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(Actually, mostly transcriptomics)
(Actually, mostly from 10X Genomics)



So you say you’ve heard
About

Single cell ?
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Single cell in peer-reviewed publications (2021)
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https://esperr.github.io/pubmed-by-year/


Why so much hype ?
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Why so much hype ? (pathology)
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Spatial single cellBulk Single cell

Why so much hype ?
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From
Broad tissue

To
Isolated cells
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Cells health and dissociation
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Cells health and dissociation : Worthington helpdesk
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http://www.worthington-biochem.com/tissuedissociation/default.html


Cells isolation : technologies over the last decade
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From
Isolated cells

To
Nucleotide sequences (reads)
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Several protocols for several purposes
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Single Cell RNAseq

SC
genomics

SC
transcriptomics

SC
epigenomics

SC
proteomics

CNA
VDJ/TCR

(WGA MDA/
MALBAC)

ATAC (10X)
ChIP (Custom)
5mC/Bisulfite
Hi-C

10X Genomics
Fluidigm C1
1CellBio
Seq-well
DolomitesBIO

Fluidigm cyTOF

mRNA

YOU
ARE
HERE
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From isolated cells to sequences (Drop-seq / 10X)

Zi
eg

en
he

im
 e

t a
l. 

M
ol

ec
ul

ar
 C

el
l (

20
17

)

15



Sv
en

ss
on

 e
t a

l. 
N

at
ur

e 
m

et
ho

ds
 (2

01
7)

Bulk 10X

16



Drop-seq
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STAMPs = single-cell transcriptomes attached to microparticles 17



10X Chromium (3’)

Sequencing
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From
Nucleotide sequences

To a
Raw count matrix
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Reads QC

● As usual : FASTQC, 

FastqScreen, …
● 10x :

○ Special attention to R1 : 

cell barcode + UMI (no N)

○ Control of the 4 sample 

libraries
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Reads processing workflows
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Create R2 
consensus



Focus on : Unique Molecule Identifiers

Is
la

m
 e

t a
l.,

 N
at

ur
e 

M
et

ho
ds

 (2
01

4)
S

lu
dy

 b
y 

A
gn

ès
 P

aq
ue

t

23



Focus on : Unique Molecule Identifiers
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Focus on : Unique Molecule Identifiers
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Focus on : Empty droplets filtering

THERE IS RNA HERE TOO !
(NO CELL = AMBIENT)

THERE IS RNA HERE
(CELL IN GEM)

“Smaller” cells
+ Ambient 

RNA

“True” cells

Kneeplot EmptyDrops
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From a
Raw count matrix

To a
Normalized matrix
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Cell QC considerations

28

● Other QC criteria to measure :
○ Cell cycle phase / score
○ Nuclear riboprotein-coding genes expression



Cell QC : metrics
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Matrix normalization : Houston, we have a problem...

100 ng
(~10.000 cells)

BULK SINGLE-CELL

Total RNA
10 pg

(per cell)

~ 5 ng
(~10.000 cells)mRNA

<< 1 pg
(per cell)

~100 millionReads
~ 50 k

(per cell)

SC MATRIX IS 
SPARSE ! 

(ie, mostly 
filled with 

zeros)
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Matrix normalization : different levels
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Bulk normalization methods are KO

● RPKM/FPKM (Reads/Fragments per kilobase of transcript per 
million reads of library) : Normalize for sequencing depth 
and transcript length at the same time => KO if you DO NOT 
have full-length data

● Global scaling (eg: Upper Quartile) : KO if you have too many 
zeros

● Size factors calculation (eg: Estimation of library sampling 
depth) :
○ DESeq2, edgeR suppose that >=50% of genes are NOT DE
○ KO if you have too many zeros

● TPM/CPM : KO if a small number of genes carry most of the 
signal

=> Rough solution : global log-normalization / Z-scoring
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Matrix normalization : scaling by factors
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Matrix normalization : variance stabilization
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SCT variance-stabilized

● Regularized negative binomial regression
● Implemented in sctransform (Seurat)



Known biases : Cell cycle phase

35
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● Training on reference set with the 3 phases identified
● Use pairs of differential genes
● Apply model pairs to new dataset and assign phases
● Implemented in cyclone (scran)



Known biases : Cell doublets
M

cG
ui

nn
is

 e
t a

l.,
 C

el
l S

ys
 (2

01
9)

36

● Two types of doublets :
○ Cells of the same type => higher global expression
○ Cells of the different types => artificial hybrid

