Benchmarking sequence-to-function models for cell-type-specificity »

[
Kasia Kedzierska Alan DenAdel Nelson Johansen Grace Huynh Allen Institute, Seattle, WA, USA

Enhancer Designer Experimental setup
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Predicting accessibility # discriminating cell types.

Cell-type specificity requires direct evaluation.

Models accurately predict chromatin ..but cell-type discrimination barely DilatedCNN benefits from a The performance of models is highly variable
accessibility... exceeds ATAC alone. multi-species training regime. across cell types.
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