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Sample Adaptive Classifier for Imbalanced Data

CAI Zi-xin WANG Xin-yue XU Jian JING Li-ping
(Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University,Beijing 100044 , China)

Abstract In the era of big data,the imbalanced data is ubiquitous and inevitable, which has been a critical classification
issue. Taking binary classification as an example, traditional learning algorithms can not sufficiently learn the hidden
patterns from the minority class and may be biased towards majority class. To solve this problem,an effective way is
using the cost-sensitive learning to improve the performance of prediction for the minority class which assigns a highercost
to misclassification of the minority. However, these methods equally treat the instances within one class. Actually, dif-
ferent instances may make different contributions to learning process. In order to make the cost-sensitive learning more
effective, this paper proposed a sample-adaptive and cost-sensitive strategy for the classification of imbalanced data,
which assigns a different weight to every single instance if misclassification occurs. Firstly, the strategy determines the
distances between the boundary and instances according to the local distribution of the instances. Then,it assigns higher
weights to the instances nearer to the boundary on the top of the margin theory. In this paper,the proposed strategy was
applied to the classical LDM method. And a series of experiments on the UCI datasets prove that the sample-adaptive
and cost-sensitive strategy can effectively improve the classifier’s performance on imbalanced data classification.
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Fig. 1 Illustration of separators with different algorithms
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Table 1  Description of five UCI datasets

Dataset n d ratio
Haberman 306 3 2.78
Ecoli 336 7 3.36
CMC 1473 9 3.42
Glass6 214 9 6.38
Balance 625 4 11.76
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Table 2 Optimal hyperparameters in SA-LDM for each dataset

Dataset k-optimal
Haberman 3
Ecoli 5
CMC 4
Glass6 6
Balance 3
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Table 3 Recall-P of different methods

Dataset LDM CS-LDM SA-LDM
Haberman 0.493 0.481 0.581
Ecoli 0.829 0. 800 0. 886
CMC 0.167 0.105 0.219
Glass6 0.933 0.967 0.967
Balance 0.164 0.164 0.207
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Table 4 Precision-N of different methods

Dataset LDM CS-LDM SA-LDM
Haberman 0.834 0.830 0. 856
Ecoli 0.980 0.977 0.987
CMC 0.796 0.786 0.798
Glass6 0.989 0.995 0.995
Balance 0.931 0.929 0.932
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Fig. 2 Relative improvement to recall-P made by SA-LLDM

related to two baselines on five UCI datasets
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Table 5 F-macro of different methods

Dataset LDM CS-LDM SA-LDM
Haberman 0.722 0.713 0.734
Ecoli 0. 895 0.879 0.897
CMC 0.513 0.493 0.561
Glass6 0.962 0.973 0.973
Balance 0.567 0.546 0.579
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Table 6 G-macro of different methods

Dataset LDM CS-LDM SA-LDM
Haberman 0.728 0.720 0.738
Ecoli 0. 896 0. 881 0.899
CMC 0.543 0.522 0.569
Glass6 0.963 0.974 0.974
Balance 0.585 0.553 0.595
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Table 7 AUC of different methods
Dataset LDM CS-LDM SA-LDM
Haberman 0.717 0.705 0.716
Ecoli 0.944 0.943 0.944
CMC 0.673 0.593 0.689
Glass6 0.948 0.977 0.978
Balance 0.532 0.518 0.551

DAL S5 R FE I 1 RS 3 R 1 AN - 5 0 2 A FE AL 2
AN AT R I e O A . E R R O - SA-LDM Jr AR 4

TE S AE A B 30T 114 3 A0 175 150 40 U LB s T 2500 LAY B 50T, O AR
i 1E 28 A B 0 2 R 30 S LT A TR AR R (] s
PRAE DI 28 AR AR BB B RIAE 55 . LDM K o BT A AR A T 3> AH
[l A AL TR, T IR A AR S i 0 F 28 B I 7E S IR B OE 28
B A LG 670 2 (5 45 i TR 1 1 2 i AR S I 2R AR 1 T R
FEARAL ; CS-LDM 4 1F S 7> 58 55 M AL T, (] e oy £ 28 I 7 4%
MRAALE A Z R B E — RN RREAR RN 2R, &6
E K, SA-LDM B 3& H] T A i B30 1 432

