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2 Framework compared with RV
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3 Empirical Application: TOPIX
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[Table 4:Estimation Arfima(0,d,0) parameters using log(RR) insert here]
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5 Conclusion and Future Reserch
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Table 1:Basic Statistics

Mean Stdev skeuness kurtosis
RV 1.02 0.65 1.86 8.19
RR 0.22 0.12 1.87 9.01
InRV -9.36 0.58 0.11 2.70
InRR -10.83 0.47 0.21 2.97
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Table 2:Estimation coefficients using RR

coefficient  Std.err Z-value P-value
140 -0.073 0.042 -1.72 0.043
1 0.084 0.033 2.52  0.0059
w 0.43 0.14 3.00 0.0013
@ -0.037 0.024 -1.55 0.060
Ié] 0.31 0.15 2.07 0.020
~ 4.19 1.02 4.11 0.00

Log likelihood = -772.56
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Table 3:Estimation coefficients using RV

coefficient  Std.err Z-value P-value
140 -0.072 0.043 -1.65 0.050
1 0.086 0.034 2.51  0.0061
w 0.32 0.095 3.33  0.00043
« -0.0090 0.023 -0.38 0.35
I} 0.60 0.079 7.55 0.00
~y 0.46 0.12 3.79 0.00

Log likelihood = -781.38
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Table 4:Estimation Arfima(0,d,0) parameters using log(RR)

Mean Std.dev 95% lower quantile Median 95% upper quantile

p o -10.70 0.15 -10.99  -10.71 -10.39
o? 0.13  0.0060 0.12 0.13 0.14
d 0.43 0.026 0.38 0.43 0.48
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Table 5:Estimation Arfima(0,d,0) parameters using log(RV)

Mean Std.dev 95% lower quantile Median 95% upper quantile

i -9.36 0.12 -9.59 -9.36 -9.13
o? 0.26 0.012 0.24 0.26 0.28
d 0.31 0.024 0.27 0.31 0.36
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Table 6: RMES,RMSPE,MAE,MAPE

RMSE RMSPE MAE MAPE

GARCH(1,1):RV 1.10 1.98  0.98 1.50
GARCH(1,1):RR 1.07 1.84 094 141
ARFIMA(0,d,0):InRV  9.76 22,03 11.78  15.87
ARFIMA(0,d,0):InRR  5.06  19.097 1159  15.45
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Fig 1 :Sample path of RV and RR and logarithm respectively
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Fig 2 :Density of RV and RR and logarithm respectively
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Fig 3 :Auto correlation function of RV and RR and logarithm respectively
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Fig 6

Fig 4 :Sample path of u,02,d respectively using log RR
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Fig 7 :Sample path of ;,0%,d respectively using log RV
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Fig 8 :Density of u,0%,d respectively using log RV
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Fig 9 :Auto correlation function of y1,02,d respectively using log RV
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