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Widely used assumptions in scRNAseq DE analysis:

Normalization is necessary to adjust differences in library size
for each cell.

Batch effect removal can mitigate donor effects. DE needs to
be performed on integrated data.

Success in clustering and annotation will guarantee the
success of DE analysis.



Widely used assumptions in scRNAseq DE analysis:

Normalization is necessary to adjust differences in library size
for each cell.
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Let us check these assumptions in 10X UMI data.




Raw UMI data
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T/NK cells
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Can integration (batch effects removal) mitigate donor effects?
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Can integration (batch effects removal) mitigate donor effects?

Proportions of variation estimated by a linear model
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DEGs summary of 8_17&2_19
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Integration and normalization can create arbitrary patterns.

raw data normalized data integrated data
T I 00 groups 7 I groups I I 00 groups

donors donors donors
groups ‘ ! groups i groups

I 2. 5I I 2. 5I I 25
donors donors donors
D3 1 D3 1 D3
D4 D4 D4
D5 0.5 D5 0.5 D5
D6 D6 D6
D7 0 D7 0 D7
abs_log2FC abs_log2FC abs_log2FC

7 1 1

0.2 0.2




Integration and normalization can create arbitrary patterns,
leading to detection of false signals.
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Current methods are biased towards frequently expressed genes.
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Current methods are biased towards highly expressed genes.
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Comparison of (8, 17) vs (2, 19), i.e, mature T cell vs ( CD4, NK) cells

Mature T cells exhibit lower levels of ribosomal RNA activity compared to
their immature counterparts. This is mainly due to the state of activation
and the metabolic requirements of the cells.



Widely used assumptions in scRNAseq DE analysis:

Cells exhibit varying RNA contents that reflect their biological functions.

1 Normalization-is-necessanr/to-ad diffarances iv -

2. Bateh-effectremovatl-canmitigate-donorefiects—BDEReedsHe

he performed on integrated data.

Batch effect removal is not enough to remove donor effects loaded on each gene.

3 _S - clustord I o " ool
steeess-of DEanalysis—

Clustering and DE are two separate problems.

https://c-hw.github.io/DEanalysis/index.html
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