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So you say you’ve heard
About
Single cell ?




Single cell in peer-reviewed publications (2021)
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Why so much hype ?
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From
Broad tissue
To
Isolated cells
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Cells health and dissociation

Overview of Work Flow

Rinse with PBS ; Add Digestive
(Phosphate Buffered Saline) } Mince } Enz;?mes

A\

=
S
S

Tissue Dissection

b

Incubate
*Temperature
Consider < *Time
*Use of Shaker
= - 2 % Proper Handling
b i ¥ > A 3 o
:’ . : i N Q1- Degrading dead cells
A, Tt s B Q2- Deoad ntact colls
& P " Q3- Live intact colls
speEt & n § [ Qé- Cok dobis and
3 .-4 L3 -~ : : fragments.
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Nuclear Stan (DRAQS)

Evaluation of Single Cell Preparation

*Cell Viability
Consider < *Absence of Cell Debris
*Absence of Aggregates

Reichard & Asosingh, Cytometry (2018)



Cells health and dissociation : Worthington helpdesk

1. Cell Isolation Theory

1. Type of tissue . o Tissue Types
- = Epithelial Tissue
: o ! Worthington
2. Species of origin V Biochemical Corporation = Connective Tissue
3. Age of the animal o Dissociating Enzymes
= Collagenase
4. Genetic modification(s) (knockouts, etc.) = Trypsin
. e . = Elastase
5. Dissociation medium used :
= Hyaluronidase
6. Enzyme(s) used = Papain
oL . = Chymotrypsin
7. Impurities in any crude enzyme preparation used « Deoxyribonuclease |
8. Concentration(s) of enzyme(s) used = el Esnianss, (Flspase)
= Trypsin Inhibitor
9. Temperature = Animal Origin Free (AOF) Enzymes

= Celase® GMP
lil. Cell Isolation Techniques
o Methods & Materials
Tissue Tables (references, grouped by tissue type and species) = Working With Enzymes

10. Incubation times

Adipose/Fat Adrenal Bone Brain = Basic Primary Cell Isolation
= Equilibration with 95%0,:5%C0,
Cartilage Colon Endothelial Epithelial « Trituration

Eye Heart Intestine Kidney = Enzymatic Cell Harvesting
= Cell Adhesion and Harvesting

Liver Lung Lymph nodes Mammary = Trypsin for Cell Harvesting
Miscellaneous Muscle Neural Pancreas * Cell Release Procedure
! g0 : o Optimization Techniques
Parotid Pituitary Prostate Reproductive « General Guidelines
Scales Skin Spleen Stem " Optimieaton Stetigy
= Cell Quantitation
Thymus Thyroid/Parathyroid Tonsil Tumor = Measure of Viability

IV. Use-Tested Cell Isolation Systems

—

o http://www.worthington-biochem.com/tissuedissociation/default.html
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Cells isolation

a Manual

Multiplexing

Tang et al. 2009 Islam et al. 2011

: technologies over the last decade

Integrated fluidic

circuits

Brennecke et al. 2013%

Liquid-handling
robotics

Jaitin et al. 2014*

Nanodroplets Picowells In situ barcoding
dF dr
G o
- |
] ]

Cao et al. 2017
Rosenberg et al. 2017

Klein et al. 2015*
Macosko et al. 2015%

Bose et al. 2015%

b

1,000,000 |- A 10x Genomics SPLiT-seq

rop-seq "
R MARS-se CytoSeq é mDrop (po/ P
) d . % DroNC-seq
.(:;-’, 10,000 O o
= High-throughput STRT-seq CEL-seq Fluidigm C1 © @) O % Q@—Seq Well
o 1,000 - sequencing of RNA ’ oS o @
§ 100 - from single cells ® © o o) @OO
= @)
2 10 |- 0 e, o o o SMART-seq2
w
1k o SMART-seq
] 1 ] ] | | 1 ] |
2009 2010 2011 2012 2013 2014 2015 2016 2017

Study publication date

Svensson et al. Nature protocols (2018)
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From
Isolated cells
To
Nucleotide sequences (reads)
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Several protocols for several purposes

Extracellular

Cytoplasm

S AAAAAAAAA )

Nucleus

/\C AAAAAAAAA

Epitope

mRNA

Circular RNA

Histone/
Chromatin

Transcription
factor

Epigenetic
marks

DNA

Chromosome
interaction

CITE-seq

Drop-seq
SMART-seq
MARS-seq
SPLiT-seq

SUPeR-seq

scNOME-seq
scDNAse-seq

_ SCATAC-seq

scCHIP-seq

scAba-seq
scBS-seq
CLEVER-seq

MALBAC
LIANTI
scMDA

scHi-C

Ren et al. Genome Biology (2018)
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Single Cell RNAseq VDITCR

(WGA MDA/
MALBAC)

SC

ChIP (Custom)
5mC/Bisulfite
Hi-C

SC
proteomics

SC
epigenomics

SPLINTseq

SNAREseq

Fluidigm cyTOF

0X Genomics

~ YOU
Fluidigm C1
transcriptomics / mRNA- 1CellBio ARE
Seq-well HERE
DolomitesBIO
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From isolated cells to sequences (Drop-seq / 10X)

CEL-seq2/C1

Ziegenheim et al. Molecular Cell (2017)
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Drop-seq

A
1.Cells from ®
suspension Cell  Microparticle 5.RNA hybridization
2.Microparticle
and lysis buffer | & 4.Cell lysis
e
+ () @ C (in seconds)
® @ mRNA
O
3.0il
7.Reverse transcription
with template switching STAMPs
6.Break Gz - 8 e 9.Sequencing and analysis
droplets == N | PV 2. Y 8.PCR T ; ;
T ) B 3 e Y O ¢ Each mRNA is mapped to its
— T ) e — C~0L, —> =_——— Siohoke ofeoriel
" K s, = == cell-of-origin and gene-of-origin
it i Q— AST)U T (STAMPs mm === :
o\ 1 A CCC ~9 as template) ==- e ® Each cell’s pool of mMRNA
°\ R | ™ o — —_ can be analyzed
----- CCG p—To T CCC 1esees o —

STAMPs = single-cell transcriptomes attached to microparticles

Macosko 2015
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10X Chromium

PCR

handle Cell barcode UMI

Structure of the barcode primer bead

Reverse transcription with template switching

Ce!l P Break
: lysis ~ droplet
< /“ 6
— Droplets = "l‘ .
Sequenciln
Bead  Cell R RNA I A\ g
0. 00000000 # L
Read 1:28 Saiple
10x Barcoded Gel Beads M Index
[
T T I
Cells & 0il P5 TruSeqRead1 10x  UMI  Poly(dT)VN N TruSeqRead 2
Barcode Read 2:91
Enzyme : 1 Insert 18



From
Nucleotide sequences
To a
Raw count matrix







good_sequence_screen

Reads QC

100

@FastQC Report

Summary
@Basic Statistics

Measure Value

% Mapped

@Bmi; Statistics

@Per base sequence quality

Filename BC_392 1 529 R2 001.fastq.gz
@mﬂ&muﬁmuﬁm File type Conventional base calls
@P ; s Jalit . Encoding Sanger / Illumina 1.9
Total Sequences 169443265
Qm@&iﬂmﬁ_&@@m@ﬂ! Sequences flagged as poor quality @
@mm_mnmm Sequence length 91 L L L L L L L
@ N SGC a3 Human Mowse Rat Ecoli Yeast PhiX Adapters  Vectors Wasp RNA No hits
Per base N content
s I One hit\one library W Multiple hits\one library W One hit\multiple libraries W Multiple hits\multiple libraries
@Siquence Length Distribution
@ sequence Duplication Levels Q . .
€ cisiiirasniney shiunes Per base sequence quality e As usual : FASTQC ,
@adapter content SR b Al s it (g LS et
. FastqScreen, ...
L]
. e 10x :
28
2 O Special attention to R1 :
24
2 cell barcode + UMI (no N)
20
18 O Control of the 4 sample
16
14 libraries
12
10 21




Reads processing workflows

Mapping-based (STAR)

Extract cell-barcode, UMI, RNA read

Y
Correct cell-barcode sequences 1 Hamming distance
Y
Align reads using STAR
Y
Tag reads with gene, transcript hits Uniquely mapped
reads only
L
Correct UMI sequences 1 Hamming distance
Y
Count UMIs by (cell, gene) Create R2
consensus

2

Gene-barcode matrix

Pseudomapping-based (kallisto bustools)

kallisto index

Generate species index

Y

kallisto bus

Pseudoalign single cell reads

A 4
bustools correct

Correct hamming distance 1 barcodes

!

bustools sort

Organize BUS file according to
barcode, UMI, set, and multiplicity

!

bustools count

Generate UMI count matrix

|

Features

Barcodes 22



Focus on : Unique Molecule Identifiers

Transcript A

Transcript B

V]| I——
Random (N)x sequence

introduced during
reverse transcription

Non amplified Pools of = Random
cDNA UMI labeling

AIB =1/2

Islam et al., Nature Methods (2014)

Sludy by Agnes Paquet
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on : Unique Molecule Identifiers

UMI — —
Random (N)x sequence : :
introduced during library preparation, PCR
reverse transcription

Sludy by Agnes Paquet

4 /
/ /

Islam et al., Nature Methods (2014)

Non amplified Pools of = Random Amplified
cDNA UMI labeling cDNA PCR bias

AIB =1/2 AB=1A




on : Unique Molecule Identifiers

UMI — —
Random (N)x sequence - : : :
introduced during library preparation, PCR UMI counting, duplicate

reverse transcrigtion removal per transcript

Transcript A —

Transcript B =

/
v/ / 4 4
/ / 4 /

Non amplified Pools of Random Amplified ~ UMI ratio
cDNA UMi labeling cDNA PCR bias No

AIB =1/2 AB =1/ A/B = 1/2 PCRbias

Islam et al., Nature Methods (2014)

Sludy by Agnes Paquet




Focus on : Empty droplets filtering

1.Cells from THERE IS RNA HERE

suspension : / (CELL IN GEM)
2.Microparticle
and lysis buffer | © A
. _ = oY) THERE IS RNA HERE TOO !

