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[Abstract]

Sparse ratings data hinder reliable similarity computation between users, which degrades the
performance of memory-based collaborative filtering techniques for recommender systems. Many works
in the literature have been developed for solving this data sparsity problem, where the most simple and
representative ones are the methods of utilizing Jaccard index. This index reflects the number of
commonly rated items between two users and is mostly integrated into traditional similarity measures to
compute similarity more accurately between the users. However, such integration is very straightforward
with no consideration of the degree of data sparsity. This study suggests a novel idea of applying
different similarity measures depending on the numeric value of Jaccard index between two users.
Performance experiments are conducted to obtain optimal values of the parameters used by the proposed
method and evaluate it in comparison with other relevant methods. As a result, the proposed

demonstrates the best and comparable performance in prediction and recommendation accuracies.

» Key words: Collaborative Filtering, Recommender System, Similarity Measure, Data Sparsity,
Jaccard index
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I. Introduction
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II. Related Works
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IV. Performance Experiments

1. Design of Experiments
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Fig. 1. Mean absolute error for varying alpha
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3. Performance Comparison
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Table 1. Results of mean absolute error with varying nearest neighbors

e S 10 15 20 25 30 35 40 45
Similarity Measure

MSD 0.9933 0.9795 0.9806 0.9856 0.9866 0.9878 0.9873 0.9872 0.9868
JAC 0.9828 0.9843 0.9817 0.9840 0.9849 0.9844 0.9821 0.9816 0.9809
JMSD 0.9807 0.9768 0.9808 0.9851 0.9847 0.9825 0.9821 0.9811 0.9805
PROP 0.9763 0.9638 0.9742 0.9789 0.9776 0.9800 0.9803 0.9795 0.9796
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Table 2. F1 results with varying nearest neighbors

_———number of NNs | ¢ 10 15 20 25 30 35 40 45
Similarity Measure
MSD 0.2567 0.2978 0.2518 0.2518 0.2518 0.2518 0.2518 0.2518 0.2518
JAC 0.2092 0.2894 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585
JMSD 0.2097 0.3088 0.3006 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585
PROP 0.2629 0.2678 0.2623 0.2623 0.2623 0.2561 0.2623 0.2623 0.2623
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V. Conclusions
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