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Mass Data Mining and Graduate Prediction Model Construction

Based on Cooperative Bayesian Network

YE Shan-wen', ZHAO Jie—yu2
( 1.Graduate School, Ningbo University, Ningbo 315211, China;
2.Research Institute of Computer Science and Technology, Ningbo University, Ningbo 315211, China)

Abstract: Based on the Maximum Aposterior Probability (MAP) and Minimum Description Length (MDL), this
paper presents an algorithm of Bayesian networks structure learning. The algorithm effectively combines the

characteristics of two methods, and takes the full advantage of simplistic computation, rapid convergence and
priori knowledge and expert system. The experiment with mass data collected from a University graduate
entrance examination shows that the model-based algorithm can efficiently be used for prediction and the

success rate reaches 84%.
Key wor ds. bayesian networks; cooperative model; data mining; examination predicting



