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Single—cell multi-omics analysis
to study tumor subclones
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Curriculum Vitae

Speaker Name: Hyobin Jeong, Ph.D.

» Personal Info

Name Hyobin Jeong
Title Research Professor (H7+7 Qw1 &)
Affiliation Hanyang University

» Contact Information
Address 222 Wangsimni-ro, Seongdong-gu, Seoul 04763, Korea

Email hyobinjeong@hanyang.ac.kr
Phone Number  010-4365-9054

Research Interest
Systems Biology of somatic mosaicism in aging and cancer
Computational tool development for Single-cell multi-omics

Disease marker discovery using multi-omics integration

Educational Experience

2007-2011.02 B.S. in Chemical Engineering, POSTECH, Korea

2011-2015.02 Ph.D. in Systems Biology, School of Interdisciplinary Bioscience &
Bioengineering, POSTECH, Korea

Professional Experience

2015 Post-doc fellow, Institute of Basic Science, Korea

2016-2017 Post-doc fellow, Institute of Molecular Biology, Germany

2018-2022.08 Post-doc fellow, European Molecular Biology Laboratory (EMBL), Germany
2022.09-present Research Professor, Hanyang University (Dept. of Life Science, College of Natural

Science | Hanyang Institute of Bioscience and Biotechnology)

Selected Publications (5 maximum)

1. Hyobin Jeong* Karen Grimes*, Kerstin K. Rauwolf, Peter-Martin Bruch, Tobias Rausch, Patrick
Hasenfeld, Eva Benito Garagorri, Tobias Roider, Radhakrishnan Sabarinathan, David Porubsky,
Sophie A. Herbst, Busra Erarslan-Uysal, Johann-Christoph Jann, Tobias Marschall, Daniel
Nowak, Jean-Pierre Bourquin, Andreas E. Kulozik, Sascha Dietrich, Beat Bornhauser, Ashley D.
Sanders#, Jan O. Korbel#, (2022.11) “Functional analysis of structural variants in single cells
using Strand-seq”, Nature Biotechnology (*: equally contributed).

2. Jung Yeon Kim, Juhyeon Lee, Myeong Hoon Kang, Tran Thi My Trang, Jusung Lee, Heeho
Lee, Hyobin Jeong# and Pyung Ok Lim#, (2022.11) “Dynamic Landscape of Long Noncoding
RNAs during Leaf Aging in Arabidopsis”, Accepted for publication in Frontiers in Plant
Science, (#: co-corresponding)



3. Jong-Chan Park* Sun-Ho Han* Hangyeore Lee*, Hyobin Jeong* Min Soo Byun, Jingi Bae,
Hokeun Kim, Dong Young Lee, Dahyun Yi, Seong A Shin, Yu Kyeong Kim, Daehee Hwang,
Sang-Won Lee, Inhee Mook-Jung (2019.12) "Prognostic plasma protein panel for brain AP
deposition in Alzheimer's disease”, Progress in Neurobiology, 183:101690. (*: equally contributed).

4. Hye Kyeong Kwon*, Hyobin Jeong*, Daehee Hwang, Zee-Yong Park (2018.07) "Comparative
Proteomic Analysis of Mouse Models of Pathological and Physiological Cardiac Hypertrophy,
with Selection of Biomarkers of Pathological Hypertrophy by Integrative Proteogenomics”, BBA
- Proteins and Proteomics, S1570-9639(18)30118-3. (*: equally contributed).

5. Hyobin Jeong* Vijay K Tiwari# (2018.01) “Exploring the complexity of cortical development
using single-cell transcriptomics” Mini Review, Fron. Neurosci - Neurogenesis. 2018 Jan 15;
(*first)



Tumor is composed of multiple subclones that makes
intra-tumor heterogeneity

Acta Pharmacologica Sinca (2015)




Multi-layered heterogeneity contributes to therapy failure
cancer progression

Inter-tumour /! e
heterogeneity /,' o

Genetic
_— B variation
. Intra-tumour /
"1 heterogeneity /. ! 5@9
Ry 3 ,'/

Genome Biology, 2016

@ p R @ {P ; Epigenetic
----------------- Neoas S50 Tl seff-renewal (functional)
Dominance of clone 1 Dominance of clone 2 Mixed dominance . .
alteration
Nature review cancer, 2012
Molecular cancer, 2017
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How can we tackle the issues with intra-tumor heterogenei
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Single-cell multi-omics analysis to
study tumor subclones

-

Single-cell technologies to explore cellular heterogeneity

-

Lineage State Trajectory
Cell surface proteins
* CITE-seq®
* REAP-seq”!
41,42
Intracellular TS Spatial position
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e ScarTrace* sequence modifications * InDrop 3% « Diffusion’
o LINNAEUS* o SNS? Chromatin o scChlP-seq*#+  * Smart-seq2 s
* MEMOIR?’ *SCl-seq®| accessibility * MARS-seq’
o SCATAC-seq" * 10X Genomics®
i " * sciATAC-seq" * SPLiT-seq®
Tim Stuart & Rahul Satija o scTHS-seq'* * sci-RNA-seq’
Nature review genetics, 2019 * 10X Genomics
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Genetic changes can happen in nucleotide level and also t
form of larger rearrangement
Single
nucleotide
variation
Cc o ‘c
Y,
Structural \
Variation
(SVs) -
Strand-seq
_) - &= S =3 &
— - — .- =
I Be s oe
1N v,
7

Strauctural variation (SV) is a genomic rearrangement Iafg
than 50bp

Oncogenic fusion Oncogene amplification Enhancer hijacking

. n uw_uu
A T B |

Tumour-suppressor Genomic instability

deletion
" un N i,
oo

Macintyre et al. 2016




Structural variation (SV) is a key mutational process in canc

Article | Open Access | Published: 05 February 2020

Patterns of somatic structural variation in human
cancer genomes

Khurana, Sebastian Waszak, Jan O, Korbel, James E. Haber, Marcin Imielinski, PCAWG Structural
Variation Working Group, Joachim Weischenfeldt =, Rameen Beroukhim &), Peter J. Campbell & &
PCAWG Consortium a

