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Table 1 Basic statistical analysis
I8 Ljung-Box Ljung-Box Ljung-Box ADF
Q(5) Q(10) Q(20)
r 0.000 3 [ 0.029 3 | -0.2099| 7.87 1 259*** 11.76 % 23.59 *** 36527 |-26.177*
RV 1.913 7 [ 3.942 6 | 13.343 6 | 251.61 | 3 290 049*** | 636.08*** 729.917°%% | 1 162.78**% | -8.64***
BPV 1.601 6 | 3.597 4 | 16.271 6 | 362.23 | 6 846 952" | 566.28*** 648.47 %% 985.257% | -7.26™"*
TBPV | 1.2579|3.216 5 |20.822 9 | 552.09 | 15 957 768*** | 407.61*** 469.66™** 617.88**% | -4.647*
C 1.591 2 | 3.564 8 | 16.124 9 | 356.56 | 6 633 245*** | 572,97*** 658.80*** | 1002.66™* |-7.45%"*
TC 1.321 6 | 3.197 5| 20.320 0 | 533.63 | 14 904 305*** | 421.91*** 496,59 *** 672.81**% | -4,897**
J 0.3226|0.780 1 | 9.582 4 | 144.47 | 1 072 575*** 76.28 *** 95.55 *** 208.69***  |-20.61***
TJ 0.5922 | 1.776 2 | 11.866 9 | 200.07 | 2 073 490*** 64.68 *** 75.28 %% 200.327%%%  |-2]1,37***
AJ 0.014 1 | 1.4723| 3.074 7 | 95.57 | 452 926*** 22,79 *** 23.67*** 92.30%%  |-24.727*
X_spec | 9.3358|4.3045| 1.6334 | 6.9 1401 3204.15%% | 5382.21 % 8 760.58 | -8.79***
r 0.000 1]0.0049| 0.1693 | 4.15 27 %% 2.55%%* 11.46™** 34207 |-13.747*
RV 0.0427[0.044 8 | 2.436 4 | 11.35 1 714%%* 528.07 *** 796.20*** 1 132.527%% | =7.22%%*
BPV  0.0350|0.0380| 2.5437 | 12.05 1.975%* 545,13 *** 812.34™*% | [ 115,627 |-7.55"*
TBPV |0.023 5|0.028 5| 3.2338 | 18.67 5270 456.66** 632.41 %% 864.82**F | =7, 72 %
C 0.0352]0.0382 | 2.611 8 | 13.16 2 394%** 531.61*** 803.15™*% | 1 102.67™* |-7.50™"*
TC 0.028 3 10.034 1| 3.096 0 | 18.21 4 9447 419.93*** 618.81*** 830.75*% | -8.06™**
J 0.007 5 0.013 1| 3.496 7 | 19.30 5767 61.06*** 96.16*** 143.48**%  |-10.97 ***
TJ 0.014 5|0.025 7 | 3.692 4 | 23.58 8 764*** 48.89 *** 79.51 %% 122.55**%  |-11.84***
AJ 0.000 3 [ 0.0259 | -0.283 9| 9.49 779 %% 5.14 %% 12.03*** 47.84%% |-15,927*
X _spec |0.544 4(0.758 1 [ 11.098 2 | 172.51 | 535 844™** 263.42%** 374.89*** 406.96 7% | -6.75""*
RV BPV  TBPV
¢ TC ] T
Al X_spec
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Fig. 1 The time-varying inclusion probabilities of the daily weekly and monthly volatilities within the Monte Carlo Simulation
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Fig. 2 The time-varying inclusion probabilities of predictors in DMA-FAHAR-spec model for stock index futures and Treasury futures
: BPV  TBPV ¢ TC
J 1 AJ X_spec
5 1 (h=1) 5 (h=5)
2 (h=22) .
DMA  DMS
HAR 2/3  1/3.
( T) 2010 4 16
~2013 10 14 863
DMA— DMS 2013 10 15 ~2015 6 30
(6) 400
HAR  ( DMA( DMS) -HAR ) , L) 2013 9 6 ~2014
TVP TVP-FAHAR TVP-HAR
11 24 290
2014 11 25 <2015 6 30 150
DMA( DMS) FA- -

