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Abstract Artificial intelligence interpretability refers to the ability of people to understand and interpret the
decision-making process of machine learning models. Research in this field aims to improve the transparency
of machine learning algorithms, making their decisions more trustworthy and explainable. Interpretability is

crucial in artificial intelligence systems, especially in sensitive and critical decision-making domains such as
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healthcare, finance, and law. By providing interpretability, people can better understand the reasoning behind

the model’s decisions, ensuring that they are fair, robust, and ethical. In the continuously evolving field of

artificial intelligence, enhancing the interpretability of models is a key step towards achieving trustworthy

and sustainable Al. This article outlines the development history of interpretable artificial intelligence and the

technical characteristics of various interpretability methods, with a particular focus on interpretability in the

medical field. It provides a more in-depth discussion of the limitations of current methods on medical imaging

datasets and proposes possible future directions for exploration.
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Table 1 IOU and DICE for various explainable algorithms

i 10U DICE
PN KA K KA
CAM 02921 0.402 3 0.4522 0.573 7
GradCAM 0.304 8 0.402 3 0.467 1 0.573 7
GradCaMpp 0.303 5 0.4451 0.465 7 0.616 1
LayerCAM 0.3029 0.449 0 0.465 0 0.619 8
SmoothCAM 0.272 6 0.4571 0.428 4 0.627 4
XGradCAM 0.3052 0.402 3 0.4577 0.573 7
FullGrad 0.2818 0.693 8 0.439 7 0.8123
InputGrad 0.179 6 0.147 6 0.304 5 0.2573
SmoothGrad 0.1852 0.116 8 03125 0.2092
RISE 0.174 7 0.406 3 02975 0.5779
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