S ol % @l
o\ ~ A
® O\ AT (NO CELL = AMBIENT)
®
3.0il
EmptyDrops
Kneeplot ptyurop
0 o oo IOék\ 10(:)’( g —_—
g T ”” 5 2 (=2)
g | “True” cells 2 & o =
o 5 @ 5 Q
S 1000 5 1000 o )
S s 8 s = >
3 - 2 = 2 © ()]
<< % 100 % 1050 -S 2
“Smaller” cells . : ®0
. 10 10 c m
? + Ambient ¢ - £ 3
knee 0 2 2
Inflection RNA 0 ' 1 10 100 1000 10k 100k 1M ' 1 10 100 1000 10k 100k 1M 26
I

' ! I ' Barcodes Barcodes



From a
Raw count matrix
To a
Normalized matrix




Cell QC considerations

The number of unique genes detected in each cell :

O
O

Low-quality cells or empty droplets will often have very few genes
Cell doublets or multiplets may exhibit an aberrantly high gene count

Similarly, the total number of molecules detected within a cell (correlates
strongly with unique genes)

The percentage of reads that map to the mitochondrial genome :

O

Low-quality / dying cells often exhibit extensive mitochondrial

contamination

Other QC criteria to measure :

O
O

Cell cycle phase / score
Nuclear riboprotein-coding genes expression

llicic et al. Genome Biology (2016)
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[ ]
11 QC : metrics
Cell QC :
nFeature_ RNA nCount_RNA percent.mt percent.rb
7500 60000
5000 40000
25004 20000
ol 0
Identity Identity Identity Identity
scran.doubletscore scran.cc.Glscores scran.cc.Sscores scran.cc.G2Mscores
1 075 0.751
61 . 0.50 0.501
34 . . 0.25 0.254
0 0.00 0.00

Identity

Identity

Identity

Identity

29



Matrix normalization : Houston, we have a problem...

BULK SINGLE-CELL
100 ng 10 pg
Total RNA | (.10.000 cells) (per cell)
~ 5 ng << 1 pg
mRNA (~10.000 cells) (per cell)
- ~ 50 Kk
Reads ~100 million (per cell)
samples __ cells =g SC MATRIX IS
] o SPARSE !
® o - T (ie, mostly
o} S == filled with
ji;zr_f._ zeros)




Matrix normalization : different levels

* Process of identifying and removing systematic variation
not due to real differences between RNA treatments i.e.
differential gene expression.

a ---- True value 7 b ---- True value
=» Cell-specific -» Gene-specific
H effects effects
* Cell-specific effects A A
2 28
g3 &3 [T
25 =S [ v
N ol S O T —
* Gene-specific effects =K =R !
N )
NN N
C Cell-specific  Gene-specific Not removed QQ} QQ} QQ} (,Q}
) Ll SlBC o Ml Gene 1 Gene 2 Gene 1 Gene 2
Sequencing depth "4 %4
Amplification / 7 Cell1vs.cell2 § Gene1yvs.gene2 Cell 1 vs. cell 2 5 Gene 1 vs. gene 2
@ ?
Capture and RT 7 / / o o
roanc ool ... A - | I —— e, B
Gene length ® 4 = o l I = ! ! o
= =
GC content v v v > > »
Q
T F / Gene 1 Gene2 @ Cell1 Cell 2 Gene 1 Gene 2 2 Cell1 Cell %1




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) :

o DESeq2, edgeR suppose that >=50% of genes are NOT DE

o KO if you have too many zeros

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

e

=> Rough solution : global log-normalization / Z-scoring

Paquet 2018
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Matrix normalization : scaling by factors

* Alternative method to compute the size factors
* Pool cells to reduce the number of zeros
* Estimate the size factors for the pool

* Repeat many time and use deconvolution to estimate each
cell size factor

* Implemented in scater/scran packages

O O O O O O O<«——+—singie cell d
1.6 4
O O O O <« All cells (averaged to make 59 A .
O O ° 1.4
O @ @ O a reference pseudo-cell) b1 :
O O O £ 121
O O O @ @ - et Cll pool A g% 1.0 4
O O @ O O 0,+6,+6,+6,=6, - o]
O A
© ®OO O O System of linear equatio Group: 1 2 1 2 1 2 1 2 1 2
O O O O 11110000.7][6: 0. RPM DESeq TMM YPPE" ooran
l ol 00001111 8, 8, quartile
| 6, "
8 + D6 8, + 6, = 6, f,?} g; fég 3 o, Vallejos C, 2017

Lun et al (2018)
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Gene UMI count

Matrix normalization :

26 1
194

0.63]
0.431

0.24 1

0%%4 5

Gene group 1

Gene group 3

7

Gene group 5

7.87
5.4

3.01

0.8 1

0.070 1

0.039 1

%831

Gene group 2

Gene group 4

Gene group 6

0.0101 9e-04
0.005-/ 5e-04-/
0.001 +—————+ - ———
1K 2K 1K 2K 3k
Total cell UMI count
UMI counts
1001
75
50 4
251 .
N —

T T T T T T

1 2 3 4 5 6

Scaled log—normalized expression

02 Gene group 1 024 Gene group 2
0.1 0.1
0.0 1 0.01
-0.1 -0.14
-0.2 -0.21
0.2 Gene group 3 024 Gene group 4
0.1 0.1
0.01 0.0 /
-0.1 -0.1
-0.2 -0.21
024 Gene group 5 024 Gene group 6
0.1 0.1
0.0 m— (.0
-0.1 -0.14
-0.21 -0.21
K 2K 8K 1K 2K 8K
Total cell UMI count
Log—norm. expression I

lII baed | | |
I 1 i !

variance stabilization

Scaled Pearson residual

Regularized negative binomial regression
Implemented in sctransform (Seurat)

Gene group 1

Gene group 2

0.2 0.24
0.14 0.1
0.0 0.0
-0.1 -0.1
=0:2 -0.21
0.2 Gene group 3 0.2 Gene group 4
0.1 0.14
0.0 M 0.0 -—
=01 =011
-0.2 -0.21
0.2 Gene group 5 0.2] Gene group 6
0.1 0.1
0.0 0.0
=01 -0.1
=0:2 =021

1K 2K 3K

1K 2K 3K

Total cell UMI count

| SCT variance-stabilized

-

150

100

TUBB1
cw
PTGDS
NGt
SoPR

PFa

PPBP

" HisTIH2AC
wzB1

164

ouLs
czme
Ny
St0088
NKGT
S100A9
cots

~

FTL
FTH1

0.001

0.01 0.1 1 10

150

100

50

Negative Binomial

= - < - a =2 v @ 5 g @ o
2 8- §2I% 333226 3¢232
85 0&5c0a3f8 @22 3z3/8z¢ 388
S 923 238 2 8% 2088
F oo T D o
2
x

m_ .-!tl\.,‘." I. = > -

vz

FTH1

150

100

50

0.001 0.01 0.1 1 10
Poisson |

- S - @ Q¥ O S &2 9@ %K @O g N J o=
2 25233 ped 332 gLd3EEF
a3 1] & 8 = z 9 4k
2R z4de £ =t 3552888 £
K [} [ = b B

e

T

Hafemeister et al, BioRxiv (2019)

0.001 0.01 0.1 1 10
Cell group Gene group ID, size
| ENR W1 55 W 4, 5942
. 2 5 W2 171 5, 4694
W 3, 1687 6, 4260
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e Training on reference set with the 3 phases identified
e Use pairs of differential genes
e Apply model pairs to new dataset and assign phases
e Implemented in cyclone (scran) Training dataset  celicycle
PCA B RF c L5 G1 cells g ”H“ \
V Human bulk @ mESC bulk @ |
1.9 (5] \
1.0 1.0 v S cells (0] Il ‘} ‘ O
0.8/¢ 08 o8 & g “‘
2 oel” 206 9 06 G2Mcells @ ] ‘\H
g0 Z @ . 2 L ®
) o:z * ) 0.2 N ’ 0:2 @
- 0.0 v0.2 04 0.6 ®0.8 T 1.0 o0 00 02 04 06 08 1.0 = 00 02 04 06 08 10 TeSting dataset
LogReg E SVM F Pairs g::: ; H‘ “ M
1.0lv -0 0-8 0 @ cell3 N H\
Mo . Rt @cel4 Iw
5 0.6 ?, 0.6 . E 0.6 @cell 5
§oa 804 v g0 ceII -cycle ‘
02 02 02 annotated genes G1 cells S ce
e > ow ° il ° 0.<; 0.2 o\.74 0.6 o.? 1V.o 822:: ; .cell 2

