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Abstract

In order to solve the problem of low recommendation quality and low recommendation efficiency,
which is caused by data sparseness in collaborative filtering algorithm, a collaborative filtering
recommendation algorithm based on improved K-means clustering and user attribute was pro-
posed in order to improve the randomness of initial center selection of K-means algorithm. In this
paper, Canopy algorithm was used to perform crude clustering of data, and “maximum and mini-
mum distance product method” was introduced to select initial points. Then, K-means algorithm
was used for clustering. After the generation of multiple clustering clusters, the revised cosine si-
milarity and user attribute characteristics are combined to form a new similarity calculation
model. Finally, the corresponding recommendation is made. Through the comparison of MAE and
RMSE, the results show that the improved algorithm can improve the efficiency and accuracy of
recommendation.
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Figure 1. Collaborative filtering recommendation algorithm based on
improved K-means clustering and user attribute fusion
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Table 1. The data set

1 BEE
KA F P H A AR P HCEA %
MovieLens 100 k 943 1682 100,000 93.7
MovieLens 1 M 6040 3883 10,002,209 95.7
MovieLens 10 M 71,567 10,681 10,000,054 98.7
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Figure 2. The effect of the parameter S on the MAE value
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Figure 4. The influence of the number of nearest neighbors on

MAE of this algorithm and other algorithms
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Figure 5. Influence of the number of nearest neighbors on RMSE
of the proposed algorithm and other algorithms
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