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Application and Challenges of Large Language Models and Mul-
timodal Models in Clinical Medicine

ZOU Yuan, TAN Yuping "
(The Second Affiliated Hospital of Guangxi Medical University, Nanning, Guangxi,530007 ,China)

Abstract ; Large Language Models (L1LMs) and Multimodal Models (MMLs) integrate text,images,and audio
data to provide innovative technical support for clinical diagnosis,personalized treatment,and chronic disease
management. The technical foundations of LLLMs and MMLs and their applications in clinical medicine,inclu-
ding clinical diagnosis and decision support,personalized treatment,and chronic disease management,are sys-
tematically reviewed. The potential and limitations of LLLMs and MMLs in enhancing diagnostic accuracy,op-
timizing treatment plans,and improving patient health management are explored. Furthermore, the technical
challenges faced by LLLMs and MMLs in the medical domain,such as limited generalization capability,issues
with interpretability and transparency,risks related to privacy protection and data security,and compatibility
challenges with existing medical systems,are examined. These challenges are highlighted as key barriers to
the implementation and widespread adoption of these technologies. Finally,the future directions in model op-
timization,data integration, privacy protection are prospected,and it is proposed that technological innovation
and multidisciplinary collaboration are needed in advancing the application of Artificial Intelligence (AI) in
medicine. The paper provides a reference for improving healthcare service efficiency and quality.

Key words: Large Language Models (LLMs) ; Multimodal Models (MMJLs) ; clinical big data;clinical decision

support; personalized medicine
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