HAR DMA ( DMS) HAR Patton

. DMA Pat-
( DMS) -HAR-spec ton b=0b=-

HAR > HARCJ ®  HAR- 20=-1 =1 b=0b=-2

TCJ ’ HAR-AJ “ MSE  QLIKE b=-1

b=1



T
Ol 2 [ (6+2) b2
—— —— (RV,,. - (RV,,..
DF2 A b+1 ( b+2) ( True t ( Forecast L) )
g
. L (rv "'(RVy,., = RV, b#-1 -2
E ( b+ 1) ( Forecast 1) ( True t Forecast L) 7
L( RVTrue t RVForecasl t b) = D T RV ( 15)
D 1 1 True t _
2 Foreum t RVTrue t * RVTme t RV ) b =-1
E]TZ t=Ty+1 Forecast t
1 & RV,
True t True t
3 ~In - 1) b=-2
DTZ t=T+1 RVFurezast t RVFur'e(‘ast t
2 3
HAR
HAR
HAR
2 HAR
DMS-FAHAR-spec
N 3 HAR DMA /DMS
HAR TVP HAR
DMA-FAHAR-spec DMA ( DMS) -HAR
DMS-FAHAR-spec TVP-HAR
HAR
HAR
HAR N
2
Table 2 The out-of-sample forecasting evaluations based on robust loss functions for stock index futures
h=1 h=5 h=22
b=0 b=-2 b=-1 b=1 b=0 b=-2 b=-1 b=1 b=0 b=-2 b=-1 b=1
DMAFAHAR-spec 2.059 7 0.190 1 0.2747 | 70.5128 | 1.603 3 0.080 3 0.1615 | 32.3819 | 1.0122 0.247 4 0.270 0 7.2290
DMSFAHAR-spec 2.0357 0.102 6 0.1959 | 80.3812 | 1.5714 0.037 1 0.1410 | 31.263 2 1.402 4 0.052 2 0.184 2 13.502 6
TVPFAHAR-=spec | 12.1844 | 0.2727 0.656 9 |574.807 3 | 2.436 3 0.201 8 0.300 7 | 43.2032 | 2.2030 0.428 6 0.4679 | 19.073 5
DMAFAHAR 2979 5 0.233 0 0.306 6 | 145.416 3 | 1.869 7 0.081 6 0.1857 | 36.388 1 1.3255 0.301 6 0.3270 | 10.303 6
DMSFAHAR 3.691 8 0.117 0 0.216 3 |195.6935| 1.618 1 0.038 3 0.1399 | 329596 1.459 7 0.075 1 0.203 0 13.872 2
TVPFAHAR 6.637 7 0.249 3 0.4313 |350.4513 | 2.2548 0.172 9 0.2906 | 379130 | 2.606 9 0.400 8 0.5104 | 23.4533
DMAHAR-spec 6.464 2 0.162 6 0.336 8 |322.787 7| 2.8419 0.077 3 0.3136 | 38.1685 | 2.202 8 0.149 5 0.486 3 12.377 1
DMSHAR-spec 6.117 1 0.143 7 0.2927 |311.227 8| 2.5658 0.064 1 0.2676 | 36.0542 | 2.0195 0.121 8 0.426 0 11.708 1
TVPHAR-spec 13.686 0 | 0.224 5 0.622 7 |665.344 7 | 4.339 1 0.095 1 0.4038 | 72.1564 | 2.4358 0.166 0 0.5172 | 15.011 4
DMAHAR 6.797 8 0.161 6 0.3439 |336.923 6 | 2.800 7 0.076 1 0.3070 | 37.8728 | 2.169 9 0.146 4 0.477 2 12.233 1
DMSHAR 6.690 2 0.144 4 0.307 7 |337.784 0| 2.494 8 0.065 8 0.267 3 | 342004 | 2.036 5 0.125 2 0.4322 | 11.770 6
TVPHAR 13.8374 | 0.2225 0.626 6 | 671.264 6 | 4.3225 0.094 7 0.4014 | 719112 | 2.4520 0.163 5 0.521 7 15.033 1
HAR-AJ 16.1650 | 0.278 9 0.7809 |734.3270| 4.5417 0.172 8 0.6510 | 48.1664 | 1.987 0 0.260 1 0.624 1 8.368 7
