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Figure S1: SOH vs. 7 features in Cell 4 of the NMC dataset,[S! related to Figure 3. Stronger relationships between the
features and SOH were important for the model to learn the training data effectively and make strong predictions. There are
no current statistics since the cells did not undergo a constant voltage portion.
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Figure S2: SOH vs. 14 features in Cell 7 of the LCO dataset,’2 related to Figure 3. Stronger relationships between the
features and SOH were important for the model to learn the training data effectively and make strong predictions.
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Figure S3: SOH vs. 14 features in Cell 4 of the LFP dataset,[S354 related to Figure 3. Stronger relationships between the
features and SOH were important for the model to learn the training data effectively and make strong predictions
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