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DEseq2 (DE)

Love et al. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome biology (2014).

Matrix with read counts 
associated with the genes

Modelisation of the counts

Log2 fold change of each 
gene

Testing for the significance 
of the changes
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Next steps

• Extension to other classification problems

• Extension to multiomics datasets

• Automatically extract explanations at a relevant scale
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