Single—cell multi-omics analysis
to study tumor subclones
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Tumor is composed of multiple subclones that makes
intra-tumor heterogeneity

Acta Pharmacologica Sinca (2015)




Multi-layered heterogeneity contributes to therapy failﬁ"]

and cancer progression

_ Inter-tumour
) heterogeneity

Dominance of clone 1 Dominance of clone 2

Nature review cancer, 2012

Intra-tumour
" heterogeneity

Mixed dominance .

b
b
Genetic
ﬁ; variation
,/' Genome Biology, 2016
CANCER . .
STEM CELL Epigenetic
self-renewal (funcﬁona[)
alteration
Molecular cancer, 2017
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Single-cell technologies to exp‘lpre cellular heterogene

Lineage State

car
* LINN
| * MEM

aflnnen

Tim Stuart & Rahul Satija
Nature review genetics, 2019




Single
nucleotide
variation

Genetic changes can happen in nucleotide level and also

form of larger rearrangement

SomaTic Mosalcism
™
J

Structural )

Variation

(SVs) -

Strand-seq

—

Enhancer hijacking

Strauctural variation (SV) is a genomic rearrangement la

than 50bp
Oncogene amplification
nau

Oncogenic fusion
'l- "-*" n' ' 'r
T ans\ocahon
Duplication (also Deletion, Inversion)

Genomic instability

Inversion
(also Deletion, Translocation)

Tumour-suppressor

deletion
[ ]
. ' Jnversmn
A Translocahon
Deletion
Deletion Amplification
Macintyre et al. 2016




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

Article | Open Access | Published: 05 February 2020
Patterns of somatic structural variation in human
cancer genomes

= . T " e oy
PCAWG Consortium a

Nature 578, 112-121(2020) | Cite this article
79k Accesses | 267 Citations | 175 Altmetric | Metrics
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Single-cell technologies to explore genetic heterogeneity
4 N N
Single-cell WGS Tapestri (SDR-se
® 3 S (el
®- * ©- -
: 35 w ||+ Py
e — sesee —
J-é': Il o - i e s =
. e il el -
g e G SEme
225 o eEer|| =
e i o s uosiEpm
‘“\'\1“""‘" Indexing and adaptor inCorporaton. Pooied hor sequencing
u Zahn et al. s Lln(ﬁar?i”fzhegcz Sanders et al.
Navin et al. Nature, 2011 Nat Methods, 2017 2025 Nat protocol, 2017
- NG
[ 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

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




Single-cell technologies to explore genetic heterogeneity

Missionbio Tapestri platform and Mosaic

DNA Library Frotein Library

A C . / et ¥ 4 y f’ ot 1 /
i - e \ |
i | I | |
;‘ }t e
o | | |
y i R
i L) i _4 o~ A
B 5 4 dddd 1d Cagr = d dddd 0§ i
{ Sampie Preﬂ ‘[ PCR Cleanupj ShVelindels
(3
[ Encapsulahon J %‘ [ Library PCR ]
§" [Cell Lysis+ProtsoEysI { Library Puriﬂcatlon

. ]
Cell Ba;cording J —{ Seque‘nclng ]
J J

[ 2
8
{ Targeted PCR _L Data Analysis
Mosaic v3.12.2 -
SiacsNEaa Installation
Gattrg Startad Installer (Preferred)
o sce
Covrt Ant Poton
Voutn v G
Cuntad e ok
T Linux Installation
e '
s s e commana e
perl v et st 5t
L 2. Run the instalier s shown below:
e
§ oA 22 . 5h
11

s

nosaic/manual/install.html

Single-cell technologies to explore genetic heterogeneity

SDR-seq (Nature Methods, 2025) and SDRranger

nature methods a o T

025.02805.0 e Pr—

Functional phenotyping ofgenomic = =

variants using joint multiomic s — =
single-cell DNA-RNAsequencing soRrange pmas
‘Cxr=—ym T -
Received: 18 June 2024 Dominik Lindenhofer @, Julia R JohnA. 3 - b =
Accepted: 20 July 2025 ", Umut Yildiz®", Haeyeon Jung @', m
Publishod caline: | September 2025 JudithB. " Kyung: 3 : k
8] Check for updates ', Oliver Stegle @ & Lars M. Steinmetz @ 4% .
s Soth ¢ il d Installation
dyof e o SDRranger works in Linux, and has been testad on eig and CentOS 7.

T You e o into your using pip:
J‘l cell DNA nll" 4 P
. cells enabling pip tnstall 1735thub. ——
ch Using SDR-seq, din This typically takes a few minutes.
STAR aligner needs to be installed independently as wel
1l yBeell
hibit elevated Usage
B SDR-seq
i f di #1 y ded The basic usage for SORranger can be displayed at any time via SORranger —-help :
by genetic
regulationand its implications for disease. u-;;; T A A | 5 =]
anger count, «fastq oir» . 9

SORranger count_gONA “fasta dir ( 1 N
SORranger preprocess gONA <fastq dirs —-cenfigees [--cutput-dirme] [- nma-.—)l | -~

SORranger count matrix <SOR_bam_file> ~~output-dirs<> [—~threadse<>) [-v | -wv 1 ml
SORranger simulate_reads —-configee =

12




Si ngle-cell technologies to e’xplﬁr'e genetic heterogene

Strand-seq (Nat protocol, 2017) and mosaicatcher (Nat biotech, 2020
scNOVA (Nat biotech, 2023)

Chromosome Hemi-substituted Inherited template strands
homologs sister chromatids in daughter cells

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

WGS

1t ¢

Strand-seq

¢ . oo o o

Het-inversion

* Sequence orientation is important (Crick or Watson)

* Breakpoint needs to be detected

Strand state and haplotypes can be assigned

=T

15

Challenges of the Strand-seq data analysis

Strand sequencing

.....




Overview of the single-cell genome data analysis using
Strand-seq

Single nucleotide variation (SNVs) - scWGS Structural Variati
e N [
Single- nucleus Direct library Strand-seq
@ ........... fenich
S - . — 00000 — -
W | ~ 3 s —
+ o B Sogecel Dwect sorary ,
? iy nn-u-— solation and yss prepaation by tagmentation Crick ‘
P\ - e P 'fﬁ,( b —
-i'?:—; = ?g?' ucsiepm
s Zahn et al. Sanders et al.
n Navin et al. Nature, 2011 Nat Methods, 2017 Nat protocol, 2017
- : ’ RN 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 ]
== 17

Why the orientation of the reads are important?
Haplotype 1 Chromomme 1 example
X & y
ki 35
f AT
{) &6
§ ‘B GA
= L g 1 1
g ednes éA
n C g Length of the longest haplotype (bp) : lllumina - 15994 bp L
WC AC PacBio - 1711716 bp
l 53 10xGen - 8582136 bp
St A Strand-seq - 248671482 bp
Hablotvpe 2
Porubsky et al. Nat comm, 2017
Homozygous Reference Heterozygous Inversion Homozygous Inversion

