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Abstract Imbalanced data exists widely in the real world, and its classification is a hot topic in data
mining and machine learning. Under-sampling is a widely used method in dealing imbalanced data set
and its main idea is choosing a subset of majority class to make the data set balanced. However, some
useful majority class information may be lost. In order to solve the problem, an under-sampling
method based on sample weight for imbalance problem is proposed, named as KAcBag ( K-means
AdaCost bagging). In this method, sample weight is introduced to reveal the area where the sample is
located. Firstly, according to the sample scale, a weight is made for each sample and is modified after
clustering the data set. The samples which have less weight in the center of majority class. Then some
samples are drawn from majority class in accordance with the sample weight. In the procedure, the
samples in the center of majority class can be selected easily. The sampled majority class samples and
all the minority class samples are combined as the training data set for a component classifier. After
that, we can get several decision tree sub-classifiers. Finally, the prediction model is constructed
based on the accuracy of each sub-classifiers. Experimental tests on nineteen UCI data sets and
telecom user data show that KAcBag can make the selected samples have more representativeness.
Based on that, this method can improve the the classification performance of minority class and reduce

the scale of the problem.
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Class Predicted Positive Predicated Negative
Actual Positive TP FN
Actual Negative FpP TN
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1) 25 A B30 1 7 24 Bk LA /0N TE B B9k 1) 1 B LI T Wilcoxon 45 FRR 56 1 45 % (P {E) , &
. R 5B T 6 FhEELE F-measure fil G-mean FEKEEE N 0. 05.

Table 2 Information of Data Sets
K2 HEEHNEERER

Data Sets Number of Samples Attributes Minority Class Size of Minority Class Ratio
breast-w 699 9 malignant 241 1. 90
new-thyroid 215 5 2 35 5. 14
vehicle 846 18 van 199 3.25
car 1728 6 good 69 24.04
ionosphere 351 34 b 126 1.79
pima 768 8 1 268 1.87
credit-g 1000 20 bad 300 2.33
ecoli 336 7 imU 35 8. 60
hepatitis 155 19 1 32 3.84
haberman 306 4 2 81 2.78
breast-cancer 286 9 recurrence-events 85 2.36
cme 1473 9 2 333 3.42
cleveland 303 13 3 35 7.66
abalone 4177 8 0-4 16-29 335 11. 47
postoperative 90 8 S 24 2.75
solar-flare 1066 12 F 43 23.79
transfusion 748 4 1 178 3.20
yeast 1484 8 ME2 51 28.10
balance-scale 625 4 B 49 11.76

Table3 Minority Class F-measure Comparison of Different Sampling Algorithms

#3 FEMEEEMNDHZE F-measure ExFLE %
Data Sets RBBag OvBag SmBag oNBBag? uNBBag’-® KAcBag
breast-w 94.72(3) 94.83(2) 94.56(5) 94.43(6) 94.60(4) 95.08(1)
new-thyroid 91.70(6) 92.03(4) 92.71(3) 93.26(2) 91.82(5) 93.49(1)
vehicle 89. 44(5) 90. 38(3) 90. 84(2) 91.19(D) 89.49(4) 85.11(6)
car 55.32(4) 80.60(2) 81.28(1) 79.91(3) 54.58(5) 38.89(6)
ionosphere 89.00(1) 88.84(3) 88.95(2) 86.99(6) 88.79(4) 87.92(5)
pima 68.54(2) 66.24(4) 64.75(6) 66.21(5) 67.93(3) 68.70(1)
credit-g 55.87(3) 52.07(5) 51.06(6) 55.62(4) 56. 14(2) 57.08(1)
ecoli 59.56(4) 56.64(6) 64.70(1) 60.96(2) 57.64(5) 60.28(3)
hepatitis 61.24(2) 59.19(4) 56.52(6) 57.98(5) 62.33(1) 60.92(3)
haberman 47.86(3) 42.51(6) 44.95(4) 44.82(5) 48.72(2) 52.93(1)
breast-cancer 46.17(3) 43.75(5) 41.54(6) 46.02(4) 48.17(2) 54.89(1)
cme 45.96(3) 41.90(5) 41.05(6) 44.97(4) 46.25(2) 48.99(1)
cleveland 36.66(3) 15.21(6) 17.35(5) 34.79(4) 39.33(2) 42.50(1)
abalone 39. 34(4) 42.34(3) 43.55(2) 44.15(1) 38.37(5) 36.21(6)
postoperative 17.49(4) 10.96(5) 1.11(6) 27.81(2) 24.92(3) 39.73(1)
solar-flare 27.10(2) 21.34(5) 20.68(6) 23.89(4) 26.37(3) 30.93(1)
transfusion 49.54(2) 47.81(5) 47.89(4) 40.24(6) 48.99(3) 50.65(1)
yeast 25.08(4) 38.70(1) 37.06(3) 38.24(2) 24.25(6) 25.05(5)
balance-scale 15.80(4) 0.51(5) 0.00(6) 19.52(1D) 15.86(3) 19.47(2)
Average rank 3.26 4.16 4.21 3.53 3.37 2.47

