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The application of artificial intelligence technology in orthopedics
Yao Wuyi, Zhao Jingxin *
Affiliated Hospital of Chengde Medical University, Chengde, Hebei 067000

Abstract : This review, by consulting relevant domestic and foreign literature, summarizes the application
progress of artificial intelligence technology in orthopedics and looks forward to its application
prospects in clinical practice. At present, machine learning has been widely applied in the field of
orthopedics, including fracture image recognition and diagnosis, orthopedic clinical decision-
making and evaluation, perioperative and prognostic risk prediction, etc. These applications
demonstrated strong performance and high accuracy. However, the development and clinical
application of machine learning in orthopedics still face some challenges, such as insufficient
database samples, privacy and confidentiality of processed data, poor interpretability, and
individualized differences. With the increase in clinical sample size and the improvement of
algorithm performance, artificial intelligence has broad application prospects in the field of
orthopedics in disease diagnosis, perioperative guidance and decision—-making, postoperative risk
assessment, and the rational allocation of clinical resources.
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