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A convolutional neural network (CNN) in medical images achieved high accuracy of a detecting lesion and diagnosis compare to a
computer aided diagnosis (CAD) but difference between accuracies of each sites is not verified. This study aims to clear a difference of
accuracy about sites of X-ray images stored in a picture archiving and communication system (PACS) toward optimization of training
CNN in medical images. We defined ten classifications: 1)Waters (W), 2)Paranasal sinus (Ps), 3)Right elbow (RtE), 4)Left elbow (LtE),
5)Right knee (RtK), 6)Left knee (LtK), 7)Chest of twenties male (C20M), 8)Chest of twenties female (C20F), 9)Chest of sixties
male(C60M), and 10)Chest of sixties female(C60F). And 15,000 images were extracted from augmentation of 3,936 X-ray images in
the PACS. Finally, 12,000 and 3,000 images were used for training and tests of CNN developed by NEC Ltd. Our CNN achieved the
accuracies of 100%: W, Ps, RtK, LtK and RtE. In contrast, the accuracies of LtE, C20M, C20F, C60M, and C60F were 99.3%, 96.3%,
98.0%, 98.0% and 99.0%. The results of this study indicated that the classifications of age or sex in chest X-ray images were more
difficult than that of the other sites.

Keywords: Deep learning, Convolutional Neural Network(CNN), Picture archiving and communication system(PACS), X-ray images,
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