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[Abstract] Deep learning (DL), as a branch of artificial intelligence, is the mainstream artificial intelligence recognition
method for image, voice and language. In recent years, it has attracted more and more attention in the medical field. The DL
technique characterizes and analyzes the original features of a particular large amount of data. By using a multi-layered machine
learning model, it simulates the activity of neurons in the brain and finally the computer outputs a single diagnosis. With reference to
related research findings in China and foreign countries, this paper introduces the advances of its development and application in the
diagnosis and treatment of spinal degenerative diseases such as lumbar disc herniation and cervical spondylosis, as well as its future
prospetive.
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Tab.2 Related researches on predicting the postoperative outcomes of cervical and lumbar spine diseases using machine learning

or deep learning models
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