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Preliminary study on CT application of deep convolutional neural network in automatic diagnosis of rib
fractures

MENG Xiang—hong', WU Di—jia’, MA Xin-long’, LIU Ai-e’

(1. Department of Radiology,Tianjin Hospital, Tianjin 300211, China;2. Shanghai United Imaging Intelligence Co.,Ltd.,Shanghai
201210, China; 3. Department of Orthopedics, Tianjin Hospital , Tianjin 300211, China )

Abstract Objective: To explore the role of deep convolution neural network(DCNN) model in the automatic location and diagnosis rib
fractures on chest CT images. Methods:The images of 2 300 patients who underwent chest CT examinations because of initial thoracic
trauma were enrolled retrospectively,300 cases were enrolled as test set. The DCNN model composed of segmentation network ,key point
detection network and fracture detection network,were used to train and validate the location and diagnosis of rib fractures. Taking the
diagnosis of senior radiologists as the gold standard, x* test and One-way ANOVA were used to compare the accuracy rate,recall rate, F1
score and the diagnosis time of junior radiologists, DCNN model and junior radiologists assisted by DCNN model in the diagnosis of rib
fractures. The number of false positive and false negative cases diagnosed by DCNN model was counted. Results: A total of 797 rib
fractures were found in the chest CT images of the test set. There were 22 false positive cases and 62 false negative cases in DCNN model.
The accuracy rate (}*=8.85,P=0.012 )and the recall rate (y*=43.2, P<0.001 )among the junior radiologists, DCNN model and junior
radiologists assisted by DCNN model had significant differences. The accuracy of rib fractures diagnosed by junior radiologists (94.2% ) was
lower than that of DCNN model (97.1%). With the assistance of DCNN model , the diagnostic accuracy of junior radiologists increased
(96.4% ). There was no significant difference between the accuracy of DCNN model and that of junior radiologists assisted by DCNN model
(96.4% ). The recall rate of rib fractures diagnosed by junior radiologists (84.8% ) was lower than that of DCNN model (92.2% ). The recall
rate of rib fractures of junior radiologists assisted by DCNN model was increased dramatically (94.0% ). The average diagnosis time of junior
radiologists was(155.0 £31.9)s, while that of DCNN model was only(4.8 1.4 )s. With the aid of DCNN model, the diagnosis time of doctors
could be shortened to(40.6+7.0)s, there was significant difference among the three groups(F=328.1,P<0.001). Conclusion: The DCNN

model can accurately locate and diagnose rib fractures on chest CT images, significantly shorten the time of diagnosis, and reduce the rate of
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missed diagnosis and misdiagnosis.
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