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Abstract Prediction technology is to predict the develop tendency and future state of a even with scientific method and
means. In order to remedy the insufficient of traditional approach, various machine learning technical has been applied in
forecast research. This paper discussed the use of machine learning in the risk prediction field, such as Supports Vector
Machine, Case based Reasoning as well as Artificial Neural Network, At the same time, based on our own work, the ap-
plication of machine learning-based prediction model used in credit risk prediction and foundation project bid was dis-

cussed in detail,
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