Introduction to single cell
multiomics technologies
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Curriculum Vitae

Speaker Name: Byungjin Hwang, Ph.D.

» Personal Info

Name Byungjin Hwang
Title Assistant Professor
Affiliation Yonsei University, Department of Biomedical Sciences

p Contact Information

Address 502 Avison Biomedical Research Center (ABMRC), 50-1
Yonsei-ro, Seodaemun-gu, Seoul 120-752, Korea
Email bjhwang113@yuhs.ac

Research Interest

Single cell multi-omics, CRISPR engineering and Cancer-immunology
Educational Experience
2012 B.S. in Chemistry, Yonsei University, Korea

2018 Ph.D. in Genome engineering and Bioinformatics, Yonsei University, Korea

Professional Experience

2018-2022 Post-doc research fellow, Institute for Human Genetics, UCSF, USA
2022-2022 Visiting Scholar, University of Michigan, USA
2022- Assistant Professor, Yonsei University, Severance Biomedical Science Institute, Korea
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GWAS to Now

From bulk to single cell technology
CHRIMZE ZE|E A 7|= | (Unimodal)
CHAMZ HE|28]A 7|5 11 (multimodal)




What we learned from the GWAS
GWAS (Genome-wide association studies)

a Data collection
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SNP enrichment and chromatin annotation
GWAS associations y
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Functional follow-up of GWAS
ATAC
a What are the associated loci? Methylation
1007 e
? |
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© What are the epigenomic effects of variants?
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* Four independent single cell RNA-seq datasets

Lung

* GWAS summary statistics on COVID-19
Population controls Hospitalized COVID-19

fHip

N = 951,804

/ /‘ N=7,885
4%

Blood samples

e —

Integration of GWAS to scRNA-seq datasets

N =300
150
Disease status Sequencing tissues Bio{ @2
€
7 3 %10
Normal “ 0
Mild FEMC if, 4
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s *
Severe @ "ﬁ

606,534 cells

* Genome-wide SNP-based P
values and Beta (9,368,170 SNPs)

« Risk genes and pathways for
severe COVID-19

Cell type aware association is feasible to map DNA-RNA (genotype-

phenotype) relationship

1) Regression-based polygenic model | 2) Generalized linear regression
based on whole scRNA-seq profiles | model based on top 10% most
specific genes for each cell type

—p
o

L
Significant susceptible genes

Genetic mapping single-cell landscape for
severe COVID-19

Different cell types




Moving the paradigm to phenotype cells
better o)

* Genotype -> Phenotype
e ~15 years of GWAS (DNA) was not sufficient
(explained variance <20% for complex diseases)

What GWAS did well
1. Thousands of risk loci
2. Strong statistical association (not mechanism)

3. Entry point for disease biology

RNA-seq: a revolutionary tool for
transcriptomics

* For functional annotation, we measure ‘Gene expression’

* Transcriptome : The complete set of transcripts in a cell, and their quantity
for a specific developmental stage or physiological condition

* Catalogue (mRNA, non-coding RNA and small RNAs), Structure (5’ and 3’
ands splicing patterns etc)

10




Overview of bulk RNA-seq

Isolated cell or
tissue population
l Extract total RNA

11

PCR amplification and sequencing

Various applications of bulk RNA-seq

1) Expression Profiling and Differential expression (DE) analysis

biomarker

miRNA IncRNA
i
\\ ¥ =
cireRNA ~ Fusion
Cancer cells Transcript

***(Differentially Expressed Gene, DEG) A& 2 &l ™Kt £ Al
T 5toj|AM ME el K EX} W TFo| Bo| Xto|Lt= FTHXL
> 338 HE SN AHC|IQ S8
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DE analysis of cancer vs normal
I . Significant? oL Jﬁﬁ?‘\
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Gene set enrichment analysis
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Allele-specific expression (ASE)
- Allelic balance Allele-specific expression Monoallelic expression
or allelic imbalance
i —_ —_
= == =
‘/: B, %
(b) Allelic expression () Context-dependent allele-specific expression
quantification with RNA-seq
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Haplotype-aware pantranscriptome

Fig. 1: Diagram of haplotype-aware transcriptome analysis pipeline.

a Transcript annotations
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®
C g YOX D) Pangenome -> 2| 52
= = o = X|3ts
‘ OIEY SN2 BE Fe

Spliced h
RYcos pahgenomegrap reference genome &!.

u@o@o@@ SITH phased variant (221 %l

haplotype block) Oi| CHSH A

b RNA-seq reads H A 5
O e =
Multipath graph alignments
path graph alig Long-read A|# Y 7|=0|
d@ﬁ@l{i}b SEES msoluenS
\ . x 7
c Haplotype-specific transcripts Expression estimates Spllce:r"_-_ |-

haploid==2=0f| A{
| O OF &t

DEG =442 LY =
&2 Zltranscriptome =2t
otL|z} {22 ZiSof CHst
TEe Has|E AY.

15

Expression quantitative trait loci (eQTL)
Genetic variation Gene expression
Sl for e S P Aot | [Cls-eQTL
Sow-w i PR el et [SNP X has an effect on local Gene A
Sample_n—1-— . .7 Sample_n—1 - - g
Slmylc_n:'-E—!— Sample_n I byl e et e
= o ——
SNP X Gene A
. located in ranscription factor
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(SNP) O i 9/R 0| Al Haigl s e
Hit= Ol non-coding SNP (& H X x ol A oo
o
=) -> Trans-eQTL E———
ISNP X has an effect on distant Gene B through an
- . intermediary factor (such as a transcription factor)
YRt S o JeS 0= 1.
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%A‘I Protein A Gene B b4
binding site located on $
chromosome 2 =
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eQTL in liver disease
(1. Disease-specific eQTL screening A (2. Target gene selection: AGXT2 w
NAFLD NAFLD No-NAFLD
NAFLD k .
n=83 I * 4 AFR
b . + [}=E . ' EUR
No-NAFLD 3 EAS
No-NAFLD ¢ ‘
n=42 ! LA A
[ rs2291702 genotype
g Genotype J  \__ Y
(3. Functional validation of AGXT2 )
Eiacimenial . Fibrosis T Human NAFLD
AGXT2 | &= 'y . 'w Phenccopy
AGXT21 + — a Reects
HFD 3
NAFLD (Non Alcoholic Fatty Liver Disease, H| & 3 =4 X| & 7H
17

