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[Abstract]

Collaborative filtering is one of the most widely known implementation methods of recommender
systems, which recommends items that similar users have preferred in the past. Therefore, similarity
measurement is a very important factor that determines the performance of the system. In this study, in
order to solve the shortcomings of the existing single or integrated heuristic similarity measures, the
genetic algorithm was used to calculate the optimal similarity between users per item genre. In addition,
in order to solve the data scalability problem, the number of users for calculating similarity for each
genre was limited according to a preset threshold, and the average of the ratings of the items was used
to solve the data sparsity problem. Through performance experiments, the optimal probabilities of the
genetic operators were obtained and the prediction accuracy performance was analyzed. As a result, it
was confirmed that the performance of the proposed method was superior to the existing methods,

especially in a sparse data environment.

» Key words: Similarity Measure, Genetic Algorithm, Data Sparsity Problem, Data Scalability Problem,
Collaborative Filtering, Recommender System
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II. Related Works
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III. Proposed Methodology
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IV. Performance Experiments

1. Experimental Background
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Table 1. Description of datasets used for experiments
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2. Results of Experiments
2.1 Effect of Genre Rating Frequency Threshold
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Fig. 1. (a) MAE and (b) coverage using MovielLens
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2.3 Comparison of Performance Results
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