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Differences in the accuracy of predicting the length of hospital stay by
the type of MRI images
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Early and objective prediction of prolonged hospital stay is important. The purpose of this study was to
investigate the effect of the type of MRI imaging on the accuracy of predicting prolonged hospitalization.
We used SqueezeNet, a pre-trained convolutional Neural Network Architectuer. MRI images were
transverse images of contrast-enhanced T1-weighted images, FLAIR and T2-weighted images. The MRI
image size was 227*227*3 and the images were randomly set to be 80% for Training and 20% for
Validation. Accuracy was 0.833 for T2-weighted images, 0.833 for contrast-enhanced T1-weighted
images, and 0.916 for FLAIR images, respectively. There were differences in the accuracy of predicting
prolonged hospitalization by MRI image type. Precision was 0.67 T2-weighted images, 0.67
contrast-enhanced T1-weighted images, and 0.75 FLAIR images, respectively; Recall was 0.50
T2-weighted images, 0.67 contrast-enhanced T1-weighted images, and 1.00 FLAIR images, respectively.
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3.1 Network Architectuer
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