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Abstract

Twin support vector machine (TWSVM) is a useful extension of the traditional support vector machine

(SVMD). For the binary classification problem, the basic idea of TWSVM is to seek two nonparallel hyperplanes such

that each hyperplane is closer to one and is at least one distance from the other. As an emerging machine learning me-

thod, TWSVM has attracted the attention of scholars and become a hotspot in machine learnig. This paper reviewed the

development of TWSVM., At first, this paper analyzed the basic concept of the twin support vector machine, summarized

the models and research process of novel algorithms of TWSVM in the last several years. Then,it analyzed the advanta-

ges and disadvantages of them and performed experiments on them. At last.it prospected the research work of TWSVM.
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Table 1 Detailed description of UCI data sets

A% A ARA A%
Australia 690 14
Sonar 208 60
Pima-Indian 768 8
Tonosphere 351 34
BUPA Liver 345 7
WPBC 198 34
Hepatitis 155 19
Heart-c 303 13

£ 2 N[ TWSVM Mgk 3% i 4 28 1F 0 5K L 4%

Table 2 Accuracy comparison of different TWSVMs
R ACC/ %
TWSVM LSTSVM WLTSVM PTSVM
Australian 87.60 86. 81 87.63 87.71
Sonar 78.15 77.12 80.09 79.03
Pima-Indian 77.60 76.23 77.28 76.92
BUPA Liver 69.15 68.69 67.91 68. 25
WPBC 83.39 80. 46 79.13 80.13
Hepatitis 80. 59 78.56 81.68 79.20
Heart-c 83.46 84.11 84.82 83. 87
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Table 3 Training time of different TWSVMs
. Time/s
Bk prevers o P =
TWSVM LSTSVM WLTSVM PTSVM

Australian 0.782 0.007 0.021 1.119
Sonar 0.075 0.001 0.005 0.317
Pima-Indian 0. 382 0.004 0. 009 0.666
BUPA Liver 0.077 0.003 0. 009 0. 160
WPBC 0.074 0.005 0.013 0.126
Hepatitis 0.097 0.006 0.011 0.146
Heart-c 0.095 0.003 0. 007 0.142
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