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Recommendation model for intangible cultural heritage
based on graph neural network
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Abstract; To address the challenges in intangible cultural heritage (ICH) recommendation systems, specifically the difficulty in
capturing user preferences and insufficient content information mining, this paper proposes a residual graph neural network
recommendation model based on an improved attention mechanism (GNN-AR). The model leverages a graph attention network to
capture users’ latent interest preferences, enabling more precise modeling of the relationships between users and ICH content. A text
extractor is employed to effectively extract textual content information from ICH, thereby enhancing the understanding of content
characteristics. To further improve the model’ s expressiveness, a residual connection mechanism is introduced to capture the
complex interactions between user behavior and content features, preventing information degradation in deep networks and ensuring
the effective transmission and fusion of feature information. To validate the effectiveness of the proposed model, experiments were
conducted on three datasets. The results demonstrate that the GNN—-AR model outperforms existing mainstream recommendation
methods in capturing user preferences and mining ICH content information. Additionally, the model shows significant improvements
across multiple evaluation metrics, verifying its potential for application in ICH recommendation systems and providing new insights
and methods for the digital protection and inheritance of ICH.
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Fig. 1 GNN-AR Model Framework
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Table 1 Detailed information of the evaluation dataset

DataSet User Item Interaction
Yelp 161 305 114 852 957 923
Books 59 703 52 802 765 308
FeiYi 2 165 1473 41 226
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Table 2 Comparison of GNN-AR model results on the Yelp dataset

Yelp
Methods
HR@10 HR@20 NDCG@10 NDCG@ 20
STGCN 0.2222  0.3083  0.164 2 0.193 1
GCMC 0.2349 0.3220 0.170 4 0.202 2
NGCF 0.2357 0.3272 0.1742 0.203 7
GCCF 0.2363 0.3283 0.1783 0.203 3
LightGCN 0.2427 0.3405 0.1819 0.210 4
KGAT 0.2433 0.3342 0.1831 0.215 1
HGAT 0.2421 0.3339 0.1877 0.216 5
GNN-AR 0.2517 0.3431 0.1891 0.220 4
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Table 3  Comparison of GNN - AR model results on the Books
dataset
Books
Methods
HR@10 HR@20 NDCG@10 NDCG@ 20
STGCN 0.0742 0.1151 0.0365 0.046 6
GCMC 0.076 1 0.1175 0.0373 0.047 4
NGCF 0.0665 0.1032  0.0327 0.041 8
GCCF 0.0806 0.1185 0.038 4 0.050 5
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Table 4 Comparison of GNN — AR model results on the FeiYi
dataset
FeiYi
Methods
HR@10 HR@20 NDCG@10 NDCG@ 20
STGCN 0.0966 0.1547 0.164 3 0.196 2
GCMC 0.1014 0.1625 0.168 1 0.199 4
NGCF 0.1082 0.1672 0.176 0 0.205 5
GCCF 0.1151 0.1738  0.179 4 0.208 4
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KGAT 0.1210 0.1819 0.1807 0.2112
HGAT 0.1218 0.1823 0.1813 0.2123
GNN-AR 0.1230 0.1839 0.1832 0.214 9
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Fig. 4 Comparison of evaluation metrics performance
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