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[ Abstract] Objective To explore the application status and development trend
of machine learning in the field of pharmacovigilance worldwide, and to provide reference
for the research on the application of machine learning in the field of pharmacovigilance.
Methods Relevant literature was searched in the Web of Science with the key words of

"machine learning" and "pharmacovigilance" from the inception to March 1, 2023. R
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language and other software were used to quantitatively analyze the literature data in this
field. The clustering, co-occurrence and emergence visual analysis were carried out on the
characteristics of annual published papers, institutions, countries, keywords and other
aspects. Results A total of 904 literature were included. The number of literature published
showed a fluctuating upward trend since 1994. There was cross-regional, cross-regional and
cross-agency cooperation among the cooperative network institutions. The top 5 countries
in the number of publications were the United States, China, Japan, South Korea and India,
China and the United States had relatively close cooperation in this field. Signal detection,
social media and electronic health records were high-frequency keywords in this field.
Clustering and association rule analysis showed that this field focused on three aspects signal
recognition, unstructured text mining and analysis, and processing and analysis of electronic
medical information. At present, machine learning has made significant progress in signal
recognition, social media information mining, and unstructured text processing of electronic
medical information, which broaden the data sources of pharmacovigilance, improve the
real-time monitoring ability of adverse drug reactions, bringing innovation impetus to the
field of pharmacovigilance. Conclusion The rapid development of big data and artificial
intelligence technologies has led to an increasing integration of machine learning into the
field of pharmacovigilance, which promotes technical exchanges and cooperation and cross-
disciplinary integration. It is necessary to optimize each machine learning algorithm to
improve its accuracy and stability in pharmacovigilance, strengthen the protection measures
of data privacy and security to ensure the safety of patient information. Integrating expertise
in the fields of science, medicine, and data statistics with a view to promoting technological

progress in the field of pharmacovigilance.
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