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Abstract

In view of the low accuracy of traditional social recommendation, a social recommendation algo-
rithm SRSUS integrating social network user similarity was proposed based on the comprehensive
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consideration of social network user similarity factors, such as subgraph topology, user trust and
user rating similarity. The algorithm takes traditional matrix decomposition as the framework.
Firstly, the graph convolutional neural network is used to learn the user’s social network to obtain
the user’s potential characteristics including the topology structure and connection relations of
the social network subgraph. Then social relation is used to calculate user’s social trust and score
data is used to calculate the user rating similarity. Finally, user potential characteristics, user trust
and user rating similarity are comprehensively used to calculate social network user similarity
and then integrate it into user rating matrix decomposition. In this way, the user's rating of the
predicted item can be predicted. Experimental results on Epinions, Filmtrust, Ciao and other pub-
lic data sets show that this algorithm is generally superior to other social recommendation algo-
rithms.
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Figure 1. Graph convolutional neural network propagation process
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Table 1. Dataset information statistics
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Figure 3. RMSE and MAE values in different number of similar users
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Table 2. Performance comparison of different algorithms

= 2. FRIEERMEREXIEE

Kol oR WA TR bR SoRec RSTE SoReg SGCNMF SoRegIM SRSUS
Film Trust MAE 0.6690 0.6748 0.6573 0.6480 0.6416 0.6270
fmirus RMSE 0.8610 0.8430 0.8593 0.8377 0.8259 0.8209
Eoinions MAE 0.9812 0.9441 0.9745 0.8658 0.9372 0.8506
P RMSE 1.1473 1.1877 1.1360 1.0792 1.1303 1.0653
ci MAE 0.7836 0.8143 0.7745 0.7489 0.7516 0.7415
1a0 RMSE 1.0155 1.0526 1.0193 1.0034 0.9849 0.9802
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