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An Improved SVM Based Under-Sampling Method for
Classifying Imbalanced Data

ZHAO Zixiang , WANG Guangliang ,LI Xiaodong
(School of Information Science and Technology // Key Lab of Machine Intelligence and
Sensor Network , Ministry of Education,Sun Yat-sen University, Guangzhou 510006, China)

Abstract: As a supervised classifier, Support Vector Machine (SVM) has prominent advantages in sol-
ving some problems on petty and nonlinear datasets, but it is unsatisfying in tackling with imbalanced
datasets. Random under-sampling has been a widely used method to improve SVM s performance on im-
balanced data, but its stability is easily influenced by the nature of randomness. A modified SVM based
on under-sampling method is presented to classify imbalanced data. Compared with the random under-
sampling technique, it is shown through experiments on natural datasets that the new proposed under-
sampling method is more stable in classifying imbalanced data, and exhibits improved SVM performance
in classifying imbalanced data for many cases.
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Fig. 1 Comparison of results between one random

under-sampling and one FN under-sampling
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Table 2 Datasets description

e S IR 5 Ef; ﬁfg Eifﬁg
Abalone 8 42 4116 1: 98
Ecoli 8 77 231 1:3
Glass 10 17 187 1: 11
Haberman 4 81 162 1: 2
Page — blocks 11 115 5290 1: 46
Transfusion 5 178 534 1: 3
Yeast 9 51 1428 1: 28
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Table 3  Performance on test sets $UHE5E K Tk ar %

AR K BER%  HLE/ % Gmean/%

Under-SVM 2.2553 75.833 3 13.077 7

Abalone FN U-SVM 2.206 0 71. 666 7 12.573 7
SVM NaN 0 NaN

FN U-SVM 66. 859 4 97.857 1 80. 886 7

Ecoli Under-SVM 66.274 3 91.4286 77.8419

SVM 79.404 8 75.0000 77.171 0

Under-SVM 10. 814 9 90.000 0  31.198 4

Glass FN U-SVM 10. 621 5 90.000 0  30.918 2
SVM NaN 0 NaN

FN U-SVM 63.0317 63.0556 63.043 6

Haberman Under-SVM 60. 146 5 64.3056 62.1913

SVM 83.214 3 37.0833 55.5505

Under-SVM 19.269 7 85.738 6  40.646 7

Page-blocks ~ FN U-SVM 18.205 6 89.3750 40.3376
SVM NaN 4.261 4 NaN

FN U-SVM 39.303 9 77.788 2  55.293 6

Transfusion ~ Under-SVM 39.263 8 77.3882 55.123 1

SVMNaN 0 NaN

Under-SVM 16.549 5 81.3333  36.6882

Yeast FN U-SVM 15.770 6 85.3333 36.684 6
SVM NaN 0 NaN
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Table 4  Performance comparison of two

under-sampling methods

i KT Under-SVM FN U-SVM
i i 4 UCEK I 1 UCRR
100 42 58
200 94 106
Abalone 500 215 285
1 000 422 578
2 000 885 1115
100 39 60
200 88 112
Ecoli 500 210 290
1 000 442 558
2 000 931 1 069
100 33 62
200 69 126
Glass 500 193 297
1 000 377 598
2 000 748 1 198
100 41 59
200 96 104
Haberman 500 236 264
1 000 465 535
2 000 872 1128
100 32 68
200 81 119
Page-blocks 500 196 304
1 000 370 630
2 000 718 1282
100 38 62
200 96 104
Transfusion 500 190 310
1 000 440 560
2 000 912 1 088
100 51 49
200 105 95
Yeast 500 255 245
1 000 551 449
2 000 1 056 944
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Fig. 2  Comparison of winning numbers between Random Under-Sampling and FN Under-Sampling

ARG LA B3 Hr il ATERA ,  XPER 2 idis il F A S
P FN JCREETNA A B, g LA R4k
EIIyE S5 SRIVEE ey TRl ISR R0 i RS ¢
ERUL, mTAEZMRE, % AR Rk
AR MR T 1L 327 % R 800 AT REVEABOR

RIS, ASCH FN JORBETTIER T

P FUAEON BRI B AR, BRI ZREE P PSSR A
SEAAT o X T YNGR A A -7 LU A S B KA v
O, TR Ak IR R R FE T i 5 BERL R AR 4
B, SCHEGHE I IR A BUS SRR, Bl
BURCRAEE— 14, FEfs KRR R 70 e
SETES



