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Fig. 1 15 minutes’ WPC of Shanghai and Shenzhen 300 Index from 2011 to 2014
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Tab.1 Descriptive statistics of volatility estimator
RV RV" RV: RV
1. 30E-04 1.39E-04 1. 64E-04 1.27E-04
1. 42E-04 1.31E-04 1. 33E-04 1. 30E-04
4.901845 6. 008666 6. 973584 6. 544268
36. 59744 60. 19676 77. 64195 66. 97950
J-B 43790. 19 122117.9 206132. 5 152462. 6
P 0. 000000 0. 000000 0. 000000 0. 000000
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Fig. 2 Time series diagram of volatility estimator
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Tab.2 Descriptive statistics of logarithmic volatility estimator
RV RV; RV, RV,
1. 30E-04 1.39E-04 1. 64E-04 1.27E-04
1. 42E-04 1.31E-04 1.33E-04 1. 30E-04
4.901845 6. 008666 6. 973584 6. 544268
36. 59744 60. 19676 77. 64195 66. 97950
J-B 43790. 19 122117.9 206132. 5 152462. 6
P 0. 000000 0. 000000 0. 000000 0. 000000
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3 MIDAS
Tab.3 Parameter estimation and diagnostic test results of MIDAS Model
Beta X & $8%L Almon F{FE
SH
I I I v | I I \%
-1.4516""" -1.2070""" -1.1220""" -1.0744""" -1.1221" -0.9678 "~ -1.0011"" -0.8467" "
Q
’ (=2.95) (-2.83) (=2.71) (-2.67) (-1.33) (-1.75) (-2.03) (-1.67)
0.8439""* 0.8687""" 0.8757" " 0.8846"""  0.8799"""  0.8952"""  0.8894" "~ 0.9095" "~
(¢4
] (15.83) (18.57) (18.96) (20.33) (9.57) (14.74) (16.07) (16.48)
. -1.0180" "  0.9995"** 0.9888"**  0.9933"*" -0.2116"" -0.2852""" -0.3002""* -0.3079" "~
l (75.34) (97.10) (104.95) (106.59) (-1.67) (-4.47) (-5.04) (-5.43)
o -11.43" "~ 11.35*""  10.1287""* 11.1436°""  0.0015"~ 0.0035" " 0.0037" "~ 0.0041" "~
2
(4.12) (4.33) (4.52) (4.75) (2.21) (2.27) (2.53) (2.99)
ERISN 0. 126 0.209 0.250 0.242 0.174 0.215 0.227 0.228
#2-5K 0.542 0. 493 0. 439 0. 469 0. 428 0. 460 0. 470 0. 466
5 6-22 K 0.330 0.296 0. 308 0.287 0. 367 0.292 0.276 0.270
22 K5 0. 002 0. 002 0. 003 0. 002 0. 031 0. 033 0. 027 0.035
Q(15) 0. 498 0.270 0.678 0.778 0.231 0.292 0. 704 0.811
Q*(15) 0. 624 0.471 0.971 0. 882 0. 561 0. 402 0. 967 0. 861
R? 0. 5848 0. 6481 0. 6563 0. 6845 0. 5831 0. 6598 0. 6790 0. 7084
InLL -716. 09 -608. 90 -594. 39 -602. 37 =717.09 -608. 40 -594. 40 -602. 04
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Fig. 4 The Beta weight diagram of MIDAS Model and the index Almon weight diagram
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Tab.4 Results of the prediction accuracy of MIDAS Model based on five robust loss functions

I i il v
b=1 5.2494E-12 5.2400E-12 5.2296E-12 5.2250E-12
b=0 1. 6702E-8 1. 6600E-8 1. 6600E-8 1. 6554E-8
Beta b=- 9. 8185E-5 9. 6700E-5 9. 6600E-5 9. 6631E-5
b=-2 1. 6946 1. 6772 1. 6727 1. 6790
b=- 1. 4690 1.4714 1.4214 1. 4200
b=1 5.2393E-12 5.2230E-12 5.2279E-12 5.2200E-12
b=0 1. 6616E-8 1. 6600E-8 1. 6549E-8 1. 6586E-8
Almon b=- 9. 7366E-5 9. 6900E-5 9. 6589E-5 9. 6500E-5
b=-2 1. 6868 1. 6757 1. 6746 1. 6709
b=-5 1. 4240 1. 4200 1. 4200 1. 4200
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5 SPA MIDAS
Tab.5 Results of the prediction accuracy of MIDAS Model based on SPA Test
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An Empirical Analysis of Volatility Modeling for Stock Market
Considering Overnight Information: Based on MIDAS Model

ZHU Pengfei' >  TANG Yong' °

(1. School of Economics and Management Fuzhou University

2. Fujian Provincial Key Laboratory of Finance and Technology Innovation Fuzhou 350116 China)
Abstract: Based on an analysis of the efficiency of opening price that reveals overnight information the time —
varying scaling factor method is adopted to adjust the realized volatility which considers the intraday trading
information alone while ignoring overnight information. The MIDAS Model is established along with these adjusted
volatilities. The robust loss function method and superior predictive ability test are employed to evaluate the model.
The empirical results show that the MIDAS —In( RV;) Model based on exponential Almon weight is the optimal model
in terms of in—sample fitting and out—of—sample prediction which indicates that the volatility estimator RV is the
best whole day volatility estimator and using exponential Almon weight can improve the predictive ability of MIDAS
Model.

Key words: overnight information; volatility modeling; MIDAS Model