LEHIE B KB AR K R AN ST A S 43 2 )
RIBFEZ B T T2 &3 AR T R T A SR 7 B 1™ A
5 G5 B 2% > J5 B A REAT St FL AT 2 20 L AR SC AR AN B RR
S ANTF R TR A E R P OB OR % SRR
FE AT AR v 28 I 4 AR 5 0 0 U L B T 2SR A A B
T8I, Ay HE S T S AR 30 B G R A TR T e A AR )
FF PR IE TE 28R AR 19 AT SR B 28 A [R] DA G R 5 I S A AR
B TRUINRG B2 A SCH B R I RE AR 13 O 0 A A SRR SR s 1
F LDM, I3 1 — FR 0 LI 56 0F T BEAR [ 38 7 04 R - 15 43 2%
8 1T DUA Ak IS S48 4000 00 43 2 1) BB, s 5 1 T A 0K
A% [ 3 R SR R T 22 4 2 Il g,

& % X w

[1] RADIVOJAC P,CHAWLA N V,DUNKER A K,et al. Classifi-
cation and knowledge discovery in protein databases[]]. Journal
of Biomedical Informatics.2004,37(4) :224-239.

[2] ZOU Q,GUO M Z,LIU Y,et al. A classification method for
class imbalanced data and its application on bioinformatics[ ] ].
Journal of Computer Research and Development, 2010,47 (8) ;
1407-1414. (in Chinese)

ARAL, SRR X L A5 SR T 1 43 38 05 1 AR AR AR B
N ALY T SEHLAF 5T 5 & R 2010,47(8) 1 1407-1414.

[3] EZAWAK J,SINGH M,NORTON S W. Learning goal oriented
Bayesian networks for telecommunications risk management[ C] //
Proceedings of the International Conference on Machine Lear-
ning. Bari, Italy : Morgan Kauffman,1996:139-147.

[4] SANZ JA,BERNARDO D,HERRERA F,et al. A compact evo-
lutionary interval valued fuzzy rule-based classification system
for the modeling and prediction of real-world financial applica-
tions with imbalanced data[ C] // Proceedings of IEEE Trans on
Fuzzy Systems,2015,23(4):973-990.

[5] SU J S,ZHANG B F,XU X. Advances in machine learning
based text categorization[ ] ]. Journal of Software,2006,17(9):
1848-1859. (in Chinese)

TR BRI L AR T B T AL AR o T Y SOAS 73 2K BOR BT 50 9 e
[J]. #2241 ,2006,17(9) . 1848-1859.

[6] DEEBA F,MOHAMMED S K.BUI F M,et al. Learning from
imbalanced data:a comprehensive comparison of classifier per-
formance for bleeding detection in endoscopic video[ C] // Pro-
ceedings of International Conference on Informatics, Electronics
and Vision. IEEE,2016:1006-1009.

[7] RANI K U,RAMADEVI G N, LAVANYA D. Performance of
synthetic minority oversampling technique on imbalanced breast

cancer data[ C] // Proceedings of International Conference on



1

P R L O N E PO AR N R LT s 99

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Computing for Sustainable Global Development. IEEE, 2016
1623-1627.

PROVOST F. Machine learning from imbalanced data sets 101
[C]// Proceedings of the AAAI’2000 Workshop on Imbalanced
Data. IEEE, 2000.

RAO R B.Data mining for improved cardiac care [J]. ACM
SIGKDD Explorations Newsletter,2006,8(1) :3-10.
DOMINGOS P. MetaCost: A general method for making classi-
fiers cost-sensitive[ C] // Proceedings of Fifth ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data Mi-
ning. San Diego:CA, ACM,1999.155-164.

VEROPOULOS K, CAMPBELL C, CRISTIANINI N. Control-
ling the sensitivity of support vector machines[ C]// Proceedings
of the International Joint Conference on Artificial Intelligence.
Stockholm, Sweden, 1999 :55-60.

CHENG F Y,ZHANG J,WEN C H. Cost-sensitive large margin
distribution machine for classification of imbalanced data[]].
Pattern Recognition Letters,2016,80(C):107-112.

CORTES C, VAPNIK V. Support-vector networks[J]. Machine
Learning,1995,20(5) :273-297.

