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Abstract

Recommendation systems can quickly and effectively help people filter and sift through massive
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amounts of information, intelligently recommending items of interest to users. Therefore, they
have significant theoretical importance and wide application value. This paper addresses the
need for further optimization of recommendation errors and recommendation list ranking in
existing research. The fuzzy membership function is applied to calculate user preferences on multi-
dimensional item category vectors. Based on user preference features and item category vectors,
user similarity is calculated. Then, further based on similarity and user relevance, a user similari-
ty network is constructed by filtering and selection. The community information in the user simi-
larity network is used to weight the prediction process. At the same time, statistical methods are
used to filter out abnormal ratings of items to measure item quality ranking, and the optimized
results of item quality ranking are used to assist in the correction of prediction errors. A compara-
tive experiment was conducted on a small dataset from MovieLens, and the algorithm designed in
this paper was compared with several popular algorithms. The results show that the designed al-
gorithm effectively improves prediction accuracy and recommendation ranking accuracy. The ex-
perimental results demonstrate that by using user fuzzy preferences, item quality ranking, simi-
larity network, and error correction methods, the potential information of the recommendation
system can be further mined. With only a small amount of additional computation, system per-
formance is further improved, and the system’s interpretability is maintained.
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Figure 1. Algorithm structure diagram
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Figure 2. Preferences of different users for different items
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Figure 3. Item genre vector
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