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[ Abstract]

graphs and evaluate its efficacy and clinical value on multi-center datasets. Methods: A total of 2600

Objective: To develop a deep learning model for detecting tuberculosis on chest radio-

chest radiographs from three hospitals were collected retrospectively, and a RetinaNet architecture-
based convolutional neural network was proposed for the detection of tuberculosis. The chest radio-
graphs were randomly divided into training, validation and internal testing datasets. Two public data-
sets (ChinaSetand and MontgomerySet) and an independent dataset from The Third People’s Hospital
of Shenzhen were used for external testing. The repeatability and reproducibility of the deep learning
model was confirmed through clinical validation.Results: The deep learning model had an AUC of 0.967
in the internal testing dataset,and showed good robustness with AUCs achieving 0.95,0.93 and 0.976
in the ChinaSet,MontgomerySet and the independent testing dataset from The Third People’s Hospital
of Shenzhen. The clinical study demonstrated excellent repeatability and reproducibility of the deep
learning model.Conclusion: The deep learning model showed good performance in detecting tuberculosis on
chest radiographs,which could be used as a potential tool for assisting clinical decision.
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