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Optimization of the Similarity Measure

for User-based Collaborative Filtering Systems

Soojung Lee'

ABSTRACT

111

Measuring similarity in collaborative filtering—based recommender systems greatly affects system
performance. This is because items are recommended from other similar users. In order to overcome
the biggest problem of traditional similarity measures, i.e., data sparsity problem, this study
suggests a new similarity measure that is the optimal combination of previous similarity and the
value reflecting the number of co-rated items. We conducted experiments with various conditions to
evaluate performance of the proposed measure. As a result, the proposed measure yielded much
better performance than previous ones in terms of prediction qualities, specifically the maximum of
about 7% improvement over the traditional Pearson correlation and about 4% over the cosine

similarity.

Keywords : Recommender System, Collaborative Filtering, Similarity Measure,

User-based Collaborative Filtering
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