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Abstract With the coming of big data age, dynamic data has gradually appeared in various application
fields, such as safety monitoring, financial forecasting, and medical diagnostics. Although existing
knowledge discovery and data mining techniques have shown great success in many real-world
applications, dynamic data has the features of imbalance and instability of data classes, the dynamic
change of data volume, which makes it difficult for the classification of dynamic data. To solve these
problems, in this paper a robust weighed online sequential extreme learning machine algorithm
(RWOSELM) based on the online sequential extreme learning machine algorithm (OSELM) is
presented. RWOSELM generates the local dynamic weighted matrix with the help of cost sensitive
learning theory, thereby it optimizes the empirical risk of the classification model. Meanwhile,
RWOSELM takes the data distribution changes which are caused by temporal properties change of
dynamic data into consideration, thus it introduces the forgetting factor to enhance the sensitivity of
the classifier to the change of data distribution. The method is able to deal with the data with
imbalanced class distribution, and maintains the good robust on dynamic data. This paper tests on 24
datasets with different distribution, and the results show that RWOSELM gets good results on

imbalanced dynamic dataset.

Key words imbalanced dataset; extreme learning machine; online sequential extreme learning

machine; cost sensitive learning; forgetting factor
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Table 1 Comparison Between ELM and RWOSELM on the First Group Dataset
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Dataset Imbalance Ratio C Algorithm Precision] % Recalll % G-mean AUC
2~ OSELM 1 1 1 1
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272 RWOSELM 1 1 1 1
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glassl 1. 82
218 RWOSELM 0.6884 0.8261 0.6886 0.7716
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222 RWOSELM 0.6667 0.9320 0.7273 0.8448
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vehicle0 3.25
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24 RWOSELM 0.9458 0.9294 0.9563 0.8616
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vehicle2 2.88
216 RWOSELM 0.9745 0.9508 0.9832 0.9522
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pima0 1.87
22 RWOSELM 0.8614 0.8822 0.8618 0.8879
238 OSELM 0.9977 0.9911 0.9789 0.9877
wisconsin0 1. 86
234 RWOSELM 0.9820 0.9909 0.9934 0.9977
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(d) wisconsinQ dataset

Fig. 6 Comparison of ROC curves of the first group dataset.
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Table 2 Comparison Between ELM and RWOSELM on the Second Group Dataset
x2 HIEA2HEER

Dataset Imbalance Ratio C Algorithm Precision] % Recalll % G-mean AUC
21 OSELM 0.8207 0.9882 0.7121 0.7614
yeast] 14.3
220 RWOSELM 0.8758 0.9890 0.7742 0.7972
yeast]l 2- 218 OSELM 0.6532 0.9677 0.4718 0.6599
30.57
8-9_vs_T7 220 RWOSELM 0.9498 0.9776 0.6532 0.7732
22 OSELM 0.8604 0.8936 0.6328 0.7634
yeastd 32.73
22 RWOSELM 0.8624 0.9938 0.8428 0.9355
27 OSELM 0.7336 0.996 3 0.6712 0.6174
yeast6 41.4
22 RWOSELM 0.8682 0.9968 0.8721 0.9398
22 OSELM 0.9837 1 0. 8660 0.9919
shuttle 13. 87
22 RWOSELM 1 1 1 0.9919
26 OSELM 0.8723 0.9853 0.7347 0.8356
yeast-2_vs_28 23.1
22 RWOSELM 0.9242 0.9861 0.8308 0.8503
238 OSELM 0.7185 0.9755 0.6668 0.7568
bageblockl 164
26 RWOSELM 1 0.9823 0.9911 0.9965
26 OSELM 0.6057 0.6054 0.6819 0.7787
yeast-1_vs_7 14. 3
22 RWOSELM 0.7865 0.7864 0.7702 0.8131
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(a) yeastl-2-8-9_vs_7 dataset (b) yeast5 dataset
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(c) yeast6 dataset