Clinical diagnostics of Mendalian disease
using RNA-seq

WES/RNA-seq of 303 people with Mendalian disease
(rare: 3~5% population, 80% of them are driven by genetic cause)
unndluu- pup.ruuon

.
Ao - =
Days - weeks zaDays/batch 1 Day / batch

1. Quality control 2. Aberrant events detection

dividual { RNA-seq library

oie

¢ -
* DNA-RNA sample matching * Aberrant expression .
* Sequencing depth . > * Aberrant splicing ;
=
* # Expressed genes 2 Days / cohort * Mono-allelic expression -

1. Gene prioritization 2. Report
7 Aberrant event(s) v Diagnosis
7 Rare variant(s) ? Candidate

¥ Matching phenotype % No candidate

Able to genetically diagnosed 16% of inconclusive case from WES

18




Tumor-immune-composition (Mixed cell)

Anti-tumor immunity of T cells
RNA
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Neoantigen profiling by RNA-seq and TC
modification targeted neoantigens

ot T cell Activation i
¢ ( . <‘Vhole Exome Sequencin o Pfemtlnng"s\ O—( , HI q; =7

“.~

b 4 /\/‘\ e o'g £
Cell C: Cell Cancer cell
Normal Cells ancer Cells Neoantigen Identification @—c 'CR Modification

T cell

1.Whole exome sequencing to identify the mutations
by using different computational and mutation calling tools

2.RNA-seq analysis to focus specifically on the expressed mutations and
identification of neoepitopes (£l & &) in silico with computational algorithms for
HC class I and class II binding

Which T cells are responsible for this? -> Single-cell

20
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Identifying neoantigen reactive T cells

Patient DNA/RNA-seq Expressed somatic mutations Potential applications

m ,/\/\, Mtaion- - e
= am 6(5
@\\m\o\\ ,

Steps 21-36, ; Steps 42-51

i Maturation
4 Mo
Seps1-13 2
W O p

Patient

TCR gene EE -
transfer [ Vi DU

(=]
o
.. %
K r” z
@ @ Naive 4l
Steps 14-20 > g (2)
w
‘( o
\ @
- ¢ (=]
Steps 3741 Steps 52-68
Donor Magnetic 10-12d Single-cell sorting Identify (A) neoantigens and
isolation cocultivation (and cloning) (B) cognate TCR sequences

IO

X} HME 7| = (ex CRISPR)2| &= £ allogenic donor0| A CAR-T, TCR-TE 2
A7t =7|Mo 2 ZEstn ULt

We need better resolution for
phenotyping cells

D
* Genotype -> RNA -> Phenotype

* Bullk RNA-seq is adopted in clinical labs along with
GWAS (DNA) information

e Cancer heterogeneity not solved due to mixed signal
(TME)

CHU M| E @3 A0| T e M

22




Human Cell Atlas (HCA) project

Bulk studies -> Single Cell Genomics (Catalogue of all cell types in the body
from healthy and diseased individuals)

2016 2, 27| =8 2= THHEM ELS| HAY| (Transcriptome) X| =

23

Why we care about single cell?

HETEROGENEOUS

BULK CELL POPULATION SINGLE-CELL
SEQUENCING | ! A DNA SEQUENCING
&7 ® ®© o
2o
s/
0 e N o
DNA IS MIXED TOGETHER DNA.:';?\:C%S::ELL %o
4
:
%
1 2 3 4 .0 '.
X Y g
SUBPOPULATIONS
NOT DEFINED SUBPOPULATIONS DEFINED

I alll.
1E N -

“AVERAGED" READOUT

CELL TYPL-SPECIFIC READOUT

— i Q
Af

Single Cell Spatial

24
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Bulk vs Single cell sequencing

SINGLE-CELL SEQUENCING VS, BULK SEQUENCING

PRICE

Less labourious

Measures average expression
across a population of cells

Reveals cellular heterogeneity

Cellular heterogeneity is masked

& subpopulation expression

EXPRESSION

@ Faster & less
More complex 74 .
complex analysis
STATISTICAL

COMPLEXITY

Ot

SR

r

Heterogeneity : O| &, HHLMZOM T2

Increasing popularity of single cell RNA |
sequencing (scRNA-seq)

Number of publications by year
4000

3069
3000
1911
2000
1029
1000 i
0 M2
2 3 4 20 32 6 95 7 .
: — m

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

-13 -



Single-omics to multi-omics

Single-cell analysis platforms

» Identify chromosomal variationsj
+ Genomic heterogeneity

NGS 24
Single cell-seq

* Reveal differential expression
* RNA splicing pattern
» To connect a cell's genotype to phenotype

* Information about protein expression
« Cell signaling, cell to cell interaction

28




Fidelity of single cell genomics

Fidelity: XIX} A2 35X HO|E AOlL} & LESE 2 Ol L]

= T A
a Fidelity
Bulk sequencing @ ED
Threshold for calling mutations
Sequencing library " f‘\ Somatic \ Ger Germline
artifacts and / [\ heterozygous homozygous
sequencing error | X

— R/2 R
(Percent mosaicism) (total read depth

Reads at locus)
bulk| Al = threshold S 3l Alsomatic mugationdf errorES H| WM Ot Mo 2 L&

Single-cell sequencing @

Single-cell amplification
artifacts and sequencing
error

Somatic 4

Germline
homozygous

R/2 R
ReadsAllele dropout, amp biass 2. & A0 H &

. $10|Z FIM 7}7 E Q= N E 70| 80|

=

A RT and
" second-strand <ONA
synthesis

=

-15 -



Opportunities enabled by single-cell
genome sequencing

Example Qutput Unicellular Multicellular Output Example
applications microorganisms eukaryotes applications
. List of variant frequencies
Species !
Adtesed : Variant  Allele frequency Cagalogulng
Sampling ‘ A W% variants an
of entire A ‘ ! B X% their allele
: B : ] frequencies in
L C : 1 c Y% tissue samples
D , ‘ D 7%
E 5 : Variant
Species 1 > ! A B C D Segregating
Detection detected : 5 : 1 variants to
of rare A { Mini- 3 Single ‘ determine clonal
microorganisms B ' 0 metagenomic S cell i Cell 2 structures,
(£ ] : ; : 3 identifying
E ' rare variants
E C i
: : Phased genomic variants
Assembly Genome : N/N7N g ’ Assembly of
of new assemblies | Single Single : ': ? ? ? low-complexity
[ICKODIAl e : “ microorganism chromosome - 1 1 l genomic regions
nomes s T .+ Chromosome 1a Chromosome 1b
Nature Reviews | Genetics
S 31

a. Limiting dilution b. tweezers c. FACS d. LCM
e. Microfluidics f. Bead based capture

7,«'-."_'1‘_9":".-—< . 32
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How to amplify single-cell genomes?

