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Additional file 10: Brief Overview of Computational Deconvolution Algorithms

In Figure 2b-e, Additional file 11, and Additional file 12, we compared CellMapper to several existing

computational algorithms. These approaches are each in some ways distinct from CellMapper:
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In silico nano-dissection [1] is a method aimed at identifying cell type-enriched genes similar to
CellMapper, but it uses a machine learning algorithm that requires a large training set of
positive and negative control genes for each cell type. It is difficult to curate a large training set
of query genes for the four brain cell types we investigated, but we tested the method using the

most careful list of query genes we could identify (see Methods).

Weighted gene co-expression network analysis (WGCNA) is an unsupervised clustering
method that has been shown to uncover gene clusters related to cell type-specific expression
in the Allen Brain Atlas dataset [2] and other microarray datasets [3, 4] from brain. This
algorithm does not require (or accept) a training set, and as a result cannot be targeted at
particular cell types and may not be suitable for rare cell types that do not provide a dominant

expression signal in the data.

All marker-directed computational deconvolution algorithms in the CellMix [5] R package:
deconf [6], the digital sorting algorithm (DSA) [7], and semi-supervised nonnegative matrix
factorization (ssNMF) [8]. These algorithms were each motivated by a distinct biological
problem from CellMapper: in diseases where the proportion of different cell types varies
according to disease state (e.g. cancer, Huntington's disease), these methods can distinguish
between changes in gene expression caused by changes in cell type frequency from those
caused by altered gene expression within the individual cell types. To address this problem,
these algorithms must estimate the total (rather than relative) expression level of every gene in

each cell type, and estimate this separately for case and control groups. CellMapper does not
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attempt to extract so much information from a dataset, but rather is focused on identifying
which genes are consistently enriched in one cell type relative to others. We show that our
focused strategy is much more sensitive for this application, especially for rare and difficult-to-

isolate cell type.
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