Nature 678, 112-121(2020) | Cite this article

79k Accesses | 267 Citations | 175 Altmetric | Metrics

Tandem
dup

Dup-T,

3
§

i
s
EH

&
L

i

:

{2

PEYS z

a§ 5 -Eg
R A e
—————

W—'—'ﬂmw-mqﬁ-—r

|
|
%

£
Tt

05 005 005 005 005 005 005 005 005 005
Propartion of event class assigned to signature

05 005

O g s g e e

Single-cell technologies to explore genetic heterogeneity

e N
Single-nucleus Direct library
sequencing (SNS) ®
1 o
: O — 00000 — ¥
— §: Heterageneous Single-cell Direct library Z
1l lati isolatior d lysis ior i i
U R e ma cell population isolation and lysis preparation by tagmentation Crick i
V - === b E— |
woa — = —_— ﬁ LU= T B el
i = = ?ﬂ;' uosiem
i ' —
d Wephibihiios il kit Zahn et al. Sanders et al.
avin et al. Nature, 2011 Nat Methods, 2017 Nat protocol, 2017
- 2N L/

Step1. Alignment - Finding a correct position of reads: BWA

Step2. Remove PCR duplicate: Picard mark duplicate, Biobambam

Step3. Genotyping: Freebayes, GATK

Step4. Somatic mutation and CNA calling: SCcaller, Monovar, Aneufinder

~—— ) __J N

Step5. Single-cell clustering and Phylogenetics: SCIPhi, TimeScape




Heterozygous Inversion Homozygous Inversion

Sanders et al.
} { } { Nat protocol, 2017
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Specialties of the Strand-seq data analysis

WGS

et
Il

Strand-seq

o o 4

Het-inversion

+ Sequence orientation is important (Crick or Watson)

* Breakpoint needs to be detected

3 Strand state and haplotypes can be assigned

uItipIt_a types of structural variations need to be classified

Challenges of the Strand-seq data analysis

Strand sequencing

a1l

Bonaop
M [T T T e ety e mn AT 0 ke LT e T
L L 1 I I Il L L L I 1 1 1 L L 1 I

= =  Lessthan0.1x coverage = = =
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e
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Overview of the single-cell genome data analysis using St
seq

Single nucleotide variation (SNVs) - scWGS Structural Variati
e N
Single-nucleus Direct library Strand-seq
@; nnnnnnnnnnn fenic) ..
?»
: 3% — eesee - v Se=
- | * - Sw==
: 0 Heserogenecus Sngle-cell Oirect Roraey
? o A - ol popdation imolation and lysis preparation by tagmentation Grick
'?‘ - AR ‘ﬁ_ ~ _:
:l_:_; L - = Z— uosie
: Wit mcnsion POl ridcoe S Zahn et al. Sanders et al.
ﬂ, Navin et al. Nature, 2011 Nat Methods, 2017 Nat protocol, 2017
. y ’ / J
Step1. Alignment - Finding a correct position of reads: BWA, sequence orientation
Step2. Remove PCR duplicate: Biobambam Quality checking!
[ Step3. Genotyping, Haplotyping, Segmentation: StrandPhaseR, breakpointR ]
Step4. Structural variation calling: MosaiCatcher ]
Step5. Single-cell clustering and Phylogenetics ]
15

Why the orientation of the reads are important?

Haplo!

4
b

Chromosome 1 example

TR RPTNMATCINET. TN MO “ e
ATRRTAVATAVANTOY AR e
0 AP OO UV T e

StrandS
only

Length of the longest haplotype (bp) : lllumina - 15994 bp {
PacBio - 1711716 bp

?d

10xGen - 8582136 bp
Strand-seq - 248671482 bp

PUANO>HPOO-HY

Strand-seq
aEANPHOOOE we

Hablotvoe 2
Porubsky et al. Nat comm, 2017

Homozygous Reference Heterozygous Inversion Homozygous Inversion

1 F 2£ ==

Sanders et al. Genome Res, 2016
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How can we assign sequencing reads into Crick and Watson

ATACTTT

AAAGTAT

Crick (C) aligns to the plus (forward) strand of the reference assembly
Watson (W) aligns to the minus (reverse) strand

UCSC Genome Browser on Human Dec. 2013 (GRCh38/hg38) Assembly

MOVE <cc | << < > 3> »»> ZOOMIN 15« 3x  10x base ZOOMOUt 15: 3¢  10x | 100x

chr1:11,112,316-11,112,347 32 bp. | sner psinn, aine symaat Hovs o ssarchtarme ] w0
|=-‘l 1R 22 ummmm]
Scale L — e
|J w_‘:u 1 P n“'J.” ?_‘Ial o A 'II.AG.{?\I > T ‘n.'l.ii'.‘:.‘)n! . © IIl ,lli.%_‘.'»l S L III lu ’r“l : h chl.'l‘hi.‘;dl " ¥
ATACTTT

TC AGACATACTTTAAACTGTGTTTTT ACAG
lviovvy

ATACTTT Forward (+) [J Crick (SAMFLAG 0)

AAAGTAT Reverse (-) [l Watson (SAMFLAG 16)

17

How can we assign sequencing reads into Crick and Watson

Decoding SAM flags

This utility makes it easy to identify what are the properties of a read base
be for a given combination of properties.

