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Evaluation of Similarity Functions for Popularity Neutral Recommendation
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This article shows which similarity function is appropriate for a neutral recommendation about popularity. In-
formation neutral recommender systems are mainly researched about model base recommendation. However, many
practical recommender systems made with similarity functions, because they can make a ordered list of items by
similarity. We’d like to construct a popularity neutral recommendation using similarity function. Three similarity
functions are evaluated as popularity neutral recommender system by using Calders & Verwer’s discrimination score
(CV score). This study shows jaccard coefficient makes better results than cooccurrence and simpson coefficient

for popularity neutral recommendation.
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