HAR 15.7742 | 0.2832 0.773 4 |717.9223 | 4.496 2 0.165 9 0.6149 | 523613 | 2.0315 0.246 4 0.598 4 9.9513
HAR-CJ 16.1691 | 0.271 0 0.7655 |739.243 7| 3.965 6 0.139 2 0.528 1 | 455102 | 1.880 0 0.225 1 0.557 1 8.505 5
HAR-TCJ 15.8515 | 0.264 3 0.728 1 |738.273 4 541 8 0.124 4 0.4598 | 42.1316 | 1.770 6 0.2155 0.528 3 7.939 9
1 b=0 b=-2 MSE  QLIKE b=-1 b=1 .h=1 h=5 h=22
1 5 22
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Fig. 3 The out-ofsample forecasting evaluations based on robust loss functions for Treasury futures
h=1 h=5 h=22
b=0 be . | b=1 b=0 , ) . | b=1 b=0 . ) . | b=1
(x100) | - - (x100) |(x100) | s (x100) |(x100) | . ( % 100)
DMAFAHAR-spec | 00722 | 01429 | 00080 | 00100 | 00463 | 01004 | 00052 | 00058 | 00234 | 00668 | 00036 | 00018
DMSFAHAR=spec | 00767 | 01449 | 00083 | 00104 | 00687 | 01259 | 00066 | 00098 | 00126 | 00281 | 00017 | 00011
TVPFAHAR=spec | 00983 | 0.1743 | 00104 | 00135 | 00742 | 01965 | 00088 | 00095 | 00518 | 01601 | 00083 | 00037
DMAFAHAR 00732 | 01612 | 00080 | 00100 | 00497 | 00988 | 00054 | 00064 | 00253 | 00766 | 00040 | 0.0019
DMSFAHAR 00748 | 01713 | 00083 | 00102 | 00705 | 01188 | 00065 | 00104 | 00144 | 00310 | 00019 | 00014
TVPFAHAR 01089 | 02042 | 00118 | 00147 | 00636 | 01409 | 00071 | 00083 | 00607 | 02480 | 00109 | 00041
DMAHAR-spec 0.1463 | 02500 | 00150 | 00203 | 00823 | 01360 | 00092 | 00089 | 00588 | 01197 | 00079 | 0.0049
DMSHAR-spec 02202 | 03033 | 00208 | 00324 | 00952 | 01266 | 00097 | 00111 | 00649 | 01180 | 00082 | 0.0057
TVPHAR-spec 01639 | 02986 | 00173 | 0024 | 02064 | 04456 | 00232 | 00274 | 02231 | 04530 | 00249 | 00293
DMAHAR 01521 | 02615 | 00157 | 00200 | 00825 | 01374 | 00092 | 00090 | 00594 | 01214 | 00080 | 0.0049
DMSHAR 02206 | 03038 | 00208 | 00324 | 00952 | 01266 | 00097 | 00111 | 00649 | 01180 | 00082 | 0.0057
TVPHAR 01634 | 02947 | 00173 | 0020 | 02103 | 04747 | 00240 | 00277 | 02190 | 04416 | 00246 | 00287
HAR-AJ 01522 | 02388 | 00169 | 00171 | 00766 | 01083 | 00081 | 00087 | 00697 | 01787 | 00099 | 0.0055
HAR 01568 | 02410 | 00172 | 00179 | 00710 | 01048 | 00076 | 00079 | 00680 | 02078 | 00098 | 0.0054
HAR-CJ 01626 | 02289 | 00155 | 00143 | 00732 | 01311 | 00084 | 00080 | 00672 | 0158 | 00096 | 00052
HAR-TCJ 01698 | 02352 | 00161 | 00151 | 00744 | 01422 | 00088 | 00079 | 00668 | 01667 | 00099 | 00051
D b=0 b=-2 MSE  QLIKE =-1 b=1 .h=1h=5 hHh=22
