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Single Cell Multiomics Analysis
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1. Bulk RNA sequencing : mRNA sequencing exactly mea
the quantity of mRNA molecule

RNA-Seq Overview - lllumina j"
= 4’.“ Plan experiment sequence
Vi | e | (e 7 -
Data analysis strategy % =——  sequence files
Repeat Many
i =

3— Millions of reads

Ros W oo

T library 3.5 % b
reflects RNA quality assessment. 1 X

from original
- ‘é sample Map to genome
extract RNA, Count reads l
purify polyA+ t amplify per gene
L
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1 s S EE 100 bases 3'end l \:nl bases5' enil
o T [B 7z
ONA l identify analyze
:::::s) i differentially splicing
= nds expressed = improve
Ly genes ,gneggek and much
2. Making Libraries 4. Data Analysis

* Full length mRNA cannot yet be sequenced routinely (lllumina).
* Only short fragments can be sequenced accurately and cheaply.

» RNA are fragmented into small pieces, typically 200 - 500 bases.
ApprOX|mater 100 bases are sequenced from one, or both, ends

:rrammpt * Reads are aligned to the geno '

* Data are represented as “depth OEEL

——— — _ ——— coverage” plots. -
- = * The height of the bar over a nucleotide
T YT —— is the number of reads which align
— - across that location.
—_— * The higher a gene is expressed, the
— more reads we find for that gene.
T - * The higher the peak, the higher the
@ pr————— @ gene is expressed
chrl: 9,540,000 5,550,000] 9,560,000] 3,570,000 5,580,000] 3,590,000 5,600,000]

597 _

o_ “

N |
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1. Bulk RNA sequencing: RNA-seq analysis pipeli

Aligned D
(BAM, SAM fi

Quantification
(HTSeq, Samtools)

(text or excel file)

Raw Da'ta Quality Control (FASTQC, Alignment
(FASTQ file) TrimGalore) (STAR, TOPHAT)
Read count

Normalization

RPKM, FPKM, TPM
(text or excel file)

Differential Expression
Analysis (DESeq2, edgeR)

o N

DEGs
(text or excel fil

Further analysis (GSEA, Pathway,

e) Alternative splicing, Variant)

A

Total number of § transcripts = 6

C

Total number of § transcripts = 7
Total number of § transcripts = 6

D

2. Single cell RNA sequencing: Why single cell?

Total number of § transcripts =6

Total number of § transcripts = 7

Total number of § transcripts = 6

Cancer stem cell

specific therapy Limor regression

-8

Conventional
cancer therapy

Tumor relapse

Cancer Stem Cells




2. Single cell RNA sequencing: single cell techn ;

Single-cell RNA-Seq (scRNA-Seq)

Isolate and sequence r—
Tissue (e.g. tumor) individual cells —
o® © —_ = '.
—_— Oo ®wp —
® _ &
e® ®©e Gene 1

Compare gene expression

Beind Golrits profiles of single cells
Gene: PR ,, 2,
[ Gene 2 [ETETIET — 2 5 .:‘

49 = i

g

0 g
Cells Principal Component 1

2. Single cell RNA sequencing: single cell techno

a Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics
Tang et al. 2009 |slam et al. 20112 Brennecke et al. 2013%  Jaitin et al. 2014® Klein et al. 2015* Bose et al. 2015 Cao et al. 2017
Macosko et al. 2015% Rosenberg et al. 2017
b
1,000,000 |- . 10x Genomics SPLiT-seq
rop-seq T
100,000 - | éﬂ /sm RNA-seq
z MARS-seq CytoSeg © inDrop @ - DroNG-seq
£ 10,000 |- © (@) o
= High-throughput STRT-seq CEL-seq Fluidigm C1 © O O o) % g%—SewWall
@ 1,000 - sequencing of RNA ‘ o O o
§ 100 - from single cells o ® o O P OO
=) © (©] @)
= 10 e, o© O™ SMART-seq2
w0
= o SMART-seq
1 1 1 1 1 1 1 1 1
2009 2010 2011 2012 2013 2014 2015 2016 2017

