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Single-cell RNA-Seq Overview R ER U




Single-Cell RNA-Seq theory & methods

RNA extraction .
Reverse transcriptionl
cDNA amplification

Cell Isolation . "
> (|

Single-Cell RNA-Seq Methods, see [Ziegenhain et al., 2017]
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Most often : STAR, see [Dobin et al., 2013]
Fast and accurate
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An handy dataset T

COMMUNICATIONS

see |Zheng et al., 2017]
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Massively parallel digital transcriptional
profiling of single cells

Grace X.Y. Zheng1, Jessica M. Terry1, Phillip Belgrader1, Paul Ryvkin1, Zachary W. Bent", Ryan Wilson,

Solongo B. Ziraldo!, Tobias D. Wheeler', Geoff P. McDermott!, Junjie Zhu!, Mark T. Gregory?, Joe Shuga',

Luz Montesclaros', Jason G. Underwood'3, Donald A. Masquelierl, Stefanie Y. Nishimura',

Michael Schnall-Levin!, Paul W. Wyatt!, Christopher M. Hindson', Rajiv Bharadwaj', Alexander Wong',

Kevin D. Ness1, Lan W. Beppu4, H. Joachim Deeg4, Christopher McFarIandS, Keith R. Loeb4'6,

William J. Valente27-8, Nolan G. Ericson?, Emily A. Stevens?, Jerald P. Radich?, Tarjei S. Mikkelsen!,
iamin J. Hindson' & Jason H. Bielas®68:°

Characterizing the transcriptge of individual cells is fundamental to understanding complex
biological systems. We describe (@ldfoplet®basedsystem) that enables 3’ mRNA counting of
(fens ot thousands of Singlelcells persample Cell encapsulation, of up to 8 samples at a time,
takes place in ~6min, with (S509%)EEINCIPLUFENEHICIEREY To demonstrate the system's

technical performance, we collected transcriptome data from ~250k single cells across

PBMC SingIE'Ce” RNA sequences : 29 samples. We validated the sensitivity of the system and its ability to detect rare popu-
lations using ¢ ! lines and synthetic RNAs. We profiled 68k peripheral blood mononuclear
cells to demonstrate the system's ability to characterize large immune populations. Finally,
we used sequence variation in the transcriptome data to determine host and donor chimerism
at single-cell resolution from bone marrow mononuclear cells isolated from transplant
patients.
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An handy dataset .
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profiling of single cells
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* Immune population from 1 donor :

of primary cells. To study immune populations within PBMCs,
we obtained fresh PBMCs from a healthy donor (Donor A).
8-9k cells were captured from each of 8 channels and pooled to

obtain '~68k (cellss Data from multiple sequencing runs
were meroed nsine the Cell Rancer nineline At ~ 20k reads

e ... Cells labellised with purified subpopulation of PBMCs :

counts across cells. Then, we took the natural log of the UMI counts. Finally, each gene was normalized such that the mean signal for each gene is 0, and
standard deviation is 1. (j) tSNE projection of 68k PBMCs, with each cell coloured based on their correlation-based assignment to a purified subpopulation
of PBMCs. Subclusters within T cells are marked by dashed polygons. NK, natural killer cells; reg T, regulatory T cells.

Supplementary Figure 7. tSNE projection of bead enriched sub-populations of
PBMCs. (a) 11 purified sub-populations of PBMCs were used. Correlation was

calculated using their average expression profile and grouped by hierarchical clustering.

i CD34 CD14 CD56 B cells
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Single-cell RNA-Seq Dataset Structure ””%ﬁi&ux




Single-Cell RNA-Seq dataset structures

Neells < 1000 << Ngenes X 10000

Ngenes

F 3

[
>

Neells

* Non Gaussian asumption :
Poisson/Negative binomial

* Zero inflation : technical or biological ?
» ~95% of 0’s
» ~50% of all nul genes
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Single-Cell RNA-Seq dataset structures

Unsupervised Algorithm
PCA & t-SNE for example

Cell-type
Vector

o ¢ ..;;"f';"i " .'-'l--.is':‘ Cell_type
< 3 B cells
5 @®CD 14
:Ez @ CD 34
8 ©CD 56

Component 1
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Single-cell RNA-Seq : Prepare datasets UGERIER .