Todecode a given SAM flag value, just enter the number in the field below,
SAMFlag: 99 Explain
Switch to mate. Toggle first in pair / second in pair

Find SAM flag by property:

Tofind out what the SAM fiag value would be for a given combination of properties, tick the boxes

for those that you'd fike to include. The fiag value will be shown in the SAM Flag field above.

read paired

read mapped in proper pair
read unmapped

mate unmapped

read reverse strand

mate reverse strand

firstin pair

second in pair

not primary alignment

read fails platform/vendor quality checks
read is PCR or optical duplicate
supplementary alignment

[ < <

@ (< < A

10 00

https://broadinstitute.qgithub.io/picard/explain-flags. html

18




Count the Watson and Crick reads using genomic windows
chr | —Ee—_————— e — _=—
chr2 jombe e _ - —
chrd \—— ; — — — — —
chrd | — — — -— —_—

B

chré o+ L _ — —

Chr7, | — — S

chr8 — — —

vy —

chrp IS

chr11 —— — e —

chrt2 fod e —

Chr3 e e e

chr14 — ——

chr15 j——i— — Genomic windows

o T e E—— 20000 bp

chr17 | — 50000 bp
100000 bp
200000 bp
500000 bp

100 150 200 250

Genomic positions (Mb) 19

Arrows show the most probable sequence of state transitions
Thickness of line = probability of the path from start
Purple path is the most probable path in the end

Smaller p - varianc

NB parameters: n=50, p=0.2

Mb 20 Mb 40 Mb

cc

ww

...... M.
100 15

20
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Strand-seq result of example single-cell

Sample: C7_data Wi (n=4317) None (n=1003) WC (n=6394)
Cell: C7x02PE20310 2008

240 Mb

Median binwidth: 200 kb & w00
228 Mb Number bins: 15,453 S 2000 588

Total number of reads: 366.95§ 268

2 . 1008 250

Median reads/bin (dotted): 25

Plot limits: [-51,51] o . B N -
288 Mb . T T T T T T T T T T

Duplicate rate: 59% e 2 40 G0 g0 e 2 e 2o @

NB parameters (p,r.a): 0,8.12,0.1 reads per bin

12 13

Watson | Crick

21

Strand-seq result of T-ALL (leukemia) sample

Consensus Ka of P33 TALL relapse sample
Haplotype 1 rotype pse P Haplotype 2
W 30 300 PO 1O 10 120 10 B0 G0 40 D g Mb P 0 40 G0 g0 100 120 180 160 180 200 20 240
1 chrl 1
1 I chr2 L’“‘ | 1
chrd
chrd
chrs
S e G
L | chr? |
B cha W
i chra [
-CNN-I.CH COKINAE chrlo COKINAE
[ het deletion chrll
[ homdeletion chr2
[ het duplication chr13
W hom duplication chrl4
het inversion chr1s
I hominversion | Il chrig 1 1
[ inverted duplication o chrl?
W ol | | chr1g |
chr19
| chr20 |
chr21
chi22
1 chiX
FPHFG chrY
chr7 (v S
[ R BT
I e chre ]
COKINAR 4 epiena)
der{14)t(5;14) ﬁm BCLITE
BCLTT8-gnh £]

Figure from scTRIP manuscript,
Sanders et al. 2020
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Mosaicatcher towards the automatic single-cell SV callin
clustering

https://github.com/friendsofstrandseg/mosaicatcher-pipeline

= z Korbel group, Marschall group,
EMBL MPI informatics
TCHER 1 ..
N - e Ashley  Sasha David Maryam
Overiiow ot Tissworkdion Sanders  Meiers  Porubsky Ghareghani

1. Binning of saquancing reads In Ganomic windows of 100kb Vs mosskc
2. Strand state detection
3. [OptionaijNormalization of Coverage with respect 1o a reference sample

H

H
|

i

i
N <

Thomas
Sanders et al. 2020 Weber

Weber et al. 2022 (ongoing)

23

Mosaicatcher calls single-cell SV using Bayesian framework

Bayesian framework

a®

8 S

\

1y

WT ,/I Deletion 1\“‘~~~\I_nversion

30

24
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Deletion

, 9
Ii I

Balanced inversion

Ig |
s

Bala
\ chr9

Figure from scTRIP manuscript,
Sanders et al.

chr13

Duplication

i

Inverted dupllcatlon

nced translocation

I
i}

i’
I

Mosaicatcher calls single-cell SV using Bayesian framework

Input: single-cell BAM files

Workflow management: Snakemake

Binned read counting (100kb) and
normalization

Assign strand-specific read data into genomic
bins

Detects and haplotype-phases heterozygous
SNPs

Segments the single cell sequence data
Calculates genotype likelihoods for each
segment and single cell using Bayesian

framework

25

~

Inversion genotyping

Outputs

"o, SVeals
®¢ @ SVclustering
.51 SV consistency

SV lenient/
lenient calls

Saists %

gl Strand-Seq
QC plot
.' @ (scorrected)
Alfred plots
Binning count fk—mm\ Binning coun} and
( mosaic count 1] ashleys foe o y HEaC G
o OC ot 1 (features + predict) :
ing "9 B\ J -
Lt , :
GCanalyss  [1 H '
= | :
: Hand-selection 1
Indexing/sorting > =i
Jupyter Notebook
samtools
= =

snakemake

P
q workflow-catalog

MosaiCatcher
v2.0

=

Ref genome  1000G
(hg19/ng38/T2T) SN Ps

26
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Strand-seq from T-ALL PDX (P1) Chromosome6

Chromosome plot with SVs called by MosaiCatcher frame

Vi (i i P

Laiadid s
[ i

— | —
- s 5 Al TR -
——
I L] i L] 1
— — —
o | el A Lk h i TR it

™ - r

Ll (] il ! Ll ] LI}
L

— — —

bgt

= [ sl
]

Sv'elm.m o

aup_nt [0 m_nem [0 state: wow [l sv growp s
ap_na.moc .svms.mm?
Im_ht state: CW [ SVroup 4 | Svgrau 8
im_h2  Gate we [ SV groun s [ 8Y o 9
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framewaork

results for P33

Clustered single cell
3 5 7 9 113

=

r 1

Heatmap of single-cells based on SVs called by MosaiCat

15 1794 X

Clustered single cell results for P1 W o

Chr: 1 3

P33 single cells N=41)

5 Z el L 13 I AT K My

: 5 . del_hom
: . dup_h1
Il v n2
. dup_hom
inv_ht
[Winv_n2
B inv_fom
. idup_h1

i

....... CETE T oo ot o ol o e o e

P1 single cells (n=79)

