Multimedia Appendix-1: Establishing a Baseline for CXR Pathology Detection with ResNet-152   
Table 1 presents the ResNet-152’s ROC AUC on detecting CXR pathologies on the test dataset of Chest X-ray 14, along with the results of recent studies on the same dataset. The results have suggested that the performance of the ResNet-152 classifier, as measured by ROC AUC, aligns closely with the median performance across recent studies. The ResNet-152 outperformed the median performance of recent studies on twelve out of fourteen pathologies. Consequently, we select ResNet-152 as our baseline model and as the CNN backbone for our interpretable NPT model. By comparing our NPT model with the baseline ResNet-152, we can study the impact of interpretability on performance while eliminating the variation attributed to different CNN configurations.

Table 1. ResNet-152’s ROC AUC performance in detecting pathologies on the Chest X-ray 14 test dataset, compared to recent studies. The table presents ROC AUC values for fourteen pathologies (with abbreviations provided in brackets), highlighting ResNet-152’s performance alongside the performance of recent studies.Top of Form
Bottom of Form

	Pathology
	ResNet-152
	[1]
	[2]
	[3]
	[4]
	[5]
	[6]
	[7]

	Atelectasis (A)
	0.83
	0.86
	0.84
	0.84
	0.81
	0.77
	0.77
	0.71

	Cardiomegaly (CD)
	0.88
	0.83
	0.92
	0.88
	0.92
	0.87
	0.86
	0.80

	Consolidation(CO)
	0.82
	0.89
	0.81
	0.86
	0.80
	0.74
	0.73
	0.70

	Edema(ED)
	0.91
	0.92
	0.91
	0.92
	0.92
	0.84
	0.83
	0.83

	Effusion (EF)
	0.88
	0.90
	0.88
	0.87
	0.88
	0.83
	0.83
	0.74

	Emphysema (EP)
	0.89
	0.70
	0.93
	0.91
	0.90
	0.94
	0.93
	0.81

	Fibrosis (FB)
	0.82
	0.81
	0.78
	0.84
	0.79
	0.83
	0.82
	0.76

	Hernia (HN)
	0.91
	0.85
	0.83
	0.90
	0.98
	0.91
	0.78
	0.76

	Infiltration (IN)
	0.72
	0.72
	0.73
	0.78
	0.72
	0.71
	0.69
	0.60

	Mass (M)
	0.87
	0.91
	0.87
	0.85
	0.83
	0.83
	0.81
	0.70

	Nodule (ND)
	0.83
	0.89
	0.79
	0.80
	0.78
	0.79
	0.78
	0.72

	Pleural Thickening (PT)
	0.81
	0.80
	0.81
	0.89
	0.81
	0.79
	0.79
	0.70

	Pneumonia (PA)
	0.79
	0.85
	0.72
	0.89
	0.76
	0.72
	0.72
	0.76

	Pneumothorax (PX)
	0.90
	0.94
	0.86
	0.91
	0.88
	0.88
	0.87
	0.80
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