Known biases

00 02 04 06 08 10
G1 score

00 02 04 06 08 10
G1 score

Cell cycle phase

annotated genes

HM

Cell-cycle phase
prediction

G1 score .cell 5

Scialdone et al., Methods (2015)
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McGuinnis et al., Cell Sys (2019)

Known biases :

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

Cell doublets

(@

(1) Simulate Doublets

Droplet
| el #1 00

Formation

Cell #2 )
Random _|

Sample

]

@ (e} Q
— Doublet _y /&, © (@)
\ ; 0 o o)
\?J'/Bead ©. OOO

v

Demuxlet scRNA-seq ® Ground-Truth @ DoubletFinder

DoubletFinder Overview
(2) Dimensionality Reduction (3) Doublet Identification

o
@ Artificial Doublet 2 Y
8 Ll
[ Ye) a °®
% u i
—_—
i cg PCAH
o -> Ere(ﬁ tfd
i. @ o® ... H o2
o S :
(6] 80 (0] o
(o) (&]

PC1 Proportion Artificial Neighbors

DoubletFinder ~ PBMCs

® Heterotypic

@ Homotypic Doublets Removed

AUC pAUC90 pAUC95 pAUCI7.5 AUPRC
ch_cell-lines
o libsize 0.60 0.54 0.53 0.52 0.17
o features 0.60 0.55 0.54 0.53 0.19
e dblCells 0.64 0.62 0.61 0.60 0.37
o cxds 0.65 0.59 0.57 0.55 0.26
e dblDetection  0.66 0.66 0.65 0.65 0.44
e scrublet 0.69 0.65 0.64 0.63 0.41
e dblFinder 0.69 0.66 0.65 0.65 0.45
o hybrid 0.70 0.64 0.63 0.61 0.40
e beds 0.70 0.66 0.64 0.62 0.43
ch_pbmc
e dblCells 0.63 0.57 0.56 0.54 0.31
o libsize 0.78 0.63 0.57 0.54 0.44
e scrublet 0.78 0.67 0.63 0.59 0.52
o cxds 0.78 0.69 0.65 0.61 0.54
o features 0.79 0.62 0.57 0.54 0.45
e beds 0.81 0.71 0.66 0.60 0.58
o hybrid 0.82 0.73 0.67 0.62 0.61
e dblDetection  0.82 0.75 0.69 0.62 0.63
e dblFinder 0.84 0.74 0.68 0.62 0.64
demuxlet
e dblCells 0.79 0.70 0.65 0.60 0.46
o libsize 0.81 0.58 0.55 0.53 0.30
o features 0.85 0.62 0.57 0.55 0.37
e scrublet 0.87 0.74 0.68 0.62 0.53
o cxds 0.89 0.71 0.63 0.57 0.49
© hybrid 0.91 0.78 0.68 0.58 0.57
e dbiDetection  0.91 0.79 0.69 0.58 0.57
e beds 0.91 0.79 0.71 0.62 0.61
e dblFinder 0.92 0.79 0.70 0.63 0.62
hg-mm
o libsize 0.87 0.66 0.59 0.54 0.27
« features 0.89 0.68 0.60 0.55 0.30
e dblCells 0.93 0.88 0.84 0.79 0.73
e beds 0.96 0.87 0.80 0.71 0.64
® hybrid 0.98 0.94 0.90 0.87 0.88
e scrublet 0.99 0.96 0.94 0.91 0.91
o cxds 0.99 0.98 0.98 0.97 0.97
e dblDetection  0.99 0.99 0.98 0.98 0.97
e dblFinder 1.00 0.99 0.99 0.99 0.99

Bais et al., BioRxiv (2019)
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Known biases : an IRL example

10X 3’ scRNAseq v2
Osteosarcoma metastasis
8911 cells x 18613 genes
PCA (109 PCs retained)
Louvain clustering

o 12 clusters

UMAP representation

J©® No s wN R o

-
=

~~ QOsteoblasts

Osteoclasts
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Bias : Dying cells status / score
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Bias normalization : regression / deblocking

Biotech (2018) (MNN)

[ ] ® C’
Ex : Cell cycle score Ex : Batch effect =
10] ] By - ] = E
) Z
‘] ; ©
s | o I
01 (:z‘., 'E
(<]
>
5] £
o
. ©
-10 I
’ © , Cell type
N‘ . o g 51 .. Y, @ Apha
o ol : SZM - N 0 St @ Gamma
2 sy  iglil | © Do
- ? 5 T @ Bota
© © Ductal
n S -10 © Acinar
QO @ Other
4 0 4 @ = :‘. '
PC_1 -10 0 10 20 41




Ambient RNA filtering (soupX) THERE IS RNA HERE

(CELL IN GEM RNA
e emptyDrops : removed / o
empty droplets

THERE IS RNA HERE TOO !

;Crﬁg:zﬂesl\l A) only (NO CELL = 100% AMBIENT)
e BUT non-empty
droplets ALSO have | HBB exptrséNsEs1ion removal
ambient RNA ! \ '
o soupX ¢
determines the _ =
amount of = _8
ambient RNA in  -- 58
counts, removes 25
it " S &
c, 3
7 &

4

N



From a
Normalized matrix
To a
Reduced space




Feature selection : Highly variable genes (HVGs)

Postulate : genes with the highest variability should be the most useful to
1. Assess effect of unwanted sources of variation (cell to cell variation)
2. Quantify true biological differences (population to population variation)

(a) (b) (c)

* HVG (BASICS) r * HVG (Islam et al) v * HVG (Brennecke et al)

1.5
5

Vallejos et al. Plos Comp Biol (2015)

o * LVG (BASICS) o o
: &g 2 :
. -

g g (E g o. ‘..-0- g g
2 e . o s E
. 0

£3 - £3 B £3
o o * s e ® &
T o T i
0 W 7
41 ® | T
o . - o o
? % ¥

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
10g10() l0g1o(p:) l0g 10l

Fig 8. Comparison of HVG detection among different methods. For each of the 7,895 biological genes, posterior medians of biological cell-to-cell
heterogeneity term §, (log scale) against posterior medians of expression level y, (log scale). While the methods described in [16] and [5] only provide a
characterisation of HVG, BASICS is able to detect those genes whose expression rates are stable among cells. 44



Dimensionality reduction

1. Need of an orthogonal space

2. Minimize curse of dimensionality
3. Filter out noise

4. Allow visualization

5. Reduce computational load

Popular methods used for single-
cell data analysis:

1. PCA

2. ICA

3. tSNE

4. UMAP

5. Others : Diffusion map, Isomap

tSNE2

PC2

simplification + selection

PC1

tSNE1

v

Variance ratio

0.107

0.08 1

0.06

0.04+

0.02

UMAP2

PC1

UMAP1
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dim2

Dimensionality reduction : PCA / tSNE / uMAP

umap_euclidean

tsne

Reduction :

e PCA (on single cell

data) is unable to
concentrate

relationships in 2-3
dimensions only

10 1

dim2

dim2
o

101

50 0 50 100 150 -40
dimA

Visualization : uMAP > tSNE

e Better compaction

e Mostly retains inter-cluster distances

o Subpopulations

o Trajectory
More robust to parameters modification
e (Slightly faster to generate)

t-SNE

Cell types
@ Contaminant (includingB) @ CD4T @CD8T @ MAIT @NK/ILC T
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From a
Reduced space
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d) Network inference

a) Deconvolving heterogeneous cell b) Trajectory analysis of cell state Cells —
opulations transitions G
Pap 0® e module 1
® 2
%9 © .. lineage A n
@)@ : '.. module 2
Ooo.... 000 module 3
00% 09:° . ©
O.O lineage B Low - . High S
(heterogeneous tissue or tumor) (identifying modules of co-regulated genes) N
dimensionality reduction St IfareRee E
(e.g. PCA) (cell differentiation, or response to stimulus) g
®©
trajectory analysis pipeline S
(e.g. Monocle, Wanderlust) l_
I o 2
16 (]
0009 o © 4 o =
o @ 00 ) o j -
& .O o @) @) O trajectory B (inference of gene regulatory networks/subnetworks)
2 ©OC"¢ '@ © o ORNe C ber estimati
g ® ® 1) 9) Oopy number estimation
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S ® ..‘ ® E Expression Matrix after Recursive Multiscale Median Filtering
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Component 1
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i asicn map: DPT beanches

