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Abstract Imbalanced data exists widely in the real world, and its classification is a hot topic in
machine learning. Most traditional classification algorithms assume balanced class distribution or
equal misclassification costs, while they do not work when dealing with the imbalanced data. On
the one hand, an imbalanced data classification algorithm, named as PCBoost, is proposed in this
paper. The algorithm constructs decision tree with information gain ratio as the splitting criteri-
on, and regards the decision tree as a weak classifier. At the beginning of each iteration, the al-
gorithm makes use of data synthesize method to add synthetic minority class examples in order to
balance training information. After the sub-classifier is formed, the algorithm corrects the per-
turbation and deletes the synthetic examples that are not correctly classified. On the other hand,
the data synthesize method is discussed, the theoretical analysis of training error boundary is put
forward, and the choice of ensemble learning parameters is analyzed. The experimental results

show that the PCBoost algorithm has advantages on imbalanced data classification problem.
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C4.5 36.0 50. 8
AdaBoost.M1 41. 0 59.0
Abalone  SMOTEBoost 39. 0(N=300) 58. 1(N=300)
DataBoost-1IM 45.0 61.1
PCBoost 70.0 70. 4
C4.5 87.2 92.2
AdaBoost.M1 93.5 95.9
Segment  SMOTEBoost 95. 4(N=300) 97.2(N=300)
DataBoost-1M 95.5 97.3
PCBoost 99. 8 99.5
C4.5 71.6 72. 6
AdaBoost.M1 81.2 82.5
Sonar SMOTEBoost 78.6(N=100) 79.3(N=100)
DataBoost-1M 82.1 83.3
PCBoost 92.9 88.9
C4.5 29.2 42.4
AdaBoost.M1 45.9 55.9
Monk2 SMOTEBoost 54. 3(N=300) 58. 8(N=300)
DataBoost-IM 52.7 61.1
PCBoost 54.1 61.7
C4.5 83.3 86. 2
AdaBoost.M1 87.2 88.9
Tonosphere  SMOTEBoost 90. 2(N=100) 92. 0(N=100)
DataBoost-1M 91.2 92.3
PCBoost 93.4 89.4
C4.5 92. 4 94. 3
AdaBoost.M1 93.9 95.4
BreastW  SMOTEBoost 94. 5(N=500) 96. 2(N=500)
DataBoost-IM 95.2 96. 4
PCBoost 97.8 98.7
C4.5 87.9 92.5
AdaBoost.M1 92.5 95.5
Vehicle SMOTEBoost 92. 4(N=100) 95.3(N=100)
DataBoost-1IM 93.7 95.7
PCBoost 86. 2 96. 2

uf L& B 7E Glass. Abalone, Segment, Breast-
W.Sonar I, PCBoost W™ B & 48 b 4 06 T H &
Bk fF Monk2. Ionosphere, Vehicle, Satimage |-
PC-Boost BJ— M E#AERL T HER % IFH 7S —
JE R AR R0, 78 Vowel b [ B 38 AR g %
F DataBoost-IM, H. Fmeasure 5 SMOTE-Boost

2. Vowel B4 % b G-mean BARW R KA , 22
BT bl & A R B A S I, TN, FEAR R B2 K F
TP, 38 KA 3 ).

9% Bartlett #1 Traskin #IE ] 7 AdaBoost
BEAA ) {H &, Schapire 4§ H) AdaBoost &
TR ST SR — S E AR B 58 1 Il i X F
— s 4R L 72 A ] PCBoost B3k 1), o 1 1 B AE
i A5 F AR 00U M RE 1Y) A 28 4% T B T 1A 2 Wk
AURER. 5255 3k B T AN R B 3B AR 4K A Al
FERUEEE F R . 18 R 8 3R 15 A A o 2
REAYIEARIREL. 5 AdaBoost 5 4 Lt . PCBoost A
AR FEAGASAR o T EL 3G BB ) B 451 3 B ) 40
il SR 2. SE 25 W], PCBoost 1% g g 1
P H AL SK

6 & B

AL W — BB 0 A P A B o 2 B —
PCBoost, SRl A 18U & BERFEHAR H boosting
AR B0V i b G A B A B AE ) L 7 I R
B IE RIS R 5% 23 1 R ] 3 5 B BB IE
WEGR T ANE 2 B N LA R R B R A 2 A 1 Y
ma. [A] A s BRI B Ar A Tl ZRaR 25 I AL JF e T
Tor F AR A B R PR . E . UCT $ifs 4 5
1. A F-measure 1 G-mean 5 J& & %t 8 3 38 47 9F
B, 5 W B AR UHE AdaBoost 5335 DL K 9 i Bk
TRAEH boosting fill & (5 L HEAT HEHK S 0 25 2R
F U] PCBoost 553 HA7 b 3N - 45048 1 £ 4.