Study publication date




2. Single cell RNA sequencing: single cell techno

Smart-seq: Well-based scRNA-
seq

Celiﬂow
(+]
Multispectral
o detectors
Laser o
Deflection
plates

10x Genomics: Microflui
droplet-based scRNA-seq

—
L]
g — 0000
10x Barcoded Cells ail
Gel Beads Enzyme

ACOUE palyidTIVN

2. Single cell RNA
sequencing:
Analysis pipeline

PRE-PROCESSING DOWNSTREAM ANALYSIS




3. Single cell ATAC sequencing : Overview

Isolate nuclei
(chromatin intact)

Isolate transposed
fragments and amplify

Sequence and identify
accessible regions

Cl
>, ATAC-seq peak
SR (°<@
vA P
v - WY, QNG
SONS
CL
\_J {
T & Transcription factors ‘QS;? Tns5 transposase homodimer

@ MNucleosome ATAC-seq fragment
Enhancer Promoter

= Cell type X
B
| = Cell type Y
E |

TGTCCCAGATAAGGAGAGGGCAGTGCCACCTACG
Motif for TF B

b

Transposition into native chromatin

Post-transposition DNA fragment

_T

Tn5-induced nick

Initial extension
at72°C

Amplification and addition of
barcodes and adapter components

—q

- — - —

Purification of final
ATAC-seq library

'\/

Sites of chromatin accessibility
defined by Tn5 insertion

= ATAC-seq fragment == Tn5 common homology region
mm i5-Unique Tn5 overhang
i5 barcode (Ad1)

mm P5 flow cell adapter

=== 7-Unique Tn5 overhang
=== 7 barcode (Ad2)

mm P7 flow cell adapter

3. Single cell ATAC sequencing : Analysis with Sig

a b
g Fragment file ChromatinAssay .
5 chrl 30015 31224 ATCGIGITGC 3 . Seginfo
§ chrl 30126 31242 ATGGCTACCG 1 Assay Genome build information
T Feature Genomic ral
- — Counts s
é Peak calling + Quantification i irhommaled metadata - Gﬂmm with genomic
= data Additional information coordinates for each feature
g § 1 | A I ) for each feature
g = —— - -
&|o e 5 .
2- 2 Ly Dala Variable features Annotation
Normalized counts Vector of features Gene annotations
Quality control used by default for
dimension reduction Fragments
1 : 1 List of objects containing
Y fragment file information
fl Scale data i
Lz N Scaled and centered | (O) Key Position enrichment
A data Unigue assay identifier List of matrices with Tn5
insertion enrichment for
Clustering Multimodal integration sets of genomic regions
o= it Motifs Links
- g « ANA Vector of TnS insertion bias DNA sequence motif | | GRanges object listing
2 ;‘W;?_” '.h ,' * ATAC at each DNA hexamer information linked genomic positions
K g
Differential accessibility Motif enrichment <
- f
P A l_‘
= L \QQ Seurat
| | Multimodal
> h
Footprinting Peak-to-gene linkage [ i > analysig
Signac
12
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3. Single cell ATAC sequencing : Analysis with Sig
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Data visuaizaton
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4. Single cell multiomics: Overview

Proteome

4. Single cell multiomics: RNA+epigenome
. SCM&T-seq . scMT-seq e scNMT-seq
\q i i T \g -
L & foitlee S lte
o i e—— €00~ €67~
sci-CAR 1st barcoding ‘ 2nd barcoding
o rcvoman | gPodlan e Ay |||t
o — T k=
MM_ 1 Tl [[ssackRNAS
* SNARE-seq S — e
Barcode Oligo-dT Barcode Oligo-dT DNA s Sequencing
@ < [ @ -[F===")un
ke naraite oimun [C M] [CM— ] Sequencing
i \oTspisHo
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4. Single cell multiomics: RNA+DNA
. scTrio-seq DR-seq and G&T—seq SIDR dTARGET-
©® 9
Plasma membrane ysis wrme cell lysis xgmf“m Mild protease treatment
Physical separation 2F e ! nacvaton

mnlr;:oaﬁon ‘;\— J\ AAAA e—

Seaparation of (o - ==
paral
DNA and RNA Hypotonic lysis Oligo-dT priming and mRNA targeting
RT with barcoded primer 1 RT
Nudiear MALBAC-like o
- o preanpiicaon I ~~— v;a'a/ LW ~2~

