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[Abstract] With the rapid development of deep learning (DL) technology, its potential applications in the medical field have
become increasingly prominent. As a refractory disease, osteonecrosis of the femoral head (ONFH) has certain limitations in
traditional diagnostic and therapeutic approaches. The application of DL technology is expected to overcome these limitations and
improve diagnosis and treatment outcomes. At present, the applications of DL models - including enhancing image clarity, improving
diagnostic accuracy and efficiency, conducting prognostic evaluations, optimizing preoperative planning, assisting intraoperative
imaging, and customizing personalized treatment plans - have fully demonstrated their tremendous potential in the diagnosis and
treatment of ONFH. This review summarizes the current application status of DL in ONFH diagnosis and treatment, aiming to
provide references and insights for future related research.
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Fig.1 Artificial neural network structure and classification
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Tab.1 Comparison of advantages, disadvantages and application scenarios of major DL model architectures in ONFH diagnosis and treatment
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