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S 457 18] 5 AL (support vector machine, SVM)
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Fig. 1 Sketch map for elliptical distribution data with

a noise sample
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Tab.1 UCI datasets and related properties

e ER il A RP K ER

AE A% BEC ik B E3EN
Tonosphere 126 225 351 1.78 2 1
Pima-Indians 268 500 768  1.87 2 1
Haberman 81 225 306  2.78 2 2
Transfusion 178 540 748  3.03 2 1
Ecoli 77 259 336 3.36 8 2
Glass 13 201 214 15.46 7 5
Yeast 51 1433 1484 28.10 10 5
Abanole 103 4074 4177 39.55 29 15
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Tab. 2 Comparison of the classification results on eight UCI datasets

SRS Ak S. S, G
SVM 0.954 840,005 4 0. 945 840. 004 1 0. 950 320,003 8
FSVM 0.906 340.012 9 0.972 040. 003 7 0.938 6+0.007 5
onosphere DEC 0.954 840.005 4 0.949 340.003 1 0.952 040.002 8
FSVM-CIL;" 0.954 840.005 4 0.947 640.004 6 0.951 140.003 4
FSVM-CIL:;) 0.957 140.004 1 0.948 440.003 1 0.952 840.002 8
A CH 0.958 74+0.003 3 0.947 140.003 3 0.952 940.002 4
SVM 0.564 240,005 4 0. 805 640,007 9 0.674 140.006 3
FSVM 0.560 1420.015 9 0.808 240. 007 6 0.672 7420. 009 0
Pima Indins DEC 0.744 040.011 6 0.728 640,007 3 0.736 2240, 006 5
FSVM-CIL;" 0.738 84+0.011 5 0. 740 240. 005 0 0.739 540.007 0
FSVM-CILS, 0.729 140.011 2 0.742 840.004 9 0.735 9740.005 7
AL 0.738 84+0.013 4 0.740 840.005 2 0.739 840.007 3
SVM 0.351 940.024 9 0.793 340.020 1 0.528 040. 020 1
FSVM 0.364 240.030 9 0.768 440.013 5 0.528 540.020 8
Haberman DEC 0.522 240.016 5 0. 797 840,006 7 0.645 440.010 9
FSVM-CIL;" 0.545 740.029 0 0.768 94:0.008 4 0.647 60,019 5
FSVM-CIL ) 0.540 740.017 3 0.787 1£0.017 2 0.652 3£0.011 4
AR SCEL 0.538 34+0.018 6 0.790 740.009 5 0.652 340,011 7
SVM 0.441 040.018 8 0.967 740. 005 3 0.653 140.014 1
FSVM 0.434 840.015 7 0.969 540.003 9 0.649 240.011 8
Transusion DEC | 0.812 940.011 3 0.796 740.002 7 0.804 740.005 6
FSVM-CIL;" 0.811 840.007 1 0.799 540.003 2 0. 805 60,003 9
FSVM-CIL 0.811 840.009 3 0.798 9£0.002 9 0.805 3£0.004 7
A SCE 0.815 240.011 7 0.797 94-0. 003 5 0. 806 540.005 3
SVM 0.809 140.018 4 0.939 040. 004 0 0.871 640,010 5
FSVM 0.835140.017 4 0.927 040. 007 4 0.879 8+0.012 3
L DEC 0.967 540.020 5 0. 842 940.003 7 0.903 040. 010 1
Ecoli FSVM-CIL;" 0.955 840.019 6 0.851 440.003 8 0.902 040. 009 9
FSVM-CIL: 0.970 140.012 3 0.841 740.003 6 0.903 60. 006 8
A SCH 0.970 140.012 3 0.842 940.004 5 0.904 240,006 5
SVM 0.980 14-0.004 7 0.876 974-0. 064 9 0.926 540,034 9
FSVM 0.980 14:0.003 3 0.761 540.024 3 0.863 840,013 4
. DEC 0.971 140. 003 1 0.923 1 0. 946 840,001 5
Class FSVM-CIL;" 0.947 340.005 3 0.923 1 0.935 140.002 6
FSVM-CILS, 0.973 640.005 8 0.923 1 0.948 040.002 8
AL 0.974 60.004 9 0.923 1 0.948 540.002 4
SVM 0.182 4740.030 7 0.994 840.007 5 0.424 540.036 4
FSVM 0.235 340.016 0 0.991 640. 001 4 0.482 8+0.016 1
DEC 0. 837 320.009 5 0. 860 9740, 002 7 0. 849 040. 005 7
Yeast FSVM-CIL;" 0.819 640.008 3 0.879 740.001 7 0.849 140.004 5
FSVM-CIL ) 0.839 240.008 3 0.860 44-0.002 0 0.849 840.004 8
AR SCEL 0.823 540.001 6 0.877 740.002 7 0.850 240.001 3
SVM 0 1.000 0 0
FSVM 0 1.000 0 0
Abanole DEC | 0.790 340.023 9 0.715 040. 002 2 0.751 60,011 2
FSVM-CIL;" 0.695 14-0.026 0 0.758 640.002 2 0.726 140.012 9
FSVM-CIL 0.803 940.017 6 0.715 640.001 7 0.758 4£0.007 9
A SCE 0.802 94:0.021 5 0.716 940.001 6 0.758 60,009 7
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Tab. 3 Optimal parameter of various algorithms on eight
UCI datasets
Hde 4R ik ¢ 4 B m
SVM 2? 271 — — —
FSVM 23 272 - - -
DEC 28 271 - - -
Tonosphere
I“SVI\/I*CIL‘[“;n 23 271! — - —
FSVM-CIL;; 2 2! 0.7 — -
A SCR 25 270 — 1.0 0.4
SVM 210 2*13 — — —
FSVM ZIO 2713 — — —
DEC 20 21 - - -
Pima-Indians .
FSVM-CIL{™ 20 271 —  —  —
FSVM-CILS 28 27 0.1 —  —
A SO 20 27— 0.9 0.9
SVM 21[) 2 5 — — —
FSVM 21 275 — - —
DEC 28 278 - - -
Haberman i
FSVM-CIL{"  2¢ 274 —  —  —
FSVM-CIL® 28 2712 0.4 —  —
A SCH 21l 9-18  — 0.1 0.7
SVM 215 2(] — — —
FSVM A 20 — — —
DEC 213 2(] — — —
Transfusion . .
FSVM-CIL{" 215 20—  —  —
FSVM-CILS 2% 20 0.9  —  —
ARSI 215 20 — 0.6 1.0
SVM 213 273 — — —
FSVM 213 272 - - -
DEC 2° 2770 - - -
Ecoli
FSVM-CIL{™ 28 272 — —  —
FSVM-CIL;; 2 2°¢ 0.1 — —
AR 285 271 — 0.5 0.2
SVM 21() 278 — —_— —
FSVM 28 26 — — —
DEC 210 27 - - -
Glass .
FSVM-CIL{™ 210 270  —  —  —
FSVM-CILS 2t 277 0.5 —  —
A SO 2 277 — 0.1 0.1
SVM 21[) 2(] — — —
FSVM 212 20 — - —
DEC 20 2~ - - -
Yeast . ) :
FSVM-CILE™ 22 275 — —  —
FSVM-CIL; 2" 278 0.5 — —
AR SO 20 27— 0.6 1.0
SVM — — — — —
FSVM — — — — —
DEC 23 271! — — —
Abanole .
FSVM-CIL{" 28 20—  —  —
FSVM-CILS 22 271 0.1 —  —
AR 2 20 — 0.1 0.1

