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Abstract

It has important theoretical significance and practical value to swarm intelligent forecasting and
its applications in financial early warning of enterprises. On basis of the construction of the evalu-
ation index system of financial capability of corporation, this paper proposes a new method of fi-
nancial early warning by cooperating particle warm optimization into the parameter learning of
Bayesian network. The experimental results on the data of a group of listing companies and com-
parisons have shown that the proposed algorithm has better effectiveness and the average correct
rate in the financial crisis early warning.
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Figure 1. Procedures of particle swarm
optimization
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Table 4. Growth ability index
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Table 7. Comparison of forecasting results of financial early warning model
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