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Diagnostic Classification of Chest X-Rays Pictures with Deep Learning Using Eye Gaze Data
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Automatic diagnosis of chest X-ray pictures with deep learning has been extensively studied in recent years. In order to
improve the accuracy, it is important how to input small localized areas which are disease specific while at the same time using
the information that can be obtained by the whole picture. We considered that human eye-gaze fixations can be a biomarker
that indicates areas specific to disease. In this study, we propose a deep learning model utilizing eye-gaze data. We demonstrate
that the classification shows the better accuracy on using eye-gaze data of experienced doctors than eye-gaze data of non doctor

or non-use of eye-gaze information.
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Table 1 | HHERH OWIRT —ZBL BT LT LD L.

Non doctor Doctor

Model A B C D E F G H I J
Actual Accuracy™ 0.770 0.750 0.530 0.620 0.540 { 0.830 0.860 0.740 0.780 0.850
2 Hierarchies™? 0818 0814 0814 0824 0829 { 0.856 0.827 0.837 0.820 0.856
3 Hierarchies™? 0829 0800 0.810 0827 0.800 { 0863 0.802 0.795 0.760 0.898
4 Hierarchies™? 0.789 0.784 0.780 0801 0.687 { 0.882 0.834 0.760 0.769 0.859
5 Hierarchies™? 0.770 0.751 0.758 0.832 0.658 { 0.866 0.798 0.789 0.776 0.870
Baseline™? 0.836
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