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Abstract This article explores the utility of knowledge discovery in Neural Network Ensembles. A novel neural net-
work ensemble model KBNNE(Knowledge-Based Neural Network Ensembles) integrating KDD(Knowledge Discovery
in Database) techniques and neural network ensemble algorithms by parallel operations is proposed. By balancing the
relative importance of knowledge learned by induction and deduction, the new model improves the quality of neural net-

work ensembles and has been applied successfully to actual modeling problems.
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NI ZTT M T AR A B — AN T i,
TR AR Z BT S B IR Bt 2 o M 48 I 2R — A
BEEINIR, EATE RSB E A FEROAE RN
S REE I AT A RN BIAT TR, AT S e
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SJE¥%. EHEBEE D={x. )L (HP 1 €ER Y ER)
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