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Abstract Clustering is a method for grouping objects with similar properties into a same cluster.
SVD(Singular Value Decomposition) is known as an efficient preprocessing method for clustering
because of dimension reduction and noise elimination for a high dimensional and sparse data set like
E-Commerce data set. However, it is hard to evaluate the worth of original attributes because of
information loss of a converted data set by SVD. This research proposes a cluster feature selection
method, called ENTROPY-SVD, to find important attributes for each cluster based on entropy
weighting and SVD. Using SVD, one can take advantage of the latent structures in the association
of attributes with similar objects and, using entropy weighting one can find highly dense attributes
for each cluster. This paper also proposes a model-based collaborative filtering recommendation
system with ENTROPY-SVD, called CFS-CF and evaluates its efficiency and utilization.
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