1 F 24 ==

Sanders et al. Genome Res, 2016

18




How can we assign sequencing reads into Crick and Wats

L

Crick (C) aligns to the plus (forward) strand of the reference assembly

Watson (W) aligns to the minus (reverse) strand

ATACTTT

AAAGTAT

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

MOVEe << << | < | > > [>>> ZzOOMIN 15x  3x | 10x | base ZOOMOut 185x | 3x | 10x | 100x
chr1:11,112,316-11,112,347 32 bp. [ enter position, gene symbol, HGVS or search terms

[ s

R i mmses s i mEd m il Bmimes W e e o)

Scate
anet:
—

10 ; i ness
1,112, 1,112, 112 12, 11,112.34 1112, 348]
tA R B e Tl G N R s e e M EN S St S SR s okl B R i w E)

T

AAAGTAT

ATACTTT
TC AGACATACTTTAAACTGTGTTTTT ACAG
lV1iOovvVvv

ATACTTT Forward (+) [J Crick (SAMFLAG 0)
Reverse (-) [ Watson (SAMFLAG 16)

b,

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

Todecode a given SAM flag value, just enter the number in the field below,
SAM Flag: |99 Explain |

Switch to mate | Toggle first in pair /second in pair

Find SAM flag by property:
To find out what the SAM flag value would be for a given combination of properties, tick the boxes
for those that you'd like to include. The flag value will be shown inthe SAM Flag field above.

read paired

read mapped in proper pair
read unmapped

mate unmapped

read reverse strand

mate reverse strand

first in pair

second in pair

not primary alignment

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

Ogo0o000@esc00008 @

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

B
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Count the Watson and Crick reads using genomic windows
chrl e
chr2 —= = —— —_— — —_ — —
chrd bt — — —
chr4 it = = p——
chr5 e ——— S
chré :_E_ :__ — o — —
chr7 ' ' ' —_— — —
chrg : : :— —_—— —_—
chrd i————— = = —

o, ————————
chril ——7== — ———
chr12 i we — — —
chr13 it —— —  —
chr14 §—§=ET
chr15 j——i— — Genomic windows
Chr16 | 20000 bp
A S — 50000 bp
chr18 — 100000 bp
e 200000 bp
500000 bp
100 150 200 250

Genomic positions (Mb)

21

From coverage

NB parameters: n=50, p=0.2

2
<

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 -> larger variance

——— -

Mb 20 Mb 40 Mb

R e S
ww

22
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Strand-seq result of example single-cell

Sample: C7_data

Cell: C7x02PE20310

Median binwidth: 200 kb £

Number bins: 15,453 R

Total number of reads: 365.3;”
e

3080
220 Mb

Median reads/bin (dotted):
Plot limits: [-51,51]

Duplicate rate: 59% 8 20 48 68 80
NB parameters (p,r.a): 0,8.12,0.1

200 Mb

12 13 14 15 15
watson | Crick

23

Consensus Karotype of P33 TALL relapse sample

Haplotype 1 Haplotype 2
200 220 200 190 160 140 120 100 §0 G0 40 20 Q Mb p 0 40 0 §0 100 120 140 160 180 200 220 240
1 hrl 1
1 I :hrz L"” 1 1
chi3
chrd

chis
S chvé I
B e 0

|
B CNN-LOH coanwe <chr10 coramwe
I het deletion chrl1
Il hom deletion chr12
10 het duplication <hr13
Il hom duplication chr14
' hetinversion <chr1s.
B hom inversion ] I chr16 | 1
1 inverted duplication S chn17
W complex ™ chns L}

chr22 |
1 chrX. 1 ¥
Lad cheY
che? TLTTTTY | |: |
el che 1
COK2NA/B chrd 1
der(5)t(5;14)

der(14)t(5;14) 5q BB
na.nlm‘ﬁz

Figure from scTRIP manuscript,

e 24




Mosaicatcher towards the automatic single-cell SV calli
and clustering

https://github.com/friendsofstran mosai her-pipelin
s £ Korbel group, Marschall group,
EMBL MPI informatics
v -
TCHER 1 VR
Ashley Sasha David Maryam
T n— Sanders  Meiers  Porubsky Ghareghani
:wmm - V
4 Mti-variate wagmentation of celis (mossc)
7. Visuakzation of results using custom R plots
Thomas
Sanders et al. 2020 Weber

Weber et al. 2022 (ongoing)

25

Mosaicatcher calls single-cell SV using Bayesian framewo

Bayesian framework

WT g Deletion \"‘*n.xl‘r]version

| B &=

-13 -
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Mosaicatcher calls single-cell SV using Bayesian framewo!

¢ Input: single-cell BAM files

¢ Workflow management: Snakemake

¢ Binned read counting (100kb) and

normalization

e Assign strand-specific read data into genomic
bins

* Detects and haplotype-phases heterozygous
SNPs

¢ Segments the single cell sequence data

Balanced translocation ¢ Calculates genotype likelihoods for each
e

segment and single cell using Bayesian

framework

Figure from scTRIP manuscript,
Sanders et al.

Inversion genotyping
————\ Binning count and
A d analysi segmentation Hlploki:hrnl:mmm-
1 ashieys =2 mosaic count e,  SVeals
1] Commomse) [ 7} 1 svckmang
L /o sy
Jd [N - ing/
[] 1 mosaic segment Het SNP calls
: | :—'m SV e
I ary lenient calls
! Hand-selection 1
Iy [ segmentation Phasing SV postprocessing
Spyter Netabook P i E

™= snakemake

-' workflow-catalog

MosaiCatcher
v2.0

=

trand-Seq  Selected| | Refgenome 1000G
fibraries cells (hg19/hg38/12T) 5P

28
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Chromosome plot with SVs called by MosaiCatcher
framework

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

[ = 8 | (BN ER EE N E = Eml B If S=DmEm =i
[
‘ — e——
. A A ol : R LA &
° ekt s A e . dan o meleg Sadait s
[ = § | il B ™ Ay N N N Al oiw  EEm d ‘!

b9t aup_mt [l im_om [ state: ww [l svorom

—— Wivsz [ aupn2 [ sute:cc [ sV orow 3 [ sV grown 7
= [ celht  iwht | sme:cw [l SVooups | SVgrowe
Doz iz suewe [l svoows [l sverowe

29

Heatmap of single-cells based on SVs called by MosaiCa
framework

SV class
B e

Clustered single cell results for P33 Clustered single cell results for P1
3 5 7 9o 33 A5 A7 W2

7 9 M 13 15 1799 X  Chrl 3 5

2

r1

P1 single cells (n=79)

P33 single cells N=41)

