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Abstract ; Traditional Chinese medicine( TCM) is an integral part of traditional medicine in China,with a rich theoretical ba-
sis and valuable practical experience. However,the advancement of TCM necessitates diverse tools to support its intelligent devel-
opment. With the rapid advancements in natural language processing technology and artificial intelligence ,the application of large
language models(LLMs) has garnered widespread attention in the field of medical health. This paper focusedon exploring the po-
tential application of LLMs in the field of TCM, aiming to provide insights for intelligent research and practice in this domain.
Firstly, it provided an overview of the development of LLMs in medicine,introduced the concept and development history of such
models ,and presented the current research status in the biomedical field. Subsequently,the paper delved into the potential appli-

cation of large language models in TCM, considered associated risks and challenges, and provided recommendations to address

these issues. Finally,it outlined the future development direction of large language models in the field of TCM.
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