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CONCLUSIONS & FUTURE
scBasset, a sequence-based convolutional neural

network (CNN) model, aims fo predict chromatin I | * scBasset makes predictions by aggregating information
accessibility (a binary classification task) based on single- T s T WL across clusters; 1.e., 1t does take the sample
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cell ATAC-seq data. Truth prediction heterogeneity & advantages of single-cell data into

In this study, we present a comprehensive evaluation and TKE-MoDISco finds same motifs in different clusters. account;
Cluster 2 * The binary classification does not fully reflect the

o CC nature of chromatin accessibility

: cc AI * To fully utilize the advantages of single-cell data, more
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improvement of scBasset's performance and interpretability.

W ONO VS WN RO

[
-
-

RESULTS

Exponential activation improves performance.

* Future single-cell models should improve clustering
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