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Development of a ResNet-based CADx software for classification diagnosis in chest X-ray images
ZHANG Xiao-dong,SUN Zhao-nan,REN Xin,et al. Department of Radiology, Peking University First
Hospital, Beijing 100034 ,China

[Abstract] Objective: To evaluate the feasibility of residual deep neural network (ResNet) based
deep learning model in the differentiation between "no significant finding" and "any significant find-
ing" cases in chest X-ray (CXR) images. Methods: From January 1 2017 to July 1 2018,a consecutive
cohort were retrospectively collected in this study. All the images were divided into the "no significant
finding" group (defined as no significant finding was detected and reported) and the "any significant
finding" group (defined as any significant findings that were detected or reported). Finally,9765 cases
were collected in "no significant finding" group and 9956 cases were collected in "any significant find-
ing" group. The ResNet 152 (152 layers) was used as the framework of the binary classification model
and the Grad-CAM (gradient class activation maps) was used to generate model activation heating
maps. The cohort was randomly divided into training (70%), validation (20%), and testing dataset
(10%). The results obtained in testing dataset was considered as the performance of the model. Re-
sults:In the testing dataset, 1018 cases were classified as "any significant finding", while 995 cases
were classified as "no significant finding". The precision, recall and Fl-scores were 0. 885 vs 0. 894,
0. 898 vs 0. 880 and 0. 891 vs 0. 887, respectively in terms of two group (any significant finding vs no
significant finding). The areas under ROC (AUC) were both 0. 96. Conclusion; The CXR binary classi-
fication model could be useful in the prediction of "no significant finding" and "any significant finding"
for CXR images.
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Use case; Structured report
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