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Time Series Classification (TSC)

Heart rate monitoring

Always pay attention to heart health H i Ve C Ote 2 [ 1 ]
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Should we trust one of
' 2 these models and use it in
critical applications?
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Explainable Al

Explainable Al is the set of methods and models
that make the behaviour and predictions of machine
learning systems understandable to humans [2]

Explainability is the ability of an ML model to provide
the elements that influenced its decision[2]
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These methods can be
* Interpretable by design vs Post-
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The most used methods in
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* Local approximation of complex
model with a linear one

SHAP and KernelSHAP
* Marginal contribution of each
feature with strong theoretical from
game theory
The most used methods for time

No relation between
classes
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Gradual pattern

Gradual patterns can be used to express sugar_ | spordh) _{stres
knowledge in the form of "more/less A, 5.0
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more/less B" between quantitative variables.[3] 29 T
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State of the art models for TSC
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Should we trust one of §\)) 7 how can we understand

These models and use it in \. model prediction? —_

critical applications?

Explainable Al to the rescue

Eaplainable AI (XAI) is the sct of methods Family:
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