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Abstract

mendation schemes. Although these problems can be solved effectively by exploiting the trust networks of users, the

The problems of data sparsity and cold start cannot be solved by the classical collaborative filtering recom-

performance of these schemes need to be improved. Based on the ubiquitous phenomenon of“if a trusts b,then the simi-
larity between a and b is relatively high”.this paper proposed a collaborative filtering recommendation algorithm.which
exploits a penalty and reward mechanism to further promote its performance. Then it was compared with the classical

collaborative filtering algorithms and the existing trust recommendation algorithms in terms of the coverage and accura-

cy. The results show that the performance of the proposed algorithm is improved.
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Fig. 1 Example of trust transfer
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if tm[u][v]<< ts[u][v] then
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Fig. 4 Similarity contrast of different trusted extent
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Table 1 Performance comparison of recommendation algorithms

MAE MSE BEE/N
CF 0. 844 1. 620 49.52
PMF 0. 835 1.599 78.99
SocialMF 0.832 1.594 79.12
Tidal Trust 0. 830 1.590 80.03
TrustWalker 0. 820 1. 310 79. 86
DTCF 0.814 1.163 75.87
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