: — | i n
10 12 14 16 18P Ay

12 14 16 18 4 Chr: 2 4

Figure from scTRIP manuscript,
Sanders et al. 2019

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

samples

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

30




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

=3 BFB amplicon

der(17)t(17;5)(p11.2;,931.1) € | - -}

- .- e

chr17 (p11.2-q25.3) chr5 (q31.1-q35.3)
o~ —~ 50
‘o X 20 [ "632
il 2
CF o st il G2 2 b b PE205A
W o d Wl J oy
=9 i Q 50
20 |: :D Di i 0 Disomic Du
nvDup . Disomic isomic
- I o ikt PE20503
) T ‘ B8 !
@8 InvDup gg % '
ol 2 terDel ‘ Disomic &L Disomic ~ Dup “
~2 0 . = 0 : PE20517 “r'
2 7P53 e 50 '
0 10.--"20 30  40Mb 100 120 140 160  180Mb
scale|- -~ InvDup 1by Ings8 TTTTTeeeeoe
chr17: 19.5Mbl| 20.0Mb| 20.5Mbl| 21.0Mb| 21.5Mb |
RefSead il W WADHH WH>—bH B | OO H |
Genes
mapP2k3|
31

* NA20509 (=GM20509) cell line was in culture

passage 4 (early) and passage 8 (late)

7] 17p-Ref
[ 17p-BFB
early (p4) late (p8)
Time
N MAP2K3 MYC/MAX
25 Line (passage) P=2.576-05 target genes
-g NAZ050S (oarly) P=0.036 . K3, and MYC |
E ,| peo0024 NA20509 (ate) = MAP2K3, and MYC/MAX target genes were i
=z P=0.209 HG1505 (early) | 118 T 15 . .
2 s HG1505 (ate) | & < increased in late passage 1
o > 1.0
38 x . i
2 ) P=00133 | Euis 5o * MYC expression was not changed ,é
Z 2t~ - S 2
a ; - 8 ool
g 1 [F4IR] N-os
5 3
-E 0 K<} 1.0
- ey
MAP2K3 TP53 ne T T -
early late
32




Practical session — how to run Mosaicatcher

Genome analysis

MosaiCatcher v2: a single-cell structural variations

detection and analysis reference framework based on
Strand-seq

Thomas Weber @ ', Marco Raffaele Cosenza’, Jan Korbel'**

'European Malecuar Biciogy Laboratory, Genome Biolagy Uni,
Mechansms of G Van

HedeRerg. Germany
m and Data Science, German Cancer Research Canter (OKF2),

Unit, EMBL Meideierg, MeyerhatswaBe I, Heidelberg 83117, Germany. Tek 449 6221 3878522, fax: +43 6221 3814518

Abstract

Sumenary: Segfo-csl DNA b

Availatty and implementation

Based on the tutorial written
by Chiwon Chung

(0 README B MIT icense

Structural variant calling from single-cell Strand-seq data Snakemake pipeline.
2 MosaiCatcher-pipeline

This workflow uses Snakemake to execute all steps of MosaiCatcher in order. The starting point are single-cell BAM
files from Strand-seq experiments and the final output are SV predictions in a tabular format as well as in a graphical
representation. To get to this point, the workflow goes through the following steps:

1. Binning of sequencing reads in genomic windows of 200kb via mosaic

2. Strand state detection

3. [Optional]Normalization of coverage with respect to a reference sample

4. Multi-variate segmentation of cells (mosaic)

5. Haplotype resolution via StrandPhaseR

6. Bayesian classification of segmentation to find SVs using MosaiClassifier

7. Visualization of results using custom R plots

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

Data directory tree

Data directory must follow a certain format
e Pipeline requires you to have either
1. BAM
2. Fastq
Placed in like the image on the left.
* Fastq files (for ASHLEYS) must follow the
following syntax:
- [SAMPLE_NAME].x.fastq.gz
- Xis the strand number (coding/non-coding)

-17 -




Run_mosaicatcher.sh

./data: where your test data (and
outputs) will be stored

- P .Joutput: where your ASHLEYS result

docker run --rn K Lt \ (and other checkpoint files) will be
-v |./data;: /pipeline/data \ stored

./outl /pipeline/out \

USER ID="%$(1d -u)" \ You can change these (red boxes) to

whatever you want.

:6séicatéher7
/bin/bash

Ex) You have data folder at
~/my_data:

-v ~/my_data:/pipeline/data

To start the pipeline ) o ) ) Do NOT change the rest of the
1. Copy the run_mosaicatcher file in /home/shared to directory you desire script!
2. Run the following command:
/path/to/run_mosaicatcher.sh
Within the Docker file
{baze)ineoteiosaancenacs/pipetineshty If the command is run correctly, you should now
g o oo e 130 -/ be inside the docker container. Using the I
9 root root o e command as seen in the image, we can see there
1 root root .th1gﬁore is a shell SCript:
1 root root 3 .gitmodules
1 root root 3 .gitpod.Dockerfile
1 root root 2 .gitpod.yml . 1 9 . I h
1 root root 8 .pre-commit-config.yam .
1 root root 3 .snakemake-workflow-catalog.yml run_pipe inev8.s
5 root root .tests/
1 root root 2 CHANGELOG.md .. . .
1 root root :49 LICENSE This is the script we will use to run the actual
roo roo H . .
drwxr-xr-x 5 root root 3 a plpellne.
drwxr-xr-x 2 root root
drwxr-xr-x 5 1001 1001
drwxr-> 3 root root 2
drxr 2 root root : . The data/ and out/ folders should be connected to
> 3 t t z thu - o
e 3 1001 1001 : the data and out folders you set in the
Pl gt : R run_mosaicatcher.sh file.

drwxr-xr-x 1
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Within the Dacker file

E/bin/ h
g/b
snakemake \
\

\
/pipeline/config/config.yaml \

/pipeline/data \
FER

\

=/pipeline/out \

\
workflow/snakemake_profiles/mosaicatcher-pipeline/v8/local/conda/ \

Use vim run_mosaicatcherv8.sh to access the
script. Please refer to online tutorials for vim
controls, as it is out of scope with this manual.

You only need to change the lines
accentuated by red boxes.

The pipeline will be run TWICE:

1. Firstrunis for ASHLEYS and mosaicatcher
pipeline

2. Second is for scNOVA pipeline

The dry run command is for testing purposes
only, and will be removed when the pipeline
is run.

Running the pipeline

r_no

_chromosome_dex

un (flag -n). The order of jobs does not refle
- inv checkpoint jobs, which will result in alteration
(base) root@ a8de0a65: /pipeline# [I

First, run the mosaicatcher_v8.sh file as is; it should
do atest run.

If all is without issues, you will see no errors and
the CLI will show the total number of rules (which
will vary depending on your dataset size)

In case you see errors, the most likely reason is that
your files are not set up correctly. Make sure your
fastg/bam files are placed like it’s shown in slide 2.
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Running the pipeline

#/bin
snakemake \
\
/pipeline/config/config.yaml \

pipeline/data \

\

\

pipeline/out \

If you see no errors, remove the dry run
option that was originally in the
run_mosaicatcherv8.sh pipeline, then
run it again. The first step of the pipeline
should start running.

The duration will vary but expect it to
take at least a couple of hours.

= \ . .
workflow/snakemake_profiles/mosaicatcher-pipeline/v8/local/conda/ \ Dependlng on server CPU usage, it may
\

even take a full day.

