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[ Abstract] Objective

2097-1826(2024)12-0043-05

To review the research hotspot and future trends in the construction of clinical decision
support system based on a knowledge graph in the last 10 years,and to provide reference for clinical medical work-
ers to apply information technology to their work.Methods CiteSpace software was used to analyze the literature in
the core Web of Science collection database,including the annual number of publications, countries, institutions, ci-
ted journals.and keywords.Results 114 articles were finally included, with the largest number of published papers
in China (52 articles,accounting for 45.61%).3 research hotspots were obtained,including the data foundation of
knowledge graph construction, technology and method of construction,and practical application.Future research was
to focus on ontology,disease, precision medicine, machine learning, databases,and knowledge representation.Conclu-
sions More scholars are engaged in the research of CDSS construction based on knowledge graphs in order to pro-
vide reference for managers to promote informatization in hospitals.
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natural language processing 2020
system 2021
prediction 2022
traditional chinese medicine 2022

clinical decision support 2014
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knowledge graph 2020 287 2023 2024
ontology 2016 1.54 2023 2024
disease 2017 1.54 2023 2024
precision medicine 2023 1.2 2023 2024
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database 2016 1.09 2023 2024

knowledge representation 2014 1.04 2023 2024
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