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[Abstract] Artificial Intelligence (AI) technology is now widely used in the medical field. By assist-
ing clinical diagnosis and treatment through artificial intelligence, it can not only improve clinicians' efficien-
cy and reduce workload, but also provide safe and effective protection for patients, bringing great impact to
the diagnosis, treatment and rehabilitation of clinical diseases.The diagnosis of most diseases in orthopaedics
requires the support of imaging evidence. Al technology is now becoming more and more perfect in image
recognition, and with the clinical application of orthopaedic artificial intelligence diagnosis technology in re-
cent years, its development prospects and the importance of future research are self-evident.In this paper, we
review the application and research progress of Al technology in orthopedic field diagnosis in recent years to
understand the application and future development trend of Al technology in orthopedic field diagnosis, in or-
der to promote the further integration and development of Al technology and orthopedic field.
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