● Methods : generate random artificial doublets, capture all
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● 10X 3’ scRNAseq v2
● Osteosarcoma metastasis
● 8911 cells x 18613 genes
● PCA (109 PCs retained)
● Louvain clustering

○ 12 clusters
● uMAP representation

Known biases : an IRL example

Osteoclasts

Osteoblasts
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Bias : Cell cycle phases / scores
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Bias : Dying cells status / score
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Bias : Cell doublet status / score

40



Bias normalization : regression / deblocking

Ex : Cell cycle score Ex : Batch effect

Regression Deblocking
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Ambient RNA filtering (soupX)

THERE IS RNA HERE TOO !
(NO CELL = 100% AMBIENT)

THERE IS RNA HERE
(CELL IN GEM RNA

+ AMBIENT)
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● emptyDrops : removed 
empty droplets 
(contained only 
ambient RNA)

● BUT non-empty 
droplets ALSO have 
ambient RNA !

● soupX 
determines the 
amount of 
ambient RNA in 
counts, removes 
it



From a
Normalized matrix

To a
Reduced space
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Feature selection : Highly variable genes (HVGs)
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1. Assess effect of unwanted sources of variation (cell to cell variation)
2. Quantify true biological differences (population to population variation)
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Dimensionality reduction : simplification + selection
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Dimensionality reduction : PCA / tSNE / uMAP 
? Reduction :

● PCA (on single cell 
data) is unable to 
concentrate 
relationships in 2-3 
dimensions only

Visualization : uMAP > tSNE
● Better compaction
● Mostly retains inter-cluster distances

○ Subpopulations
○ Trajectory

● More robust to parameters modification
● (Slightly faster to generate)
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From a
Reduced space

To …
… finally what you wanted !
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The all-in-one Python toolbox : Scanpy
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The all-in-one R toolbox : Seurat
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Cell clustering : methods
5) Single-cell specific 
methods

51See : https://www.cse.msu.edu/~cse802/S17/slides/Lec_20_21_22_Clustering.pdf



Differential expression analysis
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Differential expression analysis : methods

Seurat v3 Seurat v2
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Cell trajectory : methods
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Most adopted tools :
● Monocle 3
● PAGA
● STREAM
● Scorpius
● Slingshot

Not limited to scRNAseq ! (ATAC, 
CITE, multiomics, imagery-based …) 54



Cell trajectory : visualization
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Cell distance to path + cell types

Cell distance to path + gene expression

Cell types density

Cells density + gene expression
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Cell trajectory : Contexts
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Network inference
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Using cell ordering from trajectory analysis + co-occurring / 
correlated genes
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Copy number estimation from scRNAseq
InferCNV (Broad Institute)

CaSpER (Armanci et al, BioRxiv 2019)

WARNING :
● Coarse grain (> 10 Mb)
● Requires > 75,000 reads 

/ cell
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SC
genomics

SC
transcriptomics

SC
epigenomics

SC
proteomics

WES
CNV

VDJ/TCR
(WGA MDA/
MALBAC)

ATAC (10X)
ChIP (Custom)
5mC/Bisulfite
Hi-C

10X Genomics
Fluidigm C1
1CellBio
Seq-well
DolomitesBIO

Fluidigm cyTOF

mRNA

YOU
ARE

STILL
HERE

Spatial Single 
Cell RNAseq
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10x Genomics Visium
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Illumina “HD Spatial Transcriptomics”

● 2,893,865 individual barcoded beads
● 1,4 M wells
● Well diameter ~ 2 µm

○  << median cell diameter (20 µm)
○ ~ 1,400 x higher resolution than “standard” ST
○ ~ 25 x compared to SLIDE-seq

● Array reading time ~ 3 H
● Challenging analysis strategy (low capture rate) …
● Commercially available in 2020 62



Illumina HDST
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Spatial long reads
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SC
genomics

SC
transcriptomics

SC
epigenomics

SC
proteomics

WES
CNV

VDJ/TCR
(WGA MDA/
MALBAC)

ATAC (10X)
ChIP (Custom)
5mC/Bisulfite
Hi-C

10X Genomics
Fluidigm C1
1CellBio
Seq-well
DolomitesBIO

Fluidigm cyTOF

mRNA
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scCNV results (SCOPE)
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WARNING :
● Limited resolution : > 2 Mb (binning)
● Requires > 750,000 reads / cell 66ALSO available : SCYN