10 yrs of progress for WGA (whole genome amplification) to
reduce artefacts, amplification bias

Merely 6pg in diploid DNA

Needs to be amplified >100 times to generate sequencing
library and analysis

Cover as much of the genome (3 Billion) as possible without
bias

33

Three main WGA methods

b c
Pure PCR-based amplification Isothermal amplification Hybrid methods
(DOP-PCR) (MDA} (MALBAC or PicoPLEX)

L5 Degenerate 5

Random priming Random priming isothermal
First PCR and isothermal amplification adds
c;ercsl‘e extension common sequence

Further amplification
Strand creates preamplicons
displacement

Preferential
amplification
using common
sequence

— eas?
4 @ .
5"—*: —'F —'F lOptIonalloopln to prevent

\ Coniiiad further pre-amplification

exponential 5

amplification :‘: t ‘

Synthesis of
complementary
strand

== =ND_ —P__ ’ ” ” l complementary strand
BiF. oxleil aoliaal P |
o

Further PCR
amplification

l PCR amplification

. PCR amplification 5

DNA polymerase ———— i mmniie—
Isothermal - -]
amplification T

DNA polymerase

34
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Pros and Cons

Intermediate
Low

High Low Intermediate

DOP-PCR: Degenerate oligonucleotide Primed

MALBAC : Multiple annealing and looping-based
amplification cycles

MDA : Multiple displacement amplification
(S=0|2 H| E0|™ Ag K|, stochastics %)

T D . — 35

LIANTI (LInear AmplicatioN via Transposoh?‘g :
Insertion)

ch; . -

T7 Promoter

——
DOP-PCR

Gap Filling l

l

In Vitro Transcription Amplification l

5
Linear Amp!iﬁcalion[

IntoRNAS %b 10b 1000 10 1010 100K 1Mb 10Mb100 Mo
n
Sel'-Primingl L
_O SNV False Positive Rate (FPR)
Reverse Transcription l 40 -
30 4
O 3] I

RNase Digestion l

g

Second Strand Synthesis l

2

Barcode

SNV FPR (X107

8

Library Preparation

¢

" Buk  LIANTI MDA MALBACDOP-PCR

——— 36
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PTA (Primary Template directed Amplificatio

A MDA PTA

MDA PTA
Multiple Displacement Primary Template-Directed
Amplification Amplification

37

Future directions

* Long-read sequencing in scDNA-seq

* Resolve haplotype structure
* CNV+SV detection

* More efficient droplet-based WGA needed
* Now cost prohibitive (~only few hundred cells)

38
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MALBAC Babies (not gene engineering)

=
| WGA + Target Low depth

j‘w =

\av o

In vitro fertilization (IVF) - SSH &

preimplantation genetic screening (PGS) / diagnosis (PGD)

- 2B F A (EA EfEE)-> WGA £ X (copy, single gene)-> Ef 4t

39

New opportunity for are genetic disorders

The first IVF baby from Sunny Xie’s (Peking University)

Case 1. Monogenic disease (husband, autosomal dominant disorder,hereditary multiple
exostoses (HME, 7 & CHE A 2|5 3F), c.233delC (frameshift point mutation in EXT2
gene)

Case 2. Monogenic disease (wife, X-linked disorder, hypohidrotic ectodermal dysplasia
HED, 2|t & 0|34 &), c.T1085G at EDA1 gene)

tation or no copy number variation cells were selected for transfer (H O}

40
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X|S6|81& (Thalassemia)

- o222 S2[HEEO|E Ats XML a2 HM AT A

=
. MM DA (beta: HBBR M XL, alph®: HBAL/2 2T X

BETA THALASSEMIA

ALPHA BETA
THALASSEMIA

. PGD YOIA OZE HEHES

:':{":?F_E'Q'% germline BUT H{O} = s

41

Single cell Whole genome vs exome

* Whole-genome :

 More uniform amplification, suitable for detecting SNV (&t
LA 7| HO|, single nucleotide variant), CNV (E A x| == O]
2}, copy number variation), SV(T+Z= 0| & H O])

e 30-fold more expensive than exome (only ~¥2% of the
genome)

O} & 77}X| waGs 714 0| hurdle ™
* Droplet? |8t DX 2| ZF 7| =2 O}&] not mature

42
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Single cell Whole-exome seq for cancer

scWES is affordable and interpretable

&

ddSEQ Bioinformatic Analysis
" B with data B without data
== == T e e =
]
= B B i = =1
= = B = ) @
aaasSA @@
I . e T T
(] S S w0 ) —
CRC2 CRC3 CRC4 CRC5 CRC6 CRC7
43

Mutation burden detection and clustering

»

E3 Normal Colon |
B8 Primary Tumour 8
B Metastatic Tumour

Motastasis

m“?‘mwh—l]
|
%

§

gl
y |
1
3
d
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Sub-clonal analysis using single cell SNVs

§ 02 04 08 08 T 17 14
Evolutionary dstance

= Nommal = Primary = Metastasis

R ggﬁzggg ' Esiggigéﬁﬁ*&ﬁi332!5“83“{53“5‘ ’

- Nomma < Priary - Metastass

45

Lineage tracing of human development |
through somatic mutations

Co-presence

Lineage tree
Germline heterozygous
Germline homozygous
Somatic mutation A
[ J [ J : :
Somatic mutation B

® | ® Somatic mutation C
) Somatic mutation D

46
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Lineage tracing experimental workflow

Single-cell-derived Somatic
haematopoietic Whole-genome mutation
sequencing 15x calling

Marrow
Custom bait set l |'[|_|-I|1|
from somatic i
I Reconstruction of
Hoart mutations phylogenetic tree
"\.\\
f’

a Haematopoietic
organs

Placenta
Organs with Sectioning and Laser-capture Deep targeted sequencing
different embryonic histology microdissection of somatic mutations
origins of areas of interest from WGS

Al =M= FEl?