Note: The number between brackets represents the rank of the algorithm on this data set.
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Table 4 Minority Class G-mean Comparison of Different Sampling Algorithms
F 4 TEMEEEEH D HZE G-mean X L %
Data Sets RBBag OvBag SmBag oNBBag? uNBBag?-® KAcBag
breast-w 96.37(2) 96.23(4) 95. 88(6) 96.14(5) 96.32(3) 96.93(1)
new-thyroid 96.58(3) 95.36(5) 95.18(6) 97.02(2) 96.49(4) 98.59(1)
vehicle 95.44(3) 94.61(4) 94. 34(5) 95.91(1) 95.53(2) 94.46(6)
car 96.58(2) 95.29(4) 95.26(5) 96.98(1) 96.47(3) 93.14(6)
ionosphere 90.67(2) 90.47(3) 90. 30(5) 89.95(6) 90.71(1) 90. 44 (4)
pima 75.64(1) 73.54(4) 72.33(5) 72.30(6) 74.80(3) 75.12(2)
credit-g 67.82(2) 64.30(5) 62.48(6) 66.94(4) 67.68(3) 68.03(1)
ecoli 88.85(2) 71.75(6) 80. 68(5) 86. 74(4) 88.44(3) 90.50(1)
hepatitis 78.66(3) 72.16(5) 68.47(6) 75.33(4) 79.81(1) 79.51(2)
haberman 63.43(3) 58.11(5) 60.02(4) 48.65(6) 64.28(2) 67.54(1)
breast-cancer 59.37(3) 56.17(5) 52.57(6) 56.53(4) 59.99(2) 66.47(1)
cme 65.27(3) 59.95(5) 57.74(6) 64.33(4) 65.54(2) 67.80(1)
cleveland 71.02(3) 22.77(6) 25.03(5) 65.75(4) 74.29(2) 78.92(1)
abalone 79.32(3) 61.95(6) 63.67(5) 76.25(4) 79.59(2) 79.71(1)
postoperative 34.03(4) 15.01(5) 1.57(6) 41.43(2) 40.22(3) 46.68(1)
solar-flare 83.21(3) 58.07(5) 55.04(6) 71.13(4) 83.32(2) 84.44(1)
transfusion 67.32(2) 64.83(4) 63.96(5) 39.56(6) 66.60(3) 68.16(1)
yeast 84.68(2) 59.70(5) 59.41(6) 74.86(4) 84.57(3) 87.08(1)
balance-scale 54.23(3) 1.40(5) 0.00(6) 61.07(1) 32.76(4) 54.91(2)
Average rank 2.58 4.79 5. 47 3.79 2.53 1. 84

Note: The number between brackets represents the rank of the algorithm on this data set.

