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An improved CLTree algorithm
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Abstract: An improved algorithm called CLTree-R was proposed. It could compensate the shortcoming of CLTree
algorithm such as low accurate and inefficiency. Then CLTree-R was applied in clustering analysis for UCI data sets.
In order to improve the efficiency, data set was parallel processed on Spark platform. Experimental results show that
this algorithm can get reasonable customer classification when making cluster analysis on official data set.
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BWH  trainErr,
Begin
New SparkConf scf
scf.appName <- A
scf.master <- M
New SparkContext sc
sc.jarLocation <- J
Load File F
FD<- F.split(“\054”).map(_.toDouble)
Label <- Train(¥D,F,D)
Predict <- Label.predict
trainkrr <- FindNotEqual(Label,Predict) / FD
sc.stop
End
End CLTree-RTest
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