EZol ZHDMZE AGMOIM Fell > ZHM A B4 > 28 T S50 &

47

Phylogeny of 277 single cell 8-pcs liver HSP

b 04 I

| mn LR ,m. if i i il

G

Pcw: post conception week
SPC : haematopoetic stem and progenitor cell (& =7|/T T M| &)
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Reconstructing lineage divergence

@nt

uoooﬂ wumz wauepoy

LCM

i mw *m mmw m m y MN

Aggregated LCM gut biopsies

wmdww
L E-N-E-N-N-]
o'—bb'&bb‘ub

|
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Timing of divergence of lineages during

development

24
134
14
154
164
174
18+
194
21
22

i Mﬂ

g
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Phenotype association

Somatic
mutations

(]
@
® +®
® + O

How do we associate DNA & RNA (phenotype) information?

Cell type

Cell type 1

Progenitor of cell types 2 and 3
Cell type 2

Cell type 3

51

Single cell genome and transcriptome

sequencing (G&T-seq)

Biotin-SMARTer

Cells isolated manually
or by flow cytometry

=~ Cell lysis and release of
fﬁ mRNA and genomic DNA

Streptavidin
magnetic bead

..... Addition of mRNA
capture/amplification primer

Physical separation of
poly(A)’'mRNA and genomic DNA

" N

Whole-transcriptome amplification

(on-bead Smart-seq2) MDA

v

cDNA sequencing
(lllumina or PacBio)

4

sequencing

Whole-genome amplification
PicoPlex

¥

Whole-genome Genome-wide
ortargeted  copy-number
variation

-2-10 1 2
LogR

m HCC38 single cells

W HCC38 multicell pools

W HCC38-BL single cells

W HCC38-BL multicell pools

52
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Simultaneous detection of chromosomal
aneuploidy and gene expression

a mHCC38

HCC38 HCC38-BL W HCC38-BL

T A W 22
ki kgt )h'ﬁ‘**d 4

———— e ————————
lerlz‘!#z!!ﬁ'ﬂ:l!ﬂiR“’:S;:‘}35'&aiiﬂ'ﬁﬁlﬂsﬂlﬂﬂﬂliﬂl':ll&!!;!'llﬁlﬁ’!!s
| nm  l—_———,—,——————————e———————

Gain 16q Loss 16q 12 3 456 7 8 9 10111213 14 1516p16q17 18 19 20 21 22 X
Cell 82 Cells 56, 79 - Chromosome

[3)
‘f’

Trisomy 11
b Cells 68, 22, 70, 12

Expression (RPKM)
o
1

These data show that (sub)chromosomal copy number in a single cell is mostly
positively correlated with gene expression in that cell.

53

Lineage tracing in engineered cancer cells

Implant cancer cells

engineered with lineage tracer ,.,« cestry
into mouse lung W Cesl‘lnagnh_oe"
linage tracing
: g‘ell statﬁ
Primary  metastasis RNA :eghc;u’:f:cing
site
Reconstruct tumor-cell family trees
Cell family tree
Inferred
metastatic
E wents g0 @
+ Cancer cells,
0000000000 00000 COSISGS® GPOOSOGOIOOODS mmbgm
Nonmetastatic Modestly metastatic Highly metastatic
Identify drivers @ Observe metastatic Follow metastatic
of metastasis heterogeneity routes
(-) Genes (#) Genes Cell states
Fa | 2= v o ww‘ﬁgfwa,gy /—)\.
A s metastatic !§o °3%g# ) ;
i’ 58:: % capacity as S0 % o Q/
o BB o #esso%e  High S
) (+) ° 22 ”
Correlation between 5';.5 g, D‘é’%‘ég metastatic @
gene expression and metastatic rate oo B8 %‘9 capacity

‘} ‘Exploring metastatic biology by tracing the lineages of engineered cancer cells implanted into mouse
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CRISPR edited lineage tracing

A D

GFP (targot site)  mCherry (Cast) marge

continuum of metastatic phenotype
non-metastatic ‘weakly metastatic Thighly metastatic

A549 cell line engineered to express :
CRISPR, guide, target site(record lineage)

900000 o000 o000
L3= metastasis 1= metastasis

highly metastatic

Target site+transcript ( lineage DNA + RNA)
information to construct lineage tree

55

11
1
Species1 : O‘
SpeciesIl =G
Species 11 anl /o A
Ancestral A 1 g 111
state i
m A 1l
V/Co/v
1 I
l/CA

Hol CHAI S| =8 XA 3lo= e 2 A0 HE= 7+ oto| =
0FO| AAO|H evolutionary treeE X E5t= 2 E #|0|A0| AR
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Epigenetics in single-cell genomics

Sample
Constitutive heterochromatin "
(R4 0| W EAT) e Tissue/organ
K9me /«- of interest
o (<
5 "‘W_ A
Aé g,* Individual cell

of interest snmC-seq

DNA methylation BRIF-seq*

Facultative heterochromatin
Euchromatin - Isolation scDNase-seq
E©BA) > H3K27me - ” SCATAC seq
Lysis scTHS-seq
H3Kéme ,'"a ch ) seq
T smC =

TAL ofN i ShmeC
_ seChiP-seq
Open chromatin L.__Lfl UlICUTRRUN
@ Nucleosome Trans{actor binding RChiE-Seq
@ Nucleosome with i

modified histone
scHi-C*
@) Transcription factor DipC
RNA polymerase 3 i

«== Cohesin 3D genome structure

Trends in Plant Science

T (Epigenetics)2 DNA H7| M H2| HM3}7} of il DNAS| 0 E 2} RNAS|
2| S|AE T Aol HY & H Y (Post-translational modification;
|5t B MAL B 0| HztE o|O|

57

DNA methylation and cancer diagnosis

201 DNA 05 210|
Mol (C)of phirt ey prrer piirypy TIRAR YA g el 40| 201 B
DiANES Y ; | TMABAWN | Ay OMSP OIS P AFY 7ITE HE MY

1 1 Ll L 1 1 T

1960 19870 “qul “““ilm MSP /4y 2000 CpG arrays Nz.:: 2020
Mool 83 W LTE-qMsP
- T auy. 9By, Y
DNA S} F417|& /1% AFAFR IV HE Y
Methyl DNA Capture +
HMAGIC '8

+ HO| W O| & A|H 4: 1982, Frommer

* Methylation-specific PCR (MSP): 1996 , Herman

- QMSP: §AIZH MSP 7| &, 2000

+ CpG array: DNAmicroarray | 0| 82 0 §2} A 2| %, 2006, Pleifer
« XPMCIAI A Y (NGS)E 0182 o W2 #4715 7HW: 2009, Smith