(d) pageblock! dataset

Fig. 7 Comparison of ROC curves of the second group dataset.
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Table 3 Comparison Between ELM and RWOSELM on the Third Group Dataset
F3 BEEAIHNEER

Dataset Imbalance Ratio Outlier/s C Algorithm Precision| % Recall] % G-mean AUC
yeast-0-5-6- 272 OSELM 0.7317 0.9614 0.4643 0. 8663
9.35 60
7-9_vs_4 278 RWOSELM 0.8512 0.9667 0.5755 0.8991
26 OSELM 0.5949 0.9372 0.3856 0.6893
ecoli3 8.6 40
210 RWOSELM 0.9037 0.9577 0.6509 0.8628
28 OSELM 0.8335 0.9709 0. 6005 0.7873
yeast3 8.1 100
22 RWOSELM 0.8630 0.9719 0.6734 0.8893
278 OSELM 0.9975 0.9980 0.9914 0.5074
segment0 6.02 100
26 RWOSELM 0.9717 0.9979 0.9226 0.9731
272 OSELM 0.876 5 0.8405 0.7325 0.7139
ecoli4 15.7 40
278 RWOSELM 0.9643 0.9673 0.9012 0.9660
274 OSELM 0.5000 1 0.5292 0.8157
new-thyroidl 4.84 20
2716 RWOSELM 0.7611 1 0.6699 0.9940
26 OSELM 0.9167 1 0.8367 0.8232
new-thyroid2 5.55 20
272 RWOSELM 0.9611 1 0.9129 0.9538
272 OSELM 0.486 5 0.9767 0. 5000 0.8081
ecolil 3.36 40
216 RWOSELM 0.6834 0.9833 0.6830 0.8983
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(a) ecoli3 dataset (b) segmentO dataset
Lo OSELM-ROC Lo RWOSELM-ROC i OSELM-ROC ia RWOSELM-ROC
. 0 g T . . .
= = f 2 8 0.8
2 0.8 S 0.8 S 0 S 0
(] o (] (]
2 0.6 2 0.6 20 Z 0.6
g g g g
A 0.4 A 0.4 A 0.4 A 0.4
Q Q Q Q
E 0.2 === NClass E 0.2 === NClass E 0.2 === N Class E 0.2 === N Class
—— P Class —— P Class —— P Class —— P Class
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate False Positive Rate False Positive Rate

(c) ecoli4 dataset

(d) new-thyroidl dataset

Fig. 8 Comparison of ROC curves of the third group dataset.
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Fig. 9 According to the batch G-mean values to compare three datasets of data in the first group.
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Fig. 10 According to the batch G-mean values to compare three datasets of data in the second group.
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Fig. 11  According to the batch G-mean values to compare three datasets of data in the third group.

11 BasEdl 3 3 A EdE R IR 1Y Grmean {EXT EL

A K A7 A K e 0 Bl 20 o A AR S A ) AL 18

3 %% € TR 2 2 > BT X 1% 28 00 A RE AR G 3 B » 11 B 2
IARFESY G UL BEAR O SRR A SR — Pl

AP D A AN VIS E T TIZEEIR R0 205k %07 A AN U )
IR ARl BT DL R A ARSI AL B s BRE L B TR 2 i A > ML 3 Xk ) O ik %07



IS

it A« B X 3l 25 A T i K 4 R I A S i T L

1497

V50 8 2 ot 9 AR 7 7 55 R R RURR AR 2R AR
E2INE T gtk € N (BN 7Y LS W e S L S
22 QIART T 2 B Y  F R SR AT R S
R —AEAS BT 14 (] . [) B A X 7E 4 43 26 1) Rt
S B IS A A R /N R A TR R el A A 2R
o7 ) v e 2 U e i) D XA R B AT A 1 R
L A i UL ) A 2 — A (R A F 5 ) AL

[1]

(2]

[3]

[4]

(6]

[7]

[8]

(9l

(10]

2 % x #

Holte R C, Acker L, Porter B W. Concept learning and the
problem of small disjuncts [C] //Proc of the 11th Int Joint
Conf on Artificial San Francisco:

