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Research of matrix sparsity for collaborative filtering
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Abstract: This paper applied singular value decomposition to predict the missing data. An enhanced Pearson correlation
coefficient algorithm based on parameter was introduced to increase the accuracy when computing the similarity of user and
items. Finally, a new algorithm called "HybridSVD" was explored, which was based on singular value decomposition and our

novel similarity model. In the experiment section, the authors evaluated this new algorithm using the dataset MoiveLens and

the results suggest that the new algorithm can better handle this matrix sparsity problem.
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