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Abstract

A company’ s operational performance usually affects the loan decision-making of it' s
funding bank and the anticipation of investors. Because the information’ s asymmetry
causes the exterior persons unable to survey the actual situation of a business, therefore, for
assisting them to get familiar with the companies management, and the profit of the
Investment, a precautionary early finance-warning model with the ability to forecast must
to be established. Among those past studies on companyies’ financial distress prediction
models, the input parameters considered are only limited to general financia or
nonfinancial factors. This study establishes a new early warning system by utilizing a new
variable, Value at Risk (VaR), into the traditional Logit and Back-Propagation Network
(BPN) models. The study obtained 35 distressed firms and 35 regular firms in the same
industry and the time span is from 2001 to 2005. The result shows that the prediction
ability is indeed improved by using the VaR as well as financial variables in company’ s
financial distress prediction models. Furthermore, the application of VaR offers earlier
financial crisis prediction while compared to the use of the opinions of certified public
accountants.
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