The all-in-one Python toolbox

preprocessing

visualization

percent_miio

-
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The all-in-one R toolbox : Seurat

Install Get started Vignettes ~ Extensions FAQ Reference

SEURAT é R toolkit for single cell 1”ggenomics

Official release of Seurat 4.0

We are excited to release Seurat v4.0! This update brings the following new features and functionality:

¢ Integrative multimodal analysis. The ability to make simultaneous measurements of multiple data
types from the same cell, known as multimodal analysis, represents a new and exciting frontier for
single-cell genomics. In Seurat v4, we introduce weighted nearest neighbor (WNN) analysis, an
unsupervised strategy to learn the information content of each modality in each cell, and to define
cellular state based on a weighted combination of both modalities. In our new paper, we generate a
CITE-seq dataset featuring paired measurements of the transcriptome and 228 surface proteins, and
leverage WNN to define a multimodal reference of human PBMC. You can use WNN to analyze
multimodal data from a variety of technologies, including CITE-seq, ASAP-seq, 10X Genomics ATAC +

Archive

Links

Download from CRAN at
https://cloud.r-project.org/
package=Seurat

Browse source code at
https://github.com/satijalab/
seurat/

Report a bug at
https://github.com/satijalab/
seurat/issues

License
GPL-3 | file LICENSE

Community

Code of conduct

Citation

Citing Seurat

Hao*, Hao*, et al., Cell 2021
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Cell clustering :

1) K-means based

Initial Seeding After Round 1

Page et al. BMC Research Notes 2014, 7:829
o A\www. biomedcentral.co 6-0500/7/829

2) Hierarchical clustering

&4

-

methods

3) Model-based clustering (Mclust)

5) Single-cell specific

v N @ 44

N 3I N & 3 3

=4 o % ¥ 5 X x
_, v - P © £ - X
2 3 2 3 3 3 s
= 2 8 ¥ 5 B & & 3
g = o & 2 &8 3 F 3
N - = R q - & -
2 Q E 222283388
R < OO

RacelD2 -.. —L_J.
FlowSOM
CIDR .-.
rscan i

ascend .
PCAKmeans .-.
PCAHC .-.
sare IR

oLidx3pasey

0.030 -
pcaReduce ..
0.025 4 RisneKmeans .
monocle ..
8 = scasvm [ INIE
So0154 Seurat .. '
[} |
g scs i
0.010 4
>
0.005 4 o o ) & -8
= 5 & P 38
0.000 — — t 1 See : https://www.cse.msu.edu/~cse802/S17/slides/Lec_20_21_22 Clustering.pdf 5

(&)
BN



Differential expression analysis

Healthy Pathological
Tissues
o
Y e Single-cell RNA-seq v
- E i file clusteri
\ xpression profile clustering v
Cell-type
maps & () (20 o O © % o
S oo (B8
OO o o © ON®) o ©o o
©~o o . o© o)
% . o°
(¥ : ;
© 0& Disease-associated
\j © oczl.lls

Within cell type

» Stochasticity, variability of transcription
* Regulatory network inference

» Allelic expression patterns

* Scaling laws of transcription

ol

Between cell types

« |dentify biomarkers

* (Post)-transcriptional
differences

<>

Between tissues
* Cell-type compositions
» Altered transcription

in matched cell types
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methods

Differential expression analysis

Seurat v2

Seurat v3
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Cell trajectory

UMAP El

scRNA-seq
expression data

|

Dimensionality
reduction

|

Cellsina

low-dimensional space

|

Trajectory
modeling

Most adopted tools :
Monocle 3
PAGA

Model of
process

|

STREAM {

Gene
prioritization

([
([
(]
e Scorpius

e Slingshot
Not limited to scRNAseq ! (ATAC,
CITE, multiomics, imagery-based ...)

|

Key genes

|

T

beea 0

Calculate correlation
distance

methods

Filter outliers

Multi-dimensional
scaling

k-means
clustering

Shortest
path

Principal
curves

Feature selection
of genes

R

Extract modules

SCORPIUS, bioRxiv (2016)



Cell trajectory

Cell distance to path + cell types
Subway Map Plot

b

Cell distance to path + gene expression
>l

s;, %‘

Gatal

e
P64

5S3

6

4

2

0

visualization

Cell types density

Rainbow Plot

HSC |

~ LMPP

0.00
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0.15 0.20
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0.35

Cells density + gene expression

o
)

Gatal
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STREAM (Pinello Lab)



Cell trajectory

Yes / | don't know

Do you expect

multiple

disconnected

trajectories?

(— Yes / | don't know

Do you expect

|
No

No
|

L

Do you expect
a particular
topology?

=
Yes

»  cyclesin the
topology?

No

N r—

A Free topology

V Fixed topology

Contexts

Estimated running time
(cells = features)

Accuracy Usability 100kx 1k 10k~ 10k 1kx100k

s

Reiu-rsd ﬁncts

Start cell{s)

states

19s Start cell(s)

. PAGA & + 7m 558 19s
-
= Disconnected '\ ugReiey ™ R, =
PAGA & b4 m 555
/ StemID *
SLICER *
No / Slingshot | % + 56m 2m
! > PAGA 1 t 7m 558 19s
(-I don't know Monocle ICA + 2d th 1h
MST ¢+ 8m 12m 2m
D xpect
Dyo=icrpecta PRGAEN :+ 7m 5%
tree with two or MST  + e DS
more bifurcations? Slingshot 3 = 56m  2m
RacelD /StemiD % x h
STEMNET = & S 3Bm 12m Tm
Slingshot = 4 + [N 56m 2m
PAGA & S 7m 558 19s
FatelD = % + 26m
Slingshot = % + 56m  2m
FatelD = # + 26m
GrandPrix  # + 7m  28m
STEMNET # + 36m 12m Tm
SCORPIUS = t 1h 4m  4m
Embeddr & t el 33m  2m
TSCAN = & + m Sm 7m
Slingshot | + 56m  2m
Angle =+ 2m  10m 3m
EIPiGraph cycle  + + 8m
reCAT  +
RacelD / stemiD [ +

End cell(s),Cell clustering

Start cell(s)

ell clustering.Start & end cell

sell clustering,Start & end cells
# end states
End celi(s),Cell clustering

Saoutens et al, Nature Biotech, 2019
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Network inference

Using cell ordering from trajectory
correlated genes
A single-cell snapshot data | "*™°'™®  “Gene regulatory network
6-dimensional inference '
GENIE3 .'_.

dimensionality ffusion map

algorithm

1d1

reduction algorithm ‘"_‘ ‘“__.
3D embedding .., . ® @@=
f GRN prior knowledge
®
; E: model selecuon
F | (parameter optimization) |
clustering d hf’c‘ -
algorithm likelihood p(D|M(8))
D -« data, M - ODE model, 8 -» parameters
(" clustered branches ) - -
cells time pseudo-time series

= :‘510(10 gx (hraned 1 : ::’
C ordering |5 o3¢ (branch .
® 500 il B ” A
Wanderlust |g *°°

P

algorithm

analysis + co-occurring /

(7 refned GRN

c&mgl

—p activation
inhibition

—# uncertain sign

/ kinetic parameters estimates true
o A k(+) h(+) x(-) h(-) value

o j\ 7 - = = | 250

x» Z| N\ = & S5 [o.2s
K (+) N\ 400
h (+) Va® 20

x(-) <Py D £ | /\ 200
h(-) . 2

1 3 3 & 7/4\\h
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& 4

Ocone et al. Bioinformatics (2015)
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Copy number estimation from scRNAseq

InferCNV (Broad Institute)

g ™ 7 X, - =T~ Fe T T o=
TR SN o 25 O O B A N EES e IS PR T e
S ] ol I A S S 0 e R A I T S R R 18 '
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CaSpER (Armanci et al, BioRxiv 2019)
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Expression Matrix after Recursive Multiscale Median Filtering
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WARNING : e gE L T .
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Spatial Single v

CNV
VDJITCR
(WGA MDA/
MALBAC)

Cell RNAseq

SC
genomics ATAC (10X)
ChIP (Custom)
5mC/Bisulfite

Hi-C

SC
proteomics

SC
epigenomics

SPLINTseq

SNAREseq

Fluidigm cyTOF

0X Genomics You
_ _ Fluidigm C1 ARE
transcriptomics / mRNA- 1cellBio STILL
Seq-well
DolomitesBIO HERE
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10x Genomics Visium