Running the pipeline

Subclonality

clone2

clone2

clonel

clonel

clonel

clonel

clonel

clonel

nput r clonel
input_subclonality.txt clone2
clonel

clonel

clonel

TALL3x01PE20435 clone2

Once the pipeline is finished, create a new
directory scNOVA_input_user and add your
subclonality file. It MUST be named
input_subclonality.txt, and it MUST be a tsv file
with the correct header names. Otherwise, the
pipeline will throw errors.

To run the scNOVA pipeline, please change the
run_mosaicatcherv8.sh as shown on the left.
Note that scNOVA currently does not support
chromosome Y, and must be place in the
chromosomes_to_exclude list.
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Output — QC result based on ASHLEY algorithm

out/data/RPE_mixture/cell_selection/labels_positive_control_corrected.tsv

cell prediction probability

BM510x3PE20401.sort.mdup.bam
BM510x3PE20402.sort.mdup.bam
BM510x3PE20403.sort.mdup.bam
BM510x3PE20406.sort.mdup.bam
BM510x3PE20407.sort.mdup.bam
BM510x3PE20408.sort.mdup.bam
BM510x3PE20410.sort.mdup.bam
BM510x3PE20411.sort.mdup.bam
BM510x3PE20414.sort.mdup.bam
BM510x3PE20415.sort.mdup.bam
BM510x3PE20416.sort.mdup.bam
BM510x3PE20417.sort.mdup.bam
BM510x3PE20418.sort.mdup.bam
BM510x3PE20419.sort.mdup.bam
BM510x3PE20421.sort.mdup.bam
BM510x3PE20422.sort.mdup.bam
BM510x3PE20423.sort.mdup.bam
BM510x3PE20424.sort.mdup.bam
BM510x3PE20425.sort.mdup.bam
BM510x3PE20426.sort.mdup.bam
RPEIWTPE20401.sort.mdup.bam
RPEIWTPE20402.sort.mdup.bam
RPEIWTPE20403.sort.mdup.bam
RPE1WTPE20404.sort.mdup.bam
RPEIWTPE20405.sort.mdup.bam
RPEIWTPE20406.sort.mdup.bam
RPEIWTPE20407.sort.mdup.bam
RPEIWTPE20409.sort.mdup.bam
RPE1WTPE20410.sort.mdup.bam
RPEIWTPE20411.sort.mdup.bam
RPEIWTPE20412.sort.mdup.bam
RPEIWTPE20413.sort.mdup.bam
RPEIWTPE20414.sort.mdup.bam
RPEIWTPE20415.sort.mdup.bam

PRRRPRPRORRPRRREPRERRPPRREPREBRERRPRREBRERBRPRREBRERRERRERRPRER

sample
0.8672
0.9472
9.905

0.9052
0.8948
0.8764
0.9333
0.9145
0.8525
0.8981
0.8384
0.9306
0.841

9.9133
0.7389
0.8608
0.9013
0.8732
0.8763
0.9577
0.9291
0.8426
0.9345
0.8848
0.8993
0.9239
0.9367
0.0018
0.9106
0.9282
0.9132
0.9341
0.9612
0.9289

RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture
RPE_mixture

Output — QC result based on ASHLEY algorithm

out/data/RPE_mixture/plots/plate/ashleys_plate_predictions.pdf
out/data/RPE_mixture/plots/plate/ashleys_plate_probabilities.pdf

Sample: RPE_mixture | ASHLEYS binary predictions (cutoff=0.5)

12 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24

PTO0ZE2-rXc _IOTMMOO®>

values

. 1.00

HtZ2I|M 0.57} E|H SotE|l= A0t (0.4759 > PASS)

—

TO0OZE2r-rXxc _IOTMMOO®>

Sample: RPE_mixture | ASHLEYS probabilities

12 3 45 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24

values
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Output — Plotting pipeline

out/data/RPE_mixture/plots/counts/CountComplete.raw.pdf

Overview across 100 cells from 1 samples

Bin sizes (15477 bins, mean 199.8 kb) Excluded bins per chromosome (total = 0)
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Output - Plotting pipeline

Plotting pipeline — basic information for each single-cell libraries

out/data/RPE_mixture/counts/RPE_mixture.info_raw

" sample (has multiple cells)
” Namo of the cell.
» Total number of reads
. Supplementary, secondary or QC-failed reads (filtered out)
" Reads filtered out as PCR duplicati
" Reads filtered out due to low mapping quality
" ds filtered out as 2nd read of pair
" ds used for counting.
# Enough coverage? If false, ignore all columns from now
. Negative Binomial parameter p. Constant for one sample.
” Negative Binomial parameter r. We use NB(p,r/2) » NB(p,r/2) in WC sta
" Negative Binomial pa; r a (alpha) used for zero expectation (see above).
# b Bam file of this cell
semple cell  medbin mapped dupl  mapq  read2 good  passl nbp  nb_r
RPE_mixture BM510x3PE20401 27 2173532 1337 1251091 114684 402787 403633 1
RPE_mixture  BM510x3PE20402 19 1502630 1071 842979 84653 286527 287400 1
RPE_mixtur BM510x3PE20403 28 2323156 1236 1369867 119704 415748 416609 1
RPE_mixture  BM510x3PE20406 37 2932878 1942 1652624 160528 558673 569711 1
RPE_mixture  BM510x3PE20407 21 1
RPE_mixture  BM510x3PE20408 37 1
RPE_mixture BM510x3PE20410 16 1
ixtus BM510x3PE20411 34 1
RPE_mixture  BM510x3PE2 33 1
RPE_mixture  BM510x3PE20415 47 1
RPE_mixture  BM510x3PE20416 31 1
RPE_mixture  BM510x3PE20417 16 1
Xture  BM510x3PE20418 21 1
ixture  BMS10x3PE20419 22 1
RPE_mixture  BM510x3PE20421 15 1
RPE_mixture  BM510x3PE20422 29 1
RPE_mixture  BM510x3PE20423 24 1
RPE_mixture BM510x3PE20424 29 1
BU510x3PE20425 19 1 1
BM510x3PE20426 18 1454776 1064 815696 81410 278276 278928 1
RPEIWTPE20401 20 2533829 1677 1788196 122371 310406 311279 1
RPEIWTPE20402 33 3967114 2510 2762088 195942 502083 504491 1
RPEIWTPE20403 28 3494551 1645 2473336 161357 428127 430086 1
RPEIWTPE20404 47 5314803 3981 3634533 276513 698603 701173 1
RPEIWTPE20405 32 3771223 2767 2616749 186600 481609 483498 1
RPEIWTPE20406 28 3223414 1981 2213903 160426 422825 424279 1
RPEIWTPE20407 23 2717518 1753 1882051 119053 356739 357922 1
RPEIWTPE20409 18 1848750 1389 1186174 96176 281572 283439 1
i RPEIWTPE20410 58 6932608 4595 4864614 333111 863416 866872 1
RPE_mixture  RPEIWTPE20411 27 3038138 1564 2090974 144661 399847 401092 1
PE_mixture  RPEIWTPE20412 35 3691172 2677 2445003 187898 526867 528835 1
RPEIWTPE20413 18 1889229 1187 1231172 98537 278693 279640 1
RPEIWTPE20414 45 5253570 3565 3655725 250100 670752 673428 1
RPE_mixture  RPEIWTPE20415 37 4116646 2681 2802716 205238 552177 553834 1
RPE_mixture  RPEIWTPE20416 45 4746615 3237 3150698 242256 673964 676560 1
E RPEIWTPE20417 36 3997049 2763 2723710 197533 535612 537591 1
18 25 3023178 1919 2101967 138528 389653 391111 1 0.266444
RPEIWTPE20419 33 3603767 2604 2418403 184240 498354 500166 1 0.266444

