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A Rank-based Similarity Measure
for Collaborative Filtering Systems

Soojung Lee'
ABSTRACT

Collaborative filtering is a methodology to recommend websites by obtaining data and opinions
from the other users with similar tastes. During the past few years, this method has been used in
various fields such as books, food, and movies in e-commerce systems. This study addresses the
computation of similarity between users to determine items to be recommended in collaborative
filtering systems. Previous studies measured similarity between users by treating each user’s
ratings independently without considering the distribution of the user’s ratings. In contrast, this
study measures similarity by utilizing position and rank information of each rating in the range of
the user’s ratings. The result of the experiments on the real datasets demonstrated that the
proposed method improves the mean absolute error significantly, compared to the previous methods,
especially when the predetermined range of ratings is large.

Keywords : Recommender System, Web Personalization, Collaborative Filtering, Similarity
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