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[Abstract] The problem of unbalanced. classification widely exists in medical, economic and other fields. Research
shows that for the classification of unbalanced data sets, especially when the”data is high-dimensional, an effective
feature selection algorithm is crucial. However, most feature selection algorithms-do not consider the impact of feature
synergy, resulting in a decrease in classification performance.Considering the synergy of features, this paper proposes a
new feature selection algorithm, FSBS, on the basis of the improved FAST feature selection algorithm. This algorithm
employs AUC to evaluate the features, and the mutual gain i used to measure the magnitude of synergy. Then the
effective features are selected and the unbalanced data are. classified. Experimental results show that the proposed
algorithm can effectively select features and improve the classification performance, especially when the number of
features is small.
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Table 1 / Experimental Datasets

FUE/IE S A B FRIERCR IR SUREAS LA
auto 205 25 27:178
cancer 683 9 239:444
cars 392 8 147:245
crx 690 15 307:383
dermatology 366 34 130:236
ecoli 336 343 151:185
german 1 000 20 300:700
glass 214 9 96:118
heart 270 13 120:150
ionosphere 351 34 126:225
iris 150 4 50:100
vote 435 16 168:267
wine 178 13 71:107
yeast 1484 1470 671:813
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Fig.2 Comparison of C_AUC values in different cases
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Table 2 Comparison of features number

different thresholds

ol A q='(max+ q='(max+ q='(max+ q='(max+ q='(max+

min)*0.3 min):0.4 min)-0.5 min):0.6 min)-0.7
auto 15 11 11 7 6
cancer 8 8 6 5 2
cars 6 6 4 3 3
crx 5 7 7 7 7
dermatology 28 28 31 32 33
ecoli 342 341 340 338 338
german 18 18 18 19 19
glass 6 6 3 2 1
heart 8 9 9 9 10
ionosphere 32 32 32 32 32
iris 2 2 2 2 2
vote 11 10 7 5 3
wine 8 6 6 4 3
yeast 1470 1470 1467 0 0
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Table 3 Comparison of feature numbers of different methods

GRS JE IR B R R FAST #e 4% J5 FHIE R R FSBS #LF J i fiF £l i
auto 25 8 11
cancer 9 8 6
cars 8 6 4
crx 15 3 7
dermatology 34 6 31
ecoli 343 340 340
german 20 3 18
glass 9 2 3
heart 13 8 9
ionosphere 34 8 32
iris 4 1 2
vote 16 10 7
wine 13 4 6
yeast 1470 5 1467
Fd4 DEEMEL
Table 4 Classification accuracy 1 %
SiE SVM ) BEHL AR bk
g IERMERR AR R SUERE ERMER R FOSMESR BaERR IESSMERRR SR BMETR
cancer@ 100.00 97.78 98.55 91.67 97.78 95.65 100.00 97.78 98.55
cancer® 100.00 97.78 98.55 95.83 97.78 97.10 100.00 97.78 98.55
cancer(® 100.00 97.78 98.55 100.00 97.78 98.55 100.00 97.78 98.55
erx@D 77.42 97.44 88.57 74.19 97.44 87.14 64.52 97.44 82.86
crx@ 77.42 97.44 88.57 58.06 100.00 81.43 77.42 97.44 88.57
erx® 77.42 97.44 88.57 74.19 100.00 88.57 74.19 97.44 87.14
glassD 20.00 100.00 63.64 0.00 100.00 54.55 10.00 100.00 59.09
glass@ 10.00 100.00 59.09 10.00 100.00 59.09 10.00 100.00 59.09
glass@® 3.00 100.00 68.18 40.00 100.00 72.73 30.00 100.00 68.18
heartD 61.54 93.75 79.31 69.23 87.50 79.31 69.23 93.75 82.76
herat® 61.54 100.00 82.76 69.23 87.50 79.31 69.23 100.00 86.21
heart(® 61.54 100.00 82.76 69.23 93.75 82.76 69.23 93.75 82.76
ionosphere(D 69.23 100.00 88.89 76.92 91.30 86.11 84.62 95.65 91.67
ionosphere® 61.54 86.96 77.78 84.62 82.61 83.33 84.62 91.30 88.89
ionosphere®® 69.23 95.65 86.11 84.62 91.30 88.89 84.62 95.65 91.67
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Table 5 Classification accuracy 2

