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CatBoost Recommendation Algorithm with Collaborative Filtering

TANG Zhen ,HUANG Gang,HUA Wen-li

(School of Computer Science,Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract; In the recommendation system, a hybrid recommendation algorithm ( UCF-CB) which combines collaborative filtering and
CatBoost is proposed to improve the accuracy of recommendation algorithm. In the collaborative filtering module, the user similarity cal-
culation formula is improved by adding time attenuation factor and hot item penalty factor. The improved collaborative filtering algorithm
is used to predict the user’ s item rating matrix , then the user’ s first prediction score is obtained. The first score of collaborative filtering
is sorted in descending order,and the top k items with the highest score are selected to form the recall set. After preprocessing the original
data set, mining potential features and increasing feature dimensions,CatBoost algorithm is used to train the features of users and items,
the trained model is used to predict the recall set data,and the second score prediction is obtained. For the new users without scoring
records , the trained CatBoost algorithm can directly predict the score, which solves the problem of cold start of recommendation system to
some extent. The first prediction score of collaborative filtering and the second prediction score of CatBoost are weighted to get more
accurate recommendation results. Experiments on movieslens (ml-1m) data set show that the proposed algorithm can achieve high accu-
racy.
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