Visium Spatial Capture Area with Visium Gene
Gene Expression ~5000 Barcoded Expression Barcoded
Slide Spots Spots
BB —
@is = +«— 6.5 mm—

dT

5+

Partial Read 1

+«—6.5mMm—

Clusters
RNA FISH

Plp1-202




Illumina “HD Spatial Transcriptomics”™

Methodology Sample preparation Sequencing and analysis
1. Silicon 2. Array / 3. Single well 5. Oligo 1. Tissue resection 2. Image recording LTissue (side viewb‘ 1. Library prep 2. Sequencing
wafer wells with beads = LK 163 71 reaction
20x ¢ § §

poly(d)TVN N

UM ( D

Olfactory bulb JL » Barcode demultiplexing
4. Bead surface Spatial barcode || » Frozen *H&E » Morphology

section stained

lllumina adaptor

1 (—"? ........ y2
T7 promoter ( () ( % < b
Cleavage site A S~ X5 X4

» Coordinates X vil PG vl || Xy vi] [, Vol --... » Gene expression profile

e 2,893,865 individual barcoded beads

o 1,4 Mwells

e Well diameter ~2 pym
o << median cell diameter (20 pm)
o ~1,400 x higher resolution than “standard” ST
o ~25x compared to SLIDE-seq

e Array reading time~3 H

e Challenging analysis strategy (low capture rate) ...

e Commercially available in 2020 62




I1lumina HDST

GCL-D GL
log, (nom e log, (norm : log, (norm
counts + 1) & ‘:’3‘ R counts + 1) - | counts + 1)
3.0 A Com3s | A g ‘| g 3.0
10 5 05 | %00 ¥y dl. P
0.0 = 0.0 - — 0.0

¢ Cell types
in sn-like data

Annotations

H&E

enlargement

@ Fatty tissue, immune/lymphoid @ Fatty tissue, invasive cancer
© Fibrous tissue, invasive cancer

O Invasive cancer, immune/lymphoid Immune/lymphoid

© Fibrous tissue

O Fibrous tissue, immune/lymphoid

sn-like
enlargement

© Fatty tissue, fibrous tissue, invasive cancer
@ Fibrous tissue, invasive cancer, immune/lymphoid
@ Fatty tissue, fibrous tissue, invasive cancer, immune/lymphoid
@ Fatty tissue, invasive cancer, immune/lymphoid ©

H&E
enlargement

sn-like
enlargement

@ Fatty tissue

Invasive cancer

O T cells

© B cells

© Endothelial cells

© Epithelial cells

O Macrophages

O Stroma

O Unassigned
nucleus
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Spatial long reads

Tissue preparation, imaging and lllumina sequencing Gene-level data-driven annotation o
generation of spatially barcoded cDNA 0 8%0 o
N
Fragmentation S — B 8
and 3 "brary R ja—— S fu—==) .
preparation P — P 2
28bp 91bp X
B o — = s
B Y Y &
' ene/Spatia MI association -
" Gene/Spatial BC/U .
é @ Glomerular Layer ‘S
' . : © Granule Cell Layer o
Nanopore sequencing o OOC y b o)
_ x O @ Mitral Cell Layer %
T - !' : y i @ Olfactory Nerve Layer ..O_I')
S Y _ C
Fulldength Spatial BC/UMI : . @ Outer plexiform Layer %
s — library — —>» assignmentof 5 Differential Isoform —

. preparation Nanopore reads Expression

l{/—\
Spatial BC Full-length cDNA J '
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Single Cell WES
gCNV ol ow, vou
(WGA MDA/ ARE HERE
MALBAC)
ATAC (10X)

ChIP (Custom)
5mC/Bisulfite
Hi-C

SC
proteomics

SPLINTseq

epigenomics
SNAREseq

Fluidigm cyTOF

—

0X Genomics
SC Fluidigm C1

transcriptomics / mRNA- 1CellBio

Seq-well

_ DolomitesBIO
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ScCNV results (SCOPE)

Sequencing fastq(s)

Demulitplex (Python)
Align (BWA)
QC (SAMtools)

Assembled bams hg38/mm10/...

Biostrings

—Mappability GC content

Rsamtools
Read depth }
v

Normalization
(GC bias, latent factors, etc.)

v
Multi-sample Poisson
likelihood segmentation
v
CNV calls

v

Single-cell clusters/clones —

WARNING :

e Limited resolution :
e Requires > 750,000 reads / cell

Estimated copy number
0 1 2 8 4 5 6 7

Estimated copy number

Estimated copy number

FACS ploidy = 2; Predicted ploidy = 2.

—— Cross-sample segmentation 1

1 2 3 4 5 6 7 8 910 2 14 16 18 21
chromosome

FACS ploidy = 1.7; Predicted ploidy = 1.7.

—— Cross-sample segmentation

(o K I T s

| R S e o e R K T T T
2 3 4 5 6 7 8910 12 141618 21

chromosome

FACS ploidy = 3.15; Predicted pI0|dy 3.09.

fation

9 1.2 3 4 s 6 7
1 o [ 1

{ e T TTTTTTT
4 5 8 7 8910 12 14 1618 21

chromosome

> 2 Mb

Single-cell aggregates
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Single Cell

Epigenomics

SC
proteomics

Fluidigm cyTOF

WES
CNV
VDJITCR YOU JUST
(WGA MDA/
MALBAC) JUMPED HERE
SC
genomics ATAC (10X)
ChIP (Custom)
5mC/Bisulfite
Hi-C
(o3
%
= SC
=l epigenomics
(7p)
SNAREseq
10X Genomics
S_C : Fluidigm C1
transcriptomics / mRNA- 1CellBio
Seq-well
_ DolomitesBIO
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Overview of scEpigenomics techniques

Transcription factor binding
TF binding interacts with DNA
methylation and chromatin accessibility

DNA accessibility
scNOME-seq
SCATAC-seq

scDNAse-seq

—

L scHIC

Histone modifications

Modifications can be active marks intion

(e.g.. H3K4me3 in green) or repressive 1

marks (e.g.. HZK27m3 in red) scRNA-seq

DNA modifications

QDc @ smc

@ 5hmC / 5(C / 5caC (D'Mmodlﬂcaﬁons
- scBS-seq

Chromosome organizat scAba-seq

Higher-order chromatin organization

into LADs and TADs CLEVER-seq

Kelsey et al, Science, 20 16 78




Overview of scEpigenomics techniques

= scChIPseq
: R L ] : e ol __‘_‘.. = ': s ] K . _.:.‘}.1 o - 7,
| . 'S R 3 1 PRI sug 2 e S Llesp T o
| ESC SR 5 T O R L | A e o R PR e R
| cells P 7 .":. .. .'." % :-'_ L_.,'.f_.'?.'-__ o e =% o.".- .‘-:; . .'n.'.-.. {re .3'-' .:
Manual 20| » 2ot | ettt WV d A Jefel | WP 100 33 5

Droplet inulati
encapsulation ma:;;::tj\zgn Micro-fluidics — #1

/ N cells
#50
Parallel Physical 200
»O‘ 0 o e oo el e

) Mep 200

Bulk

Anxal M6pr Egr2 Rlng1b Cyb5d1 Ctbp2 Pou5f1 Sox2

v

e scChlIP : improvements in 2019
e scMeth : low coverage, low
pecptr el sensitivty (<20% CpG read)
m e scHi-C : stable protocol & analysis
still needed

il e ScATAC : most popular technology,

scRNA-seq scDNA-seq scRRBS scC seq SCATAC-seq scDNase-seq scHiC

-« , , , > numerous tools available
Single cell epigenomics 69




Single cell (RNAseq) resources
(some)
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Tabula Muris e ~100k cells
ARTICLE e 20 organs

ips/ dotorg/ 10,1038/ 341586-018.0590.4 e 2 techniques:
o Droplet 3, short reads
Single-cell transcriptomics of 20 mouse o FACS, long reads
organs creates a Tabula Muris

The Tabula Muris Consortium*
Cell

Mapping the Mouse Cell Atlas by Microwell-Seq

Graphical Abstract Authors
Xiaoping Han, Renying Wang,
Yincong Zhou, ..., Guo-Cheng Yuan,

>40 Mouse organs and lissues Microwell-seg Ming Chen, Guoji Guo
Cols
'w-w i Correspondence
M CA b rowser g - ;; Ot xhan@zjuwedu.cn (X.H.),
>400,000 Sngle Cell ek ggj@zju.edu.cn (G.G)
. . . RNA-s8q
http://bis.zju.edu.cn/MCA/ o LI s ish
The Mouse Cell Atlas ROV n Brie
»’ Development of Microwell-seq allows

o F ¢ Single Cel construction of a mouse cell atlas at the
D

¢ (\ 4 ata single-cell level with a high-throughput
w ‘ﬁ‘ . ¢ and low-cost platform.
8 v Sl
LSt
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The Mouse Brain Atlas (mousebrain.org)

© Astroependymal cells
® Cerebellum neurons
® Cholinergic, monoaminergic, peptidergic
® DiI-and mesencephalon neurons
® Enteric neurons
® Hindbraln neurons
Immature neural
@ Immune cells
Neural crest-like glia
® Oligodendrocytes
@ Peripheral sensory neurons
® Spinal cord neurons
® Sympathetic neurons
® Telencephalon Interneurons
+ Telencephalon projecting neurons
® Vascular cells

o ~160Kk cells
e 20 subtypes

Non-neurons

.- ——

00 u‘mo 000 L o O oooED

.Gm m)"' (WII.UTD (WUJ'B) ®GABA .mﬂm) .m(ﬂ\'m Aanldwlm © Adeenaline .m .m Semoain ONitric oxide
) — — -
r - " T e Dy —" " — '- -~
- — - - B o — — — W
e — ) — W

W Telencephalon BDilencephalon 8 Midbrain 8 Mindbrain 8 Spinal cord 8 Neural crest 8 Mesoderm


http://mousebrain.org/

The Human Cell Atlas (humancellatlas.org)

MAPPING THE BASIC UNITS OF LIFE

CZ| proudly supports 38 new projects in these six areas for the Human Cell Atlas.

