TV-DCT: Method to impute Gene Expression data using DCT based Sparsity and Total Variation Denoising
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Imputation in genomics can be viewed as a matrix completion problem. w(®) = 0 and o > maxeig(AA") T e .
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@) ALLAML dataset b) lung dataset © Myeloma dataset Evaluation metric is Normalized Root Mean Square Error defined as

e (Columns of gene expression matrix are highly sparse in the DCT domain
because every column represents the expression values of a particular gene
across subjects that would be biologically similar and hence, data within any 1 | | u

Fig. 1: Comparison of proposed TV-DCT method with other methods at different percentage of observed input. X(original) — X (recovered)||r
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column would be slowly varying in nature.
e Hence, we propose to recover missing data column-wise, i.e., by
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e Every i column of matrix Y using the CS-based reconstruction with the
sparsity constraint on the column in the DCT domain as
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