(ODNA D3} 2|2 o0 X & 01X J1 & JHe el AAH

1979 robin holiday2|dl| 0| & 3} 7t & HEQUCH=
o= QM 0 A 71 20| A gl 20| O =
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DNA methylation and cancer

Normal cell
« TUMGUr-SUppressor with promoter CpG island » Locus with methylated 5<eg\.lnuyreoon Repetitive sequences,
= ‘Open’ cl Irornam:oﬁ'o'vemmun g.gomnlkn-spwﬂ: eg, transposable element

Inborvontion point?
Cancer call OMarkers  1posiive  2posve  3positve | dpositve  Clnical

I||||&]|I@|| e e o o o8 so% o
ghghdndhy

BEMNEREE cpe N E2H Z2ERE cpe F2 H|HE *|' 2o 2| 5H)
Tumor-suppressr L2 2 E{ de novol| &2t EX| > F AL &1 A K|
QM = Mt X0 El ot > BAK 0|4, translocation=A|OF7|
O[HMIEE=x7| ' of YO|L}=Z 2R L™ A0 ZICHO| A Z&
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Bisulfite chemistry
NH, 0
N HSO; )j\
)\ oAy T "
NH,
Gytosine sﬁ?ggz:‘aete sul%fgri':ate TrcH
NH,
N )j/CHs s9;
A %H
H

In animals it predominantly involves the
addition of a methyl group to the carbon-5
position of cytosine residues of the
dinucleotide CpG, and is implicated in
repression of transcriptional activity.

5-methylcytosine
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How bisulfite conversion works

Allele 1 (methylated) Allele 2 (unmethylated)

m
---ACTCCACGG=-=~TCCATCGCT--~ ---ACTCCACGG---TCCATCGCT-~-~
-=-TGAGGTGCC~~-AGGTAGLGA==~ ---TGAGGTGCC---AGGTAGCGA--~-

Bisulfite treament
Alkylation
Spontaneous denaturation
-==AUT UAUGG===TUUATCGUT==~ ---AUTUUAUGG---TUUATUGUT=-~-~
---TGAGGTGUU---AGGTAGCGA--- ---TGAGGTGUU---AGGTAGUGA--~-

\/

Non-methylation-specific PCR
Methylation-specific PCR

Differentiation of bisulfite-generated polymorphisms

’ ?m,ehylcytosine (5mC), 5-hydroxymethylcytosine (5hmC) both read as ‘C’
T .

&

scBS-seq
(single cell bisulfite sequencing)

Step 1 Step 2 Step 3
lysis and BS oligo 1 tagging oligo 2 tagging
and PCR . . .
. s DNA degradation during harsh chemical
Single-cell | m—3 ¢
o ; reatment
isolation Ix 4 95 °C I(N)o'—ﬁ l(N)g—S'
Lysis | F— s, » Severe loss in single-cell applications
@ Exo | and gy =5
PCR and s .
com',aes,sion | capture Indeikig High input DNA requirement (>100ng)
5t 3 Sem—3 =
55_,5,5=3;,3‘ 5,5'5:_——_ 3, . =
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ATAC-seq
(Assays for Transposase Accessible Chromati

Chromatin accessibility (2 A M2 E)

Starting material Preparation time

......

FAIRE-seq | ¢ ! ! .
DNase-seq : 5 3 :.:
oe HE : i
ATAC-seq
No. ofoellsw"o’uo 10°10°10710° Day 1 2 3 4

C Chr19 (q13.12) [ I s+ ISR <Rl 1+ Sjas Ny Sns oo ja oo )

Scale

1hg19
Chris: 36,150,000] 36,200,001 “ 36,250,000

ATAC-saq
(50,000 cells
per replica!e)
DONPE S, |

= MIZE) = B2 A|ZHof Fetet 240| 7ts
DNAG Yt 24 751

63

Chromatin accessibility (ZAH A 2 d)2 5272

1.

2
3.
a

SCATAC-seq

64
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Commercialized scATAC-seq

Inside Individual GEMs

Gel Beads . P5 Read 1IN
; 10x S—
H Barcode
—— — ==
——— — ===
: . Denaturation, Linear Amplification l
Gel Beads Chromium Next GEM Chip H
e e
[ ] e e— ===
Linear Amplification Product i
N I: T — —
10% Barcoded . ——— — —
Gel Beads —— — —
’ s ——
P5 10x Read IN Insert Read 2N

Barcode
10x Barcoded DNA Fragments

65

Single-cell analysis platforms
= Multiome (DNA+Protein)

* Identify chromosomal variations
+ Genomic heterogeneity \

NGS 24
Single cell-seq
* Reveal differential expression
* RNA splicing pattern
» To connect a cell's genotype to phenotype
* Information about protein expression
« Cell signaling, cell to cell interaction
66
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Joint profiling of DNA+Protein

-

gleh(amL) 2| TITH2 =2 Flow cytometryLt DNA mutationi2= Al = S ol S X| 2t
SA0f| S| ZO| A TITHSH= R E 2 QIS

ssion Bio’s Tapestri platform= modifySt % =
80 conjugated Antibody=S Z-&5}0{ customStA 20| 752
3Sec -D(blolegendQIAf) 7} EFA ST E S 7Y

67

Multiomics profiling of patient dynamics

[

0

Relapse 2 Salvage Therapy

b Relapse 2
@ NPMI™(Cells |\ .7118 n_, =413
O amices oJFT ] 260

o N 2 o o
v i (B ol e

| B} 50.0
T — 0 2 4 6 8
CD33

c Markers

Enviched in

Normal Cells
Caa
O A

co1s ‘

[*ww o T
3 =21952 ‘ 0 2 4 6 8
Antibody Signal
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Single-cell analysis platforms

* Identify chromosomal variations
+ Genomic heterogeneity

* Reveal differential expression
* RNA splicing pattern
» To connect a cell's genotype to phenotype

* Information about protein expression
« Cell signaling, cell to cell interaction

NGS 4
Single cell-seq

69

Single-cell RNA sequencing (scRNA-seq)

Microfluidic-based
scRNA-seq technologies

Cels Lysis

Conventional scRNA-seq
technologies

S0-we e
Micropipette Capillary pipette

FACS

Mutispectral detector
Laser +Electronics

[
P2 - e
a E

Fluorescence- Laser capture
activated flow sorting microdissection

Combination with protein analysis

'Lm‘

Nanowells

Combination with genome sequencing

Suthes Mgaie Frastored  Frntoned
o——.—--T“" ONAFD,  WAFR)

Physical isolation of genomic
DNA and total RNA

DNA+RNA

70




Applications of scRNA-seq

a. Drug resistance clone identification

C. Single-cell lineage and stem cell regulatory network

Qocyte Fertilized egg Morula WIWC‘M:- i
= _@_._
%@ - @ - <y—
Differentiation .

