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Bagging-based ensemble moddl and algorithm of k- NN prediction
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Abdtract : The existing knearest neighbor (kNN) algorithm predicts in terms of a fixed sngle k value without
consdering the diversty of various unknown instances, thus the prediction perpformance can hardly be ensured.
Therefore, both an ensemble model of kNN prediction based on bagging principle and aBgk NN prediction algorithm
with attributes selection are proposed in this paper. In the novel BgkNN agorithm, a set of diverse base kNN
predictors are trained , and the unknown instance is predicted independently by those kNN predictors. Consequently ,
the median of all the predicted valuesis calculated to be thefinal result of the ensemble model. The Bgk NN algorithm
can fit well al the datasets with no matter discrete or continuous attributes. The experimental results on standard
datasets show that , compared with the traditional kNN predictor , the prediction accuracy of Bgk-NN can be improved
effectively.
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