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Research on Bayesian ensemble algorithm based on K-medoids clustering
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[ Abstract] The Naive Bayes classification algorithm is widely used in life due to its computational efficiency. Based on the
difference characteristics of the ensemble algorithm and the variability of the clustering point selection method of the clustering
algorithm, this paper proposes a Bayesian ensemble algorithm based on K-medoids clustering technology, and the generalization
performance of Naive Bayes has been improved. Firstly, multiple Naive Bayesian classifier models are trained through the sample
set; then, in order to increase the difference between the base classifiers, the K—medoids algorithm is used to gather the prediction
results of the base classifiers on the validation set; Finally, the base classifier with the best generalization performance is selected
from each cluster for ensemble learning, and the final result is obtained by a simple voting method. The algorithm is applied to UCI
data set and compared with other similar algorithms. The Bayesian ensemble algorithm based on K—medoids clustering (NBKME )
proposed in this paper improves the classification accuracy of the data set.
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Tab. 1 Dataset

s FEAKL FFIE%R ey
german 1 000 24 2
wine 178 13 3
blood 748 4 2
CMC 1 473 9 3
Tic—Tac-Toe 958 9 2
heart 270 13 2
diabetes 768 8 2
cancer 683 9 2
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Tab. 2 Comparison of classification accuracy %

NBKM NBK NBKME

pigiiE NB  NBFS

(kmeans++) (kmeans) (k-medoids)

german 0.752  0.718 0.768 0.757 0.780
wine 1 0.978 0.981 0.988 0.985
blood 0.732  0.755 0.786 0.777 0.793
CMC 0.474 0.476 0.508 0.497 0.512

Tic=Tac-Toe 0.717 0.713 0.756 0.742 0.760
heart 0.823 0.850 0.876 0.875 0.882
diabetes 0.818 0.757 0.773 0.775 0.795

cancer 0.959 0.962 0.968 0.963 0.988
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