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Model for the long memory of realized volatility
based on mixed data sampling
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Abstract: This paper proposed a realized MIDAS GARCH model based on the realized GARCH model and
the mixed data sampling (MIDAS) regression structure. The model uses MIDAS structure to extract long and
short term information from realized measures to improve the model’ s ability to fit and forecast volatility
process. Empirical results based on indices and stocks data show that, compared with the classical realized
GARCH model, the new model is better in in-sample data fitting and replicating long memory feature. The out-
of-sample forecasting results show that the new model significantly improves the multi-period out-of-sample
volatility forecast. The improvement is more pronounced in longer horizons.
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Table 1 Descriptive statistics

SPY IBM INTC MSFT WMT XOM

Tt In(z¢) Tt In(z¢) re  In(xe) Tt In(z¢) ¢ In(z¢) ¢ In(z¢)
B8 0.025 —0.624 0.029 0.092 0.000  0.827 0.022 0.431 0.017 0.062 0.040 0.242
bRt 1.305 1.005 1.498 0.853 2,187  0.796 1.799 0.806 1315 0.818 1.609 0.871
i 5 —0.022 0.816 0.149 1.065 —0.578  0.758 0.110 0.804 0.169 0.900 —0.017 0.874
635°3 11.678 0.832 6.301 1.700 7812 0.757 8.534 0.751 5.422 1.067  12.637 1.399
Q25 —0496 —1.355 —0.680 —0498 —1.043 0281 —0.822 —0.150 —0.669 —0493 —0.733 —0.360
LRE DA 0.075  —0.800 0.025  —0.069 0.043  0.709 0.000 0.277 0.024 —0.073 0.064 0.131
Q75 0.595 —0.036 0.748 0.53 1.104  1.242 0.844 0.898 0.663 0.473 0.857 0.686
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Table 2 Full sample parameter estimates

SPY IBM INTC MSFT WMT XOM

RG RMG RG RMG RG RMG RG RMG RG RMG RG RMG
0.285 0.407 0.173 0.286 0.166 0.282 0.202 0.305 0.081 0.158 0.135 0.240

v (0.021)  (0.049) (0.027) (0.049) (0.033) (0.060) (0.043) (0.073) (0.016) (0.037) (0.018) (0.034)
0.442 0.207 0.523 0.198 0.520 0.129 0.512 0.222 0.616 0.230 0.501 0.100

g (0.028)  (0.086) (0.030) (0.078) (0.037) (0.068) (0.039) (0.109) (0.027) (0.114) (0.025) (0.066)
0.547 0.581 0.455 0.491 0.506 0.575 0.464 0.515 0.332 0.391 0.456 0.508

" (0.036) (0.035) (0.038) (0.035) (0.044) (0.036) (0.044) (0.041) (0.030) (0.029) (0.026) (0.025)
— 0.203 — 0.269 — 0.360 — 0.245 — 0.280 — 0.323

" — (0.077) — (0.070) — (0.070) — (0.088) — (0.093) — (0.061)
— 3.347 — 4.924 — 3.293 — 2.691 — 3.621 — 6.079

< — (1.702) — (1.182) — (0.724) — (1.307) — (1.059) — (1.092)

-0.523 -0520 -0.354 —-0.354 -0.263 -0.260 —-0378 —0.364 —0.228 —0.225 -0.262 —0.259

¢ (0.032)  (0.033) (0.054) (0.055) (0.064) (0.067) (0.091) (0.087) (0.046) (0.045) (0.037) (0.037)
0.965 0.973 0.989 1.007 0.894 0.895 0.983 0.976 1.096 1.100 1.031 1.030

¢ (0.044)  (0.046) (0.051) (0.051) (0.047) (0.048) (0.058) (0.055) (0.061) (0.062) (0.037) (0.037)
—0.146 —0.148 —0.065 —0.066 —0.034 —0.036 —0.028 —0.028 —0.027 -0.026 —0.109 —0.111

m (0.009)  (0.009) (0.008) (0.008) (0.007) (0.007) (0.009) (0.010) (0.009) (0.009) (0.007) (0.007)
0.029 0.027 0.035 0.036 0.033 0.030 0.029 0.030 0.060 0.059 0.050 0.049

" (0.009)  (0.009) (0.005) (0.005) (0.006) (0.005) (0.007) (0.007) (0.005) (0.005) (0.005) (0.005)
2 0.144 0.141 0.141 0.139 0.131 0.127 0.140 0.138 0.144 0.142 0.129 0.127

u

(0.005)  (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
l(z,r) —5331.0 —5256.5 —6078.4 —5993.3 —7094.9 —6981.1 —6614.4 —6513.2 —58424 —5762.9 —6016.4 —5941.5
I(r) —4011.4 —39754 —4799.5 —47447 —5918.4 —5854.5 —5339.1 —5273.9 —4526.9 —4480.7 —4 860.8 —4 818.6
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HF RG #ER A ik F- RMG AR, PR e 098 3 15 12 10 S 25 PR A 96 W DA LA B AR 2 FRiC i O B4R
BUEHEAT VI BARR, S0 RIPBEh 5 BB A T A sTik B v, = 0, G N GitE
LR = —2(I(z,r) — I(z, 7)), (13)
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Table 3 Log-likelihood and the results of likelihood ratio test

