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Dynamic Classification for Multi-imbalanced Datasets via Attribute Selection and

Sampling Strategy

ZHAO Dongxue, WANG Xin, WANG Lidong
(School of Science, Dalian Maritime University, Dalian 116026, China)

Abstract: The classification of imbalanced datasets is one of the important topics in machine learning.
Most of the existing imbalance learning algorithms designed for dichotomies are insufficient to meet multi-
class classification needs. To tackle multi-class imbalance classification problem, we design a new multi-
classification model synthesizing rough sets, resampling methods and dynamic ensemble classification
strategy in this study. The model utilizes the hybrid sampling and the rough set reduction algorithm to
generate multiple balanced data subsets, on which the construction of the dynamic ensemble classification
model is realized. The experiments on 22 real datasets demonstrate that the designed method has higher
prediction performance on identifying minority samples compared with two previous algorithms, which can
be an alternative selection strategy in multi—class imbalance classification.

Key words: imbalanced data; dynamic selection; rough sets; attribute reduction; resampling
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Table 1 Description of the imbalanced data sets

Kt 4 4 P -y A4 B4 J& A~ K o3 A 1i§ Bl
auto_205 22.33 6 25 54/32/27/67/22/3
balance 5.88 3 4 288/49/288
car 18.62 4 6 384/69/1210/65
contraceptive 1.89 3 9 629/333/511
dermatology 5.60 6 34 111/60/71/48/48/20
ecoli 71.50 8 7 143/77/2/2/35/20/5/52
glass 8.44 6 70/76/17/29/13/9
hayesroth 1.70 3 4 65/64/31
heart 1.25 2 13 150/120
lymphography 28.50 8 18 57/37/18/10/8/8/8/2
newthyroid 5.00 3 5 150/35/30
pageblocks 163.67 5 10 491/33/3/9/12
penbased 1.10 10 16 114/114/106/114/106/105/115/105/106/115
redwinequality 68.10 2 11 681/10
transfusion 3.20 2 4 178/570
vehicle 1.11 4 18 217/217/216/196
wan_2 2.50 4 2 100/150/250/250
wine 1.48 3 13 59/71/48
yeast 125.20 7 8 288/480/626/35/30/20/5
200 10.25 6 16 41/20/5/13/4/8/10
sick 15.37 2 27 2629/171
wdbc 1.68 2 30 212/357
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Fig.3 Comparison of experimental results with different order between attribute reduction and data balance

auto_205

M,:\,\:»\ dermatology —— 2 IR

ecoli il S AR
glass st FARJR ML
hayesroth e LR T

redwinequality

lymphography
penbased i

newthyroid

pageblocks
4 S L BRXT A Y R A (B : )

Fig.4 Influence of experimental steps on the results (Unit: %)

(SMOTE+CART)# A& Garcia %R H 19 2 8 R sh 8 7 % 54SS”(SMOTE+SVM) J&: 42
IR S HHE R SVM 4 A ; “SSCRS” (SMOTE+SVM+CART+ROUGH SET) A4
FR I AR R . 10 IR 54738 UL 5 19 27 M A 22 (MAVA) LA F B E ) 2% (G-mean) K i B (Pre-
cision) A} F {8 (F-measure) 45 543 3 403 2~5 fiw , o 455 807 2om /) 1A 8ol S22 AW ik
HEA R HE T o

R2 KFHEMERER

Table 2 Results of MAVA %

B 4k SC SSCRS SS EEIE S SC SSCRS SS
auto_205 69.48(1)  66.76(2)  44.89(3) newthyroid 68.59(3)  91.98(1)  88.50(2)
balance 37.71(3)  78.62(1)  77.72(2) pageblocks 67.99(3)  84.09(1)  81.12(2)
car 37.75(3) 43.99(2) 46.24(1) penbased 84.42(3) 94.50(1) 88.76(2)
contraceptive 48.25(3)  51.99(1)  50.21(2) | redwinequality — 50.00(3)  64.87(1)  64.64(2)
dermatology 96.96(1) 96.23(2) 93.17(3) transfusion 50.00(3) 66.52(2) 68.06(1)
ecoli 70.60(1) 64.90(2) 49.62(3) vehicle 57.14(2) 72.75(1) 56.19(3)
glass 66.84(2)  67.55(1)  48.94(3) wan_2 72.56(3)  94.78(2)  94.83(1)
hayesroth 65.22(2)  84.34(1)  57.51(3) wine 74.93(3)  97.57(1)  96.93(2)
heart 50.00(3)  83.58(1)  83.08(2) yeast 53.75(3)  58.30(1)  54.51(2)
lymphography ~ 19.45(3)  21.51(2)  23.37(1) 200 84.72(3)  91.57(1)  85.71(2)
sick 51.85(3) 88.04(1) 80.52(2) wdbc 50.62(3) 96.63(1) 94.17(2)

I HE4 SC:2.55 SSCRS:1.32 SS:2.09
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Table 3 Results of G-mean %