SVM/% P 1% WEHL R AR /%
o AR O e TR IR g T I
MIRTES HER 3¢ ATES HIRTES HET 3¢ MIRTES
auto® 205%26 0.00 100.00 85.71 100.00 100.00 100.00 33.33 100.00 90.48
auto@ 205%9 0.00 100.00 85.71 33.33 100.00 90.48 0.00 100.00 85.71
auto® 205x12 0.00 100.00 85.71 66.67 100.00 95.24 33.33 100.00 90.48
cars@D 392x9 80.00 88.00 85.00 93.33 96.00 95.00 100.00 96.00 97.50
cars@2) 392x7 86.67 64.00 72.50 93.33 96.00 95.00 100.00 96.00 97.50
cars(® 392x5 80.00 68.00 72.50 93.33 96.00 95.00 100.00 96.00 97.50
dermatology@ 366x%35 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
dermatology(® 366x7 92.86 100.00 97.37 85.71 100.00 94.74 92.86 100.00 97.37
dermatology® 366x%32 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
iris@ 150%5 0.00 100.00 64.71 100.00 100.00 100.00 100.00 100.00 100.00.
iris@ 150%2 0.00 100.00 64.71 66.67 81.82 76.47 50.00 90.91 76.47
iris@® 150%3 0.00 100.00 6471 100400 100.00 10.00 100.00 100.00 100.00
vote@ 435x17 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100:00
vote 435x11 100.00 100.00. 100.00 100.00 100.00 100.00 100.00 100.00 100.00
vote3) 435x8 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
wine@ 178x14 87.50 100.00 94.74 87.50 100 94.74 100.00 100:00 100.00
wine@ 178x%5 100.00 90.91 94.74 100.00 90.91 94.74 100.00 90.91 94.74
wine®) 178x7 87.50 100.00 94.74 87.50 100.00 94.74 100.00 100.00 100.00
R6 SEREWMES
Table 6 Classification accuracy 3 %
- SVM S ) BEHLAR AR
s IEZSiERh e, FORUERD R SRR ERMERER OGN [ BRI BRI FUORMERER BERER
ecoli®D 75.00 31.58 51.43 68.75 36.84 5143 87.50 10.53 45.71
ecoli®® 81.25 42.11 60.00 81.25 1053 42.86 81.25 10.53 42.86
ecoli® 81.25 42.11 60.00 81.25 21.05 48.57 81.25 5.26 40.00
german(D 48.39 87.32 75.49 29.03 76.06 61.76 48.39 92.96 79.41
german(2) 35.48 98.59 79.41 45.16 77.46 67.65 51.61 88.73 77.45
german(3) 38.71 85.92 71.57 58.06 74.65 69.61 54.84 88.73 78.43
yeast®D 76.47 79.27 78.00 72.06 69.51 70.67 79.41 85.37 82.67
yeast® 76.47 81.71 79.33 77.94 71.95 74.67 73.53 81.71 78.00
yeast® 82.35 74.39 78.00 69.12 74.39 72.00 83.82 80.49 82.00
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Table 7 Classification time comparison of excluding

feature selectiontime s

o Jﬁ%ﬁﬁé)?& FAST ﬁg}ﬁ FSBS hlg}ﬁ
I} i) 53 &) ] 43 S5 ]
auto 0.369 5 0.100 8 0.121 4
cancer 0.476 4 0.267 5 0.2433
cars 0.334 8 0.136 6 0.1114
crx 0.877 1 0.163 1 0.2891
dermatology 0.578 3 0.152 4 0.392 0
ecoli 6.920 5 10.192 6 10.599 2
german 1.765 6 0:278 4 1.521 4
glass 0.3249 0.091 8 0.097 6
heart 04173 0.172.4 0.196 4
ionosphere 0.720 6 0.192 3 0.528 0
iris 0.2375 0.074 6 0.061 8
vote 0.4959 0.2311 0.1822
wine 0.288 4 0.078 4 0.081 3
yeast 691.684 2 1.019 1 1 127.990 6
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Table 8 Classificationtime comparison of including

feature selectiontime s

Kol I?éﬂz%)ﬁﬁ%% FAST/b¥J5  FSBS &iﬂﬁ
i R] e s3ingli| ey inRL|
auto 0.369 5 0.108 5 0.762 4
cancer 0.476 4 0.274 1 0.3327
cars 0.334 8 0.143.0 0.426 4
crx 0.877 1 0.171 4 1.792 4
dermatology 0.578 3 0:163 4 0.8389
ecoli 6.920 5 10.267 5 40.794 6
german 1.765 6 0.289 9 2.5542
glass 0.3249 0.097 3 0.474 3
heart 04173 0.1809 0.360 6
ionosphere 0.720 6 0.203 1 29.649 3
iris 0.237 5 0.078 5 0.090 8
vote 0.4959 0.238 8 0.3132
wine 0.288 4 0.084 0 0.647 0
yeast 691.684 2 1.668 0 2113.3357

4 HRIE

AR SCHH 2 X FAST B3k 47 ek if | 7F FAST Bk
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TIE 55 5 AE 22 1) 4 B [ 5, DA 056 Wb ) A FH K 1) R AF
RGP, LR R B LEE T
R R o kRl U H R B R, 1
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