Kaufmann, 1989. 813-818

Intelligence. Morgan
Mease D, Wyner A J, Buja A. Boosted classification trees
and class probability/quantile estimation [ J]. The Journal of
Machine Learning Research, 2007, 8. 409-439

Drummond C, Holte R C. C4.5, class imbalance, and cost
sensitivity: Why under-sampling beats over-sampling [C] //
Proc of the Learning from Imbalanced Datasets [[ , ICML.
Menlo Park, CA. AAAI, 2003, 11-19

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

Han H, Wang W Y., Mao B H. Borderline-SMOTE: A new
over-sampling method in imbalanced data sets learning [ G //
Advances in Intelligent Computing. Berlin: Springer, 2005.
878-887

He H, Bai Y, Garcia E A, et al. ADASYN: Adaptive
synthetic sampling approach for imbalanced learning [C] //
Proc of IEEE World Congress on Computational Intelligence.
Piscataway, NJ: IEEE, 2008, 1322-1328

Lou Xiaojun, Sun Yuxuan, Liu Haitao. Clustering boundary
over-sampling classification method for imbalanced data set
[J]. Journal of Zhejiang University: Engineering Science,
2013, 47(6): 944-950 (in Chinese)

CREIR AR . SN, XM 6. RIS Fad e AN - B4 41 26
T[] WK% TR, 2013, 47(6) ; 944-950)
Barua S, Islam M, Yao X, et al. MWMOTE—Majority
weighted minority oversampling technique for imbalanced
data set learning [J]. IEEE Trans on Knowledge and Data
Engineering, 2014, 26(2) . 405-425

Fithian W, Hastie T. Local case-control sampling: Efficient
subsampling in imbalanced data sets [OL]. 2013 [2013-02-
25]. http://arxiv. org/abs/1306. 3706

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

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Raskutti B, Kowalczyk A. Extreme re-balancing for SVMs:
A case study [J]. ACM SIGKDD Explorations Newsletter,
2004, 6(1): 60-69

Akbani R, Kwek S, Japkowicz N. Applying support vector
machines to imbalanced datasets [C] //Proc of European Conf
on Machine Learning. Berlin: Springer, 2004 39-50

Wu G, Chang E'Y. Class-boundary alignment for imbalanced
dataset learning [C] //Proc of ICML. Menlo Park, CA:
AAAT, 2003: 49-56

Abe N. Sampling approaches to learning from imbalanced
datasets; Active learning, cost sensitive learning and beyond
[C/OL] [[Proc of ICML-KDD. Menlo Park, CA: AAAI.
2003 [ 2013-02-25 1.
Workshop2003/ICML03Workshop Abe. ppt
Ertekin S, Huang J, Bottou L, et al.

http;//www. site. uottawa. ca/N nat/

Learning on the
Active learning in imbalanced data classification
[C] //Proc of the 16th ACM Conf on Information and
Knowledge Management. New York: ACM, 2007. 127-136
Ertekin S, Huang J, Giles C L. Active learning for class
imbalance problem [C] //Proc of the 30th Annual Int ACM

border:

SIGIR Conf on Research and Development in Information
Retrieval. New York: ACM, 2007. 823-824

Provost F. Machine learning from imbalanced data sets 101
[C] //Proc of the AAAT'2000 Workshop on Imbalanced Data
Sets. Piscataway. NJ: IEEE., 2000; 1-3

Freund Y, Schapire R E. A desicion-theoretic generalization
of on-line learning and an application to boosting [C] //Proc
of Computational Learning Theory. Berlin: Springer, 1995:
23-37

Fu Zhongliang. Real adaBoost algorithm for multi-class and
imbalanced classification problems [J]. Journal of Computer
Research and Development, 2012, 48(12): 2326-2333 (in
Chinese)

IR B AP A 22 43 25 10) BB 1) 3% 22 AdaBoost 533 B 5 LT .
FHEHLET TS5 &, 2012, 48(12) : 2326-2333)

