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Abstract In supporting semantic Web,knowledge graphs have played an important role in many areas such as search engine,in-
telligent question-answering system,and recommender system. Therefore,they have become a hot topic in the field of artificial in-
telligence. Knowledge graphs have many advantages in graph display, mining,and computing,which can help enterprises or finan-
cial practitioners analyze and make decisions on business scenarios. At present,some companies have applied knowledge graphs in
the financial domain,but these knowledge graphs still suffer from incompleteness. And most existing methods only focus on cer-
tain aspects when building financial knowledge graphs. Aiming at these problems above, this paper engages a systematic study on
the domain knowledge graph and construct an enterprise risk knowledge graph. This paper describes the construction process of
domain knowledge graph from the aspects of ontology construction, knowledge extraction, knowledge fusion,and knowledge stor-
age. Based on the enterprise risk knowledge graph,an intelligent question-answering chatbot is developed to realize the retrieval
and application of KG. In order to improve the accuracy of the question answering system.a character-based BILSTM-CRF model
for named entity recognition is used. Experimental results show that the character-based BiLSTM-CRF model performs better

than the baseline when the sample size is small.

Keywords Knowledge graph, Enterprise risk,Ontology, Knowledge extraction, Knowledge fusion, Question-answering system
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Table 2 Experimental results on entity alignment

Algorithm Accuracy Recall F1
word-basedMal.STM 0.7853 0.8734 0.8382
character-basedBiILSTM 0.8221 0.9775 0.8852
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Table 3 Experimental results on named entity recognition
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Model Accuracy Recall F1
BILSTM 77.01 81. 86 78.90
BiLSTM+ CRF 87.12 86.75 87.02
Char-BiLSTM+ CRF 88. 32 87.56 88. 18
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