongqing Technology and Business University Chongqing 400067 China

Abstract: HAR-type models can be used to describe the proportion of contributions by different class of trad—
ers ( Heterogeneous) . They are widely used in empirical study and their performance is good in financial mar—
ket volatility forecasting. The empirical results show the HAR-type models can be used to partly capture the
long memory which is very important for financial market but the performance is very limited. However
ARFIMA models are very good at describing long memory. Therefore based on the advantages of above men—
tioned two models a new model: HARFIMA is proposed and developed further into an HARFIMA-type mod—
el. Then the HARFIMA-type model is used to forecast the realized volatility ( RV) of S&P 500 and SSEC.
The empirical results show that our HARFIMA-type model can be used to capture long memory more accurate—
ly and that the out-sample forecasting performance is better than other models. This conclusion is also robust.

Key words: heterogeneous; long memory; realized volatility ( RV) ; HARFIMA model