—

8 10 12 14

16 18D 4

Figure from scTRIP manuscript,
Sanders et al. 2019

samples

e This heatmap was arranged using Ward’s method for hierarchical clustering of SVs genotype likelihoods in two PDX

P33 shows single dominant clone but P1 shows subclonal population in the sample represented by 23 cells

B iavo_n2
. complex

Chr: 10 12 14 16 18D

28
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Subclones identified from Strand-seq and MosaiCatcher
(Lymphoblastoid cell line, GM20509)

der(17)t(17:5)(p11.2,931.1) € - — - I 5% BFB amplicon
— S
chri7 (p11.2-925.3) chr5 (g31.1-935.3)
- — 50
TR 2 } ;: 5 =
DT 0 el ol e gt %5 0 T ——" PE20549
=5 1k ®S 0
20 |;-I :D Disomi * bisomi Du
vDup . Disomic g A o
gt O n,_m - 2 QM PE20503
LY ™ 85
R InvDup e R e »
&l 2 terDel ! _Disomic g i R
8% S o i 20517
A 7ps3 pil 50
10 -~ 20 30 40Mb 100 120 140 160 180Mb
sl InvDup 1mb} :I'_|g38 """""
chr17:)  19.5Mb| 20.0Mb| 20.5Mbl 21.0Mb| 21.5Mb |
HAL B —eeH (I BOHHIH H i
mapP2k3?
29

* NA20509 (=GM20509) cell line was in culture
passage 4 (early) and passage 8 (late)

[ 17p-Ref
bt early (p4) late (p8)
Time
- MAP2K3 :YC;"M"‘X
22 Line (passage) © P=2.57e-05 Igot.gonas
E SR —_— * MAP2K3, and MYC/MAX target
E ,| Peooo a6 ) — 2 o ,an arget genes were
=z P=0.209 HGIS0S (early) = = 118 o 159 i .
2, Ho1s08 (ate) | < . increased in late passage
o = 1.0
8 = )
2 5 Ene S osf | * MYC expression was not changed
= s o = " [
(=] g 5 §oo~
E 1 %u.& Nq_.,. Q
8 g o
MAP2K3 TP53 = T 15— T
early late early late
30
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art3. scNOVA — Strand-seq Of| A{

SHS MHI 20| 7| 5X

SN2 QI3 YE|2UA J|Y

Single-cell multi-omics analysis to
study tumor subclones

How can we measure functional consequence of somatic
structural variants in different subclones?

Oncogenic fusion Oncogene amplification Enhancer hijacking

Genetic ll " L | ll
variation -
ll - "—* " = ll ll

nversion Duplication
(also Deletion, Translocation)

IoLI tion, Inversion)

Tumour-suppressor Genomic instability

\ deletion
" un u l.
ﬁ
? ' Inve sion
Epigenetic T anslocation

(functional) ) Deletion
alteration e Amplification
& Macintyre et al. 201 6/
Molecular cancer, 2017 /

32
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Single-cell technologies to explore functional heterogeneity

DNA accessibility
scNOME-seq
SCATAC-seq
scDNAse-seq
= Chromosome organization
scHIC

Transcription LETI‘ER scMNase-seq, Lai et al. 2018

ScRNA-seq oo/ 10 10041585 01805571
Principles of nucleosome organization revealed by
single-cell micrococcal nuclease sequencing
Einbin Lai!, Wetwu Gao'?, Katrong Cul!, Wanli Xie'™, Qingsong Tang', Wenfel Jin®, Gangging Hu', Bing Ni% & Kejl Zhao's
DNA modifications
0 ——50 313 T ESC 313 T ESC 313 T ESC
scBS-seq " APKM) 200 bp — I 100 bp ;oon 200 bp ! e
scAba-seq Nucleosome position View ———— Agpt il —_ Fbxo15
CLEVER seq Poudsotase
NIH3T3 -
scChiP-seq . Single cells
Kelsey et al. Science, 2017

L
Can we use Nucleosome Occupancy to study functional consequence of SVs ?

Nucleosomes are the basic unit of chromatin which slide
along DNA

oo ez
‘Fuzzy’ nucleosomes

B 4

Origin of replication |

* Nucleosome is composed of two copies of four core histones
together with 146~147bp of DNA

¢ Human diploid genomes have 30 million nucleosomes

e Transcriptionally active gene promoters exhibit a prominent
nucleosome-depleted region (NDR) directly upstream of the

lisS Nat Rev Mol Cell Biol, 2017

34
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Nucleosomes pattern is informative for the gene expressi
and cell type of origin

Cell free DNA protected by nucleosome is secreted to the blood

Myeloid &
lymphoid cells

122}

Al Cancerous cells

35

Nucleosomes pattern is informative for the gene expressi
and cell type of origin

b Top and bollom 100 ganas
LS. oy & @ @ @ @
nanarc poaitve
genetics callz & @& 9 9 2 | e negamve
cells @ & @9 Fals negatve
callds & @ 9 9 §® -
§ 15 »,
« .t
Inferring expressed genes by whole-genome sequencing %ﬁ ERT ;'* ’, >
of plasma DNA ﬂé& o~ . v
>
mmrmcnmmhhmrw.ww.wwwt (8] / o
Position on chromosome I U U -
Nat Genet, 2016 2K TSS oovomge
Article
Cel F Ii|l=l BHO1IHO1 HO2IC151C171C201C351C37
Cell-free DNA Comprises an In Vivo Nucleosome % " b = ocominal

Footprint that Informs Its Tissues-0f-Origin

Cell, 2016

76 cell lines and primary tit

36
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Nucleosome dynamics can be measured by genomic assays

MNase-seq

MNase digestion

TF

Q

Endonuclease
activity of MNase

Exonuclease activity of MNase

DNA
purification

-~

Library

-l preparation

Composite
signal

0

JiL“— (T | I ||| [ || T Mo

and sequencing

Sequencing adapter

Nat Rev Genet,

¢ MNase is a secreted glycoprotein with a
preference for single-stranded DNA and RNA

* It cleave one strand of DNA when the helix
‘breathes’ and subsequently cleave the other
strand to generate a double-strand break

¢ It then ‘nibbles’ the exposed DNA end until it
reaches an obstruction, such as a nucleosome

FAIRE

‘ ARRERRNNNERRNA FAIRE

2014 Epigenetics & Chromatin, 2014

37

Strand-seq protocol involves MNase treatment

Strand-seq protocol

Sanders et al.
Nature protocol, 2017
86 >

Nuclei isolation

MnNase
digestion

MNase 1
N .
Wi
|
LARAS

Trends in genetics, 2017

Strand-seq is a single-cell based DNA sequencing method
which gives haplotype-resolved structural variation
information.

