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[Abstract] Degenerative cervical myelopathy (DCM) is a group of diseases caused by cervical spine degeneration that
compresses the spinal cord. It is a major cause of spinal cord dysfunction in adults, and its incidence is increasing globally. In the late
stage, DCM could lead to paralysis due to spinal cord injury, which makes rapid, effective, and accurate medical diagnosis clinically
significant. Deep learning (DL) technology can assist physicians in the rapid and accurate diagnosis of DCM by analyzing and
processing a large amount of imaging data to extract features of the affected regions. In recent years, DL algorithm models have been
leveraged for DCM-related research, which has become a focal point of intelligent medical development. In this review, domestic and
international literature is surveyed, and the research progress and application of DL technology in the auxiliary diagnosis and
prognosis evaluation of DCM are systematically summarized, aiming to provide a reference for intelligent diagnosis in clinical practice.
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Tab.1 Related studies on using deep learning (DL) models to assist in the diagnosis of different types of degenerative cervical myelopathy
(DCM)
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Tab.2 Prognostic evaluation of degenerative cervical myelopathy (DCM) using deep learning (DL) models
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