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Research on the construction and data processing of knowledge graph
for Guangxi intangible cultural heritage
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(1 College of Electronic Information, Guangxi Minzu University, Nanning 530006, China;
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Abstract; Intangible cultural heritage represents the cultural history of a region and is an important component of traditional Chinese
culture. Meanwhile, it is also a precious asset of human civilization, and has irreplaceable historical and cultural value. For the
preservation of cultural diversity, the protection and inheritance of intangible cultural heritage are of paramount importance.
However, in the current online environment, there are issues with the disorderly and unclear structure of Guangxi’s intangible
cultural heritage information. To address this problem, systematic collection of Guangxi’s intangible cultural heritage information is
conducted using Python Web scraping technology. By applying natural language processing models, especially named entity
recognition and relationship extraction techniques, the unstructured information within intangible cultural heritage is transformed into
structured data, followed by careful organization and cleansing of this data. Ultimately, leveraging the powerful information
integration and representation capabilities of knowledge graph technology, a well — structured knowledge graph for Guangxi ‘s
intangible cultural heritage is successfully constructed.
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Table 1 Common HTTP status codes
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Fig. 1 Structured intangible cultural heritage information
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Fig. 2 Structured inheritor information

B3 FEEmiIEsiER

Fig. 3 Unstructured intangible cultural heritage information
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Fig. 4 Unstructured inheritor information
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Table 2 Comparison of mainstream image databases
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Table 3 Entity labels and entity types
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Table 4 Relationship and meaning between entities
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Fig. 6 Entity nodes and relationships between entities
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