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[ Abstract] Objective To review the research hotspots and frontiers in the application of clinical decision
support systems (CDSS) for stroke patients from 2014 to 2024 ,aiming to provide references for healthcare
professionals in promoting stroke prevention and treatment.Methods CiteSpace visualization analysis soft-
ware was used to analyze literature from the Web of Science Core Collection database,covering annual pub-
lication volume, countries,institutions, co-cited journals, keyword clustering,and burst detection. Results
A total of 1,681 articles were included in the analysis. The United States contributed the most publications
(633 articles,37.66 %), followed by China (247 articles,14.69%).Harvard Medical School was the most
prolific institution (55 articles,3.27%),and “Stroke” was the most frequently co-cited journal. Research
hotspots included CDSS-assisted stroke risk assessment and early warning,acute stroke treatment and in-
hospital management, and rehabilitation and long-term prognosis. Future research will focus on machine
learning-based dynamic prediction models, multimodal data fusion for rapid diagnosis,and Al-based adap-
tive decision systems. Conclusions Research on CDSS in stroke prevention and treatment demonstrates
a full-cycle technical assistance model of “risk warning-precision treatment-rehabilitation management.”
Future efforts should strengthen the optimization of Al technologies in stroke care,so as to provide data-
driven decision support for clinical practice.
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