/\a L b / CONA amplification and
~\_ Supernatant PR R

’\*p Q I Mm%wb;:d ’\s}\ "\:,\ PCR

spiit
7~ L= 1 Ll 1
| scWGS (,;g,;',?;m, Smart-seq2 CEL-seq  MALBAC scWGS Smart-seq2 scWGS  scRNA-seq scDNA-seq  scRNA-seq
= DNA == RNA
17

PEA/STA

l Targeted PCR

qPCR or sequencing

— RNA

PLAYR

2

Cell fixation and permeabilization

4. Single cell multiomics: RNA+Protein

CITE-seq

.Pcammcy
t handie barcode AAAA

Cell labeling
with barcoded antibodies

Droplet encapsulation and cell lysis

Emulsion breakage and RT

!

CcDNA and antibody-derived tag
separation by size

!

Sequencing

Single cell suspension
Crosslinking,
blocking,
permeabilization

Antibody

—

Immunostaining with
ly RNA-barcode

!

Cell sorting to well plates
with CEL-seq2-compatible primers

i

@)
Reverse crosslinking
and RNA liberation

Cell barcoding with RT

Sequencing

18
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4. Single cell multiomics: scRNA-seq+scATACseq
A B C D
@) w100k ATAC-seq & RNA-seq -
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O o [=) 0 25k 50k 75k 100k 0 10k 20k 30k 0 25 50 75 100
TR v hg19 unique fragments hg19 UMIs ATAC hg18 reads %
3 rounds of hybridization
Wm o
N
') bl ,Luum SCATA ~ed _L._._._ .._...__...__.L_.L.I.. _.L_..J.____.- -
% %O __—.\‘ v, i O R IR ET T
o
i E ATAC-seq  RNA-seq o Vpeas) 5 5 B
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D

SHARE-seq (RNA)
mouse skin (n = 34,774)
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4. Single cell multiomics: sScRNA-seq+scATACseq
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4. Single cell multiomics: CITE-seq
a b scRNA-seq (35,882 cells) <
CITE-seq o
§
:
172 & o
= S
LE § §
g £ £
ag= ° °
Healthy 3 g
bone marrow s =
and blood 2
F
(%)
=
g3
5 UMAP dimension 1
Biological classification
3cRNA cATAC scANA SCATAC 3cANA «ATAC
[ Hse HSC B <oc eDC Il coen CDBN
Eatyerytn. | Eatyeytn. ] cO14mono1 | co14monot coaN1 CD4NY
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5. Data integration strategy

* Three data integration strategies
1. Integration by genomic features (gene) as the anchor (same data mod
from different experiments)
2. Integration by cells as the anchor (multiple data modalities from the same
cells)

3.  No anchors (different data modalities from different experiments)
o Horzontal inegrron (luatures &8 anchors)
. ~o— Table 1| Overview of data i d
o~ classified according to their anchor choice
< J , task Method Ref.
& i::» Vertical (global) cca n2
N— Vartical (global) JIVE 70
Vertical (global) PLS 7
e Vertical (global) MCIA 13
g Vertical (global) MOFA+ 65
Vertical (global) scAl 14
¥ SUUOINGA FUNITS S Vertical (global) INMF 38
Vertical (global) Seurat v4 1
Vertical (local) Spearman’s rank correlation 50
coefficlent
Vertical (local) LMM 51
Horizontal MNN 2
Harizontal Seurat v2 22
Horizontal LIGER 23
Horlzontal Harmony 24
Horizontal Scanorama 29
Horizontal BBKNN 25
Horizontal scVl 26
Horizontal scmap 28
Horizontal conos 27
Diagonal MATCHER L
Diagonal MMD-MMA 78
Diagonal sCim ns
Diagonal UnionCom 116
Diagonal coupledNMF 17 22
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Single cell eQTL

5. Data integration strategy — vertical (local)

Expression

23

by

2.
3.