Table 5 The Wilcoxon Sign Rank Set for Pairwise

Comparisons of Different Algorithms

£S5 AEEEFEFHLLER Wilcoxon £F 5 i 1E
Algorithm F-measure G-mean
RBBag 0.091 0. 009
OvBag 0.107 <0. 001
KAcBag SmBag 0.171 <20. 001
oNBBag? 0. 227 0. 006
uNBBag®® 0.091 0. 006
OvBag 0.091 <0. 001
SmBag 0.184 <20.001
RBBag
oNBBag” 0. 809 0.022
uNBBag®® 0. 809 0.629
SmBag 0.573 0.099
OvBag oNBBag® 0.03 0.016
uNBBag’® 0.099 <0. 001
oNBBag” 0. 059 0.011
SmBag
uNBBag?-® 0. 26 <0.001
oNBBag? uNBBag’® 1 0.017

Mk 3 MK 4 aTLLE . KAcBag BHHETE 2 4
TEBETE b [-measure Ml G-mean | 1Y 3 Bk d5c /N
1t breast-w, new-thyroid, credit-g, haberman,

cleveland, breast-cancer, transfusion, postoperative,
solar-flare,cme | 2 A PEH 48 45 19 00 T H A 5 12
1 pima,ecoli, abalone, yeast & 1 NPEM 3845 =
THAMEL IEHE S 1 ADVEM s br e 2 R 41, 78
ionosphere, hepatitis, balance-scale |- TF4 48 #ir i I
FH A 5 Fh B B0 H AL E. X ecoli, abalone, yeast,
balance-scale, car,vehicle iX 6 S EHE &, 7] DL B T
oA AR O B A R L T R A i X R
PR kg 540 B v /D B R AR ok /D HLUARS P R R
45 R AR A B i B R R T 2
ZHREFEA 1 W53 SR RE AR, A SO v AR X 2
s e oy R ERENR LT OvBag, SmBag, oNBBag”
X3 R ARy vE E AR 1 AN 2 NI AR bR
#:F RBBag #il uNBBag”’ % 2 Fh /R filiAE J5 ¥k,
MG T A 5 (4 f B2 Ok B fE F-measure | 1Y
Friedman # 56 45 5 o4 0. 047, B& /N T i 3 1 7K
0. 05, BLHT 6 R L AE I FE bR I 0 25 1k 22 |/ A K.
£ G-mean |- {9 Friedman ¥ & 45 5 /N T 0. 001, i
Wl 6 Mk midEbr LA R EMER HES W
Wilcoxon £F 5 Bk ki 40 25 B 7T LLBA W & i), KAcBag
BVEAE G-mean X IR AR ERCROL T A 5 R %k
(P<C0.05),RBBag fll uNBBag" "B TR FE2 R
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(P=0.629) BB T 53 &b 3 F Rl A J7 ik (P <<
0.05),3 Bl KA AE 7 2 h L oNBBag® 5335 0 fef.
R TSR RS BRI 1 KX 2 A28k
B3 E XT KAcBag B 11 582 W , 1 £ solar-flare £
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Fig. 1 Effect of different clustering numbers on KAcBag.
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size on KAcBag.
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Table 6 Description of User Data Attribute
x6 RAPBEEMHER

Attribute

Attribute Description

Data Type

jiling The time of the user using the mobile phone

old_online_month

AGE The age of the user

avg_hjzhouqi
countimei

tac_month

The time of the mobile phone online

The frequency of updating mobile phone
The number of the user using imei this month

The time of the tac key online

Continuous
Continuous
Continuous
Continuous
Continuous

Continuous

arpul The revenue of the user contributed this month Continuous
arpu2 The revenue of the user contributed last month Continuous
arpu3 The revenue of the user contributed the month before last Continuous
moul The talk time of the user this month Continuous
mou2 The talk time of the user last month Continuous
mou3 The talk time of the user the month before last Continuous
doul The data usage of the user this month Continuous
dou2 The data usage of the user last month Continuous
dou3 The data usage of the user the month before last Continuous
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Continued (Table 6)
Attribute Attribute Description Data Type
dept The area type of the user belongs to(countryside or city) Discrete
new_f{lag The mobile phone is new or not Discrete
price flag The price of the user preferred to Continuous
arpul2 The growth rate of arpu between this month and last month (arpul —arpu2)/arpu2 Continuous
arpu23 The growth rate of arpu between last month and the month before last (arpu2—arpu3)/arpu3 Continuous
arpu The average arpu of the last three months Continuous
moul2 The growth rate of mou between this month and last month (moul —mou2)/mou2 Continuous
mou23 The growth rate of mou between last month and the month before last (mou2—mou3)/mou3 Continuous
mou The average mou of the last three months Continuous
doul?2 The growth rate of dou between this month and last month (doul —dou2)/dou2 Continuous
dou?23 The growth rate of dou between last month and the month before last (dou2—dou3)/dou3 Continuous
dou The average dou of the last three months Continuous
class Decision attribute(update or not) Discrete

