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Long-tail Recommendation Method Incorporating Social Influence
Diffusion Model
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Abstract: In recommendation systems, the long-tail distribution of user ratings and interaction frequencies poses challenges for ex-
tracting the features of long-tail items. Existing methods either overly focus on tail items while neglecting their connections with
head items or disregard the influence of social networks on user preferences, thereby impacting recommendation performance. To ad-
dress these issues, this paper proposes a novel long-tail recommendation model called LoSidi (Long-tail Recommendation Method
Incorporating Social Influence Diffusion). Firstly, for each user, the model aggregates samples of social neighbors at various layers
and integrates these with the popular items the user has interacted with to generate user interest embeddings. Secondly, the potential
features of long-tail items are mined by calculating the similarity between long-tail items and the head items the user has interacted
with. Finally, the LoSidi model establishes links between users and long-tail items, predicting scores and generating recommenda-
tions for these items. Experimental results on widely-used datasets demonstrate that the proposed model significantly improves the
novelty and diversity of users' recommendation lists.
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Fig. 1 Representation of the long-tail distribution of items
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Fig. 2 Model framework diagram of the LoSidi
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Fig. 3 User social matrix to social network diagram
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Table 2 The impact of different dimension sizes on the

algorithm's performance

BHtE  HED Novelty Diversity MAE  RMSE
16 6.023 0.169 0.669 0.864

FilmTrust 32 6.867 0.234 0.660 0.856
64 7.004 0.302 0.651 0.843

16 8.569 0.385 0.882 1.131

Epinions 32 8.783 0.441 0.869 1.125
64 8.896 0.489 0.859 1.119

16 6.549 0.531 0.765 1.132

Flixsterl 32 6.624 0.596 0.754 1.079
64 6.773 0.656 0.733 1.024

16 6.591 0.259 0.771 1.145

Flixster2 32 6.630 0.296 0.759 1.086
64 6.779 0.386 0.787 1.108
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Table 3 The impact of different diffusion depths on the

algorithm's performance

HL
Bl s - ; Novelty — Diversity MAE  RMSE
HEK
1 6.546 0.232 0.654 0.860
FilmTrust 2 7.102 0.305 0.645 0.830
3 6.764 0.288 0.661 0.854
1 8.643 0.405 0.871 1.124
Epinions 2 8.945 0.506 0.851 1.105
3 8.759 0.483 0.869 1.116
1 6.597 0.685 0.801 1.112
Flixsterl 2 6.874 0.732 0.721 0.985
3 6.769 0.709 0.787 1.103
1 6.610 0.311 0.809 1.118
Flixster2 2 6.874 0.398 0.723 0.991
3 6.788 0.369 0.797 1.113
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