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Multilayer Perceptron Classification Algorithm Based on Spectral Clustering and
Simultaneous Two Sample Representation

LIU Shu-dong WEI Jia-min

(School of Information and Security Engineering,Zhongnan University of Economics and Law, Wuhan 430073 ,China)
Abstract Classification learning from imbalanced datasets is always one of hot topics in data mining and machine lear-
ning domains. Data-level, algorithm-level and ensemble solutions are three main methods so far for addressing imba-
lanced learning. Undersmapling, which is one of data-level solutions.is widely utilized in many imbalanced learning sce-
narios. However,its drawback is discarding potentially useful majority data instances. In this paper,spectral clustering
was introduced to take sample of the majority class instances so as to build simultaneous two sample representation.
Firstly,all majority class instances are divided into many different clusters by spectral clustering analysis,different num-
bers of representative samples are extracted from different clusters according to the size of each cluster and the average
distance between the minority class instances are generated simultaneous and each cluster,then two sample representa-
tion with the extracted instances are generated simultaneous from clusters and the minority class instances. The pro-
posed method not only alleviates the issue of data explosion in simultaneous two sample representation,but also avoids

the loss of useful information in random sampling. Finally.several experiments certificate its validity on nine groups of

datasets from UCI.
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