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Problem Definition Experiments

Recent advances in explainable machine learning have resulted In numerous

techniques that can be used to inspect feature importance scores from machine  Through experimentation, we found a binary LR classifier to be the most suitable
learning (ML) classifiers. choice of D in most scenarios. For each pair of models, a binary logistic regression

classifier is trained to separate the two sets of SHAP [1] values.

Hyperparameters orthogonal to downstream task can significantly impact model

output and associated explanations. This results in the following definition of explanation consistency using LR accuracy
M4y as the separability measure. (a, b) are the training variations and a the number of _
How do model explanations change on identical architectures when model pairs tested. Results & Conclusion

training hyperparameters are changed?
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We propose a measure for explanation consistency: instead of SHAP. IG is even 5 0.0 The Shuffle, Random Seed and Dropout columns report the consistency of models
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