IMMUNE

7 projects ". 7 projects

TISSUE HANDLING & A
PROCESSING GASTROINTESTINAL
i ¥ 6 projects
10 projects
& TECHNOLOGY
Mol DEVELOPMENT
el 3 4 projects

* Every cell type in the body

* First: define how to proceed
* Best experimental practice / organ
* Best bioinformatics methods

* Data will be made available to all



https://www.humancellatlas.org/

PanglaoDB

Pa nﬁ%o DB A Home

PanglaoDB is a database for the scientific
community interested in exploration of single
cell RNA sequencing experiments from mouse
and human. We collect and integrate data from
multiple studies and present them through a
unified framework.

Usage examples

« Run a gene search for SOX2, PECAML or
ACE2

Browse the full list of samples

Explore the list of cell type markers for
Schwann cells

« Browse cell types of the mouse retina
Look at the expression of CRX in
photoreceptor cells

Database statistics
Mus musculus Hon; sapie;: ™
Samples 1063 305
Tissues @ 184 74
Cells @ 4,459,768 1,126,580
Clusters @ 8,651 1,748

Dataset of the day

Take a closer look at the cellular composition of
Heart, using a dataset which consists of 871
cells. Clustering of this dataset resulted in 7 cell
clusters, containing among others, Smooth

https://panglaodb.se/

N
TN


https://panglaodb.se/

WYSIWYG analysis frameworRs
(mainly for scRNAseq / scATACseq)
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SCHNAPPS : A R-shiny app for biologists (U

SCHNAPPs

SCHNAPPs

™ input information:
™ input

A G formed with t SNE folowed by using DBSCAN ® Subclustering :Select a group of cells in plotl and a different group of cells in plot2 for identifying differential features between these
arameters o Cluster0 :Cells that cannot be assigned to any cluster subclusters
* 3D Plot :Enter gene name to visualize expression in a single cell A\ Parameters ® colors: colored by cluster identity
o General QC 2D Plot:Picka cluster, highlight cells of interest to download gene expression matrix o selection hint: you can also slect by groups you have defined in other plots.
0l mlocion b General QC ® selection hi Iso check out "Gene.count" to verify that number genes per cell.
Entergene g genes Cluster X ¥
® Geneselection for UmiCountPerGenes for UmiCountPerGenes2 @ Cell selection
€052 123456 tsnel v tsne2 v
€D52 © Geneselection
® Data Exploration X Y, colog g .
S tsnel - tsne2 - Gene.count @ Co-expression 2“ .
» Panel pl ™-Cluster1 CD52-Cluster2 CD52-Cluster3 CD52-( :
(&) Data Exploration
14 Subcluster analysis ¢ Gene.counk;
ummary statistics of this dataset: & 100 Subcluster analysis
B 101 109
- » DGE analysis
5 [Summary statistics of this dataset: ] O 3 .
o < < —~
IMedian Genes with min 1 UMI: 65.5 < 1] 0w @ @ CS 2 S @ ® O o [7)]
otal number of reads: 14930 4, - o] Qe © o¥ & of ® o oY oo @ ® e o —
K3 KY s 0. @O € 9 oSO 0. @R © ONSIOMCICO —_
Normalization used: o 9 © @O € . & ® C OOCKC 3 8 ® & (U
IDE_logNormalization Median UMIs per cell: 76.5 @ @ o ® C e oo ® D_
4 » 09 »%
& Generate report Median Genes with min 1 UMI: 65.5 OSOKAC o $ 0o AN
& Download counts.csv [Total number of reads: 14930 104 o s o) 104 _ 8 & S —_
;s Memory used: 493 Mb s @ & e 3
ok DownlsadRed . , INormalization used: L | | | I | | | ()]
° 2 ° B
v DE_logNormalization s 9 © w E 0 o " e
show more options. tsnel tsnet m
& Generate report (U
CD52 ! : : : :
& Download counts.csv Method to use for differential gene expression analysis o
b N—"
| & Download Rds Method to use
© Chi-square test of an estimated binomial distribution (U
w0 ttest (@))
5 ©
'g Differentially Expressed Genes -
3 100 [Selected itmes to be copied -O
& Download table e
Cells o
U ! | m
‘”;”5 £t Cj’“s C“.;"‘S Select all rows reorder cells by sum of >
Cluster selected genes ED

//c3bi-pasteur-fr.github.io/lUTechSCB-SCHNAPPs
/laithub.com/C3BI-pasteur-fr/UTechSCB-SCHNAPPs

https
https

~
(0))


https://c3bi-pasteur-fr.github.io/UTechSCB-SCHNAPPs/
https://github.com/C3BI-pasteur-fr/UTechSCB-SCHNAPPs

SeuratV3Wizard

% nas sbinyu.edu/Seuraty ECRY ° PCHeatmap Output:
SeuratV3 Wizard = P o < o "
s to use:
\‘\‘\W‘ ol HI‘H‘ I H 1 \\HH“
@ = “\“‘I\HH‘ 1 \\I ‘\\“‘I”W i “” ‘\‘ \N""‘ ”M'\‘\‘“‘
Vin Plot (Filter Cells) 1 : ikt M’ iy ‘ H\ il f\ ﬂl ‘I
[ R O
Note that low.thresholds and highthresholds are used to define a gate’ P \H“\ \\m ‘\ i | H\\\I‘H i ‘\‘ W
To B ool (1 s
Select thresholds to filter cells ”‘ i I | W ""
® 5 3 il wnuhuw it I uﬂ \ i}
1wt Vinlot (Filter Cells)  @iese> [ i “|‘:‘|\":'u‘|\'1:‘\'\'
nFeature_RNA ® \ ) “ uuu\ i
Number of cells to use: ‘ ”NIF‘ “‘” N » U
e 1 o1l
nFeature_RNA nCount_RNA ® 500 A ‘ “H‘ N
I AR j Nl il il
nFeature_RNA nCount_RNA ® ! 1w |
15000 ® ves res res
Plot Download Opt mhe i
~ ot Download Options u‘\“‘rw uJ\H:\HM “w I ai i z i
Pt nen w.‘..‘n‘.‘ai.m. e 1 i '\“ i '”"‘“‘4"‘."' A N i)
10000 3 ] !
linear Reduction @ i & i | kb \\H\Mv nlilllll\ T 16
of ol o iy /! e T
ter Markers [ ] Blctwidth(incrm) ”N inz w 4 Tl |u‘\‘\‘\|‘\‘Wu‘l”lll‘\II"l""‘Nl\‘ i {nf\‘\“u‘u{u‘\“\‘\ mm\
— 30 E W‘ m» MHW it A e T li\‘\ i \H H |
N J m\l i ’H 1| ‘\ (N Wiiup il ‘
Download File Type: T ﬂ ek B o
\\HIIIIIHIHIII\ e | H\ HH\
T R O GE I \J‘h\m”u‘u il 'I‘ ) ‘ il
T S5 o sl I I I ‘“‘ “H”\“\”\m
Identity ‘ [N}
® Run Non-linear dimensional reduction
PS Choose reduction method to proceed with:
tsne
® © umap
@
®
e UMAP Plot
® .
@0
10 . 0|
o1
® o2
«, .3
luster Cells @ % o
o .5
38 Non-linear Reduction @ ° - i
S ;
luster Markers Next
10 s i
T 3 3 S )
UMAP_1

//nasqgar.abudhabi.nyu.edu/SeuratVV3Wizard/

http


http://nasqar.abudhabi.nyu.edu/SeuratV3Wizard/

Azimuth (from Satija Lab)

Azimuth =

FileUpload [

QCFilters [g

Log-scale Y-axis

min nCount_RNA max nCount_RNA (& Hide points
480 15680 nCount_RNA nFeature_RNA percent.mt
min max 15000
nFeature_RNA nFeature_RNA 3000
75
57 3
min percent.mt max percent.mt 10000 5600
50
0 92
33148 cells remain
after current filters 5000 1000 25
0 0 ° #
& & &

2%
2%
2

0% 25% 50% 75% 100%
nUMI per cell 480.00 1463.00 189100 243800  15680.00
Genes detected per cell 57.00  604.00 73200  875.00 3293.00
Mitochondrial percentage per cell 0.00 L75 2.29 294 91.27

