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A Memory Based Collaborative Filtering Algorithm via Propagation
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Memory based Collaborative Filtering (CF) plays an important role in current Internet

However, this technology suffers from serious data sparsity of user-item

rating matrix. This paper proposes a kind of improved model called SPCF, which is based on the

state-of-the-art methods.

The key property of the proposed model is that it finds more reliable users

through similarity propagation and recommends items from both user and item information. Our

experimental results on the two datasets — Movie Lens and Yahoo Music show that the proposed

model achieves at least 3% lift in MAE relative to traditional collaborative filtering algorithms.
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problem of information overload.

In previous work, predecessors mainly focued on the
recommendation algorithm based on association rules, con-
tent, and collaborative filtering algorithm. Besides, different
recommendation algorithms on different occasions may get
different results.

This paper valuably explores memory-based collabora-
tive filtering algorithms, particularly in data sparsity. In the
future, we will do further research with big data and statistic

methods.



