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Abstract

Recently an intelligent system is developed for the service what users want not a passive system which just
answered user’s request. This intelligent system is used for personalized recommendation system and representative
techniques are content-based and collaborative filtering, In this study, we propose a prediction system which is hased
on the techniques of recommendation system using a collaborative filtering and a fuzzy system to solve the
collaborative filtering problems. In order to verify the prediction system, we used the data that is user’s rating about
movies. We predicted the user's rating using this data. The accuracy of this prediction system is determined by
computing the RMSE(root mean square error} of the system’s prediction against the actual rating about the each
movie and is compared with the existing system. Thus, this prediction system can be applied to base technology of
recommendation system and also recommendation of multimedia such as music and books.

Key Words : Collaborative filtering, fuzzy system, prediction system, recommendation, movie rating prediction
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Table 1. Results of RMSE using collaborative filtering

100+ 30078 50078 10008
1 1.0399 0.9456 0.9008 0.8950
2 0.9933 0.9618 0.9104 0.9195
3 0.9155 0.9593 0.9271 0.9661
0.9746 0.9843 0.9256 0.9363
5 0.95838 0.8803 0.9214 0.9236
6 1.0755 0.9461 0.8797 0.9018
0.9812 0.9233 0.8833 0.9055
0.9427 0.9494 0.8832 0.9290
9 0.9529 0.9054 0.9131 09311
10 0.9539 0.9215 0.9121 0.9107
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and fuzzy system

100 3004 5003 100078
1 0.8234 0.8117 0.8325 0.8172
2 0.7558 0.8166 0.8222 0.8034
3 0.7436 0.8280 0.8345 0.8183
4 0.8141 0.7972 0.8203 0.8194
5 0.8473 0.7837 0.8077 0.8329
6 0.7964 0.7992 07558 0.8082
7 0.8424 0.7816 0.7925 0.7910
3 0.7206 0.7797 0.7765 0.8039
9 0.8065 0.7946 0.8050 0.8480
10 0.7123 0.8034 0.8049 0.7931
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Table 4. Results of reliability using collab. filtering
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