OO % 2 A L R 2 5 MR AT B Al
Ab B I FRURS S A 8 1 29 7 . 43 B B & T o )
25 A g k-

countimei,avg_hjzhouqi, tac_month, arpul , arpu2,

jiling, old _online _ month, AGE,

moul, mou2, mou3, doul, dept, new _ flag, price _
flag,arpul2,arpu23,moul2, mou23,doul2, dou23,
arpu,mou,dou, class, 2R 5 % | KAcBag 8 & #t 17
*%2) ., Jf 5 EBBag vk (B#L XAl B + bagging £
AO BT I L A5 R R 7 TR BRAK RN R
FEPRTE 2 P B IR KA.

Table 7 Experimental Results

x7T ZTBER %
Evaluating Indicator EBBag KAcBag
F-measure 59.92 61.96
G-mean 60. 06 62.85

M2 7 AT LU Y AR SCRY e 7 ik B BB AL K i
FETT I AE 2 T bs oA W A9 4R & RE AT R0
HHUHT P I BEARAR B L] P A 5% 0 5 4 X B AT
KA A B s R UL 1 A4S 1 i B4R o 23t R
AE Al LA A i - Ul I R A AR ACER A9 A RE T R A
THCI T A AL A5 26 SR IR B AR A T (R BT L AT S
J .

4 HRIE

7 52 b B U8 R A7 A 2 R 8 S S A 2 8
A BRI AL G BOBL S 7 21 B30 1 X A0 B i R R 8

R AR SCHER H — bl 3 T 4 A ASCEE 19 AN P 5 250 Xl
FET5 % 107 4538 1 A AR ASUHE SR % 1) 22 KR R A
Ak FY X8R 7 22 U 2 5 A REAS IO R 5 SR S AR
i AU /M O 22 KA AR 14T O A R Ak L 18
BTG R 2 BORBEAR A 5 g b 5 B A
BB AR AR A 1 DI 2 4 L B i 20 B B R )
AR IF Rl A R ) B AR T8 T AR A S R
o Bl A AR R R Y 23 2R M RE. 78 UCT $dls 4 F A% 3
FrAGALRC 1 S0 3 B AR SCHR A R T 1 T
Sy R T BN 22 B0 0 o3 A 45 B e T A5 R
A AR T 22 B AR S TR A R N T R
ERUBE 3R T 0 KA i R fE.

TEVA ] KAcBag J5 ki 1 16 HURE 98 U7 fix
BN RE A 2 e 8 - 7 ZEBCEAR I RIS AL 2K
T B S RO B DR A0 ) A G A S0 T Rl i R
(14 52 96 A A5 B e (0 45 L 5 O T I e AR 38 11 2 £ 9 A
AH L o3 A e A N3 E SR R SR SO
Y B

2 % X #

[1] Xiao J, Xie L, He C, et al. Dynamic classifier ensemble
model for customer classification with imbalanced class
distribution [J]. Expert Systems with Applications, 2012,
39(3): 3668-3675

[2] Yu H, Ni J, Zhao J. ACOSampling: An ant colony
optimization-based undersampling method for classifying
imbalanced DNA microarray data [J]. Neurocomputing,

2013, 101: 309-318



2622

ENFR S &R 2016, 53(11)

(3]

[4]

[5]

[6]

(7]

(8]

(9]

(10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

Wang S, Yao X. Using class imbalance learning for software
defect prediction [J]. IEEE Trans on Reliability, 2013, 62
(2): 434-443

Ma Z, Yan R, Yuan D, et al. An imbalanced spam mail
filtering method [J]. International Journal of Multimedia and
Ubiquitous Engineering, 2015, 10(3): 119-126

