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Abstract

As generally known, recommender systems have been applied to increase benefits and add values in many business
fields. The systems can recommend appropriate items for users in an information overload era. In application, the
systems provide personalized suggestions to fulfill consumer needs. This technique is classified as a collaborative
filtering technique and is commonly used in building recommender systems that can be divided into three main steps:
1) finding the similarity, 2) selecting neighbors, and 3) predicting and recommending. However, there are some
problems in system performance, such as sparsity, synonymy and scalability. In this article, we focused studies on
similarity techniques for further developing recommender systems by using a memory-based collaborative filtering
technique comprised of 1) Pearson’s Correlation (COR) 2) Cosine (COS) 3) Adjusted Cosine (ACOS) for similarity

between items 4) Distance-based similarity 5) Constrained Pearson’s Correlation (CPC) 6) Spearman’s Rank
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Correlation (SRC) 7) Jaccard (Jacc) and 8) Mean squared difference (MSD). Moreover, four algorithms were improved

based on traditional process; 1) Proximity-Impact-Popularity (PIP) 2) Bhattacharyya coefficient 3) Linkelihood Ratio

Similarity (LiRa) and 4) Fuses user and item information (FUIR) were also evaluated performances.

Keywords: Recommender System Collaborative Filtering Technique Similarity
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