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pr&em caused by the reliance on user rating information for projects in

Abstract: Aiming at the
recommendation systems, thi oposes a recommendation algorithm combining k-means clustering and matrix
decomposition of label teR{} model, a project feature portrait is firstly constructed based on project information,
and the number of
Model (LFM) is used fo:

predictive rating, and recommendations are made based on sorting. The algorithm has been tested on the MovieLens

eatures of the project are extracted by using k-means clustering. Then, Latent Factor

atrix decomposition. The user-rating matrix is decomposed and reconstructed to obtain a

dataset, and the results shows that the proposed recommended algorithm performs well in root mean square error
(RMSE) and absolute mean error (MAE). The accuracy and recall rates in the ml-latest-small dataset are improved by
14.5% and 20.7%, respectively. K-means clustering is applied to the extraction of users’ potential interests and items’
potential features, which proves the effectiveness of the recommendation algorithm.

Keywords: recommendation algorithm; matrix decomposition; k-means; LFM
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