1 5 22
25
Patton 50%  75%
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MCS
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Table 4 The MCS results of out-ofsample forecasts for stock index futures
h=1 h=5 h=22 h=1 h=5 h=22
Pvaly Pvalso Pvaly Pvalw Pvaly Pvalw Pvaly Pvalw Pvaly Pvalg, Pvalp PValSQ
MSE QLIKE
DMAFAHAR-spec [0.765 4** |0.747 5**{0.938 1**[0.940 4** [1.000 0** |1.000 0**| 0.0001 | 0.000 1 | 0.0304 | 0.026 8 | 0.0027 | 0.018 0
DMSFAHAR-spec |1.000 07 |1.000 0** [1.000 0** [1.000 0 ** |0.548 0** [0.548 0** {1.000 0** [1.000 0** |1.000 0** [1.000 0 ** |1.000 0 ** |1.000 0 **
TVPFAHAR-spec | 0.316 6% | 0.124 1 |0.339 1% ]0.295 4** | 0.219 4* {0.283 3**| 0.000 1 | 0.0001 | 0.0003 | 0.0001 | 0.0027 | 0.007 0
DMAFAHAR 0.765 47 [0.747 5**| 0.339 1% [0.374 1**|0.230 7* [0.537 2**| 0.000 1 | 0.0013 | 0.0003 | 0.0061 | 0.0027 | 0.012 4
DMSFAHAR 0.746 3% [0.719 2*% | 0.938 17 [0.940 4** | 0.230 7% ]0.537 2**|0.621 8** [0.571 6**|0.816 4™* |0.816 4**| 0.1194 | 0.094 9
TVPFAHAR 0.333 6" | 0.4114" |0.339 1" ]0.337 8**|0.219 4" | 0.258 9" | 0.0001 | 0.0013 | 0.0003 | 0.0001 | 0.0007 | 0.0038
DMAHAR-spec 0.316 6 | 0.1927 |0.279 5% [0.207 2" |0.2194* [0.2505" | 0.0001 | 0.0020 | 0.0003 | 0.0038 | 0.0322 | 0.0495
DMSHAR-spec 0.316 6" | 0.303 1" | 0.339 1" ]0.337 8** | 0.219 4" | 0.283 3" [0.621 8** |0.571 6**| 0.0918 | 0.070 1 | 0.1194 | 0.0949
TVPHAR-spec 0.316 6 | 0.1332 [0.279 5** [ 0.154 3" | 0.2194" | 0.2142 | 0.0001 | 0.0001 | 0.0003 | 0.0007 | 0.0322 | 0.0495
DMAHAR 0316 6" | 0.1927 |0.279 5" [0.244 6" |0.2194" |0.2545% | 0.0001 | 0.0063 | 0.0003 | 0.0061 | 0.0322 | 0.0495
DMSHAR 0.316 6 | 0.1927 [0.339 1**[0.371 0**| 0.219 4% | 0.283 3" {0.621 8** [0.571 6**| 0.0847 | 0.0372 | 0.0322 | 0.0495
TVPHAR 0316 6" | 0.1537 |0.279 5 [0.1320" |0.2194" | 0.1910 | 0.0001 | 0.0002 | 0.0003 | 0.0010 | 0.0027 | 0.029 3
HAR-AJ 0.316 6 | 0.1092 [0.279 5** | 0.0948 |0.2307* |[0.3397° | 0.0001 | 0.0001 | 0.0003 | 0.0001 | 0.0027 | 0.0214
HAR 0.316 6 | 0.1137 [0.279 5**| 0.0990 |0.2307* |0.3025* | 0.0001 | 0.0001 | 0.0003 | 0.0001 | 0.0027 | 0.0293
HAR-CJ 0316 6 | 0.1111 [0.279 5**[0.1122* |0.2307* |0.3888" | 0.0001 | 0.0001 | 0.0003 | 0.0001 | 0.0322 | 0.0495
HAR-TCJ 0.316 6" | 0.116 8% [0.279 5**| 0.122 9" |0.230 7" ]0.537 2**| 0.000 1 | 0.0001 | 0.0003 | 0.0001 | 0.0322 | 0.0495
