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Cross-domain Recommendation Model Based on SVD ++ and Tag

XING Changzheng, YANG Xiaoting

(School of Electronics and Information Engineering, Liaoning Technical University , Huludao, Liaoning 125105, China)

[ Abstract] Currently, most cross-domain recommendation models have two problems :the prediction error becomes large
when the user fails to add a tag to the specified item and when building the model, the user’ s history label is not taken
into account,which causes the decreasing of recommendation result’ s accuracy. In order to solve these two problems,a
cross-domain recommendation model is constructed, named TagSVD + + , which is based on the SVD + + model and
fused with the tag recommendation. This model not only inherits the characteristics of SVD ++ model’ s using of score
data to predict, but also adds the user and the project label information. It uses the tag’ s frequency to reflect user
preferences and characteristics, and introduces the popular penalty factor to prevent hot tags and popular items from
bringing interference to recommendation and predictions. Comparative tests on cross-domain data sets for data simulation
which is related to real movie and book website are conducted. Experimental results show that TagSVD ++ model can
improve the accuracy of cross-domain recommendations effectively.

[ Key words] cross-domain recommendation; hot punish coefficient; tag recommendation; SVD ++ model; recommendation
model
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