Question: Does Strand-seq profile reflects nucleosome
occupancy?

Question: If then, can Strand-seq additionally provides
information of gene expression and cell identity?

38
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Nucleosome position and occupancy can be detected fro
Strand-seq data

Han Chinese (CHS) trio (Lymphoblastoid cell line) chr12:34,346,260-34,349,260

Haplo1 b

Haplo2 | .

Nucleosome Ww Wwww w w w WMU U’WU W

a.1am500 | 54,500,000 34500500 54,501,008 a1 54,0200

MNase-seq
GM12878
ENCODE

Haplo2 (bulk)
cell |

L0
i
cell2 g
cell3 g
celld |
cells E.

cells [ ik H
cell7 |’

20

i

39

Nucleosome accupancy is negatively correlated with gene
expression level

P ' Not expressed (NE)
g LA
g o 2
S e o B _
& g 3
— N
Q silent 2 -
3 o [Te}
(&) low O g .
8 medium 2 | | Highly expressed (HE)
S high i =§§ﬁ8_‘1"~'1
T T T T T B4 R
=]
-2000 -1000 TSS 1000 2000 5k'b . 81 s TIES 1I-5kb
40
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Input data (Strand-seq)

RPE-1 (182 cells)

celll cell2 cellN
Genel 10 30 5
Gene2 3 2 0
Gene N 30 50 80

LCL (224 cells)

celll cell2 cellN
Genel 1 2 1
Gene2 8 4 5
Gene N 14 25 10

souab
0,161

souab
04161

A

Nucleosome occupancy in the genebody is informative fo:
differential expression

e

roach (DESe

of nucleosome occu

Anders et al. 2010,
Love et al. 2014

w

a8

o4

RPE1 up-regulated DEGs

------

LCL up-regulated DEGs

AUC=0.885

[+

Suraitty
a8

AUC=0.772

o 4
Spacicay

0z an

L Y
Z A
w ?ﬁ
g o
u -
g “ e -y, ’
@
=
T T T T
-5 0 5 10
UMAR

-

*LCL
* RPE1
* Skin fibroblast
® AML
TALL
® Cord blood

1
- p
-
. .
'IIO IIII Illl 0‘4 IIIE ﬂl!l
Specificity
|III Illﬂ I]IB DIC EIIE Dlll
Specificity

cesee

L7
-
-

§og3
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scNOVA : Coupling genome-epigenome using Strand-seq

technology

Strand-seq
Nuclei isolation with
BrdU labeled chromosome

Loy e
299 =
Se32e " S
g e
MNase
digestion

}

Sequencing

Jeong*and Grimes* et al....

Haplotype- Haplotype-
aware SV aware NO
s & 2
_QQ $ {ig R A
"q’n’ce||1_l_._l_~_.l_>iif_1:::
collz ———B L AL
cets P
] ]
Genet | | iGene2
[ i ]
CRE1 CRE2
[scTRIP]

Sanders and Korbel Nature Biotech, 2022

4 Haplotype specific NO

(local/cis-effect of SVs)

H1 8V (e.g. Inversion)

H2

[ _
; - Y
Differential gene activity

Py
CRE occupancy

N (NO at CREs)

(NO at gene bodies) J

/
Clone specific NO

(global/trans-effect of SVs)

clone2
® o0

0%°® o09%
L N ®

clonet

43

Computational

(local effect of SVs)

pipeline of scNOVA

Pre-processing: Haplotype-resolved SV discovery in single cells (scTRIP)
scNOVA input : bam files of single-cell libraries, SV calls, and subclone assignment

B e
Clone Clone1 Clone2 Clone2
Plate1, N cells Plate2, N cells Plate1, N cells Plate2, N cells

Module1 : Compute NO at gene bodies and cis-regulatory elements (CREs)
Qutput result both from haplotype aware/unaware manner

Module2 : Infer haplotype-specific NO

|

How can it be helpful to understand the global effect of SV?

\ |
oy . — 1
Haplotype % Model : CNN Single-cell DE analysis
b | . Train : RPE-1 Gene body region,
Haplotype & 7, | Features : NO, GC contents, Generalized linear model
comparison at ,g‘ = \EpG%, RT, single-cell variance DESeq2 (Love et al.)
Gene body P u
£3 | |
CREs grouped | E =
by nearest gene | £ & Filtering Expressed genes Combine result
ol ik ionoL | Glanecy
Sliding window | 3 = :::; A Expressed & DE
(300kb) § \_ Gens3 mene | nena | )
=

l

|

Link somatic SVs to single-cell functional readout

https://github.com/jeongdo801/scNOVA

44
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How subclonal SVs alter the epigenome and phenotype?

T_ALL P1 123 5E140 0 B | CEER i1 B BN ™
JI-ALL 1 o ‘ |
Andreas Kulozik group, A BCD E F G - 1y K L
Beat Bornhauser, vY lud, 1.7 ; P ¥ R one
Jean-Pierre Bourquin N o bt S IS e {68”
Uni Zurich fp Lt g i i °
Subclone
(32%)
(only appeared in
relapse)

Sanders et al. 2020

45

SV subclone in P1 shows increase of premature stages in t
cellular hierarchy

ATAC-seq signature matrix

(2020 peaks) . .
T cell differentiation stages

Project Strand-seq 0"0*0 % °+ o* o cos

likely cell type

0 20 40 60 80 100%
Clonet NN

Clone2 IR
(chr6 CT)

DN3:11% ->26% CD8:11% -> 0%

46
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SV subclone in T-ALL P1 shows altered MYB target genes

including NOTCH1

T-ALL P1 (77 cells)

clonel et Hl @
M%) cns 2
conez chEHI C—I———B
(20%)  chrs W2 ooy N TN D

~90 Mb chromothripsis event

w
o, TN M COCIDEIOEIENT &5
ke
oo
Copy number (CN) log2-FC
| WL T
123 LA o - "

l -

-log10(p.adjust)

gl T

Z score of MYB
target expression
o
8

-
PRTENERES
aa o

How the cell type (state) composition different in clonel and clone2?

o
[N

cER
o

47

Notch signaling and MYB has been reported in T-ALL

oncogenesis

BRIEF COMMUNICATIONS

nature .