16 iR E 4 (FASARRERR)

051 %

5 45 i

ARSCAEII T SCRF I AL JORAETT A A A
LA b, S T AN Bs o 20 4 B AR
i, HETETXTBEHLOCRAE )74 vl RE H BLAY RIS, 2
T — ol TSR LAY FN JCRAETT i %
Ik T RHAREA DL AR AR (] 5 B, UCT %8s
SCEAERARN], X TR R R — 7 3 e AR
Ui, FN ZCRAETIEA B RIRCR, Efe 1 REHLR
REETNAMBRMEA R “RE” R, fem T X
FEERALI A RE (AR E P . SRR X — 4
FEBRR IR 0 e HE AP A s BEA T 0 6T, ol T 52 4
JERM, FN JORMETTIER A GG A FEt— 2
AT, B IR AT SE, JRAS AR IE
TEFES I S A A RT3 95

Sk

[1] WEISS G M. Mining with rarity: A unifying framework
[J]. ACM SIGKDD Explorations Newsletter-Special issue
on learning from imbalanced datasets, 2004, 6(1): 7 —
19.

[2] HE H B, GARCIA. Learning from imbalanced data [ J].
IEEE Transactions on Knowledge and Data Engineering,
2009, 21(9): 1263 - 1284.

[3] CHAN P K, STOLFO S J. Toward scalable learning with
non-uniform class and cost distributions: A case study in
credit card fraud detection [ C] // The Fourth International
Conference on Knowledge Discovery and Data Mining,
1998 164 —168.

[4] JAPKOWICZ N, STEPHEN S. The class imbalance prob-
lem: A systematic study [J].
2002, 6(5): 429 —449.

[5] PRATIR C, BATISTA G, MONARD M C. Class imbal-
ances versus class overlapping: an analysis of a learning
system behavior [ C] // MICAI 2004 : Advances in Artifi-
cial Intelligence, 2004 . 312 —321.

[6] CORTES C, VAPNIK V. Support-vector networks [ J].
Machine Learning, 1995, 20(3) . 273 -297.

[7] QUINLAN J R. C4.5 programs for machine learning

Intelligent Data Analysis,

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[M].
1993.
TANG Y C, ZHANG Y Q, CHAWLA NV, et al. SVMs

San Mateo, Calif; Morgan Kaufmann Publishers,

modeling for highly imbalanced classification [ J]. IEEE
Transactions on Systems, Man, and Cybernetics, 2009,
39(1) . 281 -288.
WANG X H, SHU P, CAO L, et al. A ROC curve meth-
od for performance evaluation of support vector machine
with optimization strategy [ C] // IFCSTA 09. 2009, 2.
117 - 120.
PRATI R C, BATISTA G, MONARD M C. A study of
the behavior of several methods for balancing machine
ACM SIGKDD Explorations
Newsletter-Special issue on learning from imbalanced
datasets, 2004, 6(1): 20 —-29.
BATUWITA R, PALADE V. FSVM-CIL: fuzzy support

learning training data [ J].

vector machines for class imbalance learning [ J]. TEEE
Transactions on Fuzzy Systems, 2010, 18 (1) 558 -
571.

DRUMMOND C, HOLTE R C. C4.5, class imbalance,
and cost sensitivity: why under-sampling beats over-
sampling [ C] // The Sixth ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining,
2001 198 —207.

SAEYS Y, INZA I, LARRANAGA P. A review of fea-
ture selection techniques in bioinformatics [ J]. Oxford
Journals; Bioinformatics, 2007, 23(19) . 2507 -2517.
TED W W, SAHINER B, HADJIISKI L. M, et al.
Effect of finite sample size on feature selection and clas-
sification; a simulation study [J]. Medical Physics,
2010, 37(2) : 907 -920.

TAX D M J, DUIN R P W. Support vector data descrip-
tion [ J]. Machine Learning, 2004, 54 .45 - 66.
PRIRIN, 224, k%2, LT SVM Y HFE AL KNN
Sk [ bR el HARFLA AR, 2005,44 ¢ 17
-20.

KHOSHGOFTAAR T M, GAO K H. Feature selection
with imbalanced data for software defect prediction [ C ]

//ICMLA 09, 2009 235 - 240.





