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Classification and Prediction of Spine Diseases Based on
Deep Residual Network

LI Da-zhou,ZHANG Shi-rui, GAO Wei
(School of Computer Science and Technology , Shenyang University of Chemical Technology , Shenyang 110142, China)

Abstract; Spinal degeneration disease,the most common disease in spinal surgery,has become a problem for the old and even the young
people. Magnetic resonance imaging,as a non—invasive examination method, is clinically used in the diagnosis of spinal diseases due to
its advantages of good soft tissue imaging, no radiation, high specificity and sensitivity to musculoskeletal diseases. Therefore, we propose
a deep residual network based artificial intelligence classification model for MRI images of spinal diseases, which can help doctors to
realize early screening of spinal degenerative diseases and help patients to get correct and effective treatment as soon as possible.
According to the experimental results, the proposed model can not only obtain a higher recognition rate of spinal diseases than the
traditional neural network deep learning algorithm, but also improve the computational efficiency by 35% to 85% and save more than
70% of the memory. This enables the algorithm to be suitable for mobile terminals with limited resources and medical scenarios with
high latency requirements.
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