S g and i five e s awocisted with
Duplication of the MYB S L L Ve The Sopicson L
oncogene in"l' cell acute 2P Spraton el ot dirongaten. Ow remie
]ymphob]asnc leukemia that MYB could be a therapeutic targed in human T-ALL.
1doya Labortigs', Kimm De Keersmaccher', TALL is 42 sggrenive T cell saSignency that s oot cominen
Pieter Van Vierberghe', Carlos Gramx'>, chldres ant adclewests’. Lesheros trasformaston of trmosyies s
Barbara Cawelier”, Froderic Lambert’, Nicole Mentens'~, coned by the of mutations that affect
H Berne Rob Picters, Frank Spelemas’, surviva, the cel ek and T cell dfeventiation’”.

Maria D Odero’, Marfhe Bauters, Guy Fropes! e sumber of B TALL
Peter Marynen', Peter Vindenberghes, twons Wisdarsks’, exluding deletion of CORN2A (sb0 ko s p16), cciopic cxpres.
Jules P P Mellerink'* & Jan Cook>* sion of trsrigtion factors, eps 14 el
ABLI aod mustion of NOTCHI (rcb. 2-5). la onder 1o
W ldentified 2 duplication of the MYB oncopme In 8A% 0f  sddicn) unbulaneed gecesc reerargemerts i TALL, we pe-
g T lekemla (LALL  formed (array CGH)P waing
Leskemia 2013127, 269277 ®
www natwre.comeu.

Role and potential for therapeutic targeting of MYB in leukemia

DR Pattabiraman'* and TJ Ganda'?

Since then, & has been widely assocised
of Howeves,

Ko of the role of Myb in lekersia, with & partcular focus on AML from the vast iterature spannieg three decades.
We o s and
hhmﬂhwhﬁ'dmmdﬂhwmaim“hmn
n inchs

0 nge

Kaywords: Mytx rgeding: p3X0

Notch Signaling Controls Transcription via the
Recruitment of RUNX1 and MYB to Enhancers during
T Cell Development

Alonso Rodriguez-Caparris,* Vanina Gareia,*' Aurea Clnl," Jennifer Lopez-Ros,*

Alberty Gareiu-Mariscal,** Shizue Tani-ichi," Keichi kuta,” and
Cristina Herndndez-Munain®

- .

i Notch-ligand +

. Ed active .Ed Inaﬁlve
DN2/3a thymocytes: ' 25.72 DP thyrrum:ytea.E]r el
‘ AN [ STATS >4 ysecrelase
[ G] Smaf  PSTATS ®  Intracellular Notch
® caTAs
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Validation of increased dosage of MYB expression in
rearranged haplotype

Bulk RNA-seq
Inversion in chr14 (clonal)

TCL1A amplification 6.4

B H1
chrtd cn::TCUA' ; m H2

H1

TCL1A
chrid
H2 ]

Complex event in chré (subclonal)

MYB H2/H1 relapse
log2-FC = 0.45
(1.37 fold increase)
p-value = 0.0317

MYE ¥

log, (count + 1)

Bre C= [~ :’
| ll I
Perturbation of MYB targets

4 " REL_Re1 REL_Re2
Subclonal expansion

Single-cell experiment is needed to confirm
subclonal level transcriptome changes

49
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Single-cell multi-omics analysis to
study tumor subclones
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Infer CNV from single-cell RNA-seq

Recent strategy to study genome and functional readout
single-cell RNA-seq

S meHiz %
=i &S %
=3 \_!g ©
5 i
=
it

o o
B i | |
s 7 @
= Q,q.,. @g\\
B o K
10720 ‘Sub—clone:ﬂ 2 83 @4 o5 ]
e Ty Neftel et al. Cell, 2019
(log2-ratio)
51

Recent strategy to study genome and functional readout
single-cell RNA-seq

-~

Discovery

Genotyping

|

SCNA inference methods based on transcriptome

Method detail
Require pre-
defined SV
Method SV class breakpoint Size resolution in the paper Chr6 SV detection
InferCNV entire chromosomes or large segments N
(Science, 2014) CNV only N of chromosomes
HoneyBADGER N
.......(Genome Res, 2018) CNV only N 10Mb
CONICSmat
‘discovery mode’ 100 expressed genes
(Bioinformatics, 2018) CNV only N (by default) N
CONICSmat 'genotype mode’
(Bioinformatics, 2018) Y 100 expressed genes Y
User provide candidate SCNA CNV only (by default)

52
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Recent strategy to study genome and functional readout
single-cell RNA-seq (InferCNV)

InferCNV: Inferring copy number alterations from tumor single
cell RNA-Seq data

g

e

i
AH

InferCNV is used to explore tumor single cell RNA-Seq data to identify evidence for somatic large-scale chromosomal copy
number alterations, such as gains or deletions of entire chromosomes or large segments of chromosomes. This is done by
exploring expression intensity of genes across positions of tumor genome in comparison to a set of reference 'normal’ cells.
A heatmap is generated illustrating the relative expression intensities across each chromosome, and it often becomes
readily apparent as to which regions of the tumor genome are over-abundant or less-abundant as compared to that of
normal cells.

RO

- o

InferCNV provides access to several residual expression filters to explore minimizing noise and further revealing the signal
supporting CNA. Additionally, inferCNV includes methods to predict CNA regions and define cell clusters according to
patterns of heterogeneity.