71

Towards a Human Cell Atlas (HCA)

* Inspirations from HGP (human genome project) as a collaborative project
* Impact isillustrated by world-wide collaboration w/COVID-19

* 39million cells from 15 organs
* Healthy peoplel| TFY M| AN B (scRNA-seq) = disease

Reference for spatial and Regenerative medicine
molecular cell characteristics
o—@-
- @-6-8-

H U MAN Drug development
CELL - =2
>®
N

Disease mechanisms
- 4—

ATLAS
e

i o Foundation for
H uman future consortia

Genome —
Project

Diagnostics

oWy -

Trends in Genetics 72
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Google Maps of human cells is a milestone

* HCA Portal Site: https://data.humancellatlas.org/

e SIHE/MITEZE AP A
https://singlecell.broadinstitute.org/single cell

o S HAS MEME A A: https://www.ebi.ac.uk/gxa/sc/home

. 2 =N

\ The human body has 37 trillion

cells. If we can work out what they
all do, the results could
revolutionise healthcare _

Published: July

7. 2022 10.45am BST
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Exponential increase in scRNA-seq through

Individual Microwells and Massively Parallel Combinatorial

9 | Cell Picking Microfluidics Sequencing - Indexing

| - 9 @) T Bl =
o Tang et al. 2009 Islam et al. 2011*  Brennecke et al. 2013% Jaitin et al. 2014 Klein et al. 2015 a:eetar.zms'o et
87 Wb e LT
c
g 6 10x Genomics Mux-Seq
o Drop-seq SPLiT-seq Cell Hashing /.
35 ° o”"MULTIseq SCITO-seq
n Cytoqu [+ OQ , Scifi-seq
% 4 - SR o o© o Dro\Nc_:‘;RNAﬁq *Population
(@) inDrop,, o8 g? QJ. Scale

o [e] [e] S i
S 3 High-throughput Fluidigmcl 2 o © oo\ equencing
T+ sequencing of RNA STRT-seqd  (cE|geq o o0 @ Seg-Well
from single cells o
%n 2 g 02 80
— o SMART—serZ
° o
/0
SMART-seq

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
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Initial phase of scRNA-seq technologies

Cell isolation

Reverse
transcription

2™ strand
synthesis

cDNA
amplification

Library
construction

CEL;seq2/C1 MARS-seq
‘.‘. \\ i1 M
. N {

O ‘“i
122 122
s AMAA
<= TTTT g Inci [T «= VYT junag] joc) 7] s
@p o LL 100p
' ¥ b 4 e i
— = i Ly y e SO PR — | | PVETI I —
} + + 122 122
vT T PCR PCR PCR
Y ' ' L i
Siomme s | iR £ envichmant Tegmentation Tagmentation
P jigooid re e [
A ErevE -
. IS 5.8 J D3 J
’ umi full-length umi full-length umi full-length | umi full-length umi full-length )
. v > v DL * I\, v s v o

75

Unique Molecular Identifier (UMI) -
Quantification (& &)

« Known as Molecular Barcodes (random ‘N’ & 7| A &)

* Complex DNA sequences added to reduce PCR amplification
bias

Confident analysis of reads sharing the same alighment coordinates.

UMI application in quantitative studies (e.g. RNA-seq, scRNA-seq, miRNA-Seq, ChIP-seq).

PCR duplicate remaoval without UMIs
reference sequence

—— OmmEm

_ ' =

PCR duplicate removal with UMIs

Il

76
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Unique Molecular Identifier (UMI) — Vari
detection (10| &X])

UMI application in deep sequencing genomic variation studies (e.g. WGS, exome capture, cfDNA)

Variant calling without UMIs Variant calling with UMIs

reference sequence

|
|

nr

E

(modified from blog.avadis-ngs.com)

7

History of popular droplet-based scRNA-se¢

* Droplet-based scRNA-seq

Encapsulation
in droplets

F = opt Jeet 1
> (OO0 — -
- f.\f:/\/\(,‘ amplfication ="} o3
Y4 3 ! :

\ /‘{’(-Y ————}celin

/L I

lysis/reaction hydrogel
mix
Sequencing and Analysis
Each read assigned to cell

according to barcode identity

1. Z27| InDrop technology: low cell capture (~7%)
2. 20-50 copies/cell transcripts captured only

78
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Drop-seq

8.Break 9.Sequencing and analysis
aroplets = © Each mRNA is
p mapped to its
¥ > cell-of-origin and gene-of-origin
3 5 * Each cell's pool of MRNA
Q\ : can be analyzed
===

1.Use Barcoded Beads instead of hydrogel (InDrop)
2.Cell capture efficiency (~12.8%)
3.Captures 3’ terminal fragments similar to In-Drop

e W-_M —— 79

10x Genomics (commercial)
a. 8-Channel Microfluidics Chip Bamd
Oil — (00060000 2
Cells + Reagents == | @ @ .l.:. 00 RT Brea-k Amplify CO‘I'IStI'UC'I Saquencel.’
Beads —| 00,0 0000 Emusion cDNA  Library
OO0 OO0 OO |—> GEMOutet —> —_ — — —
b. w2l S i e e e e m == - - TSss. scsies M o = -
= @5 T
I B ['+) 0' pob(A) conA
i — 2200 — oo |
1
1 Collect d
y @Y,
Barcoded Primer Cells Qil Single Cell 10x M) WN cDNA Sample
Gel Beads Reagents GEMs Barcodes Insert Index
Uses Gel bead emulsion (GEM)
~50% Cell capture efficiency (Currently dominating the market!)
S Te— 80
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Gel Beads

10x
Barcode

5’ GEM structure

capture

TS0

This can capture both 5’ and 3’ side of RNA

Gel Bead

Single Cell 3°
v3.1 Gel Bead

3

TruSeqRead 1 Poly(dT)VN

10x UMI
NENL
Nextera Read 1

Read 1N Capture Seq 1

Woad B i G ’
BC

Nextera Read 1

(Read 1N) Capture Seq 2

10x UMI
e BC

3’ GEM structure

- They capture different parts of the transcript and show similar efficiency of

- Maybe limited to discovering alternative spliced transcripts (isoforms)
5’ technology can capture TCR (T-cell receptor) and BCR

81

Inside individual GEMs

How do you capture 5’ side?