NB(p, (1-a)sr)*NB(p,avr) in WW or CC sta:

T
H
H

.sort.ndup.
. mdh
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2

il
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o il id ol i
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E
g
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H

2333333333333233

g
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g
$
coooooooroEoEEoEED

oormn

REpRzRRzErEaREREail

.sort.mdup.bam
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Output — Plotting pipeline

Plotting pipeline — single-cell count matrix using 200kb bins

out/data/RPE_mixture/counts/RPE_mixture.txt.raw.gz

chrom start end sample cell c w class

chrl ] 200000 RPE_mixture BM510x3PE20401 4 6 ww
chri 200000 400000 RPE_mixture BM510x3PE20401 © ] ww
chri 400000 600000 RPE_mixture BM510x3PE20401 2 ] wWw
chri 600000 800000 RPE_mixture BM510x3PE20401 1 8 ww
chrl 800000 1000000 RPE_mixture BM510x3PE20401 © 30 W
chri 1000000 1200000 RPE_mixture BM510x3PE20401 1 35 wWw
chri 1200000 1400000 RPE_mixture BM510x3PE20401 @ 18 wwW
chrl 1400000 1600000 RPE_mixture BM510x3PE20401 1 22 wWw
chri 1600000 1800008 RPE_mixture BM510x3PE20401 © 23 wWw
chrl 1800000 2000000 RPE_mixture BM510x3PE20401 © 22 ww
chrl 2000000 2200000 RPE_mixture BM510x3PE26401 © 38 Ww
chrl 2200000 2400000 RPE_mixture BM510x3PE20401 @ 30 ww
chrl 2400000 2600000 RPE_mixture BM510x3PE28401 © 33 wWw
chrl 2600000 2800008 RPE_mixture BM510x3PE20401 @ 37 ww
chrl 2800000 3000000 RPE_mixture BM510x3PE20401 @ 45 ww
chrl 3000000 3200000 RPE_mixture BM510x3PE20401 © 50 ww
chri 3200000 3400008 RPE_mixture BM510x3PE208401 @ 36 ww
chri 3400000 3600000 RPE_mixture BM510x3PE20401 © 31 ww
chrl 3600000 3800000 RPE_mixture BM510x3PE20401 2 42 ww
chrl 3800000 4000000 RPE_mixture BM510x3PE20401 @ 45 ww
chrl 4000000 4200000 RPE_mixture BM510x3PE20401 @ 36 ww
chrl 4200000 4400000 RPE_mixture BM510x3PE20401 1 46 ww
chrl 4400000 4600000 RPE_mixture BM510x3PE20401 @ 37 ww
chri 4600000 4800000 RPE_mixture BM510x3PE20401 © 37 wWw
chri 4800000 5000000 RPE_mixture BM510x3PE208401 © 51 wWw
chrl 5000000 5200000 RPE_mixture BM510x3PE20401 @ 39 ww
chrl 5200000 5400000 RPE_mixture BM510x3PE20401 © 51 W
chri 5400000 5600000 RPE_mixture BM510x3PE20401 © 44 Ww
chri 5600000 5800000 RPE_mixture BM510x3PE20401 @ 38 wW
chrl 5800000 6000000 RPE_mixture BM510x3PE20401 © 36 ww
chri 6000000 6200000 RPE_mixture BM510x3PE20401 © 44 ww
chrl 6200000 6400000 RPE_mixture BM510x3PE20401 © 39 ww
chrl 6400000 6600000 RPE_mixture BM510x3PE26401 © 28 Ww
chrl 6600000 6800000 RPE_mixture BM510x3PE20401 © 33 ww
chrl 6800000 7000000 RPE_mixture BM510x3PE28401 © 40 W
chrl 7000000 7200008 RPE_mixture BM510x3PE20401 @ 42 ww

Output — haplotype phasing result

data/RPE_mixture/strandphaser/StrandPhaseR_final_output.txt

chrom start end sample cell class

chrl ] 1800000 RPE_mixture RPE1IWTPE20430 ww

chrl ] 4800000 RPE_mixture RPEIWTPE20441 cw

chrl ] 13800000 RPE_mixture RPE1WTPE208432 wC
chrl ] 22000000 RPE_mixture RPEIWTPE20457  WC
chrl ] 22600000 RPE_mixture RPEIWTPE20452 wWw
chri ] 34800000 RPE_mixture RPEIWTPE20426 cw
chri ) 43800000 RPE_mixture BM510x3PE20414 WwW
chrl ] 59800000 RPE_mixture RPEIWTPE20423 cw
chrl -] 67400000 RPE_mixture RPEIWTPE20448 ww
chrl ] 78000000 RPE_mixture RPEIWTPE20438  CW
chrl ] 93200000 RPE_mixture RPEIWTPE20465 cc
chrl ] 119000000 RPE_mixture RPEIWTPE20418 cc
chrl ] 119600000 RPE_mixture RPEIWTPE20490  WW
chrl ] 119800000 RPE_mixture BM510x3PE20419 CC
chri ] 119800000 RPE_mixture RPEIWTPE20428 ww
chrl ] 119800000 RPE_mixture RPEIWTPE20459 cc
chrl ] 119800000 RPE_mixture RPEIWTPE20462 wWw
chrl ] 119800000 RPE_mixture RPEIWTPE20480 wWw
chrl ] 122400000 RPE_mixture RPEIWTPE20402  CW
chri ] 122400000 RPE_mixture RPEIWTPE20483 ww
chrl ] 150800000 RPE_mixture RPEIWTPE20440 wC
chrl ] 194200000 RPE_mixture RPEIWTPE20424  WW
chrl ] 201000000 RPE_mixture BM510x3PE20408 WC
chri ] 209200000 RPE_mixture RPEIWTPE20439 ww
chrl ] 213800000 RPE_mixture RPEIWTPE20429 cw
chrl ] 219600000 RPE_mixture RPEIWTPE20494 cc
chrl ] 224200000 RPE_mixture BM510x3PE20418 WW
chrl ] 248956422 RPE_mixture BM510x3PE20401 Ww
chri ] 248956422 RPE_mixture BM510x3PE20402 WwW
chrl ] 248956422 RPE_mixture BM510x3PE20403 CW
chrl ] 248956422 RPE_mixture BM510x3PE20406 WC
chrl ] 248956422 RPE_mixture BM510x3PE20487 CC
chrl ] 248956422 RPE_mixture BM510x3PE20410 CC