@«=05 a=025 ok My, Mi, . h=1h=5 h=22
1 5 22
5 MCS
Table 5 The MCS results of out-of-sample forecasts for Treasury futures
h=1 h=5 h=22 h=1 h=5 h=22
Pvaly Pvalg, Pvaly Palg, Pvaly Palg, Pvalp Pvalg, Pvaly Palg, Pvaly Pvalg,
MSE QLIKE
DMAFAHAR-spec |1.000 07 [1.000 0** |1.000 0°** [1.000 0** | 0.229 3* | 0.203 1* {1.000 0** [1.000 0** |0.933 0** [0.908 3**| 0.007 5 | 0.003 5
DMSFAHAR-spec {0.589 0**|0.523 0°* [0.338 5** |0.326 5 [1.000 0 ** [1.000 0** [0.796 3 ** |0.796 3 ** |0.547 5** [0.693 7% [1.000 0 ** [1.000 0 **
TVPFAHAR-spec [0.589 0** [0.523 0** |0.338 5** [0.326 5** | 0.0029 | 0.0045 |0.495 8**[0.548 5**| 0.023 1 | 0.0000 | 0.0008 | 0.000 0
DMAFAHAR 0.589 07 [0.550 4** 0.338 57 [0.326 5** | 0.148 2* | 0.123 3 {0.495 8** [0.548 5** |1.000 0** [1.000 0** | 0.0057 | 0.001 8
DMSFAHAR 0.589 0** [0.523 0** |0.338 5** {0.326 5** [0.317 77** |0.317 7** |0.297 8 ** |0.258 7** |0.933 0** |0.895 0** |0.617 2** |0.617 2**
TVPFAHAR 0.589 0% [0.523 0** |0.338 5** [0.326 5** | 0.0008 | 0.000 0 |0.297 8** [0.258 7**| 0.023 1 | 0.0000 | 0.0008 | 0.000 0
DMAHAR-spec 0.2418 | 0.1002 | 0.1910 [0.3004**| 0.0008 | 0.0000 | 0.0173 | 0.0716 | 0.0231 | 0.0000 | 0.0008 | 0.0000
DMSHAR-spec 0.0282 | 0.0362 | 0.1740 | 0.0000 | 0.0029 | 0.0000 | 0.0067 | 0.0074 [0.547 5**| 0.0000 | 0.001 6 | 0.0000
TVPHAR-spec 0.305 7** | 0.1567 | 0.0045 | 0.0000 | 0.0008 | 0.0000 | 0.0173 | 0.0313 | 0.0038 | 0.0000 | 0.0008 | 0.0000
DMAHAR 0.397 3**| 0.1709 | 0.174 0 [0.276 9**| 0.0008 | 0.0000 | 0.0067 | 0.0140 | 0.0231 | 0.0000 | 0.0008 | 0.000 0
DMSHAR 0.0282 | 0.0217 | 0.1740 |0.2409* | 0.0376 | 0.0327 | 0.0067 | 0.0044 [0.547 5** |0.608 2** | 0.001 6 | 0.001 8
TVPHAR 0.305 7** | 0.124 8 | 0.0045 | 0.0000 | 0.0008 | 0.0000 | 0.0173 | 0.0213 | 0.0088 | 0.0000 | 0.0008 | 0.0000
HAR-AJ 0.569 0** [ 0.399 4" | 0.338 5 | 0.3265* | 0.0008 | 0.0000 | 0.217 8 |0.258 7* |0.933 0** |0.895 0**| 0.000 8 | 0.000 0
HAR 0.3057° | 02491 |0.3385" [0.3265" | 0.0008 | 0.0000 | 0.2169 | 0.1947 [0.933 0** [0.908 3**| 0.000 8 | 0.000 0
HAR-CJ 0.305 7° | 0.2659" | 0.338 5" |0.3265" | 0.0008 | 0.0000 | 0.2178 | 0.2426 [0.547 5**| 0.0000 | 0.000 8 | 0.000 O
HAR-TCJ 0.305 7% | 0.2067 |0.3385" [0.3265% | 0.0008 | 0.0000 | 0.1660 | 0.1408 |0.547 5**| 0.0000 | 0.0008 | 0.000 0
: @=05 a=025 ok My, Mis, h=1 h=5
h=22 1 5 22



