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Introduction
An important challenge in the analysis of gene expression data from complex tissue 
homogenates measured with RNA-sequencing (bulk RNA-seq) is to reconcile cellu-
lar heterogeneity or unique gene expression profiles of distinct cell types in the sam-
ple. A prime example is bulk RNA-seq data from human brain tissue, which consists of 
two major categories of cell types, neurons and glia, both of which have distinct mor-
phologies, cell sizes, and functions across brain regions and sub-regions [1–3]. Failing 
to account for biases driven by molecular and biological characteristics of distinct cell 
types can lead to inaccurate cell type proportion estimates from deconvolution of com-
plex tissue such as the brain [3].
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