Prepare datasets

Remove batch effects :
Based on clinical design (if any...)

Not specific to
single Cell RNA Seq Parametric : edgeR, DESeq2  sce [Robinson et al., 2010][Love et al., 2014]=
data Non parametric : Voom + Limma see [Law et al., 2014]

» Gaussian models > log-CPM for example

!
|
[
|
[
|
I Longitudinal & model Free: tcgsaseq see [Agniel and Hejblum, 2017]
|
[
|
[
|
[

I
I
PCA & t-SNE Final transformation |
I
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Prepare datasets

A . ] | u ) u ) u ) L) ) u ) u ) u ) L) | | 1

I Remove 0 and almost 0 count genes .
. » Genes with mean higher than a value [

. o .
[ Ngenes.0 & 33000 Ngenes = 1000 Specific to
S > | single Cell RNA Seq
- data

| Remove 0 variance genes | I

L. ——/—. -

| In the paper: |

Supplementary Figure 7. tSNE projection of bead enriched sub-populations of

= 200
- UMI normalization was performed by first dividing UMI counts by the ng 6 n e S -
total UMI counts in each cell, followed by multiplication with the median of the total UMI

counts across cells. Then we took the natural log of the UMI counts. Finally, each gene
was normalized such that the mean signal for each gene is 0, and standard deviation is 1 2 O O
1. When more than 1 population was detected in a sample (b and j), only the populatior n Cel l S -

shnwinna the rorrent marker exynressinn was selerted (marked hv a dntted nolvann)
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Single-cell RNA-Seq : Visualization & Communication ALY




Visualize Single-Cell RNA-Seq

* Objectives

— Appealing visualizations

— Interpretable results
 Biological challenges

— Low number of replicates : a few participants

— Samples sensible to lab conditions : long chain of manipulations
« Mathematical constraints

— Positive counts data with zero inflated values

— High dimensionnal settings : thousands of genes

— Unsupervised analysis : no cell labels
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Ven diagramm as a first analysis tool

Explore dataset low counts ‘

Per cell type :
Genes with count means higher CDh 34
than a value T
454
~
18

B-cells 264

CD 14 264

CD 34 848

CD 56 401 b 4

Ncp 34 > > Nothers

? Normal ?
Check deeper : Venn Diagram Huge count!
? Multi modalities ?
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PCA for scRNA-Seq data visualization & interpretation
Heterogeneity in CD 14 and CD 56

‘ First Principal Component ‘

First principal component :
v Heterogeneity in CD 14 and CD 56

‘Second Principal Component
4- Unimodality

Cell_type
. b_cells

. cd14_monocytes
. cd34

u ¢d56_nk

Second principal component :
v’ Variability in CD 56

density

0.1+

Bi-modality

... Where to stop ?

0.0-

10 -5 0
PC2
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PCA for scRNA-Seq data visualization & interpretation
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PCA for scRNA-Seq data : where to stop ?

2 usual criterions

Elbow criterion Kaiser criterion

30- T 30- T

Mean(Eigen_Values)

Keep 6 components

Keep more than 50
components

Eigen-Values
‘_ u
Eigen—Values

10- 10-

0 10 20 30 40 50 0 10 20 30 40 50
Component Component
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PCA for scRNA-Seq data : where to stop ?

density

density
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PCA for scRNA-Seq data : where to stop ?

3 components
Still hard to communicate!

Symmetric

- Redundancy

— Waste of place
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PCA for scRNA-Seq data : In a nutschell ?

PCA powers

Interpretability of each axis
(independantly)

t - S N E see [Maaten and Hinton, 2008]
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PCA for scRNA-Seq data : In a nutschell ?

PCA powers

Interpretability of each axis
(independantly)

t - S N E see [Maaten and Hinton, 2008]
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{-SNE : A visualization object for communication
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A visualization object for communication
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|[Wattenberg et al., 2016]
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t-SNE : A visualization object for communication
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|[Wattenberg et al., 2016]
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t-SNE : A visualization object for communication
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t-SNE : Not conserving the distances : a matter of transparency!
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Conclusion

Thank you!
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