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Tab.3 Comparison of accuracy between KMDCS algorithm £=30 and

3 basic classification algorithms on experimental data sets

KW/ %

GRS
AdaBoost SVM RF KMDCS
Liver-disorders 75.000 72.916 75.000 79. 166
colic 72.727 67.768 68. 595 71.901
statlog 86. 842 84. 649 84. 649 86. 842
pima 81.102 79.133 79.527 82.677
Credit 75. 454 75. 454 72.424 77.576
Svmguide3 85. 888 80. 291 80. 291 85. 645
Dota2S 53. 143 56. 735 51.971 56.462
phishing 91. 257 92. 134 88. 681 92.217
Magic04 80.611 81.519 72.295 8§2.173

F4 KMDCSEZ =120 53N EXSLXEEIELIREIBE L XBEILL
Tab.4 Comparison of accuracy between KMDCS algorithm £#=120 and

3 basic classification algorithms on experimental data sets

Kiwfh i/ %

AR
AdaBoost SVM RF KMDCS
colic 72.727 67.768 68. 595 74. 380
statlog 86. 842 84. 649 84. 649 86. 842
pima 81. 102 79.133 79.527 81. 496
Credit 75. 454 75. 454 72. 424 78.182
Svmguide3 85. 888 80. 291 80. 291 85. 645
Dota2S 53. 143 56. 735 51.971 55. 369
phishing 91. 257 92. 134 88. 681 92. 134
Magic04 80. 611 81.519 72. 295 82. 444

F5 KMDCSEZ =900 E 3N ERXSLELIELIRHIBE L XBEILL
Tab.5 Comparison of accuracy between KMDCS algorithm £=900 and 3 basic

classification algorithms on experimental data sets

" KW/ %
Bl 4R

AdaBoost SVM RF KMDCS
Dota2S 53.143 56. 735 51.971 54. 002
phishing 91. 257 92.134 88. 681 92. 244
Magic04 80. 611 81.519 72. 295 82. 332
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FU Z L. Analysis and Improvement on Real AdaBoost Al-

Multiple Classifiers Selection Classification Based on k-means—+ +

XIONG Lin, TANG Wanmei
(College of Computer Science, Chongqing Normal University, Chongqging 401331, China)

Abstract: [ Purposes ] Different algorithms in machine learning are suitable for data sets with different distribution characteristics.
One algorithm may be better than other algorithms on data sets with some distribution characteristics. Classifier trained on the
whole training set is used to predict the new sample class, because lack of pertinence to local region samples, it may lead to a wrong
classification of a classifier with poor prediction ability in local regions. To solve this problem, a multi-classifier selection algorithm
based on k-means+ + is proposed. [ Methods] The process of this algorithm is first used 3 kinds of classification algorithms: Ada-
Boost, SVM, Random Forests on the training set were respectively trained one classifiers as candidate classifier, and then use k-
means—+ + algorithm divides the training set into k clusters, with 3 classifiers separately for each cluster classification, selection of
the highest classification accuracy of cluster classifier as best classifier. When classifying the new sample, first determines which
cluster is the sample belongs to, and then uses the best classifier for classification prediction. [ Findings] The experimental results
show that the algorithm improves accuracy rate of classification and recognition on 9 UCI data sets compare with a single algorithm.
[Conclusions] The accuracy of model classification can be improved by selecting the best classifier dynamically based on local re-
gions.

Keywords: local region; AdaBoost; k-means+ +; random forest; SVM

(THEHH #F )