STEFANOWSKI J. Dealing with data difficulty factors while
learning from imbalanced data [ OL]. http://www. cs. put.
poznan. pl/jstefanowski/pub/jkbook7wersjaWWW. pdf.
CHAWLA N V,BOWYER K W, HALL L O,et al. SMOTE:
Synthetic minority oversampling technique[ ] ]. Journal of Artifi-
cial 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] /
Proceedings of International Conference on Intelligent Compu-
ting. Springer-Verlag,2005:878-887.

HE H,BAI Y,GARCIA E A,et al. ADASYN: Adaptive syn-
thetic sampling approach for imbalanced learning[ C] // Procee-
dings of IEEE International Joint Conference on Neural Net-
works. IEEE,2008:1322-1328.

TANG B, HE H. Kernel ADASYN: Kernel based adaptive syn-
thetic data generation for imbalanced learning[ CJ// Proceedings
of Evolutionary Computation. IEEE,2015.664-671.

BATISTA G,PRATI R C,MONARD M C. A study of the be-
havior of several methods for balancing machine learning trai-
ning data[J]. ACM SIGKDD Explorations Newsletter,2004 ,
6(1):20-29.

CIESLAK D A,CHAWLA N V,STRIEGEL A. Combating im-
balance in network intrusion datasets| C]// Proceedings of IEEE
International Conference on Granular Computing. IEEE, 2006 :
732-737.

BATUWITA R,PALADE V. Efficient resampling methods for

training support vector machines with imbalanced datasets[ C] //

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Proceedings of International Joint Conference on Neural Net-
works. IEEE,2010:1-8.

ZHOU Z H,LIU X Y. Training cost-sensitive neural networks
with methods addressing the class imbalance problem[]]. IEEE
Trans on Knowledge and Data Engineering,2006,18(1):63-77.
SUN Z,SONG Q.ZHU X, et al. A novel ensemble method for
classifying imbalanced data [ J]. Pattern Recognition,2015,
48(5):1623-1637.

CHEN C,BREIMAN L. Using random forest to learn imba-
lanced data: Technical Report 666 [R]. Berkeley: Department of
Statistics, UC Berkeley,2004.

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] // International Conference on Knowledge
Discovery and Data Mining. AAAIL1998:164-168.

YOAV F,SCHAPIRE R E. A desicion-theoretic generalization
of online learning and an application to boosting[ C]J // Procee-
dings of European Conference on Computational Learning Theo-
ry. Heidelberg,Berlin: Springer,1995:23-37.

WANG B X,JAPKOWICZ N. Boosting support vector machines
for imbalanced data sets[ J]. Knowledge and Information Sys-
tems,2010,25(1) :1-20.

SEIFFERT C,KHOSHGOFTAAR T M,HULSE ] V.et al.
RUSBoost: A hybrid approach to alleviating class imbalance[ ] ].
IEEE Trans on Systems Man and Cybernetics Part A Systems
and Humans,2010,40(1) :185-197.

GALAR M.BARRENECHEA E,HERRERA F.EUSBoost:
Enhancing ensembles for highly imbalanced data-sets by evolu-
tionary under-sampling[ ] ]. Pattern Recognition,2013,46(12):
3460-3471.

LIU X Y,WU J X,ZHOU Z H. Exploratory under-sampling for
class-imbalance learning[ J ]. IEEE Trans on System, Man and
Cybernetics B,2009,39(2) :539-550.

OH S,MIN S L,ZHANG B T. Ensemble learning with active
example selection for imbalanced biomedical data classification
[J]. IEEE/ACM Trans on Computational Biology and Bioinforma-
tics,2011,8(2) :316-325.

ZHANG X X,YANG T B,SRINIVASAN P. Online asymmetric
active learning with imbalanced data[ C]// Proceedings of ACM
SIGKDD International Conferenceon Knowledge Discovery and
Data Mining. ACM,2016:2055-2064.

AKBANI R.KWEK S.JAPKOWICZ N. Applying support vec-
tor machines to imbalanced datasets[ C] // Proceedings of the
15th European Conference on Machine Learning. Springer Berlin
Heidelberg. 2004 ;39-50.

GAO W,ZHOU Z H. On the doubt about margin explanation of
boosting[ J]. Artificial Intelligence,2013,203:1-18.