ELEITE S SC SSCRS SS FIEITES SC SSCRS SS
auto_205 0.00(3) 51.35(1) 8.81(2) newthyroid 24.27(3) 91.40(1) 87.58(2)
balance 0.00(3)  77.37(1)  76.00(2) pageblocks 0.00(3)  64.19(2)  71.16(1)
car 5.43(3)  39.35(2)  45.04(1) penbased 0.00(3)  94.28(1)  87.65(2)
contraceptive 1.18(3)  51.20(1)  46.94(2) redwinequality 0.00(3)  42.68(2)  46.87(1)
dermatology 96.83(1) 95.88(2) 91.35(3) transfusion 0.00(3) 66.03(2) 67.33(1)
ecoli 22.56(1) 12.86(2) 0.00(3) vehicle 0.00(3) 68.87(1) 51.32(2)
glass 11.03(2) 49.15(1) 0.00(3) wan_2 0.00(3) 94.67(2) 94.69(1)
hayesroth 10.21(3) 82.36(1) 40.58(2) wine 68.62(3) 97.48(1) 96.79(2)
heart 0.00(3) 83.39(1) 82.90(2) yeast 0.00(3) 40.69(1) 39.79(2)
lymphography ~ 0.00(1)  0.00(1)  0.00(1) 200 51.86(2)  58.64(1)  46.78(3)
sick 0.00(3) 87.97(1) 80.37(2) wdbc 0.00(3) 96.62(1) 94.09(2)

FRHEA SC:2.64 SSCRS:1.32 SS:1.91
x4 BWMEER

Table 4 Results of precision %

Ko fs 4 SC SSCRS SS Ko s SC SSCRS SS
auto_205 17.93(2) 27.25(1) 11.72(3) newthyroid 33.06(3) 89.32(1) 86.68(2)
balance 15.89(3)  53.61(1)  51.35(2) pageblocks 2.26(3)  38.59(1)  30.82(2)
car 6.50(3)  21.94(1)  21.93(2) penbased 33.95(3)  65.97(1)  46.98(2)
contraceptive 23.10(3)  33.92(1)  31.09(2) | redwinequality 1.45(3)  53.48(1)  51.11(2)
dermatology 82.60(2)  84.24(1)  73.14(3) transfusion 23.80(3)  62.27(2)  63.14(1)
ecoli 35.61(1) 26.53(2) 12.78(3) vehicle 26.46(3) 46.33(1) 28.25(2)
glass 15.26(2) 22.54(1) 9.22(3) wan_2 27.67(3) 81.30(2) 81.32(1)
hayesroth 42.89(2) 71.86(1) 35.01(3) wine 62.27(3) 94.62(1) 93.00(2)
heart 55.56(2) 83.85(1) 83.50(3) yeast 8.66(3) 13.93(1) 9.53(2)
lymphography 6.41(2) 6.77(1) 5.97(3) 200 54.32(3) 76.22(1) 64.27(2)
sick 6.11(3) 68.19(1) 58.82(2) wdbe 37.26(3) 96.62(1) 95.32(2)

- SC:2.64 SSCRS:1.14 SS:2.23
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T 1.50.1.09, 145 5 3 W A SO XoF /0 B 2R AR LA ¢ o 1 990 00 44 o

(4)“SSCRS”HEHIAE 91 % (B A5 e A F-measure {8, 25 5 28 B R SO 859 “SSCRS ™ 45 1 %)
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Table 5 Results of F-measure %

ELEITE S SC SSCRS SS FIEITES SC SSCRS SS
auto_205 33.66(2) 38.47(1) 21.86(3) newthyroid 29.09(3) 90.19(1) 87.08(2)
balance 38.51(3)  58.09(1)  55.63(2) pageblocks 5.34(3)  49.26(1)  36.52(2)
car 12.00(3)  23.70(1)  21.56(2) penbased 53.75(3)  77.40(1)  61.05(2)
contraceptive 45.20(1)  39.90(2)  36.86(3) redwinequality 2.85(3)  75.88(1)  65.61(2)
dermatology 88.50(2) 88.99(1) 78.91(3) transfusion 38.44(3) 60.48(1) 60.35(2)
ecoli 51.67(1) 39.63(2) 26.16(3) vehicle 47.99(2) 55.20(1) 36.89(3)
glass 28.17(2) 30.72(1) 22.45(3) wan_2 52.78(3) 86.93(1) 86.90(2)
hayesroth 55.75(2) 74.88(1) 43.71(3) wine 64.60(3) 95.85(1) 94.60(2)
heart 71.43(3) 83.44(1) 83.07(2) yeast 16.63(2) 18.24(1) 12.82(3)
lymphography ~ 21.65(3)  27.14(1)  25.68(2) 200 66.11(3)  84.99(1)  76.34(2)
sick 11.51(3)  73.32(1)  58.47(2) wdbc 54.29(3)  96.62(1)  94.67(2)
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