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Improved collaborative filtering recommender algorithm

based on Sigmoid function
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Abstract; As the rapid development of the electronic commerce and social network, recommender systems have become one of
the most important research areas in data mining field. Recommender systems can identify users’ interest out of humorous in-
formation in order to provide personalized service. Collaborative filtering ( CF) is efficient in extracting users’ preferences and
making proper recommendations. To address the data sparsity problem of classic CF algorithms and improve the performance,
this paper introduced an improved algorithm based on Sigmoid function. Different items were modeled with Sigmoid function in
order to capture their popularity ,while different users were modeled to map ratings into preferences. Predictions were made ac-
cording to that preferences should keep consistent with popularities. Experimental results on two real world datasets show the
proposed method can alleviate the sparsity problem and are effective to improve the performance of classic CF algorithms.
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