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» The health systems’ ability to explain their reasoning is critical to users’ acceptance of their decisions.

» While the first proposal can be integrated to any type of DL architecture, the second approach defines
specific inductive algorithms that directly use ontological instances to make conclusions

> |nitial results regarding proposal 1 emphasise the better efficiency of the attention-based approach
compared to DL traditional architectures. This factis in accordance with the literature, which presents
several studies that adapt attention-based methods to their domains

Discussion

» The second approach uses the concept of background knowledge and the expressivity of DL
sentences to generate explanations. Research directions tend to use this same concept integrated to
deep learning approaches (neuro-symbolic approach).

» The main challenge of this type of research is to find (or create) good quality (e.g., low noise and
missing data rate) datasets since wearable/mobile data is usually collected in the wild.
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