\

E

K]

Challenges in multimodal analysis
Molecular readouts collected using different techniques generally have hetero
statistical properties
Different data modalities can have different numbers of features
All matrix factorization methods report a solution, but its quality is hard to assess
Seurat v4 — weighted nearest neighbor (WNN) analysis

5. Data integration strategy — vertical (global)

o

rmaUMAP_2
&

-
o

-15

Memon ved

ben

Plama

atacUMAP_2

wnnUMAP_2

10

w

o

f
G
3
RNA Protein WNN .
a1 2 .
rof 5 | . ¢
Mona 4 4 S .
- q —
B ol 3 . i L3 coeT
Q vy e S e : Y
| o o Ty { " o ‘ 2
- o 2l § X 3 P <
¥ - % . Y N
b L conr I T
- ) w
AT —— 1=\ %
o wmmmﬁew';mgémﬁ%gmmwmnm 3 ¥
UMAP_1 UMAP_1 UMAP_1
RNA ATAC

-10

-5 0 5
rmaUMAP_1

10

-10

5 0 5

- 10
atacUMAP_1

-10

-5
wnnU

0

5 24
MAP_1

-12 -



6. Gene regulatory network

+1 (transcription start site)
Promoter ¥ P il
- - T = lacZ: a protein which is needed to digest lactose
CAP site Operator

E. coli lac transcription-control genes

)\

(a) If there is no lactose, e.coli does not need

CAP @ to express lacZ gene.

(a) m lac repressor (b) Even if there exist lactose, the existence of
— lactose glucose make e.coli express lacZ very low level
+glucose A m= Loz = because glucose is easy to make energy.
(low cAMP) No mRNA transcription
'aCt‘?&e (c) If lactose is available and glucose does not,
(b) m % e.coli desperately express lacZ in a large
amount because there is no other option.

+lactose  ____ (4 >
lacZ E
+ glucose

(low cAMP) Low transcription
e lac

% CAP repressor
-"

AMP

(c) c N O’.

+ Iactose [TTTTTTTTT] [ J z F |I
— glucose 4.

(high cAMP) High transcription

B

o

BT
dish 5t Ed) s e 25

|

6. Gene regulatory network

Transcription . o . . .
@D oo * GRN is the main biological cir
uf;'.ﬂfﬁ?iﬁml which control many biological

ooy functions by governing the amoun
- Representation -

Transcriotion of the mRNA and finally the
MRNA of gene B m—— protein
* A transcriptional regulation
Binding depends on the binding specificity
"““'a"""*l of transcription factors (TFs) and a
T oo — regulatory sequence region

{ rrensciton (proximal or distal)
* GRN is a directed weighted graph

‘ Translation

Transcription
factor (TF)

mANA of gene B
* Translation

(Braten &) —

Biological
function

26
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6. Gene regulatory network

Conrad
Waddington

1 RULT HAL

B 4105 (I, !
Al |.>I11|Il| .u|‘u‘ (it (11
I*“.l\lplx.|Ln|n UMM ”l'!:m»"h

Waddington CH, The Strategy of the Genes (1957)

27

6. Gene regulatory network

Cellular development can be explained by gene regulatory circuits

GMP; MEP |

Vain || Anories. V
ey |l g~ — - S i T-ools |
Endocring | E:e.-'w | Lymphate cup

erisbaium \,L, . bu;éag

EPC | MSC

) Al X2 Hlec X2

TR
or stem cell

X1oxe
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6. Gene regulatory network - SCENIC

o

SCENIC workflow Binary regulon activity matrix

Coexpression modules

Cells

II lIIII“"IIIII &

GENIE3
or GRNBoost
Genes

1
Expression: Low m—m High ,!'If" |I| | .|'| ! '| !
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(gene regulatory network)
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RcisTarget
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—+ Direct target
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Oligodendroglioma

