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Introduction Evaluation of [abel transfer across 15 cell types in 198 human neocortex samples
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* Methods: We benchmarked several approaches to automated re-annotation, — Bl | T
focusing on the impact of method, reference dataset, confidence thresholding, ] Reall region match  |False / True 0.94 0.008| <0.001
and experimental factors. — N N
*Impact: Re-annotation enables robust identification of overlooked cell types, ﬁ /' \\ ssease state |Control / Disease il oood <00t
exposing them to meta-analysis in the context of brain disease.
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to deal with this data, we need to re-annotate cell types
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S * Using an scVI-trained classifier without confidence thresholding achieves highest overall performance for human data; Seurat classifier is more
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| * Cortical region, sex, disease state have little overall effect on performance when accounting for the effects of individual studies
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[ - L e We implemented a Nextflow pipeline informed by benchmarking results to re-annotate experiments using an aggregate “whole cortex”
CELLxGEME scVl model I
‘ e - b | | reference [4]
embeddings
-1 - - | * So far, we have re-annotated 79 scRNAseq experiments in human and mouse with harmonized cell types in the Pavlidis lab’s Gemma database
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