Sun Y, Kamel M S, Wong A K C, et al. Cost-sensitive
boosting for classification of imbalanced data [J]. Pattern
Recognition, 2007, 40(12). 3358-3378

McCarthy K, Zabar B, Weiss G. Does cost-sensitive learning
beat sampling for classifying rare classes? [C] //Proc of the
1st Int Workshop on Utility-based Data Mining. New York:
ACM, 2005: 69-77

Kukar M, Kononenko I. Cost-sensitive learning with neural
networks [C] ///Proc of the 13th European Conf on Artificial
Intelligence (ECAI-98). New York: John Wiley &. Sons.,
1998 . 445-449
Huang G B, Zhu Q Y, Siew C K. Extreme learning
machine: Theory and applications [J].
2006, 70 489-501

Liu Shenglan, Zhang Jing.

Neurocomputing,
Feng Lin, Robust activation
machine and linear
data [J].

Journal of Computer Research and Development, 2014, 51

(6): 1131-1140 (in Chinese)

function of extreme learning

dimensionality reduction in high-dimensional



1498

HENMR SR E 2015, 52(7)

[25]

[26]

[27]

[28]

[29]

[30]

[31]

GEAf, XUEHE . S fh. o 2R B0 & O BRI A 3 27 >
WL A AEREAELT ). HHSEHLIETE S5 & g . 2014, 51(6): 1131
1140)

Deng Wanyu, Zheng Qinghua, Chen Lin. Regularized
extreme learning machine [C] //Computational Intelligence
and Data Mining. Los Alamitos, CA. IEEE Computer
Society, 2009: 389-395

Horata P, Chiewchanwattana S, Sunat K. Robust extreme
learning machine [JJ]. Neurocomputing, 2013, 102: 31-44
Zong W, Huang G B, Chen Y. Weighted extreme learning
machine for imbalance learning [J]. Neurocomputing, 2013,
101. 229-242

Liang N Y, Huang G B, Saratchandran P, et al. A fast and
accurate online sequential learning algorithm for feedforward
networks [J]. IEEE Trans on Neural Networks, 2006, 17
(6): 1411-1423

Li B, Wang J, Li Y, et al. An improved on-line sequential
learning algorithm for extreme learning machine [ G] // LNCS
4491. Advances in Neural Networks-ISNN 2007.
Springer, 2007 1087-1093

Liang N Y, Huang G B, Saratchandran P, et al. A fast and

Berlin:

accurate online sequential learning algorithm for feedforward
networks [J]. IEEE Trans on Neural Networks, 2006, 17
(6): 1411-1423

Elkan C. The foundations of cost-sensitive learning [C] //
Proc of the 17th Int Joint Conf on Artificial Intelligence
CA: Morgan Kaufmann,

International. San Francisco,

2001: 973-978

[32]

[33]

[34]

[35]

of Technology, China.

intelligent image processing,

Ting K M. An instance-weighting method to induce cost-
sensitive trees [J]. IEEE Trans on Knowledge and Data
Engineering, 2002, 14(3): 659-665

Fawcett T. ROC graphs: Notes and practical considerations
for researchers [R]. Palo Alto, CA: HP Labs, 2003
Fawcett T. An introduction to ROC analysis [J]. Pattern
Recognition Letters, 2006, 27(8): 861-874

Ferndandez A, Garcia S, et al. A study of the behaviour of
classification

linguistic fuzzy rule based systems in the

framework of imbalanced data-sets [J]. Fuzzy Sets and

Systems, 2008, 159(18) . 2378-2398

Zhang Jing. born in 1984. PhD candidate
in the School of Computer Science and
Dalian University of

China.

Techhology,
Technology, Her main research

interests include Data mining.

Feng Lin, born in 1976. Received his PhD
degree in mechanical design and theory
from Dalian University of Technology,
China, in 2004. Professor in the School of
Innovation Experiment, Dalian University
His main research interests include
and

robotics, data mining,

embedded systems.