InferCNV is one component of the TrinityCTAT toolkit focused on leveraging the use of RNA-Seq to better understand
cancer transcriptomes. To find out more about Trinity CTAT please visit TrinityCTAT.

https://github.com/broadinstitute/inferCNV/wiki

53

Recent strategy to study genome and functional readout
single-cell RNA-seq (HoneyBADGER)

HoneyBADGER

HoneyBADGER (hidden Markov model integrated Bayesian approach for
detecting CNV and LOH events from single-cell RNA-seq data) identifies and
infers the presence of CNV and LOH events in single cells and reconstructs
subclonal architecture using allele and expression information from single-
cell RNA-sequencing data.

The overall approach is detailed in the following publication:
HoneyBADG ER Fan J*, Lee HO¥, Lee S, et al. Linking transcriptional and genetic tumor
heterogeneity through allele analysis of single-cell RNA-seq data. Genome

HMM-integrated Bayesian approach for Resio0i®:

detecting CNV and LOH events from
single-cell RNA-seq data
Benefits and Capabilities

‘;lv:anI’Ia: *lr’::g"l;:ﬁ é‘ﬁ‘:.‘.’.?, (1) Iterative HMM approach detects CNVs

(2) Bayesian hierarchical model uses allele and expression
data to infer probability of CNVs in single cells

£l

L
I-

This project is developed and maintained
by Jean Fan (JEFworks-Lab)

54

https://jef.works/HoneyBADGER/
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Recent strategy to study genome and functional readout
single-cell RNA-seq (NumBat)

‘= README.md

Numbat
[© passep [ o 1123 ] donrionss 34s/monin |

Numbat is a haplotype-aware CNV caller from single-cell and spatial transcriptomics data.
It integrates signals from gene expression, allelic ratio, and population-derived haplotype
information to accurately infer allele-specific CNVs in single cells and reconstruct their
lineage relationship.

Numbat can be used to:

1. Detect

allele-specific copy number variations from scRNA-seq and spatial

transcriptomics
2. Differentiate tumor versus narmal cells in the tumar microenvironment
3. Infer the clonal architecture and evolutionary history of profiled tumors.

\] 1
(s) Haplotype-snhanced HMM Kertifies . (b) Probabiistic ovaluation __, (€] Infer clonal lineages via
Ineage-specific CNVs in cell pseudobulks ‘of CNVs per call maximum likelihcod phylogeny

Teng Ga

Numbat does not require paired DNA or genotype data and operates solely on the donor scRNA-seq data (for
example, 10x Cell Ranger output). For details of the methed, please checkout our paper:

0, Ruslan Soldatov, Hirak Sarkar, Adam Kurkiewicz, Evan Biederstedt, Po-Ru Loh, Peter Kharchenko.

Haplotype-aware analysis of somatic copy number variations from singl. Il Nature

Biotechnology (2022).

https://github.com/kharchenkolab/numbat

55

Recent strategy to study genome and functional readout
single-cell RNA-seq (CONICS)

CONICS

CONICS: COpy-Number analysis In sing
CONICS works with either full transcript

The CONICS paper has been accepted f

Table of contents

CONICSmat - Identifying CNVs fron|
Identifying CNVs from scRNA-seq U
Integrating the minor-allele frequen|

Phylogenetic tree contruction

Intra-clone co-expression networks|

Assessing the correlation of CNV st|

False discovery rate estimation: Cro

False discovery rate estimation: Em

le-Cell RNA-Sequencing

(e.g. Fluidigm C1) or 5'/3' tagged (e.g. 10X Genomics) data!

or publication in Bioinformatics. Check it out here !

CONICSmat - Identifying CNVs from scRNA-seq using a count table

CONICSmat is an R package that can be used to identify CNVs in single cell RNA-seq data from a gene expression
table, without the need of an explicit normal control dataset. CONICSmat works with either full transcript (e.g.
Fluidigm C1) or 5'/3' tagged (e.g. 10X Genomics) data. A tutorial on how to use CONICSmat, and a Smart-Seq2
dataset, can be found on the CONICSmat Wiki page [CLICK here].

Chr: 1:0:122026459
Log likelihood -4337.7

Porcentage of cells

https://github.com/diazlab/CONICS

0 2 40 6 8 10

Custer _ Cster  Ambigu
Pradicted via transcriptomics.

Exprossion z-score
o 2

o '
Expression z-score

0o 2

Visualizations of scRNA-seq data from Oligodendroglioma (Tirosh et al,, 2016) generated with CONICSmat.
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Applying CNV inference of scRNA-seq to the T-ALL case stu

Hypothesis : 6g-CT cells have MYB-Notch activation compared to 6-Ref cells

scNOVA for chromothripsis event & r NOTEH1 oH
SV Nucleosome Occupancy (NO) o S 000 0. O
— 30 NG MY targets = B
R BT e — = . v
clone - — 225 — O—@—0
(70%)  chrs H2 M B2 ‘O e "
S s | = O O
69-CT  chrs Hi M) 3
clone . F 20 R S S R s
(30%)  ehs vz TN Tl D =
~80 Mb chroméihripsis event ; 00
Del _Dal Inw Dup Del
CN
FYESRLC 2 ANREELAZE0T aNAE
L .
@ = = 9 o
S el T T T T T T 23
(H2/H1) @ 55
bAANE Sumas Cus  mEEEwSERS W B P g3
(H2IH1) E g §‘¢'§
NE
‘Copy number {CN) log2-FC
En —_— o

Single-cell experiment is needed to confirm
subclonal level transcriptome changes

57

Applying CONICSmat to the T-ALL case study

Gating strategy for single, viable T-ALL cell isolation
from T-ALL sample T-ALL_P1 for scRNA-seq.