Read1 10x gy TSO
BC

TruSeq 10x
Read1 BC UMI TSO
& .
+
Master Mix
+
Cell Lysate
A.
A
L4 A!“Alﬂ!!‘”“ .

I
Poly({dT) Non Poly-dT:

i Reverse Transcription
pAR

e AAAAAAAA AR n""

cce ——

i Template Switch Oligo
Priming

~
.

AnaAARAAAR RRRRY

I

Template Switch,
Transcript Extension

Iy
pa M
AanAAARAAs ARFRT

Read1 10x UMI TSO
BC

cDNA from poly-adenylated mRNA

TSO : template switching
oligonucleotide

BC : barcode (random ‘N’
G271 M)

UMI : unique molecular
identifier

82
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Template switching mechanism (RNA->cD

T

* 1t cDNA B IPH 0| M cDNA & HEH E-H M E S
1Al 7|l=

(Template switching activity)
(template) 2 2 HL O] DNAE &g ot= &

83

Template switching schematic

Cell-derived poly(A)-tailed mRNA
AN AAAAAAAAAAAAAA

TTTTTTTTTTTTTT I Cligo-dT,, VN

Reverse transcription
D-OLI17PS-TSO-F1 (1st strand synthesis)
TS ofigo
AAAAAAAAAAAAAA
T B i
cccC TITTTTTTTTTTTT
Template switching
(from mRNA to TS oligo)
T5 ofigo
B GGG~ N SN\ AAAAAAARAAAAAA
s C. C C. TTTTTITTTTTTTT —
l 2" strand synthesis
AAAAAAAAAAAAAL —
TTTTTTTTITTTTTT

84
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Why TCR and BCR sequencing is important

Main types of lymphocytes (T and B cells)

T cell

‘ ‘ i:ﬂ ~10712 diversity in DNA sequences
They recognize antigens
T cell i ;
R Malignant clones ~ 0.001%
Boell

- Need to sample many cells!

- o @

/[\ J OO mumisl .O treatment ® [ )
s @ x 02290 *= 0e8 %0 = €33 —’O'o':g:
(BCR) 09 Yy Ceo YY)

Example of TCR/BCR repertoire Iymphocytes |

healthy individual leukemia MRD screening relapse

Detection of minimal residual disease (MRD)

85

- 43 -



Gene arrangement in the T cell receptdr
chain gene

T cell receptor B chain gene

Vgene J gene
(64-67 species) (14 species)
CB1 Dpz2 1Bz  Cp2

VBl VB2 VB3 VB4  VPn
Genome . - |

D-) gene rearrangement

Dp1
i N

IpL

bt b ] Pl P i A S ] =l M)

L
DB2iN.IB2.5

&

J_.-"
N-IB2.5

,,,,,,,,

CDR3 is important for binding and determines ‘Clonotype’

87

VDJ amplification from 5’ captured cDNA

Pooled amplified cDNA processed in bulk

Full Outer
Length Primer
cDNp Read 1 UMI TSO VvDJ C [
az Inner
V(D)J Amplification 1 ,l, Primer

V(D)J Amplification 2 l

TCR/BCR gene< Constant regionOl| specific  primerZ2 30| €4 7t

Outer + Inner primer & step2| Nested PCRO|2f= B O Z specificity= &

88
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V(D)J sequence from assembly

Algorithm overview

VD) Assemble Annotate Call Cells Generate
@ iuhmw - N - i GIB) - cran"tvpe
cell 1
e @@

Contig 1
8 TRA IGLAIGK clonotype 1
S v . cell 2
A
— @
Contig 2
9 cella = a

AMNEE ME2M S o AlbE ~150bp 2 B OF A TCRE| reconstruct
(~800bp) St7| ?3 =2t =5 O|0{=0|= assemblyS Tl THCL.

_

Clonotype (2 2d): 58 &0 2+33t= Tcr/BCR| H7|ME =&

Convergent antibody response to the SA
2 spike protein in convalescent and vaccinat
individuals

i

Public Clonotypes

e
-~

34 < 4

Group 1 /.Gmp 2 ﬁup 3

S$1 domain

!
ssszssdannnazaas

s¥gaguaizsoesnss

I $2 domain
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Case study with COVID-19

Xt sub-groupl| THE M| 2 E A /X0 7H
> 8l §7detX}7} I F 2k et7}? GeneticOl 72

2 lhdbh e
i P S
= 1444444 b

10X scRNA-seq

Patients (1= 13)

< <
‘g’ 3'51 ="
i [ L]
8T 25 g ® o - 3 & " " = &
§.° 15 L] = mE L -
= 05 LN}
® Naive T
 Acivated T 100
* MAIT W Nave T
LR W Activated T
®ProT 75 | AT
NK W o7
B W PoT
* Plasma NK
® CD14* mono 50 g =a
# CO16° mano | E IMM
*® Moro DCs B CO16" mona
* pDC o B Mono DCs
* Piaalot 25 W poc
* HSC B Puateter
. W usC
0

SOEESEEESEEE Bl

b
X ©CD4" naive —~f ﬂﬂ{} o
Wi g8 | | |
% ® CD4" effector-GZMK - < 4 q—(.{j_‘_(
o #CD4"* effector-GNLY - ¥ H - [
T - - o< |~ =]
€ :cm:mm ZM f - 9O | — - s —
. % _i.i'g:‘m-em.: - ffg - j :‘.4-‘ -
-5 :M(Tom -4 .. =
¢  FoEE o MU Jadnem ] 1 H e
: §ERJhEEEE = 58 58
s CHEERE LR R T
UMAP_1
Cell type specific and Pathway specific features?

18G15 B
L 0034340: response to type | IFN
onst IRF7 r
s K 47" response to |FN-
CXacR1 =wf' . / IFIA4L GO 4se:ros%ae to IFN-K
BN 55058 Sl it e sonse
FCaRsA 2 T § 17: regulation of cytokine product
A N8O yvome : rogulated exocyiosis ©
KLAFY R ~coss :cell iling )
TGB7 GZMH : leukocyt ‘coell—ceallﬂﬁd"r:emon
=g (e g gt e,
& 1 ollﬁclastlon oPo gy or i of other
ke oSt -
° : establis megnigp maintenance of cell polarity
@ 16:FC 205 and 3 5 uvoraqu tlong_f in
adjusted Pvalue <0.01 : regulation of type | | Ngfod ion
3: regulation of cytoskeleton organization
0 10 20 30 40
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Expanded TCR clones and selective usage
V(D)J genes

Antigen pressure = CDRS3 patterns = are they .
clonally expanded or not?

