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Abstract: In the information age, the amount of data is growing exponentially. However, different data sources are
heterogeneous, which makes it inconvenient to share and multiplex data. With the rapid development of semantic
network, ontology mapping is an effective method to solve this problem. The core of ontology mapping is ontology
similarity calculation. Therefore, a calculation method based on graph convolution network was proposed. Firstly,
ontologiesare modeled as a heterogeneous graph network, then the graph convolution network was used to learn the
text embedding rules, which made ontologies were definedin global unified representation. Lastly, multisource data
fusion was completed. The experimental results show that the accuracy of the proposed method is higher than other
methods, and the accuracy of multi-source data fusion was effectively improved.
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Figure 2 The process diagram of similarity calculation method
multisource ontology based on graph convolution network
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Table 2 Comparison of similarity results of different calculation methods for test samples
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