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Multiple Classifier System for Entity Resolution Using Resampling and Ensemble Selection

Zhou Xing', Diao Xingchun®, Cao Jianjun®, Li Xin®, Wang Fangxiao®

(1. School of Command Information System, PLA University of Science and Technology, Nanjing, 210007 ,China;2. Nanjing Tele-

communication Institute, Nanjing,210007,China)

Abstract: Classifiers are often used in entity resolution to classify record pairs into matches, non-matches
and possible matches based on field similarity vector, in which case, the performance of classifiers is di-
rectly related to the performance of entity resolution. To improve the accuracy of classifier, a multiple
classifier system is constructed. We make full use of the characters of entity resolution to distinguish the
ambiguous instances before classification, vary the resampling ratio to generate a group of resampled in-
stances, and use the resampled instances to train classifiers for constructing a parallel multiple classifier
system. Moreover, we emphasize on the diversity and sparsity between classifiers to select the best classi-
fier subset, and use non-linear programming and extreme value to solute the ensemble selection problem,
respectively. Empirical experiments show the proposed multiple classifier system is superior to the state-
of-art ones in accuracy due to resampling and ensemble selection.

Key words: entity resolution; multiple classifier system; resampling; ensemble selection; diversity
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Tab.1 Comparison of classification accuracy for different methods

a=>b

B £ Bagging DREP Gentle AdaBoost REA NLPES EES
Breast cancer  0.899 6+0.000 2 0.908 8£0.000 2@ 0.896 90O 0.870 0.9327@ 0.919 3@
Innosphere 0.964 74£0.000 1 0.973 2£0@ 1@ 0.946 40 0.991 l@ 0.982 1@
Dermatology 0. 954 120.000 3 0.967 6£0.000 2@ 0.967 2@ 0.956 1@ 0.982 5@ 0.964 9@
1ILPD 0.961 9+0.000 1 0.972 1£0@ 1@ 0.957 10 0.992 9@ 0.964 3@
Seismic 0.977 9£0 0.975 600 0.996 1@ 0.990 3@ 0.994 2@ 0.992 2@
Abalone 0.981 2+0 0.981 2+0.000 1 0.988 0@ 0.988 0@ 0.994 0@ 0.994 0@
Abt_buy 0.941 7+0 0.944 4+0@ 0.937 20 0.9465@ 0.953 5@ 0.951 2@
Amazon_gp 0.966 90 0.964 000 0.952 50 0.972 9@ 0.979 6@ 0.970 6@
Dblp_acm 0.993 8+0 0.997 5+0@ 1@ 0.996 6@ 0.996 6@ 0.993 3
Cora 0.940 740,000 1 0.965 0+ 0@ 0.955 0@ 0.950 0@ 0.960 0@ 0.950 0@

win/tie/loss — 7/1/2 7/0/3 7/0/3 10/0/0 9/1/0

A8l T Bagging. NLPES fil EES 78 & 505 5 Fryuemvh 88 T . M s Ems . NLP-
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Tab.2 Comparison of selected classifier numbers

B 5 DREP NLPES EES Bds 4 DREP NLRES EES
Breast cancer 4.6 7 11 Abalone 2.0 7 11
Innosphere 1.0 2 7 Abt_buy 3.8 6 12
Dermatology 2.8 5 7 Amazon_gp 4.9 5 7
ILPD 4.0 8 18 Dblp_acm 2.8 8 3
Seismic 3.7 7 9 Cora 4.3 5 9
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LR R A LUK 2 0 28 A AR G0 LAl AR I B U AL A TR AR L RSO ik TAS S T EOR A
A e #5 vl UK BV A vER P . R — 225 2k — 2 0 M s (100 FaX (13) w2 ) 2 B0y 5 o L e
PR 2 W BRAE XA . A SCT7 3538 F AT USG5 0 248 TR ERE AR A9 155 D0

S 3L

[1] Elmagarmid A K, Ipeirotis P G, Verykios V' S. Duplicate record detection: A survey[]J]. IEEE Transactions on Knowledge
and Data Engineering, 2007, 19(1): 1-16.

[2] Christen P. A survey of indexing techniques for scalable record linkage and deduplication[J]. IEEE Transactions on Knowl-
edge and Data Engineering, 2012, 24(5): 1537-1555.

[3] Cochinwala M, Kurien V, Lalk G, et al. Efficient data reconciliation[ J]. Information Sciences, 2001, 137 1-4.

[4] Bilenko M, Mooney R J, Cohen W W, et al. Adaptive name matching in information integration[]J]. IEEE Intelligent Sys-
tem, 2003, 18(5): 16-23.

[5] Tejada S. Knoblock C A, Minton S. Learning domain-independent string transformation weights for high accuracy identifica-
tion[ C] // Proceedings of the Eighth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. Ed-
monton, New York: ACM Press.2002: 350-359.