How do you capture 3’ side of RNA?

Inside individual GEMs

i T
' . Read1 1px UMI Poly(dTIVN

Barcode l Poly(dT) Primer

¥4
4444“&‘
A 5

l Reverse Transcription TSO : template switching
A4 . .
MAtagy, oligonucleotide
I CCC
l Template Switch Oligo Priming BC : barcode
MArang,, 750 (random ‘N’ & 7| A &)
AN GGG I

I CCC

l Template Switch, i UMI: unique molecular

Transcript Extension . .pe
Adg identifier

A4 .4
4“4_7 GGG I

94
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Challenge: why 5’ capture strategy
is better to see V(D)) genes?

Inside individual GEMs

i 4 W
. Read1 10y UMI Poly(dT)VN
Rpreode l Poly(dT) Primer

Adq
A4
A — 5

l Template Switch Oligo Priming
444 TS0
M — oo E—
IR CCC

Template Switch,
1 Transcript Extension

444

A44
R —— |

I C C C —

You will need many primers to target all Variable genes for 3’ side!
Compare to 5’ capture where you need 1 or 2 constant primers

T :

Single-cell analysis platforms
Multiome (DNA+RNA)

* Identify chromosomal variations
* Genomic heterogeneity \

* Reveal differential expression
* RNA splicing pattern

: To connect a cell's genotvpe to phenotype |

* Information about protein expression
» Cell signaling, cell to cell interaction

NGS 24
Single cell-seq

'ﬁngle cell analysis
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sci-ATAC-seaq librarv

Joint profiling of RNA+ATAC (sci-CAR)
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MEERGLELY transposition
o (@ O O @,
o0 =+ [Flookk| *
- ", il ¢
-~
— — 3 / e ,\ / — \ '/ \
"N W ARCER W AR AIN
e T g U A
e B g B = Wi
sci-RNA-seq library
P5 R1 UMI cDNA R2 P7 Indexed PCR '
LI D e s
i5 RT oligo(dT)30 i7 . for RNA-seq %m
PCRba!codt!('lS i7") andRTIbarood ’a a' oloe
7). 5
(RNA-seq) or linked Tn barcode }_|. | |
ATAC- comprise a cellular index. o | ' Ol o ’I
P5i5 N5 R1 DNA R2 N7 i7 P7 Indexed PCR
Adaptor Adaptor for ATAC-seq

Different primer combinations for different modality amplification
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Gene regulation dynamics
(open chromatin + RNA)
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Kaggle Challenge for multiome datasets!
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Multiome RNA+ATAC (Commercial)

=

Single Cell
Multiome

ATAC + GEX
Gel Bead
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Transposed
Nuclei,
Enzymes

Transposition of
Nuclei in bulk
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Split DNA and RNA reaction

Inside individual GEMs

GEM Generation & Barcoding
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ATAC / RNA library preparation

cDNA Amplification &
Gene Expression Library Construction
ATAC Library Construction

cDNA Amplification 1
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Fragmentation, End Repair, l
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Chromium Single Cell Multiome Gene Expression Library
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Multiome + public data integration
ChiP eQTL
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* Identify chromosomal variations

+ Genomic heterogeneity \
NGS £4
Single cell-seq

* Reveal differential expression

* RNA splicing pattern

» To connect a cell's genotype to phenotype

* Information about protein expression

« Cell signaling, cell to cell interaction

- 104
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Joint profiling of methyl+chromatin+RNA

* scM&Tseq (methylation+RNA)

* NOMe-seq (nucleosome occupancy and methylation)
* Methyltransferase (advantage over count based ATAC, DNase-seq methods)

* Frequency estimates of CoG methylation doesn’t suffer technical variation

&8 CpG mothylation
38 GpC accossiviity

m'_-
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Known/novel association between
three molecular Iayers

CpG melhylaﬁan vs RNA empmslon CpG mathylation vs GpC accessibility GpC accessibility vs ANA expression
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Single-cell analysis platforms

» Identify chromosomal variations
+ Genomic heterogeneity

* Reveal differential expression
* RNA splicing pattern
» To connect a cell's genotype to phenotype

* Information about protein expression
« Cell signaling, cell to cell interaction

VSingle cell analysis

NGS 24
Single cell-seq
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scRNA-seq + Surface protein

* CITE-seq (Cellular Indexing of Transcriptome and Epitopes by Sequencing)

PCR HANDLE ANTIBODY BARCODE EVEEVLEVELELLEELVLEEVRVRVEVLVVV-Y

CITE-seq uses DNA-barcoded antibodies to convert detection of proteins into a quantitative,
sequenceable readout. Antibody-bound oligos act as synthetic transcripts that are captured during
most large-scale oligodT-based scRNA-seq library preparation protocols (e.g. 10x Genomics,
Drop-seq, ddSeq).

(Antibody binding,

Single cell droplet encapsulation
washing cells

== (0

mRNAs and antibody-oligos Size selected cDNA
hybridize to RT cligos and for standard library prep
are indexed with cell barcode
TTTTTTTTTITTT —i
e s
OOTTTTTIIITT Size selected antibody
M ARARARMARRARA) oligo products for further
ﬁﬂ TTTTTTITITTIT library prep
JAAARAARARARR
T B

108

-54 -




Comparison to FACS
(fluorescence activated cell sorting)
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What is the advantage of CITE-seq?

A CyTOF
T 4
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Spectral cytometry

Flow +
spectral ata

# Spectral overlapSli 20| O{2{ =

Use of oligo sequence as a readout
Is unlimited !!!
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CITE-seq enables novel cell type discovery
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Future

* Ultra high-throughput multiomics technologie
(ex: SCITO-seq, scifi-RNA-seq, UDA-seq etc)
* Trimodalities (ex: RNA+protein+ATAC..)

* Integration with public dataset (batch effect
removal) + interpretation will be the key!

* Foundation models (complex Al) to learn
massive datasets for FUN ©
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Closing

Thank you™!

Further readings:
Single-cell overview reading (Easy):
https://www.nature.com/articles/s12276-018-0071-8

Single-cell multiomics (Intermediate):
s://www.nature.com/articles/s41580-023-00615-w

any questions or inquiry about collaboration opportunity:
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