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Abstract: Classification isimportant in data mining and machine learning. In this paper, a classification approach
based on evolutionary neural networks (CABEN) is presented, which establishes classifiers by a group of
three-layer feed-forward neural networks. The neural networks are trained by an improving algorithm synthesizing
modified Evolutionary Strategy and Levenberg-Marquardt optimization method. The class label of the identifying
data can first be evaluated by each neural network, and the final classification result is obtained according to the
absolute-magjority-voting rule. Experimental results show that the algorithm CABEN is effective for the
classification, and has the better performance in classification precision, stability and fault-tolerance comparing
with the traditional neural network methods, Bayesian classifiers and decision trees, especially for the complex
classification problems with many classes.
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Table1l Description of experimental data sets

1
Data set Samples number Attributes number Classes number
1 Cleveland 296 13 2
2 Glass 214 9 6
3 Iris 150 4 3
4 Lymphography 148 18 4
5 Vehicle 846 18 4
6 Wine 178 13 3
31
(1) 1
(BRBPX,LM) , 1
CABEN BPBPX,LM
Glass Wine .
T, TR, T8, T TR TS,TRn TS=Q. 10 ,
, 10
1 , 2:332 41, ,CABEN
BRPBPX,LM 2 3.
2 ] 4:1 , )
,CABEN (BPBPX,LM) 2 3 .
P=10, kpex =20, =1,B=05,C=05.
2 2
, [3,5] . 2
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' 5 , , O
[3] C45 , 4,
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Lymphography  Vehicle 5,8,5,7,7.
32
D 1 2 3 2 8.
2 3 - CABEN
,CABEN ’ ;
, LM ,CABEN LM ,
Table2 Experimental results of Glass data set (Experiment 1)
2 Glass ( 1)
Classification precision (%) Training time (s)
Training method [TR|/[TS| [TRI/[TS]| [TR]/[TS]| [TRYTS| [TRYTS| [TRYITS|
2:3 3:2 4.1 2:3 3.2 4.1
BP 64.58 67.15 74.44 81.095 2 146.922 0 182.015 6
BPX 63.69 69.35 72.89 85.267 1 150.453 0 187.5320
LM 54.72 68.93 70.89 10.159 5 12.3430 83.9370
CABEN 68.32 79.02 90.19 70.907 7 85.733 0 227.8270
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Table3 Experimental results of Wine data set (Experiment 1)

3 Wine ( 1)
Classification precision (%) Training time (s)
Training method [TRI/TS| [TRI/TS| [TRI/TS| [TRI/TS| [TRI/|TS| [TRI/TS|
2:3 3:2 4:1 2:3 3:2 4:1
BP 97.19 97.75 99.21 33.9840 42.2030 49.174 8
BPX 98.43 98.88 99.55 16.709 4 435310 44.459 4
LM 95.90 92.64 96.69 0.893 6 1.3658 1.5470
CABEN 98.99 99.78 99.89 6.662 6 9.765 6 13.499 8
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Table4 Comparison with Bayesian and decision trees methods (testing precision: %)
4 ( %)
Data sets NB BN C4.5 CABEN Average difference
1 Cleveland 82.76+ 1.27 81.39+ 1.82 73.31+ 0.63 84.16+ 0.0192 4.99
2 Glass 69.66+ 1.85 55.57+ 5.39 69.62+ 1.95 73.089+ 0.0137 9.27
3 Iris 93.33+ 1.05 94.00+ 1.25 94.00+ 1.25 95.60+ 0.0126 1.62
4 Lymphography 79.72+ 1.10 75.03+ 1.58 77.03+ 1.21 86.49+ 0.0205 9.23
5 Vehicle 58.28+ 1.79 61.00+ 2.02 69.74+ 1.52 86.10+ 0.0051 23.09
4 [3] ,NB ,BN ,C4.5
Quinlan 1993 Bl 4 CABEN 3 ,
((ICABEN-INB|)+(ICABEN|-|BN|)+(|CABEN}-|C4.5)))/3,| | :
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, 1 3 , 3 4 7,
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