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Can we trust our model?

Avallable energy
tomorrow

SA§|0N 8{}3 DEMAND

HOGESCHOOL



Traditional Al
Has yellow _ i
stripes? Has six legs”
Yes No Yes No
‘ Bee ‘ ‘ Ladybug ‘ ‘ Ant ‘ ‘ Caterpillar ‘

Decision tree

SAION 8{} DEMAND

HOGESCHOOL



Data-driven Al

Data Model

OOOOOOOOOO

SA§|0N 8{}3 DEMAND



Can we rely on our Al model?
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Ribeiro, M. T., Singh, S., & Guestrin, C. (2016, August). " Why should i trust you?" Explaining the predictions of any classifier.
In Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery and data mining (pp. 1135-1144).
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MLOps

ﬂpare 2. Develop 3. Deploy ‘
‘ data . model . model
[1]
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[1] G. Symeonidis, E. Nerantzis, A. Kazakis, G. A. Papakostas, MLOps-definitions, tools and challenges, in: 2022
IEEE 12th Annual Computing and Communication Workshop and Conference (CCWC), IEEE, 2022, pp. 0453-0460.



MLOps

How to detect data problems How to make XAl truly
earlier in the process? explainable for end users?

6pare 2. Develop 3. Deploy ‘
‘ data l model . model
[1]

How to improve current XAl
methods?
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Time series data
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Explainable Model Development

C-SHAP for time series: An approach to high-level temporal
explanations
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C-SHAP for time series

- Explain time series using high
level concepts

\VAVAVAVaVa !
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Time elapsed in hours since: 2016-08-15 16:00:00

Energy
consumption

Prediction for next time step = 0.91

SA%ION 8{% DEMAND

HOGESCHOOL

Data from: https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption



C-SHAP for time series

Signal decomposition
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Data from: https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption
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