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* Contributions: > Time-series (n = 87) — lab tests and vital signs g
» Expert-knowledge driven intermediate high-level concepts derived from calculated at hourly time interval. 8
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» Use case: Intensive care unit (ICU) mortality prediction relevance scores. T s —o= True
> Sequential Organ Failure Assessment (SOFA) organ scores as high- > Performance-interpretability trade-off oo rredictes
level concepts (explanation units). o
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Prediction Discussion and Conclusion
Relevance - Performance-interprertability tradeoff:
scores « » Adding explainability components does not impact prediction performance of model (Figure A).
(0, 1) » Relevance scores are learned without additional training effort.
* Pre-definining SOFA as units of explanation:
v' Does adding explainability components to a deep learning framework affect » Predicted explanations are grounded in terms of expert knowledge (Figure B).
it's prediction performance (interpretability-performance trade-off)? » SOFA — derived from raw variables and used by clinicians as intermediate knowledge to analyse ICU mortality.
v' Are the predicted explanations grounded in terms of expert domain * Quality of explanations:
knowledge? » As the predicted probability of mortality rises, the model is shown to pay more importance to anticipated respiratory,
| o neurological, hepatic and renal organ failure, highlighting their contribution towards mortality (Figure C).
v Are the explanations generated by the model understandable for clinicians? > Help clinicians understand the health status of patient throughout length of ICU stay.
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