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[ Abstract] Aiming at the problem that background tables have different contribution degree to classification tasks in
relation database, this paper proposes a multi-relational naive Bayesian classification based on relation selection. It
conducts two rounds of cuts for multi-relational tables, removes part of the relations with little contribution to
classification according to their maximum information gain ratio, defines the average information gain ratio as the measure
of the contribution of the table,and selects the final relations among the rest relations for classification according to their
contribution. Experimental results show that this algorithm can improve classification accuracy effectively. Compared with
Graph-NB , Classify_tables and MNBC-W algorithms, the average accuracy rates are improved by 2.2% ,1.1% ,0.86% .
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