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Large public chest X-ray datasets have catalyzed the
use of deep learning for chest X-ray classification.
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o Certain regions are important for multiple labels
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systematically compared radiologist eye gaze to saliency maps
produced from deep learning models for chest X-ray classification.
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Models: DenseNet!*! and DenseNet-Aug
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Average similarity (SSIM scores) of DenseNet and DenseNet-Aug saliency maps vs. radiologist eye gaze data,
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loss functions:
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FUTURE WORK

Saliency Methods: gradient wrt input (SL), GradCAM (GC), DeepLift
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(DL), Layer Conductance (LC), Gradient SHAP (GS), SmoothGrad (NT) among “correct” ({d) and “incorrect” (X) predictions:
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Qualitative comparison of all six saliency methods vs. ground truth method 2 X Y % X v X X e Collect more eye gaze data
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