Kim H. Howland P. Park H. Dimension reduction in text
classification with support vector machines [J]. Journal of
Machine Learning Research, 2005, 6(1) . 37-53
Maes F, Vandermeulen D, Suetens P. Medical image
registration using mutual information [ J]. Proceedings of the
IEEE. 2003, 91(10): 1699-1722

Chawla N V, Bowyer K W, Hall L O, et al. SMOTE:
Synthetic minority over-sampling technique [J]. Journal of
Artificial Intelligence Research, 2002, 16(1). 321-357

Han H, Wang W Y, Mao B H. Borderline-SMOTE: A new
over-sampling method in imbalanced data sets learning [C] //
Proc of the Int Conf on Intelligent Computing. Berlin:
Springer, 2005; 878-887

Kubat M, Matwin S. Addressing the curse of imbalanced
training sets: One-sided selection [C] /[Proc of the 14th Int
Conf on Machine Learning. San Francisco, CA: Morgan
Kaufmann, 1997 179-186

Yen SJ, Lee Y S. Cluster based under-sampling approaches
for imbalanced data distributions [J]. Expert Systems with
Applications, 2009, 36(3): 5718-5727

Zhang S. Decision tree classifiers sensitive to heterogeneous
costs [J]. Journal of Systems and Software, 2012, 85(4):
771-779

Park Y, Luo L, Parhi K K, et al. Seizure prediction with
spectral power of EEG using cost-sensitive support vector
machines [J]. Epilepsia, 2011, 52(10): 1761-1770

Machine

Bagging predictors [J]. Learning,

1996, 24(2): 23-140

Breiman L.

Freund Y, Schapire R E. A decision-theoretic generalization
of on-line learning and an application to boosting [ J]. Journal
of Computer and System Sciences, 1997, 55(1). 119-139
Fan W, Stolfo S J, Zhang J, et al. AdaCost:
Misclassification cost-sensitive boosting [C] //Proc of the
16th Int Conf on Machine Learning. San Francisco, CA:
Morgan Kaufmann, 1999; 97-105

Hido S, Kashima H, Takahashi Y. Roughly balanced
bagging for imbalanced data [J]. Statistical Analysis and
Data Mining, 2009, 2(5/6): 412-426

Blaszczynski J, Stefanowski J. Neighbourhood sampling in
bagging for imbalanced data [J]. Neurocomputing, 2015,
150 529-542

(18]

(191

[20]

[21]

[22]

(23]

Wang S, Yao X. Diversity analysis on imbalanced data sets
by using ensemble models [C] //Proc of IEEE Symp on
Computational Intelligence and Data Mining. Piscataway,
NJ: IEEE, 2009. 324-331

MacQueen J. Some methods for classification and analysis of
multivariate observations [C] //Proc of the 15th Berkeley
Symp on Mathematical Statistics and Probability. Berkeley,
CA': University of California Press, 1967 281-297

SuC T, Chen L S, Yih Y. Knowledge acquisition through
information granulation for imbalanced data [J]. Expert
Systems with Applications, 2006, 31(3): 531-541

Chen Si, Guo Gongde, Chen Lifei. Clustering ensembles
based classification method for imbalanced data sets [J].
Pattern Recognition and Artificial Intelligence, 2010, 23(6)
772-780 (in Chinese)

(BRAE, SR 0a78, PRER . BT RISA A 0 A A Bl 726 07
w0 BH A 5 AT R, 2010, 23(6): 772-780)
Japkowicz N, Shah M. Evaluating Learning Algorithms: A
Classification Perspective [M]. Cambridge, UK. Cambridge
University Press, 2011

Witten I H, Frank E. Data Mining: Practical Machine

Learning Tools and Techniques [M]. San Francisco, CA:

Morgan Kaufmann, 2005

Xiong Bingyan, born in 1991. Master. Her
main research interests include data mining

and rough set.

Wang Guoyin, born in 1970. Professor and
PhD Member of China

supervisor.

Computer Federation. His main research

interests  include rough set, neural

network, machine learning and data

mining (wanggy@ cqupt. edu. cn).
in 1978. PhD and
His

Deng Weibin, born

associate professor. main research

interests include intelligent information

processing and  uncertainty  decision

(dengwb@ cqupt. edu. cn).



