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Abstract: Early screening and fracture risk assessment for osteoporosis urgently require efficient and cost-effective schemes. In recent

years, the rapid development of artificial intelligence (Al) technology in the medical field has brought new opportunities for early screening
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and diagnosis of osteoporosis. This paper reviewed the research progress of Al technology in early screening and diagnosis of osteoporosis ,

and systematically introduced the applications of machine learning, deep learning, and computer vision in bone mineral density analysis,

image recognition, risk prediction, and clinical decision support. Meanwhile, this paper discussed the major existing challenges in current

research, including data quality, algorithm interpretability, clinical integration, and ethical regulation, and provided perspectives on future

development directions. Al technology is expected to improve screening efficiency and diagnostic accuracy of osteoporosis ; while its clinical

translation and application still require multidisciplinary collaboration and further validation.
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