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Constructing an automated prediction model for osteoporosis
based on chest radiographs: A multicenter study
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[Abstract] Objective To construct an automated prediction model for osteoporosis (OP) based on chest radiographs.
Methods A total of 4 542 patients from 3 hospitals (1 700 OP and 2 842 non-OP) were retrospectively enrolled. Deep
learning (DL) model, clinical model and combined model for predicting OP were constructed. DL model adopted a hybrid
architecture combining ResNet-18 and Transformer, and extracted local and global features based on a 6 X 6 grid image
block partitioning strategy. The efficacy of these models for predicting OP were evaluated according to indicators such as
the area under the curve (AUC) of receiver operating characteristic curve, accuracy and F1 score, while their clinical net
benefits were observed through decision curve analysis, and Grad-CAM heatmap was used for visual interpretation. Results

AUC of DL model for predicting OP in internal test set and external test set 1 and 2 was 0.917, 0.897 and 0. 921,
respectively, of clinical mode was 0. 839, 0. 759 and 0. 532, of combined model was 0. 919, 0. 896 and 0. 919, respectively.
AUC of combined model was higher than that of clinical model in all sets, also higher than that of DL model in internal test
set. The clinical net benefits of both DL model and combined model were higher than that of clinical model. Grad-CAM
visualization showed that DI. model mainly focused on the bony areas in chest X-rays. Conclusion Automated prediction
model based on chest radiographs could be used to effectively predict OP, which had good generalization ability.
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