Unsupervised analysis of
transcriptome

Viability - DAPI

10° 3
g
4
© o100 3
2 3
8 ¢
> 10°
£ ,
S o
E 3 Jraves MsCs |
.10 728 o |
LR I
0 10‘
MSCs - GFP
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Applying InferCNV to the T-ALL case study

chr1 ) 3 4 5 6 7 8 9 10 11 12 131415 16 17 18 19 202122

f= £ w2
-}
< g .
- 1- <

L ‘ o
1,451 control cells

InferCNV analysis of 5,504
high quality T-ALL_P1 cells,
and 1,451 control cells.
Control cells were
downloaded from PBMC data
provided by 10X Genomics.
This analysis did not
discover subclones in 5,504
T-ALL cells.

5,504 T-ALL cells

59

Applying CONICSmat to the T-ALL scRNA-seq (Genotyping

Presence of Subclonal CNA Absence of Subclonal CNA

Chr: 1:0:122026459
Log ::kellhood -4337.7 Chr: 1:124932724:248956422

Log likelihood -6160.5

©
4 - l
o
£3 z ‘
8 g g \
o -]
o - W
3 || ||||'
= o "l .ulIIIIIIIm! b
=]
—4 2 0 2 4
Expresslon z-score Cells
Posterior probablility distribution
component 1 F P lility
g component 1
=3
§ g g ]
o~
: 8 9 g s
w
g : £
® 8
0
= r T T T T 1 g o
00 02 04 06 08 10 2 r T T T T 1
1 2 00 02 04 08 08 10
Posterior probability
Number of components Posterior probabllity
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L] b3
CONICSmat analysis supports the presence of chr6 deletio
. -
and duplications
Duplication (dup + invdup) Deletion (dell + del2 + del3)

83202165 }’g & - &
85632446 9’%10.,: > Dell s e

952, © ]
91874248 %2 B s
co7a1ses | D% S Dwp £ o Fr l 3
95270571 j@‘,ﬁlg m 5 ° I lill &
102331656 -, . _ i -
103693043 b B s ||‘ l. °

w. | e o |l :
114991273 LS . 2 . ; ' sl 4 o i 3 7% 4

Expression z-score Expression z-score
b
sg EI InvDup
Genomic BIC 1 BIC 2 CNV call
range component | components [BIC difference|LRT adj. p-val CF%

74
154962263 ;:,:2_ - 8 chré_Del 729 cells
155731098 Oty WGy Del3 35 genes 15635.9018| 15553.1101 | 82.7917307 0 (13.2%)
157031265

"oy i chr6_Dup 265 cells
170021140 )%2:--:‘4* s 192 genes  |15635.9018| 15481.839 | 154.062863 0 (4.8%)
170609734

Sanders et al. 2020 10X transcriptome experiment from Karen Grimes
61

-~ - - -
Cluster3 and Cluster7 cells are highly enriched with deleti
Deletion call (dell + del2 + del3) probability>0.9 gz:\?::xg;:’:_test g:r"’l'('::;egﬁ'gt
p-value < 2.2e-16 p-value < 2.2e-16
- 4 8 - - o
o -+ - -_
2 3 j- “ 1 :
.5- ’ :
=) o~ - 1 N
e § oy § o
NI | B A e
o
AN BE S R E R
E55 5355885 % 3 £ o
2 33 33 8 538 3 32 = o ;
© O O O D o © o o © o ! : i
e & ol T
T T T T
Row Labels Del(0.9)  %Del(all)  p-value _adjustedP none Del none Del
Cluster0 166 14.901 0.039 0.122
Cluster1 97 9.454 1.000 1.000
Cluster2 118 15.013 0.066 0.131
Cluster3 118 19.440 0.000 0.000
Clusterd 40 6.981 1.000 1.000
Cluster5 83 15.690 0.049 0.122 Type Dup none
Cluster6 32 6.695 1.000 1.000 Fisher exact test
Cluster? 62 20.395 0.000 0.001 Del % 633
Cluster8 6 10.526 0.785 1.000 p-value < 2.2e-16
- _Cluster9 7 23.333 0.092 0.154 none 169 4606
_ Grand Total 13.245 - -
62

-31 -



SV subclone in P1 shows increase of MYB target expressia
and cells with premature stages in the cellular hierarchy

TF-target Enrichment (Cluster 3)
10 |
VAN
GENOMICS®

-1 TAL1 HPC-T Mouse
MYC MESCs Mouse

Unsupervised analysis of SCNA inference from UTX JUKART Human
transcriptome transcriptome MYC MESCs Mouse
GATA3 THYMUS Human
- it KDM2B HPE-ALL Human

40 30 ] 10 [
-log10 Adjusted p-value

Signature gene activity Lineage analysis
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Case study in Chronic lymphocytic leukemia

B-CLL 24

Peter-Martin Bruch
Sascha Dietrich group
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Subclonal deletions in chr10q
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scNOVA inferred that 10q-Del clones have aberrant Wnt
signaling activity

Wnt signaling
pathway

c-Met signaling |

pathway

BCR signaling |
pathway —

PIP3 signaling in |
B lymphocytes |-

CREB pathway |

ICGC
(-log10 p.adjust) P =0.0098
L]
]
g1+ -
<534
g5 ]
58 3 !
22 =
§% o
N2 o :
£ 9 :
= < !
?” .
T T

10q

(N=

10g-Del
(N=4)

Wnt signaling

SCa : 10g-oneDel
SCb : 10g-terDel

SCc : 10g-twoDel
Sla-d : singletons
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Inference of 10qg-terDel cells in CITE-seq of CLL_24
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Summary

« FolA olHF HESESS FHTH] fls olH A=A oA 7
M=o AS7H? > smg]e—ce]] WGS, Strand-seq, etc

« o]t A LA HolHE ZA45H7] flof of | AT FH A =SS
A8 4= Q1277 > MosaiCatcher for Strand-seq analysis

9 W ol 1 /)52 S48 ety del s §aAe)
AR T 54447 o 52 7] Bt 424 WE] o s Bao]

g a5ttt oS 7S] e AW AR Q) Hhel of® 2 50| e

> scNOVA for Strand-seq analysis

| > Infer copy number alteration from scRNA-seq (InferCNV,
HoneyBADGER, Numbat, CONICS etc.)
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