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Advances in machine learning models for cervical spondylosis

YANG Wentong, ZHAO Jirong, XUE Xu, MA Dong, ZHAO Rui, LIU Junhao, MA Bogian
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Abstract: The diagnosis, treatment, and prognosis evaluation of cervical spondylosis are challenging in clinic. Machine
learning (ML) models can improve the accuracy and efficiency of cervical spondylosis diagnosis by processing complex
clinical data, assist in selecting more precise treatment plans, and evaluate prognosis. Through the domestic and foreign
literature review on the application of ML models in cervical spondylosis in recent years, the study classifies and summarizes
the relevant models applied in the diagnosis, treatment, and prognosis evaluation of cervical spondylosis, introduces classic
algorithms such as random forest, as well as new algorithms such as convolutional neural networks, deep neural networks and

long short-term memory networks, aiming to provide reference ML solutions for various stages of cervical spondylosis

diagnosis and treatment.
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