— 24 — 2017 8

spec . 3)
Hansen 2 MCS

HAR . 4)
( DMA( DMS) +*AHAR) ( HAR
) . 5) HAR
1) DMA
( DMS) F¥AHAR
. 2) Patton *
Hansen MCS
DMS-¥AHAR-spec
DMA-FAHAR-spec
DMS+AHAR-
J. 2016 19(1): 60-71.

Liu Weiyi Sun Bianxia Wang Mingjin. Volatility forecasting based on daily frequency prices J . Journal of Management
Sciences in China 2016 19( 1) : 60-71. ( in Chinese)
Corsi F' A. Simple approximate long-memory model of realized volatility J . Journal of Financial Econometrics 2009 7( 2) :
174-196.
Corsi F' Pirino D Reno R. Threshold bipower variation and the impact of jumps on volatility forecasting J . Journal of E—-
conometrics 2010 159(2) : 276-288.
Corsi ' Reno R. Discrete-time volatility forecasting with persistent leverage effect and the link with continuous-time volatility
modeling J . Journal of Business & Economic Statistics 2012 30( 3) : 368-380.
Huang Z Liu H Wang T. Modeling long memory volatility using realized measures of volatility: A realized HAR GARCH
model J . Economic Modelling 2016 52: 812-821.

LHAR-RV-V J. 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)
J. 2013 33

(2): 296-307.

Chen Langnan Yang Ke. High frequency volatility features forecast models and performance evaluation J . Systems Engi—



