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Different mechanisms have been proposed to contro

megathrust seismicity
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Mechanisms may interact and some
may dominate

Linear methods don’t always work

Machine learning is non-linear and can
handle high dimensional data

Use explainable artificial intelligence
(XAl) techniques for interpreting model
results



Training the model
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Testing and interpretation
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« Analyze relevance to see which Relevance, R, per feature
. . per test data row
geophysical data contributes the
most to the network result

e Draw inferences from results



Results for. Southeast Asia
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More useful
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e Most features are irrelevant
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« Some are highly relevant (dark red)
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Thank you for listening!



