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Prediction of Extended Hospital Stays Using a Deep Learning Algorithm
Based on MR Images
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*1 Dep.of Radiological Technology, Faculty of Fukuoka Medical Technology,

Teikyo University *2 Dep.of Medical Informatics,Kagoshima University Medical and Dental Hospital
*3 Kagoshima University Graduate School of Medical and Dental Sciences

The long-term hospitalization is a cause of increasing medical costs. If it is possible to objectively predict the
long-term hospitalization at an early stage, in advance measures that can be. In this study, we investigated whether a
deep learning algorithm could be used to predict long-term hospitalization based on patient MR images. Datasets of
the target patient were obtained by surgery in brain tumors during the period from April 1, 2017 to March 31, 2018.
MR image of transverse was T2-weighted image. We use the Neural Network Toolbox Model of matlab is a soft
made of Mathwork Corporation. We used Alexnet and SgeezeNet as transfer learning. Evaluation was performed
using accuracy. Machine learning was used to predict the length of hospitalization using patient information. The
discriminator was RUSboot. As a result of transfer learning by Alexnet, accuracy was 0.750 and SgeezeNet was 0.833.
Accuracy of RUSboo was 0.689. In the future, we need to consider in order to obtain better accuracy.
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