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M ulti-C lassifier Ensemble Based on Randan Feature Subspace

YeYunlong Y angM ng

(School of M athem atics and C anputer Science N anjing NomalUniversity Nanjing 210097 China)

Abstract In ths paper we propose an ensemb ke algoritm called RFSEn which is based on randan feature subspace
First an appwopriate feature subset size is sekcted then subsets of features are randomly and propcted on the training
set and the primary classifiers of subspace are obtaned and thus ensanbled chssifiers are ©0med w ih these prm ary
classifiers At hst we use the ensan bled chssifier to chssify the text W e can pare the alkorithm w ih bagging algo rithm
which is based on re-san pling techn iques and singk chssifier on the standard datasets The resulis shov that RFSEn al
gorithm & not only superior to single chssifier n perfom ance butbetter than bagging alkorithm n some degree
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Table2 Chssification perfomm ance compa rison
SVM RBEN etw ork Nav eBayes C4.5
mac— fl m ic— f1 mac— fl mic— fl mac— fl m ic— f1 mac— fl mic— fl
RFSEn 0.9240 0.9249 0. 8659 0. 877 0.863 9 0. 8576 0. 8132 0. 8111
New sgroup Single 0.914 4 0.9154 0. 8526 0. 8565 0.8629 0. 8520 0. 7796 0.7757
Bagging 0.9158 0.9170 0. 8589 0. 8627 0.869 5 0. 863 2 0. 8363 0. 833
RFSEn 0. 8505 0. 861 8 0. 7237 0.7422 0.763 4 0. 776 4 0. 8203 0.8354
Reuters Single 0. 847 8 0. 860 2 0. 7080 0. 7236 0.768 4 0. 7810 0. 7513 0. 7655
Bagging 0. 848 6 0. 861 8 0. 7103 0.7314 0.7822 0. 7950 0. 7856 0. 798 1
RFSEn 0. 883 4 0. 896 7 0. 7556 0.771 0 0.7849 0.7929 0. 8567 0.8723
W ebkb Single 0.8755 0. 888 4 0. 7337 0. 7530 0.7933 0. 801 2 0. 7766 0. 804 1
Bagging 0. 8754 0. 887 4 0. 7344 0.756 9 0.805 8 0. 8159 0. 8121 0.8329
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