SC
genomics

SC
transcriptomics

SC
epigenomics

SC
proteomics

WES
CNV

VDJ/TCR
(WGA MDA/
MALBAC)

ATAC (10X)
ChIP (Custom)
5mC/Bisulfite
Hi-C

10X Genomics
Fluidigm C1
1CellBio
Seq-well
DolomitesBIO

Fluidigm cyTOF

mRNA
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Overview of scEpigenomics techniques
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Overview of scEpigenomics techniques

69Single cell epigenomics

scChIPseq

● scChIP : improvements in 2019
● scMeth : low coverage, low 

sensitivty (<20% CpG read)
● scHi-C : stable protocol & analysis 

still needed
● scATAC : most popular technology, 

numerous tools available



Single cell (RNAseq) resources
(some)

70



Tabula Muris ● ~100k cells
● 20 organs
● 2 techniques :

○ Droplet 3’, short reads
○ FACS, long reads

71



The Mouse Brain Atlas (mousebrain.org)

● ~160k cells
● 20 subtypes

72

http://mousebrain.org/


The Human Cell Atlas (humancellatlas.org)
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https://www.humancellatlas.org/


PanglaoDB
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WYSIWYG analysis frameworks
(mainly for scRNAseq / scATACseq)
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SCHNAPPS : A R-shiny app for biologists
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https://c3bi-pasteur-fr.github.io/UTechSCB-SCHNAPPs/
https://github.com/C3BI-pasteur-fr/UTechSCB-SCHNAPPs


SeuratV3Wizard
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Azimuth (from Satija Lab)
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Visualization tools
(mainly for scRNAseq)
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10x Genomics Loupe Browser

80

● Compatible with output 
from 10x Cell Ranger 
(“cloupe” files)

● Linux / OSX
● Supports Visium (Spatial)

https://support.10xgenomics.com/single-cell-gene-expression/software/visualization/latest/what-is-loupe-cell-browser

https://support.10xgenomics.com/single-cell-gene-expression/software/visualization/latest/what-is-loupe-cell-browser


iSee
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CerebroApp

82

● ShinyApp (web GUI over 
some R)

● Binary format (CRB), 
converted from 
SeuratObject / SCE

● From QC to trajectory

(my favorite one)

https://romanhaa.github.io/projects/cerebro/

https://romanhaa.github.io/projects/cerebro/


UCSC Cell Browser

83
https://github.com/maximilianh/cellBrowser (demo : https://cells.ucsc.edu)

https://github.com/maximilianh/cellBrowser
https://cells.ucsc.edu


BREAKING NEWS !

84



Announced by 10x on twitter in January
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APPENDIX
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Some things I muted (and many, many more)

88

● scRNAseq :
○ RNA velocity
○ Protein activity modelization
○ Stemness scoring
○ Variants detection
○ Integration:

■ Multiple samples
○ Multiple omics data
○ All non-droplet methods !

● scEpigenomics : quite everything !
● Other single cell technologies :

○ Genomic :
■ Long reads

○ Non-genomic :
■ Imagery

● Other : ERCCs, PDX, ...



Alternative isolation method : Cellenion 
IBSCITM (Image Based Single Cell Isolation)
● Capillary real-time video 

recording :

○ Cell or no cell ?

○ More than 1 cell ?

○ Cell size ?

● Acoustic dispersion (more gentle)

● Middle scale :

○ Plate-based

○ Up to 1536 cells

● Cell recovery rate over 95%

● Open platform

○ Scalable, compatible

○ Custom reaction kits 89



CITE-seq
(scRNAseq + proteins)
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Cellular Indexing of Transcriptomes and Epitopes by Sequencing
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ECCITE-seq
(scRNAseq + proteins + CRISPR gRNA)
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Extended CRISPR-compatible Cellular Indexing of 
Transcriptomes and Epitopes by Sequencing (5’)
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Some sweets
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Xenopus embryo development
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Zebrafish embryo development
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Entire mouse heart : expression & velocity
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“StereoSeq” : Ultra HD spatial long reads

98

● Based upon “DNB” (DNA Balls) arrays by 
MGI/BGI

● Claimed resolution of 500-715 nm
● Active surface of 200 mm²
● Performed a developmental analysis of FULL 

mice embryos !

Cheng et al, BiorXiv 2021.01 



t-SNE of the whole TCGA project (not SC)

● Misclassifications (GBM-LGG)
● Higher complexity (ESCA-STAD) 99



Single cell results and the community
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tSNE / uMAP plots are art !
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