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Abstraction

Gene expression analysis is essential for transcriptomics studies. However, due to unintended noise generation by the
device or an insufficient number of mRNA molecules, the rate of missing values, which are false zero, is high. Therefore,
a number of deep learning-based studies have been conducted to impute missing values. In this paper, we will overview
the state-of-the-art deep learning-based models: DeepImpute, Autolmpute, Deep Count Autoencoder Network (DCA),

ScGAIN, scIGANS.
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a9 1. Part of heatmap from GSE65525, scRNA-seq data.

Areas with zeros are marked in red (70% of data)
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