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a SQUID: Surrogate Quantitative Interpretability for Deepnets

Sequence-based deep neural networks (DNNs) for SQUID approximates user-defined regions of sequence space with flexible surrogate models that have mechanistically-interpretable parameters. Key features of MAVE-NN:
functional genomics predict molecular phenotypes 1. Genotype-phenotype maps (additive, pairwise, higher-order)
associated with transcriptional regulation from primary . C . 2. Global epistasis (GE) nonlinearity
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One limitation is that different attribution methods
provide different interpretations based on how they
characterize the local function.
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considered by different attribution-based approaches.

e SQUID improves zero-shot variant effect predictions
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