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Self-sampling Ensemble Classification Method Based on Attribute Reduction
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Chongqing 400065, China)

Abstract: The ensemble learning technology often uses each basic classifier that has been trained to form a
complete ensemble system, and the largeness of the ensemble system easily leads to more memory and
time. So as to gain the high prediction correctness and low classification time of the ensemble classification
model, according to the research of attribute reduction in rough sets, this paper proposes a self-sampling
ensemble classification method based on the attribute reduction. This method applies the strategy of
combining ant colony optimization and attribute reduction to the original feature data set, and then multiple
optimal feature reduction subspaces are obtained. Taking any feature subset after reduction as the feature
input of the integrated classifier can reduce the memory usage and classification time of the classifier to
some extent. And then each self-sampling method taking the learning results and learning speed of the
samples as constraints is combined to iteratively train each base classifier. Finally, the feasibility of the
proposed method is further proved by experimental results.
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Fig.1 Self-sampling ensemble classification model based on attribute reduction
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Table 5 Attribute reduction subsets

Data set Attribute reduction subset
{3,4,5,7,11,13,16,18,27},{3,4,5,7,13,16,18,21,27},{3,4,5,7,13,16,18,23,27},{3,4,7,13,
Tonosphere  16,18,21,23,27},{3.,4,7,11,13,16,18,25,27},{3.4,7,11,13,16,18,27,29},{3,4,7,13,16,18,
21,23,274,{3,4,7,13,16,18,21,27,29},{3,4,7,13,16,18,25,27, 29}
Mammographic {1,3},{1,2}
{2,3,5,6,8,9,14,18,19,23,24,25},{2,4,5,8,9,14,18,19,21,23,24,25},{2,4,8,9,10, 14,18,
19,21,23,24,25},{2,5,6,8,9,14,15,18,19,23,24, 25}
House-vote  {1,2,3,4,5,7,8,9,11},{1,2,3,4,7,8,9,10,11},{1,2,3,5,6,7,8,9,11},{1,2,3,6,7,8,9,10, 11}
Diabetes {1,2,3,4,5,6}
{3,6,9,15,17,18,19},{3,6,10,15,17,18,19},{6,9,14,15,17,18,19},{6,9,11,15,17,18,19},
{6,10,11,15,17,18,19},{6,11,14,15,17,18,19},{6,12,14,15,17,18,19}

Wdbc

Hepatitis
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Fig. 3 Comparison of classification effects between original attributes and reduced attributes
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SS-AdaBoost J7 % Y BUE I ,a €[ 0,0.51,6 €[ 0.9, 1 1o BRI A1, Sy T FABE 3 Fh J7 i X M 75 44 =
G ARE A SO BT F S5 56 Y 7R MR RS O Ry 1096 A A HEAT TR Ay DR IE S 56 A8 R B RRUE kL BT SR
BFEPAT SR BOFE AT L . TR A1 3R 6 0T 7 , 78 5048 4E Tonosphere \House-vote Fll Hepatitis
b A SO AR T vk B TG A ME R RN Fy-score s AR TE A 3B A E 9 Ace Fll Fi-score AN B A
B8 22 BN 2R K, e an 7 Wdbe 085 % 5 SS-AdaBoost J7 5 B9 Acc fl Fi-score {X 22 0.004 . 7E I} [&]
THFE b A SO AR 6 > UCTEUE 4 1 HA S/ H ), B 7 DT 2 — > 2 ) AR AR 1 2R AE
B 153 28 A R AR i N BB TE — R BE L0800 43 S 8 1 PN A T FE RN T B I (), DT BE— 2P R T T e
LY TRT Y R B I A3 B A Rk

F6 LWHER

Table 6 Experimental results

AdaBoost SS-AdaBoost RSS-AdaBoost

Data set Acc F -score Time/s Acc F,score Time/s Acc F-score Time/s
Ionosphere 0.802 8 0.798 4 2.24 0.816 9 0.8114 2.96 0.826 3 0.818 6 2.02
Mammographic 0.777 2 0.777 1 1.53 0.803 1 0.803 2 1.71 0.7358 0.7358 1.48
Wdbc 0.9211 0.920 4 2.15 0.947 4 0.947 1 3.36 0.943 0 0.942 7 1.70
House-vote 0.896 6 0.897 2 1.49 0.908 0 0.908 8 1.78 0.909 1 0.909 4 1.26
Diabetes 0.779 2 0.774 6 1.68 0.7857 0.7819 2.02 0.766 2 0.759 9 1.56
Hepatitis 0.687 5 0.719 2 1.08 0.8125 0.797 2 1.41 0.883 9 0.855 2 0.85
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