SPY IBM INTC MSFT WMT XOM
RG —5331.0 —60784 —70949 —66144 —58424 —60164
RMG —-52565 —59933 —698l1.1 —65132 57629 —5941.5

LR 149.0%#*  170.2%%*  227.5%*%  202.4%%k  150.0%**  149.9%**
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B, A B . RMG 8L, Gn S ARAG E 0 1R P9 38 — B0, 2% ACF |l 2R 1) 22 B Nz 5 /. Mg SR o
Al LLE H, RGIEAY REFE 5 1 ACF 235 th i &5 1 H 264 7 29L& ME 1) ACF. AL 2R, RMG f44% RG
RZY A B S PR O, B2 R AU 1 ACF 741 BRI B (1 LG RG X B 401, iy HL AR Z 264 5 Z2 0 61
i) ACF S .
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Fig. 1  Full sample MIDAS weights
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Fig.2 The fitted ACF of SPY’s daily volatility for realized MIDAS GARCH and realized GARCH
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Fig. 3 The fitted ACF of SPY’s realized volatility for realized MIDAS GARCH and realized GARCH
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FEA SR PR B & 11 77 3CBE AT, ARG ) 500 D52 55 HONBEA SN, B KRR AR A TGI8 K 20
&, BB RSP, ATh & D B0E D 2400 25 H. X FREA S HI S, ASCHHL M = 5000 2%
K 20 H s Ze/ O S BUIIEE 5, AE I Cja GER Crpy) AATTHET F1 R 2 400 215 22 A i el
AR TSR 2. X T4 O 2 ¢ (K K APREA SR, B4 P S (e R A AU B2 4, B

A | M =l
hivr = i ZGXP <€T (Ath + ZA]Ct+j+1>> ) (16)
i=1

=0

Hepr 22 4 e = (1,0,...,0).

T B4R )2, X L) 22 05 TR R AR OR S b R IBEh FKT, TAZ AROR R R RT3l 3K
S,

R B A ACER AR B A 3 %, A 48 SCHIR o3 28 )2 WA 3P 7 R R AR AR A B I AR,
Andersen ST LA O SE LN E 1F Dy BUSC IS R AR AR . RSO T8 I, 16 4% O S BUAZ A T 1E
ARERAZ B, PR T AR SO g = St DAy 2 el - S AE Olie ad 3%, TT0 C SE A A T P AT i
S A" 28, R S FLREAT E 3 48, K S R TR A S A - i Ol R g 22— 30O

JEAIE PattonH £ 3, {67 FH B2 {4 451 2K 681 Kl (robust loss function) FYFEAT PP AT, 8 i 451 2K bR e 45 £ 5K
LIPS, AT CA 6y HH TR 6 7 B — BCHR R 78 R A B 2K B B TR, g O U MR R ZE T (RMSE) AT AE LLAR R
H(QLIKE) P MK B B AE 9 PP AN 1R b bt RMSE S 0 A4 K% B 4, QLIKE S22 {0 R ok bR 4, T 00k g
A1 15 Al VR A 485 110 7 JEEAH IR, Ji 28 g 5 AR A A 36 B0 KA A8 1 75 2. AR SC{E i Diebold-Mariano(DM) 4t
THRORZ AN [FI AR AL R R 222 3 ) 5

R 4 RNF 5 7354 T BIRE LA RMSE Al QLIKE JAiTAR #8 bR ) 22 25 T it 1. S G adpl sl
2230 N B0 % B B, Z2 B DA S DML it B B A 2 35 12

F 4 LAIRMSEARK R L S HMER
Table 4 Loss of multi-steps forecasts based on RMSE

1 day 10 day 20 day 1 day 10 day 20 day

IBM SPY
RG 0.451 0.593 0.714 RG 0.277 0.431 0.553
RMG 0.446 0.571 0.675 RMG 0.271 0.396 0.482

Ratio 0.40 % 3.70% 5.50% Ratio 2.00 % 8.10% 12.90 %
DMs 1.935%  5.066%**%  6.795%** DMs  2.635%%*%  4.534%**  6.500%**

INTC WMT
RG 0.943 1.225 1.543 RG 0.475 0.576 0.644
RMG 0.928 1.104 1.249 RMG 0.469 0.554 0.6

Ratio 1.60 % 9.90 % 19.10% Ratio 1.20 % 3.90 % 6.80 %
DMs 1.996%*  4.925%**  82]16%** DMs 2.131%* 3.954%%%  7.602%**

