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Abstract

The clinical decision support system uses accumulated medical data to apply an Al model learned by
machine learning to patient diagnosis and treatment prediction. However, the existing black box-based
Al application does not provide a valid reason for the result predicted by the system, so there is a
limitation in that it lacks explanation. To compensate for these problems, this paper proposes a system
model that applies XAl that can be explained in the development stage of the clinical decision support
system. The proposed model can supplement the limitations of the black box by additionally applying
a specific XAl technology that can be explained to the existing Al model. To show the application of
the proposed model, we present an example of XAl application using LIME and SHAP. Through testing,
it is possible to explain how data affects the prediction results of the model from various perspectives.
The proposed model has the advantage of increasing the user's trust by presenting a specific reason
to the user. In addition, it is expected that the active use of XAl will overcome the limitations of the
existing clinical decision support system and enable better diagnosis and decision support.
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