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A new over-sampling algorithm by gaussian mixture model

SHEN Leyang* , SUN Tingkai
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: It’s significant to solve the class-imbalance problems which have a serious impact on the performance of

standard classifiers in machine learning problems. Over-sampling is a popular method in dealing with class-

imbalance problems, which attempts to balance the sizes of different classes by generating additional samples for

minority class. We propose a new over-sampling algorithm that synthesizes new additional samples for minority

classes by the Gaussian mixture model. Comparing with several state-of-art related methods on UCI datasets, the

experimental results demonstrate that the proposed over-sampling algorithm can reduce the side effect of the class

imbalance and help improve the classification performance.
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1.1 SHEARE

=T IR A A ( gaussian mixture model, GMM )
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Precision = —————
TP + FP
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Recall = ————,
TP + FN

(1 +B%) - Recall - Precision
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Fig.2 Comparisons of principal components on before-sampling and after-samping banana dataset
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Fig.3 Comparisons of principal components on before-sampling and after-samping circle datasets
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Fig.4 Comparisons of principal components on before-sampling and after—samping gaussian datasets

2.2 UCI#i#& LK ER

R T ISIEAS ST HE H 8 53, fd ) UCT (university
of california, irvine ) HL#F2% > B 1) — SER P i 4
PEEEA AT LI R AR LR 1,

S J5 k. N Z BTN/ EE WY L 1 ff R R

GOS J7 1 LI A AR A4 i 5 0 T 1Y AUC B AT

RS, MAEELBHE R 14.30 1Y Yeastlvs7 Z0HE4E 1

MR 2E

%2 SVM.CSMOTE RUSBoost #1 HE_S 773k AUC {&
LRI E:

F1 HIEEHE
Table 1 Summary description of datasets
UG/ S HA% g PREEH ZRHEE

el

Ecolil 336 7 71 259 3.36
Ecoli3 336 7 35 301 8.60
TrisO 150 4 50 100 2.00
Yeastlvs7 459 8 30 429 14.30
Yeast1458vs7 693 8 30 663 22.10

Table 2 AUC comparisons between SVM, CSMOTE,
RUSBoost and HE_S for serveral datasets

AUC SVM™* CSMOTE* RUSBoost™ HE_S™ GOS
Ecolil 0.9597 0.958 7 0.959 4 0.956 7 0.959 0
Ecoli3 0.9513 09425 0.946 8 0.949 9 0.949 2
IrisO 1.000 0 1.000 O 1.000 0 1.000 0 1.000 O
Yeast1vs7 0.7957 0.8542 0.8155 0.8520 0.727 5
Yeast1458vs7 0.681 6 0.697 4 0.709 5 0.701 4 0.717 5

AR SCRE H LR L XA i B 4 19 D i 7E
WEIRAE A PERE 35 SVM J7 vk CSMOTE J5 12 |
B AL R R BE S B 7 % ( RUSBoost )|
HardEnsemble ( HE _S) "' J5 33 K T $ (19 GOS T
. RUSBoost 4% & K ¥ Fl boosting 4 1 7 15, J&
SMOTEBoost""* ' [ 7 #' J5 %, SMOTEBoost #i] ]
SMOTE & i/ U FEAS 1 RUSBoost W FH T Fifi
PR R AR SEBUAEAS (%) F- 1, HardEnsemble J5 %
G5 T FORFERTT SRAE A 7 R psl AR R Rl o
FR 07 TS A, DA T 1 2 S R PERE

HE, ARSCH 5L AUC F5h5, HE5 Rk 2, 78
Yeast1458vs7 SR 4E [, GOS 1y AUC fi & T HAth 4
e ABFE Yeastlvs7 B(Hi4E [, GOS i) AUC {HiE
I F A Ty, AE A 3 FRECE A, GOS 1Y
AUC IS H T CSMOTE , (HRS RS IE T SVM 1 HE_

T = JHER A SCHRES .

AN R 7 e JLAP B 2 119 F-Measure {ELFI
G-mean {HIW LSRR 3 4, AR GOS )y
L) F-Measure H U0 F HoAth 4 Fp 7 3%, JC HAE
Yeastlvs7 F4fs 45 I, H 5 o i & F Hifth 4 FpoJy
o TEJLMPEUESE |, GOS ) F-Measure {H %
D HA T 1%, X F G-mean {HIMT 5 , GOS
J5ETE Ecoli3 Fl Yeast1458vs7 $¥i4E I T HAtb 7
L 1E Yeastlvs7 B F UK T CSMOTE Jr ik,
Mi7E Ecoli 2045 4 77, GOS J7 ik ) G-mean {HAK T
RUSBoost #l HE_S J5 %, EMATI , GOS 7EA ]
i1 e B B B E F 1Y F-Measure {HA R0 R FL,
=T HA 4 A5k, IF BAE AUC {H AN G-mean {H I
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B U HAE L3 = WG LR 1% 5 Y F-Measure

{EA G-mean {EVE L = T HAB T,
% 3 SVM. CSMOTE, RUSBoost #1 HE _S 7 i #&
F-Measure{&_F B EL 8

Table 3 F-Measure comparisons between SVM, CSMOTE,
RUSBoost and HE_S for serveral datasets

F-Measure SVM* CSMOTE® RUSBoost® HE_S”* GOS

Ecolil 0.746 0  0.738 8 0.745 8 0.726 6 0.795 0
Ecoli3 0.5409 0.497 6 0.523 9 0.5358 0.552 2
IrisO 1.000 0 1.000 0O 0.995 8 1.000 0 1.000 0
Yeast1vs7 0.1493 0.378 5 0.224 8 0.3672 0.526 3
Yeast1458vs7 0.1469  0.178 6 0.199 7 0.186 8 0.213 7

TE o ok [ Scak[ S ]
#& 4 SVM.CSMOTE . RUSBoost 1 HE_S 7% 7E G-mean
Btk 3

Table 4 G-mean comparisons between SVM, CSMOTE,
RUSBoost and HE_S for serveral datasets

G-mean SVM* CSMOTE* RUSBoost® HE_S* GOS
Ecolil 0.8102 0.851 9 0.920 3 0.929 4 0.906 9
Ecoli3 0.8259 0.783 5 0.830 0 0.808 2 0.912 9
IrisO 1.000 0 1.000 O 0.925 6 1.000 0 1.000 O
Yeast1vs7 0.2973 0.761 0 0.398 8 0.728 2 0.746 1

Yeast1458vs7  0.411 3
T Bk ASCIRES ).

0.587 5 0.604 6 0.588 7 0.693 5

3 %5 iE

AR R NHT Y ERAE T AT TR i
TIERET B HiR & B G OB 1 DB TR
FEAil F{# FH Tomek links 4 AR X 5 A= Bl A9 BE A 1R 47
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RS EXT GOS Jr kAT S I ALH A T
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