-23-




Output — SV calling result

data/RPE_mixture/mosaiclassifier/sv_calls/stringent_filterTRUE.tsv

chrom start end sample cell class scalar num_bins sv_call_name sv_call_haplotype sv_call_name_2nd sv_call_haplotype_2nd 1lr_to_ref 1lr_to_2nd af
chrl 149600000 157000000 RPE_mixture RPEIWTPE20418 CW 1 37 inv_h2 1 ref_hom 1010 78.2183473084405 78.2183473084405 0.06
chri 149600000 157000000 RPE_mixture RPEIWTPE20428 WC 1 37 inv_h2 1ee1 inv_hom 101 117. 114 81 0.06
chri 149600000 157000000 RPE_mixture RPEIWTPE20457 we 1 37 inv_h2 1ee1 ref_hom 1010 102. 73 2.1 73 0.06
chrl 149600000 157000000 RPE_mixture RPEIWTPE20459 cw 1 37 inv_h2 1001 inv_hom 101 93.1970086748642 63.6245523739165 0.06
chrl 149600000 157000000 RPE_mixture RPEIWTPE20462 WC 1 37 inv_h2 1e01 inv_hom 101 87.205544088843 75.6074814292192 9.06
chri 149600000 157000000 RPE_mixture RPEIWTPE20480 WC 1 37 inv_h2 1ee1 ref_hom 1010 117.162866864643 117.162866864643 0.06
chrl 149600000 157000000 RPE_mixture RPEIWTPE20490 cw 1 37 inv_hom 101 ref_hom 1010 26.5767249273936 26.5767240273936 0.01
chri 185800000 198600000 RPE_mixture RPEIWTPE20418  CW 4 64 inv_h2 1001 ref_hom 1010 101 1 101 1 0.06
chri 185800000 198600000 RPE_mixture RPEIWTPE20428 WC 1 64 inv_h2 1001 ref_hom 1010 134.539550531405 134.539550531405 0.06
chrl 185800000 198600000 RPE_mixture RPEIWTPE20457 WC 1 b4 inv_h2 101 inv_hom 101 170.488337814053 164.580823397578 0.86
chri 185800000 198600000 RPE_mixture RPEIWTPE20459 cw 1 64 inv_h2 1001 ref_hom 1010 140.531015078513 140.531015078513 0.06
chri 185800000 198600000 RPE_mixture RPEIWTPE20462 WC 1 64 inv_h2 1ee1 inv_hom 101 119.560889163617 965.6789811058175 0.06
chrli 185800000 198600000 RPE_mixture RPEIWTPE20467 cw 1 64 inv_hom 101 ref_hom 1010 65.8221598875551 65.8221598875551 0.02
chri 185800000 198600000 RPE_mixture RPEIWTPE20480 WC 1 64 inv_h2 101 ref_hom 1010 332. 332.25 0.06
chrl 185800000 198600000 RPE_mixture RPEIWTPE20498  CW 1 64 inv_hom 101 ref_hom 1010 29.873372604907 29.873372604907 0.02
chrl 198600000 213800000 RPE_mixture BM510x3PE20419 WC 1 75 inv_hom 101 ref_hom 1010 59.6809873811256 59.6809873811256 0.01
chri 198600000 213800000 RPE_mixture RPEIWTPE20418 CW 1 75 inv_h2 1001 ref_hom 1010 251.46362341753 251.46362341753 0.06
chri 198600000 213800000 RPE_mixture RPEIWTPE20428  WC 1 75 inv_h2 1001 inv_hom 101 320.365465709272 302.624730157902 0.06
chri 198600000 213800000 RPE_mixture RPEIWTPE20457 WC 1 75 inv_h2 1001 ref_hom 1010 206.52763931422 206.52763931422 0.06
chrl 198600000 213800000 RPE_mixture RPEIWTPE20459 cw 1 75 inv_h2 1ee1 inv_hom 101 245.472158870422 209.757029677729 0.06
chri 198600000 213800000 RPE_mixture RPEIWTPE20462 WC 1 75 inv_h2 1001 inv_hom 101 200.536174767112 173.80824239508 0.06
chri 198600000 213800000 RPE_mixture RPEIWTPE2048@ WC 1 75 inv_h2 101 ref_hom 1010 524.075260310944 524.075260310944 0.06
chri 213800000 224200000 RPE_mixture BM510x3PE20419 WC 1 52 inv_hom 101 ref_hom 1010 17.7454792146946 17.7454792146946 0.02
chri 213800000 224200000 RPE_mixture RPEIWTPE20418  CW 1 52 inv_h2 1001 ref_hom 1010 153.000317013216 153.000317013216 0.06
chri 213800000 224200000 RPE_mixture RPEIWTPE20428 WC 1 52 inv_h2 101 ref_hom 1010 224.897891578511 224.897891578511 0.06
chri 213800000 224200000 RPE_mixture RPEIWTPE20457 we 1 52 inv_h2 1001 inv_hom 101 185.953372022309 180.190821901831 e.06
chrl 213800000 224200000 RPE_mixture RPEIWTPE20459 cw 1 52 inv_h2 1ee1 inv_hom 101 153.000317013214 93.3145859687631 0.06
chrl 213800000 224200000 RPE_mixture RPEIWTPE20462 WC 1 52 inv_h2 1001 inv_hom 101 123.04299427766 99.306050515857 0.06
chrl 213800000 224200000 RPE_mixture RPEIWTPE20467 cw 1 52 inv_hom 101 ref_hom 1010 14.7497469411407 14.7497469411407 0.02
chrl 213800000 224200000 RPE_mixture RPEIWTPE2048@ WC 1 52 inv_h2 1e01 ref_hom 1010 344.727182520671 344.727182520671 0.06
chrl 243600000 248956422 RPE_mixture RPEIWTPE20418 cw 1 27 inv_h2 1001 ref_hom 1010 15.9733231459201 15.9733231459201 0.07
chri 243600000 248956422 RPE_mixture RPEIWTPE20428 WC 1 27 inv_h2 1001 ref_hom 1010 15.9733231459225 15.9733231459225 .07
chri 243600000 248956422 RPE_mixture RPEIWTPE20457 cc 1 27 inv_h2 1001 ref_hom 1010 15.2900282760901 15.2900282760901 0.07
chrl 243600000 248956422 RPE_mixture RPEIWTPE20459 cw 1 27 inv_h2 1001 ref_hom 1018 15.9733231255162 15.9733231255162 0.07
chrl 243600000 248956422 RPE_mixture RPEIWTPE20462 WC 1 27 inv_h2 1ee1 ref_hom 1010 15.9733221189223 15.9733221189223 e.e7
chri 243600000 248956422 RPE_mixture RPEIWTPE20464 Wi 1 27 inv_h2 1001 ref_hom 1010 165.2900282760917 15.2900282760917 0.07
chri 243600000 248956422 RPE_mixture RPEIWTPE20480 WC 1 27 inv_h2 1001 ref_hom 1010 15.9733231459229 15.9733231459229 8.07
chrie 60800000 67800000 RPE_mixture BM510x3PE20401 WW 1 35 dup_h2 1020 dup_hl 2010 inf 22.2185094368695 .57
chrie 60800000 67800000 RPE_mixture BM510x3PE20402 CC 1 35 dup_h2 1020 dup_hl 2010 inf 11.8213017284703 0.57
Output — SV calling result
data/RPE_mixture/plots/sv_calls_dev/stringent_filter TRUE/*.pdf data/RPE_mixture/plots/sv_calls_dev/lenient_filterFALSE/*.pdf
‘Sample: RPE_mixture , chrom: chrl0 , Assembly: hg38 ‘Sample: RPE_mixture , chrom: chr10 , Assembly: hg38
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Output - SV calling result

