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Abstract: Osteoporosis is a disease in which the risk of bone fractures increases due to a decrease in hone density
caused by aging. Osteoporosis is diagnosed by measuring bone density in the total hip, femoral neck, and lumbar
spine. To accurately measure bone density in the lumbar spine, the vertebral region must be segmented from the
lumbar X-ray image. Deep learning-based automatic spinal segmentation methods can provide fast and precise infor-
mation about the vertebral region. In this study, we used 695 lumbar spine images as training and test datasets for
a deep learning segmentation model. We proposed a lumbar automatic segmentation model, CM-Net, which combines
the center point of the spine and the modified U-Net network. As a result, the average Dice Similarity Coeffi-
cient(DSC) was 0.974, precision was 0.916, recall was 0.906, accuracy was 0.998, and Area under the Precision-Recall
Curve (AUPRC) was 0.912. This study demonstrates a high-performance automatic segmentation model for lumbar
X-ray images, which overcomes noise such as spinal fractures and implants. Furthermore, we can perform accurate
measurement of bone density on lumbar X-ray images using an automatic segmentation methodology for the spine,
which can prevent the risk of compression fractures at an early stage and improve the accuracy and efficiency of oste-
oporosis diagnosis.
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Fig. 2. Overall flowchart of the proposed model
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Table 1. Comparison of the result for several segmentation networks

Metric
Networks —
DSC Accuracy Precision Recall AUPRC
U-Net 0.945 0.996 0.854 0.892 0.873
Modified U-Net 0.965 0.996 0.895 0.867 0.892
CM-Net 0.974 0.998 0.916 0.906 0.912
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W Aol mal 7he] Hlmss PR Az ) pe—
Table 2. Comparison of the Confidence Intervals (CI) of the \\ -
average Dice Similarity Coefficient (DSC) among multiple 081 ‘\\
models and non-parametric correlation analysis between \\
the models \\\
_ 06 o
Networks Mean DSC p-value 2 M
0.945 £ 04
U-Net (95% CI, 0.958~0.972)
. 0.965
Modified U-Net (95% CL, 0.956~0.976) <0.001 029 .
0.974 —-= Modified U-Net, AUPRC=0.892
CM-Net (95% CI, 0.967~0.981) 004 U-Net, AUPRC=0.873
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Table 3. Comparison of performance between the proposed model and previous studies based on the spine view

Metric
Models Spine View
DSC Precision Recall Accuracy
Pose-net+M-net+Level set [8] Lumbar spine 0.916 0.846 0.901 -
MDR2-UNet[6] Lumbar spine 0.929 - 0.937 0.992
CM-Net (Ours) Lumbar spine 0.974 0.916 0.906 0.998

CM-Net (Ours) Thoracic spine 0.836 0.912 0.801 0.982
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