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ABSTRACT

The lack of interpretability in the field of medical image analysis has significant ethical and legal implications.
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Existing interpretable methods 1n this domain encounter several challenges, including dependency on specific -
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Figure 3: Overview of the Med-MICN Framework. The Med-MICN framework consists of four primary modules: (1) Feature
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generating concept category annotations aligned with the predicted categories. (4) Neural Symbolic Layer: After obtaining the
concept embeddings, they are input into the Neural Symbolic layer to derive conceptual rules. Finally, the concept embeddings
Figure 1: Med-MICN demonstrates multidimensional interpretability, encompassing concept score prediction, concept reasoning obtained from module (2) are concatenated with the original image embeddings and fed into the final category prediction layer to
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