MSFT XOM
RG 0.728 0.964 1.061 RG 0.36 0.614 0.83
RMG 0.724 0.922 0.98 RMG 0.35 0.591 0.786

Ratio 0.70 % 4.40% 7.60 % Ratio 2.70% 3.80 % 5.30 %
DMs 0.954 2.933%%*  4.674%%* DMs 3.326%%%  4.986%F*  6.927%**

JE: RMGERIR B S URANEE e GARCH #27!
8k K B IRAE S A R A5 A LRI BRI, A LR 8258 ko R HERf.
O BT E A A T AN R AR A P T 3% 2 S, DR LR R AR 3 A 1) T R — MR (] 5 min RV FRANSUAR 45 5.
105G F- 2R U TS 245 5, 7 LS DL SCHik[28).
Vs iR (29136 HH (12 B fe 433 2 B B2 MSE, H1 T RMSE 5% Bl B2 MSE HIAR 54830, A8 SOIC 4R 45 S 46 FH (1) RMSE, 5401t & % Vi)
T MSE. & WAV 348515 2 MAB) AR A 2 AR B 2% bR . DR RS W T IR, AR SCASGE B 1 A 2 4k O e R R =l 3ot ik i 2k b B804 b
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%5 LLQLIKE Ak RHH S L TMLER
Table 5 Loss of multi-steps forecasts based on QLIKE

1 day 10 day 20 day 1 day 10 day 20 day

IBM SPY
RG 0.091 0.145 0.192 RG 0.109 0.206 0.297
RMG 0.09 0.139 0.178 RMG 0.106 0.189 0.249

Ratio 1.30 % 4.50 % 7.20% Ratio 3.10% 8.40 % 16.20 %
DMs 1.670* 4.624%**%  7.072%%* DMs 2.874%%%  33]19%¥*  5323%kk

INTC WMT
RG 0.076 0.13 0.195 RG 0.131 0.197 0.24
RMG 0.075 0.112 0.143 RMG 0.129 0.187 0.215

Ratio 1.20 % 13.90 % 26.70 % Ratio 1.20% 5.20% 10.20 %
DMs 0.729 4.426%FF  T.O1THF* DMs 1.038 3.289%**F  6.896%**

MSFT XOM
RG 0.078 0.129 0.153 RG 0.078 0.183 0.275
RMG 0.079 0.126 0.138 RMG 0.076 0.174 0.254
Ratio —0.20% 2.80% 9.50% Ratio 2.90 % 5.20 % 7.40 %
DMs —0.088 0.696 2.202%* DMs 2.285%%  4.646%F*F  7.103%**

o, e e BIRER 10 %, 5 %, 1 % MR KT, RG R R AAH C 920 GARCH 54,
RMG £Ix O HLRAER #iF: GARCH #E4Y.

N T EHMKIE L RG B LK RMG AR RS A 00 E I ZE B, 45 € 450 5% bR BHUAEL, 78 L=

Ratio = (Lossge — Lossruc)/Lossgra, a7

"] LU Y, RMG BEAYRR 156 MSFT £ QLIKE $5 45 T — 22 Filil 45 2% o 08 RG 155 0.2 % BLAM(Z 22 BE XS B
¥ DM Geit- AN 0.088, JEANR ), X T HARFA TN, P A Fe ) PR 2% B80T, RG R4 2% b6 H0HR
L RMG K. JF H.ix 22 SRR A BT AT 1 — A oK. DM 36 i 25 SR 0w, /48 R 2 HUE LR, A
AL I 2 SR T G 77 (10 2 6 B 5 % KPR B,

2L IR ) 22 5 1) — /> B 5D 2 RMG A5 (KT 345 RIS i) SR B e i I s Htie I 2%, e
S0 B S B 2 e B B OGP, N KB A5 B0 AT J3 AN — AN AL H T A 5T b2 8 S E A
R85, AR SR AR ) 28 5 9 ~F 8%, 75 IS 22 ) ZU A AL B IS A T AR A S AR E IS 8, B 1k 26 A 05 2 10
O 3o 7 00 S s DR 8l s R i

4 ZRIE

R 3CAE Hansen %8132 ) LS GARCH A (2 At b, 32t 7 72 3h S KA A2 MR 2 AN 22 28 Tl
B EA S O S LIRS i GARCH A28, A7 (U8 i > R B 1 D0 1w LA AN 5 11
HAHSREE M. 2 TR B SRS R, ML T C 5B GARCH B, O seBLR AU ittt GARCH
A 0k KA F) J0L 5 FE 7 B G, TR (Y PR T SO S A, BB B A A S P B R B R AR SR 18 T
FEIBLAR. £ % R 1R 2k s B, CSEDUIR AR i GARCH #E AU [ HE A Sh 2 2B Tl BE 700 T 25k
Bl GARCH #7, Jf HIXF LA Ge it 110 3, SOt 2 a2 000N R 25 1 i i 18K
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