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Abstract

In order to address the issue of the significant prediction errors and the low accuracy of recom-
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mendation lists in the collaborative filtering recommendation algorithm, a collaborative filtering
recommendation algorithm that combines anomaly detection and network community based on
all qualified neighbor is proposed. The algorithm uses the modified Pauta criterion for data ano-
maly detection and mark, and during the collaborative filtering similarity calculation stage re-
duces the similarity weight with abnormal users; Builds a network model using the obtained user
similarity, and uses K-core decomposition for network community detection, and processes the
similarity weights for users in the community after obtaining community information between
users. Compared with five recommendation algorithms of the same type, and based on the Movie-
Lens dataset, the experimental results showed that the proposed algorithm can effectively reduce
prediction error and improve the accuracy of recommendation list rankings.
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Figure 1. Algorithm structural diagram
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Figure 2. K-core decomposition flowchart (K = 3)

2. K-core FERIZE(K = 3)
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Figure 3. The sum of ratings under different s values
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Figure 9. Precision for different algorithms
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Figure 10. Accuracy for different algorithms
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