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Abstract Based on ARM A-GARCH model, the formula for calculating the risk of the value of VaR
and the value at risk conditions of CVaR are given, respectively, in the standard normal distribution,
student ‘T distribution, Skewed-T distribution, the generalized error distribution model under the
condition of numerical simulation. Simulation results show that the use of ARM A-GARCH model
can more accurately estimate VaR and CVaR At last we use Shanghai Stock Index and Datong Coal
stock close of empirical data analysis, results showed that with a given probability level p reduction,
VaR and CV aR values increase; the same probability for a given level, the value of CV aR are bigger

than that of VaR, so CVaR risk measure is better than VaR
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Table 1 VaR and CVaR simul ation results fors in standard

normal distribution

Probability True value Estimate value  Relative error(% )
lwd®)  y,R  VaR  VaR  CVaR  VaR  CVaR
1 0138 0.156 0.135 0.153 -22 - 19
2 0121 0.144 0.118 0.140 -25 - 238
3 0111 0.133 0.109 0.131 -1.8 - 15
5 0.097 0.120 0.095 0.118 -20 - 16
10 0.075 0.102 0.074 0.101 -1.3 - 10
2 (1)
V3R7
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Table 2 VaR and CVaR simul ation results fore, in standard

normal distribution of freedom 4

Probability True value Estimate value  Relative error(% )
level ) var  vaR  VaR  CVaR VaR  CVaR
1 0.202 0.276 0201 0279 05 1.0
2 0.165 0.228 0.162 0229 - 20 0.4
3 0.145 0.203 0141 0203 - 33 0
5 0.121 0.175 0116 0173 -42 -1.0
10 0.091 0.140 0087 0136 -50 -2.0
3 X 5 05
t .4 L7
3 L (1)
VaR, , 1. % ,
4. 0o . (2) CVaR,
, 0% 2%

3 VaR CvVaR
Table 3 VaR and CVaR simul ation results

Probability True value Estimate value  Relative error(% )
level)  yar  evaR  VaR  CVaR  VaR  CVaR
1 0.800 1.069 0.810 L051 L3 -16
2 0.651 0.892 0.670 0.87 30 -0.5
3 0.570  0.797 0.580 0. 780 2.0 - 2.1
5 0.473 0.685 0.490 0. 677 4.0 - 1.2
10 0.348 0.544 0.355 0. 531 2.5 - 2.3

4 VaR CVaR
Table 4 VaR and CVaR simul ation results

Probalility True value Fstimate value  Relative error(% )
levell)  yar  evaR  VaR  CVaR  VaR  CVaR

1 0.234 0.268 0.242 0276 3.4 2.9

2 0.206 0.244 0 211 0. 250 24 2.4

3 0.189 0.228 0187 0230 - 10 0.8

5 0.167 0.208 0.172 0. 203 30 -2.4

10 0.133 0.178 0. 138 0. 181 3.7 1.7
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Fig. 1 Autocorrelation and partial autocorrelation of { 7,
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Autocorrelation  Partial Correlation AC PAC Q-Stat Prob
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Table 5 Description statistic of return sequence

mean median  max min  sta- dev skewness kurtosis JB p

- 0.0017 0.0007 0.0955 - 0. 1055 0. 0436 — 0. 1755 3. 1708 1. 454 0. 483
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Fig- 3 Return sequence
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Table 6 VaR value and CVaR value in different probability

level

P (%) VaR CVaR
1 0. 155 0. 286
2 0.099 0. 240
3 0.071 0. 165
5 0. 041 0. 120
10 0. 005 0. 070
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