The Study of Constructing an Early Warning Model for Financial
Crisisby Using Artificial Neural Network M ethod






The purpose of thisresearch isto construct an early warning model for financial
crisis of the listed companies by using artificial neural network (ANN) with back
propagation (BP) algorithm. ANN has error tolerance ability, learning ability, high
speed computational ability, and high-volume memorizing ability. It also considers
both linear and nonlinear relationship at the same time. To compare with the
traditional method, we also adopt |ogistic regression method to build early warning
model. Results show that the accuracy rate in forecasting financial crisesis superior

for ANN model than that of logistic model.

Keyword Artificial Neural Network, Back*Propagation, Logistic Regression,
Financial Crisis, Early Warning M odél
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