& i

ARSCHE T — BT R TS T i B
FSVM B3 325336 A AL AT DL R0 [ IR SF- 1
X SVM 3 B iy 5% ), T HL AT DL R AR A
g P R T A T 0 B 4 2R R R . UCT
Bm 4 B A B S5 50 UF T o 7 R A AL
PE. SR T B8 0 R R IR AR T A O
RS AR R AT 2 QU St A S A N 71
TAE SRR AL 2 50065 B 5 W ok 4 4 53k i 1|
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A fuzzy support vector machine algorithm

for imbalanced data classification

JU Zhe,

CAO Jun-zhe,

GU Hong”

( School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: As an effective machine learning technique, support vector machine (SVM) has been

successfully applied to various fields. However, when it comes to imbalanced datasets, SVM produces

suboptimal classification models. On the other hand, the SVM algorithm is very sensitive to noise and

outliers present in the datasets. To overcome the disadvantages of imbalanced and noisy training

datasets, a novel fuzzy SVM algorithm for imbalanced data classification is proposed. When designing

the fuzzy membership function, the proposed algorithm takes into account not only the distance

between the training sample and its class center, but also the tightness around the training sample.

Experimental results show that the proposed fuzzy SVM algorithm can effectively handle the

imbalanced and noisy problem.

Key words: support vector machine (SVM); fuzzy support vector machine; fuzzy membership;

imbalanced data; classification



