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Single-cel RNA sequencing

Single-cell sequencing is a resolution revolution in transcriptomics and genomics.

Isolate single cells Reverse transcription, amplification

single cells
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Extract RNA ¢ Sequencing
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Lun et al. 2017 Lahnemann et al., 2020



“Zeros” in single-cell RNA sequencing data

Some genes could be highly expressed in one cell but not expressed in another.

For some genes, we see more cells with expression (green) than not (red), but overall,
there are much more zeros in the data.

Only 50 genes have non-zero values in all cells.
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“Droplet scRNA-seq is not zero-inflated”
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e 2 biological replicates (1a and 1b).

 DNA and RNA for all experiments was extracted on the same day.
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Platform Type of data
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Single-cell vs bulk RNA-seq
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Single—cell RNA-seq

The technological differences are greater than the biological differences between samples.
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“Zeros” from scRNA-seq in other modalities
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Dropout rate vs signal from 3 different modalities
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Functional analysis of 5PL model residuals

Paths with genes with more Paths with genes with fewer
zeros than expected zeros than expected
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BUTANOATE METABOLISM

OLFACTORY TRANSDUCTION

JAK STAT SIGNALING PATHWAY

CELL ADHESION MOLECULES CAMS

O GLYCAN BIOSYNTHESIS

TYPE Il DIABETES MELLITUS
PHOSPHATIDYLINOSITOL SIGNALING SYSTEM
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DILATED CARDIOMYOPATHY

RENAL CELL CARCINOMA

RNA DEGRADATION

ANTIGEN PROCESSING AND PRESENTATION
GNRH SIGNALING PATHWAY

PANTOTHENATE AND COA BIOSYNTHESIS
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Functional analysis of 5PL model residuals
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Potential technical sources of “zeros”

* Length of the gene.
* No. of transcripts per gene.

A low gene expression level in
the analysed sample is the main
contributor for zeros, but not
only.

Lower mappability in a gene region.

Biased reads coverage at 3’ end of transcripts (TIN score).
Difference in %GC content of the gene sequence.

Reduced

Odds ratio with 95% Cl

Full Reduced

Sample 1a Sample 1b
Full

1.011
(0.988:1.034)
(T I g P-4, B 0.999 (0.998;1) -
1.029 1.082
(0.979:1.078) (1.046:1.119)*
» 0.978 1.018
WMELELEULA (0 906:1.05) (1.013:1.022)*
L 1.039 1.011
(1.025:1.05)* (1.006:1.017)*
1.304 1.325
(1.168;1.440)* (1.269:1.382)*
1.119

Chromatin (0.866;1.371)

Methylation

1 (0.994;1.006)

1.014
(0.991;1.037)

0.999 (0.998;1) -

1.067 1.11
(1.009;1.124) (1.071;1.149)*
1.006 1.016
(0.972;1.04)* (1.012;1.021)*
1.062 1.017
(1.046;1.078)* (1.012;1.023)*
1.107 1.243
(0.978;1.237) (1.186;1.3)*
1.554
(1.224;1.884)*
1.001

(0.996;1.008)



Conclusions

* The differences between biological / technical replicates are minimal on all platforms.

 The differences in gene expression between platforms are greater than when
comparing replicates on the same platform.

 There are some potential biological factors that may indicate why some genes have a
higher dropout rate than others.

 There are various technical factors that can potentially affect the dropout rate, the

most important of which are read coverage across the transcript and mappability in the
gene region.
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