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Evaluation of Class Overlap Measures on Imbalanced Data Classification

Xing Yan', Chen Jiafeng', Jia Xiaoyan', Wang Xin’

(1. School of Automation, Guangdong University of Technology, Guangzhou, 510006, China;2. School of Civil and Transportation

Engineering, Guangdong University of Technology, Guangzhou, 510006, China)

Abstract: Class overlap is defined as the overlay degree of data from different classes, quantified by the
approaches of geometrical statistics and information theory, and it is used to measure the complexity of a
classification. There are imbalanced data in the real world, and the great disparity of the sample amounts
challenges classification. With the help of experiments, we evaluate the efficiency of the class overlap
measures on imbalanced data classification. Firstly, focusing on two-class classification, the experiments
are designed to evaluate the efficiency of the class overlap measures on synthetic unbalanced data, which
are generated with various skewness, class boundary shapes, feature types and probability distributions.
Secondly, according to the experimental results on the artificial data, the influence rules of the imbal-
anced ratio on the measures are analyzed, then the ways of the measures to guide unbalanced data classi-
fication are concluded. Finally, the conclusions are evaluated on the real-world imbalanced data sets. The

experimental results demonstrate that those measures with higher robustness on data skeness can effi-
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ciently guide classifiers selection for imbalanced data classification.
Key words: class overlap measures; classification complexity; imbalanced data; classification; imbalance

ratio
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Tab.1 Measures of class overlap of data
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Tab.3 Real-world imbalanced data
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Tab.4 COD under different IR (mixed variables plus composite distributions)

mHE L1 2 IR iR/

A REE — 3 7 9 19 24 49 99 %
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Tab.5 COD change rate with different data characteristics %
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Fig. 2 Guidelines of F, and I, to classify imbalanced data
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Tab. 6 Classification of real-world imbalanced data with the guidelines of F, and I,

Fr s B 4 24 PR IR I, F SrRUETR R/ 0
1 Glassl 2 0.075 0.158 71.82
2 Glass-0-1-1_vs_4-5-6 3 0.253 * 91. 30
3 Glass6 6 0. 390 * 95. 45
4 Ecoli3 8 0.048 0.610 94. 29
5 Yeast-2_vs_4 9 0.056 0. 608 90. 57
6 Glass-0-1-6_vs_2 11 0.022 0.211 85. 00
7 Glass-0-1-6_vs_5 19 0. 059 0. 647 95.61
8 Yeast-1-2-8-9_vs_7 31 0.011 0.263 75.79
9 Yeast6 41 0.014 0. 660 96. 64
10 Abalonel9 129 0.003 0. 343 78. 81

T 8 L BORGRIEE 2.7 LB 2K ARG BRI F.

ASCRAIN 5 MRS BALIEIR Fo L F W F, o L L AR J& T8 B R AIE 19 46 B2 T 7 5 3R 3 4 5odi 1o
F R B A PO Bl AR B B R B BB G R E R FLOR L RDR I8 S AR SRR g k. A
JE MRS AIE 14 A B2 A TR A R L T LR I 48 B2 1y A R R TSR B A R o DRI AR SO B IE S
FIr A5 9 45 18 0 1 4 B4 I 34 4 2000 2 A ALY
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