2 1 J M ) R DG 1 1 B 5 T 1k X PCBoost
FERCRIPE R R AR A PR, 2 — 250t
UK SE B E B 58 AN B BdE & 7 2 %) PCBoost
SVL YR L M B E F 43 BT PCBoost 515 1% 22
S5 AdaBoost H LR EFM KR,

B WA RERET AN AR T A

& % x #

[1] Japkowicz N. Learning from imbalanced data sets: A com-
parison of various strategies//Proceedings of the AAAT 2000
Workshop, 2000: 10-15

[2] Chawla N V, Japkowicz N, Kotcz A. Workshop on learning
from imbalanced data sets//Proceedings of the ICML’2003.
Washington, DC, USA, 2003

[3] Chawla NV, Japkowicz N, Kolcz A. Editorial: Special issue
on learning from imbalanced data sets. ACM SIGKDD Ex-
plorations Newsletter, 2004, 6(1): 1-6



2 ZEHE A . — T A R P B 2 2 8% PCBoost 209

[4] He Hai-Bo, Garcia E A. Learning from imbalanced data.
IEEE Transactions on Knowledge and Data Engineering,
2009, 21(9) . 1263-1284

[5] Ling Charles X, Sheng Victor S. A comparative study of
cost-sensitive classifiers. Chinese Journal of Computers,
2007, 30(8): 1203-1212(in Chinese)

(WEWelg . Sheng Victor S. U B4 A48 10 EL 5T, 3
FHLEH, 2007, 30(8): 1203-1212)

[6] LiuX Y, Zhou Z H. The influence of class imbalance on
cost-sensitive learning: An empirical study//Proceedings of
the 6th International Conference on Data Mining(ICDM”06).
Hong Kong, China, 2006: 970-974

[7] Wang B X, Japkowicz N. Boosting support vector machines
for imbalanced data sets. Lecture Notes in Artificial Intelli-
gence, 2008, 4994 . 38-47

[8] Ertekin S, Huang J. Bottou L, Giles L. Learning on the
border: active learning in imbalanced data classification//
Proceedings of the ACM Conference on Information and
Knowledge Management. Lisbon, Portugal, 2007 127-136

[9] Freund Y, Schapire R E. A decision-theoretic generalization
of on-line learning and an application to boosting. Journal of
Computer and System Sciences, 1997, 55(1): 119-139

[10] Fan W, Stolfo S, Zhang J, Chan P. AdaCost: Misclassifica-
tion cost-sensitive boosting//Proceedings of the 16th Interna-
tional Conference on Machine lLearning. Slovenia, 1999.
97-105

[11] Ting K M. A comparative study of cost-sensitive boosting al-
gorithms//Proceedings of the 17th International Conference
on Machine Learning. Stanford University, USA, 2000:
983-990

[12] Joshi M V, Kumar V, Agarwal R C. Evaluating boosting al-
gorithms to classify rare classes: Comparison and improve-
ments//Proceedings of the 1st IEEE International Conference

on Data Mining (ICDM’01). California, USA, 2001 257-

LI Xiong-Fei, born in 1963. pro-

fessor, Ph. D. supervisor. His current

B - research interests include pattern recog-
L - . .
nition, knowledge discovery and data
\ - mining.
‘h_.
Background

This work is supported by National Key Technology
R&.D Program (grand No. 2006BAK-01A33), Technology De-
velopment Program of Jilin Province ( grand Nos. 20070321,
20090704).

In recent years, imbalanced data learning problem re-
ceives more and more attentions in both theoretical and prac-
tical aspects. Imbalanced data sets exists in many real-world
domains, such as medical diagnostics, radar image detection,
fraud detection, telecommunication equipment failures fore-

cast. The main objective of this paper is to propose a new im-

264

[13] SongJ, Lu X L, Wu X Z. An improved AdaBoost algorithm
for unbalanced classification data//Proceedings of the 6th In-
ternational Conference on Fuzzy Systems and Knowledge Dis-
covery. Tianjin, China, 2009. 109-113

[14] Sun Y, Kamel M S, Wong A K C, Wang Y. Cost-sensitive
boosting for classification of imbalanced data. Pattern Recog-
nition, 2007, 40(12) . 3358-3378

[15] Chawla N V., Lazarevic A, Hall L O, Bowyer K W.
SMOTEBoost: Improving prediction of the minority class in
boosting//Proceedings of the 7th European Conference Prin-
ciples and Practice of Knowledge Discovery in Databases.
Cavtat-Dubrovnik, Croatia, 2003.: 107-119

[16] Chawla N V, Bowyer K, Hall L, Kegelmeyer W. SMOTE:
Synthetic minority over-sampling technique. Journal of Arti-
ficial Intelligence Research, 2002, 16 321-357

[17] Seiffert C, Khoshgoftaar T M, Hulse J V, Napolitano A.
RUSBoost: Improving classification performance when train-
ing data is skewed//Proceedings of the 19th IEEE Interna-
tional Conference on Pattern Recognition. Tampa, FL,
USA, 2008 1-4

[18] Guo H, Viktor H L. Learning from imbalanced data sets
with boosting and data generation;: The DataBoost-IM
Approach. ACM SIGKDD Explorations Newsletter, 2004,
6(1): 30-39

[19] Schapire R E and Singer Y. Improved boosting algorithms
using confidence-rated predictions. Machine Learning, 1999,
37(3): 297-336

[20] Bartlett P L, Traskin M. AdaBoost is consistent. Journal of
Machine Learning Research, 2007, 8. 2347-2368

[21] Schapire R E. The convergence rate of AdaBoost [ open prob-
lem]//Proceedings of the 23rd Conference on Learning Theo-

ry. Haifa, Israel, 2010

LI Jun, born in 1974, Ph. D. , associate professor. His
current research interests include pattern recognition and
data mining.

DONG Yuan-Fang, born in 1975, Ph. D. . lecturer. Her
current research interests include pattern recognition and
data mining.

QU Cheng-Wei, born in 1985, M. S..

research interest is data mining.

His current

balanced data classification algorithm named as PCBoost
which combines the data synthesize sampling and boosting
technology. In this work, a new data synthesize method is
introduced, adding synthetic data is used to balance training
information of minority class, and the definition of perturba-
tion correction is introduced to avoid the influence of inappro-
priate synthetic examples to ensemble classifier. Theoretical
analysis and experimental results show that the PCBoost al-

gorithm has advantages on imbalanced data learning problem.



