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Collaborative filtering recommendation algorithm based on LDA topic model
ZHANG Yu, WU Jing

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract ; Traditional collaborative filtering recommendation algorithms tend to recommend items directly according to users’ scores,
ignoring the important information implied in the comment text. Moreover, when users have few comments on items, the sparsity of
the data will lead to the inaccuracy and singleness of the recommendation effect. Therefore, this paper proposes a collaborative filtering
recommendation algorithm based on LDA topic model. Based on the traditional collaborative filtering algorithm, the algorithm
classifies the topics in the review text through the LDA model, mines the emotional preferences of users from each topic level,
calculates the similarity between users, and then recommends products to target users. The experimental results based on the review
data set of toothpaste on JD platform show that the algorithm can not only alleviate the sparsity problem caused by few score data, but
also improve the recommendation accuracy compared with the traditional collaborative filtering algorithm.
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Fig. 1 Relationship between the number of topics K and the degree
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Table 1 Topic—word probability distribution of partial user review data

X W R

F 1 AN PRI YRR, O (B R 0.428,0.040,0.031,0.027
FiE2 L U R A e 0.354,0.121,0.087,0.401
3 [l i, SCH, Y T E 0.272,0.120,0.085,0.046
F 4 I A, W SE I, S8 4 TEit 0.149,0.090,0.074,0.067
FH 5 H— N A S 0.186,0.103,0.081,0.063
F 6 WK, AT, T, L IR 0.243,0.076,0.071,0.061
) ), B I B 0.223,0.103,0.090,0.082
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Table 2 Document—topic probability distribution of partial user review data
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SR 1 [7,3,5.6,4,2,1] 0.355,0.270,0.196,0.072,0.006,0.005 ,0.004

SRS 2 [5,7,1,6,3,4,2] 0.287,0.137,0.074,0.063,0.005,0.004,0.003

PEEK] [3,7,6,5,4,2,1] 0.201,0.153,0.009,0.009,0.006,0.005,0.003

SRy 4 [4,2,7,6,5,3,1] 0.535,0.419,0.006,0.005,0.004,0.002,0.001

SR 5 [6,2,1,5,4,3,7] 0.304,0.296,0.170,0.087,0.066,0.056 ,0.005
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