33148 33148

Success

cells uploaded cells after filtering Mapping complete

Reference

Show labels

UMAP_2

15

Query

Metadata to color by

peeciciodid

UMAP_2

10

» ASDC
* 8 ntermedate
* B memery

® Bnave

* CDI4 Mono

* CDI6 Meno

. CdcTL

* CD4 Nave

® D4 Prokfenating
» CDITOM

* CDITEN

* (D& Nave

® CD8 Prokferating
* C08TCM

* CDa TEN
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€D Nahve

ey
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T

Enth

gdT
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NK

NK Proliferatng
NK_CD56bright
0C

p
Plasmablast
Platelet
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0T

p
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//satijalab.org/azimuth/#General

https


https://satijalab.org/azimuth/#General

Visualization tools
(mainly for scRNAseq)
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10x Genomics Loupe Browser

[ BON ] Loupe Browser 4.0.0 - AMLTutorial . .
e Compatible with output
e - 1] [cotgorm T ompatibie - with - outpu
— B AL . from 10x Cell Ranger
Q ' o Graph-Based o4
1] ” H
i1 (“cloupe’ files)
uster 1 (1623
e Linux/OSX
Cluster 3 (408 . .
t e Supports Visium (Spatial)
i Cluster 5 (55
X 4 Cluster 6 (54
<] « © Cluster 7 (511 eoe : Loupe Browser 4.0.0 - AMLTutorial |
[ Cluster 8 (46 i lxi@ ‘t—SNE - ﬂ‘sm/mmuamssim - >‘
= Cluster 10 (423) Faiient
H s CXCR4
= Cluster 11 (403) 7 é P —
Q -~ H
LOJA Cluster 12 (390 ™
—d . Table Opions
Cluster 13 (369 12 pr—T—
|= Log? Fold Change -
Cluster 14 (340) a — i
Up ReguatedGonesParCusor Derat)
Graph-Based: Up-Regulated Genes Per Cluster Significant Feature Comparison @ n PR
. L L]
Cluster 1 P-Value ® ~ Cluster 2 Cluster 3 Cluster 4 Globally Distinguishing 2 — o e o ls‘::;“""b:"]rhamgMax -
4.07 *k&k 1.550-20 Feature Type & ]%D
3.61 #kk% 3.72e-15 Gene - — cw"""' Sl nent e o | coszs-ocne
i - - [ T e
v o o ‘

f T T J

https://support.10xgenomics.com/single-cell-gene-expression/software/visualization/latest/what-is-loupe-cell-browser 80



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

iSee

Creators: Federico Marini,

Interactive Data Visualization (iSEE) Aaron Lun, Charlotte Soneson,

and Kevin Rue-Albrecht
Running emptyDrops on the PBMC 4K dataset = & | @il

Choose panel type: 7
Reduced dimension plot 1 Column data plot 1 Feature assay plot 1
Reduced dimensionplot ¥
(2) TSNE log10_total counts vs Cluster PF4 vs Cluster

Cosroe .
404

Reduced dimension plot 1 : J

m oo & | '

Column data plot 1

T o O &

Feature assay plot 1

MO | v

5 25 25 =
Cluster
E Doloction + Bsth o Celflanger + EmgtyOveps Detoction * Do o Celfanger o ErptyDrops 10g10_totel_counts ?,.
Row statistics table 1 ‘ gae 2 1045

https://marionilab.cruk.cam.ac.uk/iSEE pbmc4k/

00 O ana=y

e

0g10_total counts
PF4 (logeounts)

Dimension 2
=«

‘.“4Jlﬁl{l@l Al

+ o - N ® % 0 e

- N ™ ow oW w ~ o®
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CerebroApp

Cerebro

put parameters

Gene set:

GO_B_CELL_DIFFERENTIATION £ Expression

Projection:

tSNE - 40

samples to display:

PBMC_5k_1, PBMC_5k_2, PBMC_5k 3 ~

Clusters to display:

1,2,3,4,5,6,7,8,9,10,11,12,13, 14,1~

e ShinyApp (web GUI over

some R)

e Binary format (CRB),
converted from

SeuratObject / SCE

i | L, e From QC to trajectory

Show % of cells

. m

tSNE2

Plotting order:

Random v

Point size:
' M 20
——

Point opacity:
01

Total unique genes in gene set:
¥ axis 89

.
o 8 Showing expression for 59 genes:
e ABL1, ADA, ADAM17, ATM, ATP11C, BAK1, BAX, BCL2, BCL3, BCL6, BLNK, CD40LG, CD79A, CD79B, CEBPG, CLCF1, CMTM7, CR2, DCLRELC, DLL1, EP300,

FLT3, FNIP1, GPR183, HDAC4, HDACS, HDACO, HHEX, IL10, ITFG2, ITGA4, ITGB1, JAK3, KIT, KLF6, LFNG, LGALS1, LRRC8A, LYLL, MALT1, MFNG, MSH2,
NFAM1, NHEJ1, NOTCH2, PIK3R1, PLCG2, PLCL2, POLM, POU2F2, PRKDC, PTK2B, PTPN2, RAGL, RBPJ, SP3, TCF3, TPDS2, ZBTB1

30 gene(s) are not in data set:

AICDA, CDH17, FZD9, GPROT, IFNAL, IFNALO, IFNAL3, IFNAL4, IFNALG, IFNALT, IFNA2, IFNA2L, IFNA4, IFNAS, IFNAG, IFNAT, IFNAS, IFNBL, IFNE, IFNK, IFNW1,
1L11, L4, NKX2-3, NTRK1, ONECUT1, POULF1, RAG2, VCAM1, VPRBP

Expression levels by sample

https://romanhaa.qgithub.io/projects/cerebro/ 89
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UCSC Cell Browser

UCSC Cell Browser  File
Color By

Color by Annotation

Edit

select a field..

Hover over a cell to update data below
cell

cluster

‘sample
individual

region

age

sex

diagnosis

Capbatch

Seqgbatch

post-mortem interval (hours)
RNA Integrity Number
genes

UMIs

RNA mitochondr. percent

RNA ribosomal percent

...and 12 other cells underneath

100%

104559 visible cells loaded

View Tools Help
Info & Download Open... Xena Layout \ t-SNE v Legend Colors v
- cluster
‘ Check boxes below to select cells

[ Name v~ Frequencgv
Pl I Oligodendrocytes 14.7%
R L2/3 12.7%
O\ OPC 9.7%
Neu-NRGN-I 8.0%
AST-PP 7.3%
L4 6.6%

IN-VIP 5.7%

L5/6-CC 4.4%

IN-SST 4.4%

AST-FB 4.4%

Neu-mat 4.0%

IN-PV 3.9%

L L5/6 3.4%

Neu-NRGN-I 3.4%

Microglia 3.2%

Endothelial 2.6%

IN-SV2C 1.8%

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



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

BREAKING NEWS !
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Announced by

New High Throughput Instrument

Chromium X
Coming 2H 2021

y -

Making 1 = cell experiments routine

Making 1 r 7 = \\ wtine
Making 1 m: m,//ie =nts routine
On,

) « “\-
: W\/-i)’

Making 1 million cell experiments routine

“ner:

10x on twitter in January

Visium at Single Cell Resolution

Visium HD
Coming 1H 2022
[ BN
® ® 0.0
L DI J
0.0 0
> 9o 00 o
®_O
...
0..
..

Visium HD
Resolution 1,500x

Visium
Resolution 4x

First Generation

Unlocking More Samples for Spatial

Visium CytAssist
Coming 1H 2022

Pre-mounted Tissue Slide

Visium Slide with RNA
from Pre-mounted Tissue

Visium Slide

Accessing archived and pre-mounted samples
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Some things I muted (and many, many more)

® ScRNAseq :
o RNA velocity
Protein activity modelization
Stemness scoring
Variants detection
Integration:
m Multiple samples
© Multiple omics data
o All non-droplet methods !
e scEpigenomics : quite everything !
e Other single cell technologies :
o Genomic :
m Long reads
o Non-genomic :
m Imagery
e Other : ERCCs, PDX,

O O O O



Alternative isolation method : & e
IBSCI™ (Image Based Single Cell Isolatlon)

e (Capillary real-time video
recording :
o Cell or no cell ?
© More than 1 cell ?
o Cell size ?
e Acoustic dispersion (more gentle)
e Middle scale :
o Plate-based
o Up to 1536 cells
e Cell recovery rate over 95%
e Open platform
o Scalable, compatible ; 3 :
o Custom reaction kits 89




CITE-seq
(scRNAseq + proteins)

90



Cellular Indexing of Transcriptomes and Epitopes by Sequencing

‘Antibody binding, | [ Single cell droplet encapsulation | | | [—potein T mANA
: washing cells |, 2=
", U\ \Cells Oil : 7 -1_4_&}&;:' 2 . o
w \ / ' e S * 2p g
-L ‘ / = ._
: &) g e S . € S 52;
\— o \ ' adll
® 1 \\\ é 'E
Bead oil \ ™ &>
N J | | @3
‘ mRNAs and antibody-oligos | [  Size selected cDNA
! hybridize to RT oligos and for standard library prep 2
are indexed with cell barcode el a
TTTTTTTTTTTTT . i e AAANAAANA _“ ]
- =mmnmu _} .
q - Aals
TTTTTTTTTTTTT =MMMAM1 _J - g’! §
:, — N
TTTTTTTTTTTTT Size selected antibody |
I A AMAAAR A% oligo products for further .
L \Z TTTTTTTTTTTTT library prep Poyes 9
‘ AAAAAAAAAAAA & | - i 2