10

11

12

13

14

15

16
17

18

19

20

21

22

23

24

25

26
27

neering: Theory & Practice 2013 33(2): 296-307. ( in Chinese)
— HAR-RV
J. 2015 34(6): 1111-1128.
Wu Hengyu Xia Zean Nie Fugiang. Research on Chinese stock markets realized volatility forecasting with jumps and struc—
tural changes: Based on expanded HAR-RV models J . Journal of Applied Statistics and Management 2015 34(6): 1111
—-1128. ( in Chinese)
Liu C Maheu J M. Forecasting realized volatility: A Bayesian model-averaging approach J . Journal of Applied Economet—
rics 2009 24(5): 709-733.
Choi K Yu W C Zivot E. Long memory versus structural breaks in modeling and forecasting realized volatility J . Journal
of International Money and Finance 2010 29(5): 857-875.
Cogley T Sargent T J. Drifts and volatilities: Monetary policies and outcomes in the post WWII US J . Review of Econom—
ic Dynamics 2005 8(2): 262-302.
Primiceri G E. Time varying structural vector autoregressions and monetary policy J . Review of Economic Studies 2005
72(3): 821-852.
Raftery A E Karny M Ettler P. Online prediction under model uncertainty via dynamic model averaging: Application to a
cold rolling mill J .Technometrics 2010 52( 1) : 52-66.
Koop G Korobilis D. Forecasting inflation using dynamic model averaging J . International Economic Review 2012 53
(3): 867-886.
Groen J J Richard P Francesco R. Real-time inflation forecasting in a changing world J . Journal of Business & Econom-
ic Statistics 2013 31( 1) : 29-44.
Koop G Korobilis D. A new index of financial conditions J . European Economic Review 2014 71: 101-116.
Kalli M Griffin J E. Time-varying sparsity in dynamic regression models J . Journal of Econometrics 2014 178(2): 779
-793.
Audrino F' Knaus S D. Lassoing the HAR model: A model selection perspective on realized volatility dynamics J . Econo—
metric Reviews 2016 35(8-10) : 1485-1521.
Lucia J J Pardo A. On measuring speculative and hedging activities in futures markets from volume and open interest data
J . Applied Economics 2010 42( 12): 1549-1557.
? ). 2015( 1) : 153-167.
Chen Haiqiang Zhang Chuanhai. Does index futures trading reduce stock market jump risk? J . Economic Research Jour—
nal 2015 (1): 153-167. (in Chinese)
Barndorff-Nielsen O E  Shephard N. Power and bipower variation with stochastic volatility and jumps J . Journal of finan—
cial Econometrics 2004 2(1): 1-37.
Barndorff-Nielsen O E  Kinnebrock S Shephard N. Measuring Downside Risk-realised Semivariance M . London: Oxford
University Press 2010.
Andersen T G Bollerslev T Diebold F X. Roughing it up: Including jump components in the measurement modeling and
forecasting of return volatility J . The Review of Economics and Statistics 2007 89( 4) : 701-720.
Patton A J Sheppard K. Good volatility bad volatility: Signed jumps and the persistence of volatility J . Review of Eco—
nomics & Statistics 2015 97(3) : 683-697.
Patton A J. Volatility forecast comparison using imperfect volatility proxies J . Journal of Econometrics 2011 160( 1) :
246-256.
Hansen P R Lunde A Nason J M. The model confidence set J . Econometrica 2011 79(2): 453-497.
MCS J. 2015 18(8): 61-72.

Wei Yu Ma Feng Huang Dengshi. MultiHractal volatility forecasting model and its MCS test J . Journal of Management



— 26 — 2017 8

Sciences in China 2015 18(8): 61-72. (in Chinese)

High{requency volatility forecast of financial futures based on Bayesian

factor model

LUO Jia-wen' CHEN Lang—nanz*
1. School of Business Administration South China University of Technology Guangzhou 510006 China;
2. Lingnan College Sun Yat-sen University Guangzhou 510275 China

Abstract: The realized volatilities of China’ s financial futures is forecasted by constructing a Bayesian factor
augmented heterogeneous autoregressive model ( DMA( DMS) *AHAR) with time-varying parameters and sto—
chastic volatility. The Bayesian inference is employed to obtain the latent factors of the daily weekly and
monthly predictor sets including the lagged volatility variables jump variables and signed jump variables.
Speculation variables are used to investigate the impact of speculation activities on the volatility forecast. The
results suggest that the Bayesian factor augmented HAR model performs best for short4erm mid<4erm and
long-term forecasts among all candidate forecast models. Meanwhile the time-varying Bayesian HAR models
have superior forecast performances compared with the fixed parameter HAR models. In addition better fore—
cast performances are achieved after incorporating the speculation variables into the forecast models for both
the stock index futures and the Treasury futures.

Key words: realized volatility forecast; HAR model; financial futures; time-varying; latent factor