data/RPE_mixture/plots/sv_clustering_dev/stringent-filter TRUE-position.pdf

Ch size ap (Sample : RPE_mixture, Methods used: stringent, Filter used: TRUE)
P ossEigziis H i3 g 88 § % $% § §¥::
E— ] mE (] [ [ I ==
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Output — SV calling result

data/RPE_mixture/plots/sv_clustering_dev/stringent-filter TRUE-chromosome.pdf
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Output — SV calling result

data/RPE_mixture/plots/sv_clustering/stringent-filter TRUE-position.pdf

Output — SV calling result

data/RPE_mixture/plots/sv_clustering/stringent-filter TRUE-chromosome.pdf

onn cnrz. onea cnra onrs. ons onez chem

- -
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Output — SV calling result

data/RPE_mixture/plots/sv_consistency/stringent_filterTRUE.consistency-barplot-byaf.pdf

CF range: 0.02-1 agreement: 40-100
oo e |
chr10:1
«chr10:67800000-80600000
chr 67800000 4
— - - SV class
- W om
_—
- e
@ — W corom
3 g B o
§ — | Erx
.§ i . dup_hom
: s oo
3 — B invn2
EE—
= e = inv_hom
] ] idup_h1
== W iavp r2
B i
—
=]
===
13
25 50 7% 100 50
Total cells with SV (N) Best-fit SV called (%)
Output — SV calling result
data/RPE_mixture/plots/sv_consistency/stringent_filter TRUE.consistency-barplot-bypos.pdf
CF range: 0.02-1 agreement: 40-100
chrt
chr17:7600C
. chri SV class
a B el m
o B cine
B o [ cerom
§ chr B aum
3 an ] W o
3 e B o rom
§ chri0:105400¢ 1 u :""‘:;
8 “chrio: )
T Chrio: B inv_om
b 7] idup_ht
chn7 64200000-8560¢ ] = idup_h2
] complex
chri

50
Best-fit SV called (%)
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Genome Biology, 2016

Genetic
variation

CANCER
STEM CELL
£ self-renewal

~

Epigenetic
(functional)
alteration

=

™~

J

How can we measure functlonal consequence of som
structural variants in dlfferent subclones?

Om:ogemc fusion

e

Inversmn

i

Duplication

(also Deletion, Translocation)

Tumour-suppressor

deletion

—
.

Deletion

Oncogene amplification

i

Genomic instability

Enhancer hijacking

i

Translocation
(also Deletion, Inversion)

—

Inversion
Translocation
Deletion
Amplification

Macintyre et al. 2016/
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Single-cell technologies to explore maﬁiqagiheterogen»

Transcription LETTER scMNase-seq, Lai et al. 2018

https://dol.org/10.1038/541586-018-0567-3

ScRNA-seq
Principles of nucleosome organization revealed by
single-cell micrococcal nuclease sequencing
Binbin Lai', Weiwu Gao', Kairong Cui', Wanli Xie'~, Qingsong Tang', Wenfei Jin*, Gangqing Hu', Bing Ni & Keji Zhao'*

DNA modifications

5 313 T ESC 313 T ESC 3T3 T ESC
scBS-seq Exprossion (RPKM) mw- ! - =] P | -
scAba-seq Nucleosome position view ————— Agp1 il Cd200r1 —r Fbxo15

CLEVER-seq

Kelsey et al. Science, 2017

i

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

Nucleosomes are the basic unit of chromatin which slid
along DNA

‘Fuzzy’ nucleosomes

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

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

Nat Rev Mol Cell Biol, 2017
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Nucleosomes pattern is informative for the gene expre
and cell type of origin

Cell free DNA protected by nucleosome is secreted to the blood

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

LETTERS Cell 1

M- Cell 2
Cell 3
Cell 4

Inferring exp d genes by whole-g quencing g’
of plasma DNA § g
o«

Iter Uli', Gerband G Thallinger ", Marting Aver!, Ricarda Graf', Kail Kboler !, Stoghan W labat,
Luca Abete®, " Bdgar Petra’, ' Mien.

Nat Genet, 2016

Article

Cell

Cell-free DNA Comprises an In Vivo Nucleosome
Footprint that Informs Its Tissues-Of-Origin

Authors. Cell, 2016
Matthew W. Snyder, Martin Kircher,

‘Andrew J. Hill, Riza M. Daza,

Jay Shendure
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Nucleosome dynamics can be measured by genomic a

MNase-seq
* MNase is a secreted glycoprotein with a

MNase digestion preference for single-stranded DNA and RNA

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

activity of MNase

Exonuclease activity of MNase
DNA
purification

-~
Library

B~~~  preparation

M and sequencing

Sequencing adapter

2

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

FAIRE

Nat Rev Genet, 2014 Epigenetics & Chromatin, 2014

S 61
] =

Strand-seq protocol Sanders et al.
Nature protocol, 2017
@, s :
Steps 1-11 vy
it eot e
—_— Swps 12-10
—_— MNaso
_—_ = dgestion N .
_— e 06-wob Dlate WAIh 6NgHo Fchs
e \
g \
l’ \\
L
. . o _ . . _ .
N oladion O. () Strand-seq is a single-cell based DNA sequencing method
which gives haplotype-resolved structural variation
1 information.
MNase
N ¢ Question: Does Strand-seq profile reflects nucleosome
o P | S |
1 * Question: If then, can Strand-seq additionally provides
’ ’ information of gene expression and cell identity?
WY
Trends in genetics, 2017
B 62
o o
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Nucleosome position and occupancy can be detected fre
Strand-seq data

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

Nucleosome D‘W D‘WWTW T W W W WWW D‘
MNase-seq e ozl 400001 saso15001
GM12878
ENCODE
Haplo2 (bulk) K A
L [ i i o b &
jort] § 1 = .
cell3 |
3 a I I I
Joc E‘ Il I .
116 |-
ol | ¥ III I
cell8 | 1 A |[‘_ i —
o |
ogoﬁm E NN | i
S e 63

Nucleosome occupancy is negatively correlated with ge
expression level

n e Not expressed (NE)
€ -
o
g_ -
e S B |
& g g
— . Q
e silent g .
3 | 3 o
o ow o 3
8 medium = ‘ Highly expressed (HE) %
4 . . M FPKM 0~0.1
e high - B FPKM 0.1~1
o _] B FPKM 1~3
I T T T T g M FPKM >3
-2000 -1000 TSS 1000 2000 5k'b TSIS TIES ;-Skb
64
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Nucleosome occupancy in the genebody is informative

differential expression

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 cell N
Genel 1 2 1
Gene2 8 4 5
Gene N 14 25 10

sauab
0,161

sauab
0,61

Approach (DESeq of nucleosome océUp

[Cpra—

e

1w 10

w w0 W
mean

RPE1 up-regulated DEGs

107 10° 10"

10!