Wikipedia / citeseq.com




ECCITE-seq
(scRNAseqg + proteins + CRISPR gRNA)
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Extended CRISPR-compatible Cellular Indexing of
Transcriptomes and Epitopes by Sequencing (5°)

=
'S
AAAAAAAAA

MRNA >

poly(dT)-RT primer

—JK

CITE-seq and
Cell Hashing
antibody tags

sgRNA =i

sgRNA scaffold
RT primer

GEX and
TCR/BCR

ADTs /HTOs

H

Fragment length (bp)

JAK1 ITGB1 | CD46
N2 '§
") 2 3
< 2 -
g %
? S aF
/3
gf’ % 2 14 % g& i 8
¢ .‘!'. e (4 RS P— .‘; 208a
!§ ‘i ¥ "ff“ ) ; . ?"‘ ' o 2 !.. ':3. & 3
P N o . o ¢ = - A8
Ex sy ]
f o B | 4 o ' ¢ o
3 / /
1 )
5 3V §
s N/A w Th op
5 L 3 % , W
a i W | W

Wikipedia / citeseq.com
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Some sweets
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tSNE dimension 2

Xenopus embryo development

()

n=15,426

n=13,478

@ Pluripotent blastula
@ Germline
@ Non-neural ectoderm
@ Placodal
@ Specialized epidermis
@® Neural
" Neural crest

Marginal zone
@ Dorsal mesoderm
@ Ventlavint. mesoderm
@ Endoderm

tSNE dimension 1

95



tSNE dimension 2

Zebratish embryo development

4hpf

o S

4,001 cells

e 2

7,947 cells

6,962 cells

tSNE dimension 1

5,692 cells 4,280 cells
14hpf & 18h‘g . e @ Epiblast
{‘ . @® Neural Anterior
* ; ® Neural Mid

® Neural Posterior

® Neural Crest

@ Epidermal

® Endoderm

® Mesoderm

® Germline
Apoptotic-like

96



Entire mouse heart : expression & velocity

Endothelial-derived

Epicardia!-derived:

. Fibroblasts

2 . 253%
a
A
Smooth muscle cells a Neural crest-derived
$ ~ - - -
¥ YXTFTFFY Neuronal cells
X § Myoblasts 7.4 %
- -
[le] Neuronal cells Neuronal cells
Cardiomyocytes LA I (Anol Pow) 5 (Anol. high)
Cardiomyocytes  (Hand2oslhigh) ,& Immune cells ; % 3
102% . 33

%

S NAA

T AAA

> » Monoblasts ¥ ’o

Lo o« A

>

o~ Immature cardiomyocytes
o (Hand2os1 low) v « < < %g ~ # 5 >
Lo v Vv v W < NV > >y
% Adipocytes V% v« <« < < vy ~ Monocytes
A A < L v‘v v v . Mesothelial cells
o vy L Lo T T 2 :
ndocardia
Vg Zd N < € ¢ calis > >
Vgre * << v Vascular 4 7 Z
v v b 4 endothelial ~ ke 7
- cells £. M > -z =z
[To) Cardiomyocyte like £ & £ B > 7 7
! Artrial N endothelial cells < < Loy .
cardiomyocytes > > ~ T < v
" 7 T v v < L v v
Cardiac glial cells Mature ., v < v v
R cardiomyocytes | £
T @7 ) Endothelial cells
. T = 4 < 288%
- B <
‘T Endothelial cells Endothelial cells
(My010 high). (Myo10 low)
T I I T I I I
-15 -10 -5 0 5 10 15

https://doi.org/10.3390/cells9020318



https://doi.org/10.3390/cells9020318

“StereoSeqg” : Ultra HD spatial long reads

e Based upon “DNB” (DNA Balls) arrays by
CID sequencing MGIIBGI
e Claimed resolution of 500-715 nm
e Active surface of 200 mm?
e Performed a developmental analysis of FULL
mice embryos !

Cheng et al, BiorXiv 2021.01

CID

Stereo-seq capture chip

® Brain ° > di ® D © Stomach ® Physiological umbilical hernia
Spinal cord ° Urogfnlhl ridge ® Diaphragm ® Gl tract ® Umbilical cord ~
E k. Neural crest ® Urethra ® Pectoral muscle ® Gl tract - serosa @ Blood 3 o
E I T ® Ganglion ® Kidney ® Muscle Lung bud " Cavity i
1 y ® Facial ganglion © Ovary ® Sclerotome Lung
@ Trigeminal ganglion ® Adrenal gland @ Cartilage primordium
© Glossopharyngeal nerve  ® Salivary gland ® Bone
® Dorsal root ganglion Abdominal wall ®Liver »
@ Epidermis ® Blood vessel ® Pancreatic primordium
@ Hair follicle ° L]
2 ® Mucosal epithelium ®Dermis =~
© Olfactory epithelium ® Connective tissue

@ Sensory epithelium ©® Adipose tissue

® Head mesenchyme @ Smooth muscle
B = ; s geninﬁels 2 .#ear( e
=2 R o . @ Branchial arcl ® Tongue
B - / Tissue ® Jaw and tooth
. C & — © Notochord
v @ AGM

O Q Q O Chip 5’
'. cDNA 31/ :

500/ 715 nm D D 0 Gy T - S} N S s
E9.5 E10.5 E11.5  E12.5 E13.5 E15.5 E16.5 98




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

o TGCT
i iskem POPG.
" PRAD. THYM
, X BLCA
CHOL .
LAML MESO

) "o .."".“ AT
E i R, :
STAD - SARC KIRC -f?!%—

GBM . et s ONG,
. COAD i

r. ’ .
SaEee & 3NV L
s B R
- Voo

HNSC

KIRP

LuUsC b

" g

ucs

UCEC
DEBC e Misclassifications (GBM-LGG)
e Higher complexity (ESCA-STAD) 99



Single cell results and the community
TYPES OF SINGLE-CELL SEQUENCING PAPER

Overclustering the data
reveals unexpected levels
of cellular heterogeneity

We disproved the null
hypothesis that the
human brain consists of

a single cell type

The data made more
sense when we averaged
all the cells together

I

|

- . -y

Annat.

We're not sure why our
RNA velocity arrows are
pointing in the wrong
direction either

We ran imputation
without telling anyone,
but look how nice our
heatmaps look now!

In retrospect, we could
probably have just used
immunofluorescence

—

o~

-

I alone can normalize
your scRNA-seq data

HN

It turns out that

spatial transcriptomics
brings us no closer to
actually curing disease

T

Prepare to spend your
weekend searching for
our count matrices

e o ik

No, its not suspicious
that our benchmarking
study highlighted that
our method is the best

Our new algorithm solves
all your analysis problems,
or at least it would if we
made the code available

I

-

We don't have replicates
but its OK since we
analyzed the data with a
neural network

|
|




tSNE / uMAP plots are art !
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A little single scRNAseq cheatsheet

I. Tissue Procurement

Source: Key considerations: Study design:

- Primary human - Biological variation - Biological replicates

- Model organism - Sampling/handling variation - Technical replicates

- Cell culture - Duration of sourcing - Cell number calculation

- Workflow optimization

Il. Tissue Dissociation

@ @@ Method: Key considerations: Quality control:

0 @@ @ - Mechanical mincing - Experimental consistency - FACS analysis

< (®)_<> - Enzymatic digestion - Shortest duration - qPCR for marker genes

|6 @ - Automated blending - Highest cell/nucleus quality - Imaging of cell integrity
N0 - Microfluidics devices - Representation of all cell types - RNA quality (RIN)

lll. Cell Enrichment (optional)

Method: Key considerations:
@L—i) ®  _Differential centrifugation, sedimentation, filtration - Additional handling
@ ® @ - Antibody labeling for positive/negative selection - Longer duration
@ @@ - Flow cytometry or bead-based enrichment - Loss of RNA quality
® - Dead cell removal - Transcriptome changes

IV. Single Cell RNAseq Platform

Method: Key considerations:
- Droplet-based - Cell throughput and handling time
geo0qwe - Tube-based after FACS - Gene coverage and cell type detection
: - Microwell-based - Whole transcript versus 3’end counting
- Microfluidics-enabled - Imaging capability for doublet detection

V. Library Sequencing
s Method: Sequencing depth considerations:
;ﬁlfs’i:% - llumina NGS - 3'end counting: low depth ~50K RPC
<L ¥y % - Compatible with cDNA library - Whole transcrt_p_t: high depth ~1M RPC
ST - Alternative splicing: ~20-30M RPC

< - Iterative optimization for biological system

VI. Computational Analysis
Key considerations: Sample Batch correction approaches:
- Separation of batch and condition - Cell Hashing

% - Technical vs. biological variation - Demuxlet
- Canonical correlation analysis (CCA)
- MAST

Nguyen et al., Front. Cell Dev. Biol. (2019)
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