Measuring APA from single cell RNA-Seq with precision weights
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[Bonjour! We're using this multi-assay data to explore multivariate technigues [1] which are new to us. Let’s talk ideas! J
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Use of a prior count necessarily introduces bias. In general, issues around weighting here seem more complex than for APA!

also found, pointing to linked biological processes between APA and
expression.
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