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Improvement and Research of Collaborative Filtering
Recommendation Algorithm
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Abstract : Aiming at the problem that data sparsity seriously affects the accuracy of recommendation in collaborative filtering algorithms,
we propose a collaborative filtering recommendation algorithm based on causal clustering and fuzzy similarity relation. Collaborative filte-
ring recommendation algorithm based on causal clustering builds matrices to compute their similarity through the user-project scoring,
collection, eigenvalues and so on. The establishment of matrix is based on the causality and similarity between the project and the user’s
eigenvalue. To achieve accurate, personalized recommendations , the collaborative filtering recommendation algorithm based on fuzzy sim-
ilarity relation computes the similarity through constructing triangular fuzzy number by the weighted feature method of project and user,
and gets connected graph truncation set according to the fuzzy similarity matrix and the best threshold method. Experiment shows that
both algorithms can effectively improve the accuracy of similarity calculation,solving the problem of sparse data and raising the precision
and personalization of the recommendation. As the number of nearest neighbors increases, the collaborative filtering recommendation al-
gorithm based on fuzzy similarity relation is slightly more accurate than the collaborative filtering recommendation algorithm based on
causal clustering.
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