Melanoma

6. Gene regulatory network - SCENIC

t-SNE (expression) t-SNE on binary regulon activity

Oligodendrocyte like
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6. Gene regulatory network — SCENIC+
a : — - — d - .
—_—— { Single-cell multiomics preprocessing : pyC:ISTOpIG} -y === { Motif collection database ]— ——————————
/
| Cell clustering Enhancer identification Gene expression : | B@ czhzzfs  cishy dbtfbs  desso  elemento fectorbook fantom fiyfactorsurvey hdei |
| = EiEEEEEEEEE)
| |
| | 64 11,491 389 2,786 619 6,921 169 688 191
| HOCOMOCO Homer idmmpmm  Jaspar neph nitta predrem scertf stark I
|
: Q , S — A | [ @ @ @ @ @ @ @ @ @ |
| A i | | 1,302 436 1,956 338 683 426 12,684 196 2 | §
| | I swissregulon  taipale taipale c.m. taipale tp. tidimers  tiffin transfac_pub. transfac pro yetfasco |
I A D - | | @ @ @ @ @ @ @ @ @ |
\ bR I' \ 2,202 620 1787 664 603 120 398 9,944 244 !
I i -( TF motif enrichment analysis : pycisTarget )— b AT e i i
{ / Leiden clustering based on
| | I Tomtom similarity STAMP subclustering |
| o |
: @ >30,000 PWMs ‘ A ™ | } acha. I” |
| ST EA%TG ACAAT: | 3 s - '
l I TF annotations | I _Achral__ Ig :
: Curated — Direct | ‘ _xaAchasi . ™ |
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| 7|||| annotations ‘ oACMAT:__cATT(Tx Igt |
| AACMT e coATTCT: M /l
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]
| Cluster-Buster Motifs |
| |
| eRogulon /_A wv | | TeTTx %TG ACAAT:. B s g cRM |
| LV I I 5 ® scores |
| é é ? I} | oGcIC CACTTA. - o e ¢ deabose |
2
| 8 |
: / ‘TG ARIG | } Sequences @ ¢ |
© é ) | ARATGTTTGTATCAGATGAACCTGCA Motifs
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| TF + motif + accessibility + - = By | | mﬂﬁmmnaerm -C"“  Motif 2 ranking |
| gene expression }\ | GACTIAAGCTTCACTTAAGTACTTGT & databsse |

N
~— — — —| pycisTarget

NES = ((AUC - ) / o)

Cumulative recovery
of input regions

Number of regions

[
|
|
|
|
|
|
|
|
|

—
Genomic regions ranked
by motif score

6. Gene regulatory network — TENET+

¢ TENET

A tool for reconstructing Transfer Entropy-based causal gene NETwork from pseudo-time
ordered single cell transcriptomic data

a Step1: Pseudo-time ordered Step2: Calculate gene-to-gene TE € Step3: Reconstruct GRN
scRNA-seq data

00 %" W
oo » HOWYi ) ™ |
A = x—.y ‘
M/\/\/(mﬂd |
\

Kim et al., Nucleic Acids Research. (2021)

32

-16 -



6. Gene regulatory network — TENET+
Number of targets
(GRN b-v TENET) Pluripotenc: lS-or‘lce:j:::lv:;ifferentia\tion Number of targets ROC curve (Cardiomyocyte)
' ‘ : 4 (GRN by TENET)
Nanog (159) 03 e ) " :
Esitb (149) A o SCODE Nid2 (63)
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Step 1 : Pseudot-time
ordered
scRNA-seq & scATAC-seq data

6. Gene regulatory network — TENET+

Step 2 : Calculate TF-to-gene, peak TE

Chromatin accessibility

(
° °® Y TF
Y [ J ..
o0
..OO
00 o s Gene expression
o &
() ¥ >
s @ 4&“’ Pseudotime
ATAC
% ® Rna H(TF|TF;—1.-1, Gi-1.0-1)
Dimension 1
ey H(TFtlTFt—l:t—L)
gene1 gene2 gene3 ... chr1 chr2 chr3 chrd ...
., TF -> Gene expression
Gene expression I:|I:|I:I Open chromatin

bl
&
'

H(TF|TF; 1.1, Ct-1:-1)

H(TF|TF¢_1.-1)
TF -> Chromain accessibility

Chromain accessibility -> Gene expression

Step 3 : Trimming the target
Downstream analysis

Distance

Indirect Trimming Trimming

Fal

TF to Gene

e —> <« =
1Mbp

Tl

Peak to Gene

TF-gene-peak Triplet

—0
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6. Gene regulatory network — TENET+

i
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