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Abstract

Genomic data from complex samples measure average level of multiple cell types, and differences
in cell compositions lead to biased results in many relevant analyses. Therefore, accurately estimat-
ing cell compositions has been recognized as an important first step in analyzing complex samples.
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Many computational methods have been developed to estimate cell compositions, but they mostly
have limited applications due to a lack of reference or prior information. In this work, we develop a
feature selection method for reference-free deconvolution, which iteratively searches for cell-type
specific features by cross-cell type differential analysis between one cell type versus the other cell
types, as well as between two cell types versus the other cell types, and performs composition esti-
mation. Extensive simulation studies and analyses of two real datasets demonstrate the favorable
performance of our proposed method.
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Figure 1. Workflow of the proposed algorithm DEcd
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Figure 2. Performance of DEcd on synthetic mixtures. (a) Boxplots of Pearson correlations between estimated and true pro-
portions for four cell types by number of iterations; (b) Boxplots of mean Pearson correlations between estimated and true
proportions across four cell types from “Before” and DEcd; (c) Boxplots of mean absolute errors between estimated and true
proportions across four cell types from “Before” and DEcd
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Figure 3. Scatter plots of estimated and true proportions of Mouse-Mix and Immune
data for each cell type at initial point and after applying DEcd
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