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Abstract

We analyze the VaR prediction by using the TWII data from 2008/01/04 to
2018/09/28. The contribution and results are as following: First, to extend the
GARCH model, we assume spot volatility, unexpected volatility and historical
volatility have non-linear relationship. By training neural network, we capture more
non-linear lever effects and cluster volatility effects. Second, compared with different
VaR models, we use Max Likelihood method to estimate the parameters and
Backpropagation to train the neural network. The results show that the new model fits
the volatility better than others. Third, compare the new model with other methods,
VaR values predicted by new model have lower ABLF value. Therefore, the VaR
values evaluated by new model can improve the reserve fund when the enterprise
invests. The financial authority also can set the security deposit by using new model.
This study can provide the abovementioned industrial a precise and objective tool to

evaluate the risk.

Keywords:  Value-at-Risk(VaR), Neural Network, Variance-covariance method,

Historical simulation method, GARCH(1,1) model, Backpropagation
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= ~4F 4 3 #(Binary loss function ,BLF)
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