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Group Recommendation Algorithm Incorporating User Trust with
Probability Matrix Factorization

SONG Yulong,MA Wenming, LIU Tongtong
(School of Computer and Control Engineering, Yantai University, Yantai, Shandong 264005, China)

[ Abstract] When using the recommendation system for group recommendation, interactions between group members
have a great impact on recommendation results, but traditional group recommendation algorithms consider little the
importance of user trust, and fail to make full use of social relationship information.Based on probability matrix and user
trust, this paper proposes a group recommendation algorithm that considers interactions between users in a group. After
obtaining data of user trust, the Probability Matrix Factorization (PMF) algorithm is used to complete the trust matrix,
which is then normalized to obtain the similarity matrix{The factor of trust between users is added in the posterior
probability calculation process to obtain the prediction score by maximizing the posterior probability.On this basis, the
weights of users in the group are normalized, and a weight strategy based on user interactions is used to fuse the
preferences of group members to obtain the recommendation result. The experimental results on Epinions dataset and
FilmTrust dataset show that the proposed algorithm can make the fusion results to have more group characteristics, and
improve the reliability as well as interpretability of the recommendation results. The algorithm displays a lower root
mean square error and higher hit rate than PMF,NeuMF, RippleNet and other comparison algorithms.
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Table 1 Hit rate with different K on Epinions dataset %

e HR@1 HR@?2 HR@3 HR@5
FPMF 44 71 85 91
PMF(Avg) 17 30 52 65
PMF(Lm) 23 34 51 65
SIGR 39 62 77 85
RippleNet(Avg) 32 49 58 77
RippleNet(Lm) 28 44 51 69
MF(Avg) 15 21 40 60
MF(Lm) 16 25 38 55
MLP(Avg) 8 15 22 40
MLP(Lm) 8 12 23 35
NeuMF(Avg) 7 13 18 43
NeuMF(Lm) 8 17 20 39
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Table 2 " Hit rate with different K on FilmTrust dataset %

fii=a N7 HR@1 HR@?2 HR@3 HR@5
FPMF 35 65 79 84
PMF(Avg) 19 31 52 61
PMF(Lm) 22 29 56 66
SIGR 32 55 64 78
RippleNet(Avg) 31 48 55 73
RippleNet(Lm) 29 41 51 66
MF(Avg) 17 20 39 61
MF(Lm) 14 18 44 59
MLP(Avg) 10 19 25 42
MLP(Lm) 11 14 21 39
NeuMF(Avg) 8 19 29 36
NeuMF(Lm) 9 12 25 32
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Table 3 Example of ratings of group and

individual member

T 5 1D MR AT 55
H P 1ID
1033(3.8) 266(2.1) 9658(2.5) 660(4.4)
393 4.1 23 22 4.6
175 3.2 4.6 3.8 42
2411 1.9 3.9 3.2 3.8
611 3.1 1.2 1.7 3.2
398 4.7 2.8 1.6 1.9
1855 2.9 4.1 3.2 2.5
884 4.4 3.8 2.4 4.9
3875 35 3.2 1.4 3.9
4348 2.3 1.3 3.6 35
1197 2.7 3.1 4.1 2.7
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