[6] LiNan, Yu Yang., Zhou Zhihua. Diversity regularized ensemble pruning[ C]// Proceedings of the European Conference on
Machine Learning and Principles and Practice of Knowledge Discovery in Databases. Bristol, UK: Springer Berlin Heidelberg
Press, 2012 1-16.

[7] Breiman L. Bagging predictors[]J]. Machine Learning, 1996, 24(3) :123-140.



938 HERELS L Journal of Data Acquisition and Processing Vol. 32,No. 5, 2017

[8] Schapire R E. The strength of weak learnability[J]. Machine Learning, 1990, 5; 197-227.

[9] Friedman J, Hastie T, Tibshirani R. Additive logistic regression: A statistical view of boosting[ J]. The Annals of Statis-
tics, 2000,38(2):337-374.

[10] Vezhnevets A, Vezhnevets V. Modest AdaBoost-teaching AdaBoost to generalize better[ J]. Graphicon, 2005, 12(5); 987-
997.

[11] Zhou Zhihua, Wu Jianxin, Jiang Yuan, et al. Genetic algorithm based selective neural network ensemble[ C]// Proceedings
of the 17th International Joint Conference on Artificial Intelligence. Seattle, WA: Morgan Kaufmann Press, 2001, 2.797-
802.

[12] Partalas I, Tsoumakas G, Vlahavas I. A study on greedy algorithms for ensemble pruning[ R]. Technical Report TR-LPIS-
360-12. Greece: Department of Informatics, Aristotle University of Thessaloniki, 2012.

[13] Zhou Zhihua, Li Nan, Multi-information ensemble diversity[ C]// Proceedings of the 9th International Workshop on Multiple
Classifier System. Cairo, Egypt: Springer Berlin Heidelberg Press, 2010.134-144.

[14] g 7. BE 382 Th /N R ot O SR 19 B AT JOBTER 2 F 98D, A K . FEAR LR B . 2007.
Cao Jianjun. Research on on-line fault diagnosis for self-propelled gun based on lifting wavelet package and improved ant colo-
ny optimization[ D]. Shijiazhuang: Ordnance Engineering College, 2007.

[15] Rafal L., Marek K, Tomasz W. Optimal selection of ensemble classifiers using measures of competence and diversity of base
classifies[ J]. Neurocomputing, 2014,126.: 29-35.

[16] Yu Yang, Li Yufeng. Zhou Zhihua. Diversity regularized machine[ C]// Proceedings of the 22nd International Joint Confer-
ence on Artificial Intelligence. Barcelona, Spain: AAAI Press,2011:1603-1608.

[17] Margineantu D, Dietterich T. Pruning adaptive boosting[ C]// Proceedings of the 14th International Conference on Machine
Learning. Nashville, TN: Morgan Kaufmann Press, 1997:211-218.

[18] Martinez-Munoz G, Hernandez-Lobato D. Suarez A. An analysis of ensemble pruning techniques based on ordered aggrega-
tion[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2009; 31(2), 245-259.

[19] Yin Xucheng, Huang Kaizhu, Yang Chun, et al. Convex ensemble learning with sparsity and diversity[J]. Information
Fushion, 2014,20. 49-59.

[20] Qian Yun, Liang Yanchun, Li Mu, et al. A resampling ensemble algorithm for classification of imbalance problems[]].
Neurocomputing, 2014,143:57-67.

[21] Zhou Xing. Diao Xingchun, Cao Jianjun. A data cleaning switch technology based on cloud model[C]// International Confer-
ence on Information Quality. Xi'an, China: ACM Press,2014.

[22] Papadakis G, Koutrika G, Palpanas T, et al. Meta-blocking: Taking entity resolution to the next level[J]. IEEE Transac-
tions on Knowledge and Data Engineering, 2014, 26(8):1946-1960.

[23] Calado P, Herschel M. Efficient and effective duplication detection in hierarchical data[ J]. IEEE Transactions on Knowledge
and Data Engineering, 2013, 25(5):1028-1041.

[247] Xiao Chuan, Wang Wei, Lin Xuemin, et al. Efficient similarity joins for near-duplicate detection[J]. ACM Transactions on
Database Systems, 2011, 36(3):15.

EEEIT:

BB (1988, H , 1+ #F 5%
AL WF 5T e Bl TR,
E-mail: zx0327@163. com,

713 & (1962-), B, B 5
B BRGSO 1 B TR

EEE (1975, B, T #
Ui s BIF 5 05 1« R B o kL
.

Z& (1984-), B, T # i, FEE 1979, 4o, TR
BF5E 05 0 - B8 TR Uil BIF 55 T 1 B TR




Bl 2 HE . AT ERAMAERABUWEATERRNY S HEEERA 939



