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A Novel Collaborative Recommendation Method with Low Sensitivity to Data Sparseness
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(Guangxi Key Lab of Trusted Software, Guilin University of Electronic Technology Guilin, 541004)

Abstract In the field of recommendation systems, most studies on the sparseness are based on static datasets.
However, the datasets in practical application are dynamic and there exist at least two features: one is the
increasing scale of User-ltem matrix for users and items join into the datasets continuously; another is the
increasing degree of sparseness. As a result, the accuracy of traditional recommendation methods will reduce
gradually with the datasets becoming sparser. Based on the above consideration, a novel collaborative
recommendation method with low sensitivity to different degrees of sparse datasets is proposed to meet the need
of practical and dynamic datasets. This method incorporates tag information and factor analysis method to
discover the most similar top-N users based on the similarity of users’ inner idiosyncrasies. Based on the most
similar top-N users discovered, an improved collaborative filtering method is designed. Extensive experiments are
conducted to compare the proposed method with other state-of-the-art collaborative filtering and the matrix
factorization methods. The results demonstrate that our proposed method can achieve better accuracy and has a
low sensitivity to different degrees of sparse datasets.
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