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Utilizing Fuzzy Logic for Recommender Systems

Soojung Lee*

Abstract

Many of the current successful commercial recommender systems utilize collaborative filtering
techniques. This technique recommends products to the active user based on product preference
history of the neighbor users. Those users with similar preferences to the active user are typically
named his/her neighbors. Hence, finding neighbors is critical to performance of the system. Although
much effort for developing similarity measures has been devoted in the literature, there leaves a lot
to be improved, especially in the aspect of handling subjectivity or vagueness in user preference
ratings. This paper addresses this problem and presents a novel similarity measure using fuzzy logic
for selecting neighbors. Experimental studies are conducted to reveal that the proposed measure

achieved significant performance improvement.
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[I. Preliminaries

1. Iltem Recommendation Process in Collaborative
Filtering
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2. Previous Studies on Similarity Measures
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[1l. The Proposed Scheme

1. Fuzzy Functions
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Fig. 1. Fuzzy functions used by the
proposed similarity measure

2. The Proposed Similarity Measure
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V. Performance Experiments
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2. Results
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Table 1. Datasets for experiments
CARIECICTEES number of ratings UEHET B rating range sparsity level
dataset e (usersXitems) g rang parsity
MovieLens >20 per user 1000 X 3952 1~5 (integer) 0.9607
BookCrossing >10 per user 1014 X 883 1~10 (integer) 0.9775
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Fig. 2. Performance results of the proposed method with various types of fuzzification using MovieLens
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Fig. 3. Performance results of the proposed method with various types of fuzzification using BookCrossing
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