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Diagnostic and application of artificial intelligence in musculoskeletal system imaging
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[ Abstract ] At present, artificial intelligence technology has developed rapidly in the research and application of the medical
field. Medical imaging is also one of the important application directions of artificial intelligence in the medical field. Al has been suc-
cessful in assessing bone age in children, detecting fractures, and assessing the severity of osteoarthritis on X-rays, and recent studies
have demonstrated the feasibility of using Al to identify various pathological abnormalities on CT and MRI, including metastatic disea-
ses, internal disorders, fractures, infections and joint degeneration. This paper mainly summarizes the diagnosis and application of arti-
ficial intelligence in bone and muscle system imaging.
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