10°

10* 10t 10t

LCL up-regulated DEGs

Anders et al. 2010,
Love et al. 2014

AUC=0.885

10

08

04

00

AUC=0.772

T T
10 08 06 04 02 00
‘Specificity

65

< 4 " '

* LCL

* RPE1

® Skin fibroblast
* AML

© TALL

® Cord blood

25083
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scNOVA : Coupling genome-epigenome using Strand-seq
technology

4 Haplotype specific NO
(local/cis-effect of SVs)
Strand-seq
Nuclei isolation with “‘Phtg":' “’P'°ty.:’;" # SV (eg. Inversion)
BrdU labeled chromosome aware aware EYRTTIYrYTers rerrry s
SN P H2 : P a—
£3223° (A : ! ﬂ
a§ ;’i; ﬁl L ; I “CRE- mGene——)
(els]e]s s} = : : ‘l : ) : : R e 2 \1
celi2 _*_'_"""‘A"“'_'. T i CRE occupancy  Differential gene activity
i VRN I \___ (NOat CRES) (NO at gene bodies)
BN ﬁﬁ -
digestion LR
. | Ganwl | [:iOemed Clone specific NO
(
' - ’ global/trans-effect of SVs)
Sequencing [sCTRIP] RHED ShEE
clone1 clone2
Jeong* and Grimes* et al.... Sanders and Korbel Nature Biotech, 2022 .... '.’.
0
N\ %
P - 67

Computational pipeline of sScNOVA

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

Clone1 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)

Output result both from haplotype aware/unaware manner

} I
o I l
2

=z £
- Haplotype % 4 Model : CNN E /SIngIe-ceII DE analysl?
§A resolved NO . = Train : RPE-1 Gene body region,
o2 Haplotype G 7 | Features :NO, GC contents, Generalized linear model
22 | comparisonat | =’ \CPG%’ RT, single-cell variance) . DESeq2(Loveetal)
2 9|  Gene body Q=
s 8 29 l
o Sy
§ ; bCanEesa?t::tu g::e 8 E & Filtering Expressed genes [ Combineresult
€3 =9 Clone1  Clone2
= = | sliding window @ - g::; ] Expressed & DE
_%’ (300kb) _§ \_ Gene3 = none none J \_ J
3 =
= | |

[ Link somatic SVs to single-cell functional readout ]
How can it be helpful to understand the global effect of SV?

i = S e . https://github.com/jeongdo801/scNOVA 68
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How subclonal SVs alter the epigenome and phenotype?

Chré (a13-G27)
T-ALL P1 —
Andreas Kulozik group, i A BCD E F G . 1J KL
Beat Bornhauser, : HE HE H : - ‘ HH HIE Major clone
Jean-Pierre Bourquin , Moty ; i ;GSV )
Uni Zurich : i °
P1x1PE20453 -
g i | Subclone
P1X1PE20414 e 5 (32%)
¥ . |(only appeared in
relapse)
,5;"'-; ' ; & RN 09{;
e g X €88 88 | sanders et al. 2020
= 69

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

ATAC-seq signature matrix

2020 peaks
( P ) T cell differentiation stages

CD4
Project Strand-seq @+@+@_}@+@: @
@ cD8

single-cell data to most DN2 DN3 ISP DPCD3- DPCD3+
likely cell type

0 20 40 60 80 100%

Clone1 [N I ————

Clone? | S
(chré CT)

o
o
@
=

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

70
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SV subclone in T-ALL P1 shows altered MYB target genes

including NOTCH1

T-ALL P1 (77 cells)

clonel  chré HI C—M————D
M%) s 2 CoC————D
donez s HI CIC———
(29%)  ehrs H2 CoCI N T D

~90 Mb shrcrﬁéﬂ';r-ipsis event

SV Nucleosome Occupancy (NO)

-log10(p.adjust)

0.15
=
@5 o410
o5
= 3 0.05
25
£ o000
g 005
Z-score NE
— #:=010
B * o= o
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Notch signaling and MYB has been reported in T-ALL

oncogenesis

BRIEF COMMUNICATIONS

genetics

Duplication of the MYB
§ oncogene in T cell acute
% lymphoblastic leukemia

and in five T-ALL cell lines. The duplication is associated with
a threefold increase in MYB and knockdown of
MYB. initiates T cell differentiation. Our results
duplication of MYB as an oncogenic event and suggest
that MYB could be a therapeutic target in human T-ALL.
T-ALL is an aggressive T cell malignancy that is most common in
children and adolescents'. Leukemic transformation of thymocytes is
caused by the of mutations that affect i
survival, the cell cycle and T cell differentiation™, Molecular analyses
have identified a large number ic alterations in T-ALL,
including deletion of CDKN2A (also known as pI6), ectopic expres-
sion of transcription factors, amplifiation of NUP214 and
ABLI and mutation of NOTCHI (re. 2-5). In order to detect
additional unbalanced genomic rearrangements in T-ALL, we per-
formed array comparative genomic bybridization (array CGH)® using

Leukemia (2013) 27, 269-277

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

Alonso Rodriguez-Caparrés,® Vanina Garcia,*' Aurea Casal,* Jennifer Lopez-Ros,*
Alberto Garcia-Mariscal,** Shizue Tani-ichi,” Koichi Ikuta,’ and
Cristina Herndndez-Munain®

pre-TCR

www.nature.com/leu

REVIEW
Role and potential for therapeutic targeting of MYB in leukemia

DR Pattabiraman'* and TJ Gonda'?

‘The Myb protein was first identified

chickens. Since then, idely

knowledge of the role of Myb in leukemia, with AML from the spanning

studies ‘We discuss recent insights into s role in leukemogenesis and

how these could be exploited for the therapeutic targeting of Myb, Its associated co-regulators or Its target genes, in order to
‘hematopoietic malignancies.

improve outcomes in the treatment of a wide range of

Keywords: Myb; targeting; p300

T o, Evactive . Ed inactive
DN2/3a thymocytes: £ 5002 DP thymocytes: & . ctive
‘ RUNX1 S STATS 3¢ yeucrelase
0 v @mef PSTATS  ® lnvacoludar Notch
© GATA3
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rearranged haplotype

Inversion in chr14 (clonal)
TCL1A amplification

TCLIA W

6.4
chrid CORC————3
i TCLIAY. .
chr14

H2 i

Complex event in chré (subclonal)

log, (count + 1)

Perturbation of MYB targets
S 4

Subclonal expansion

Validation of increased dosage of MYB expression in

Bulk RNA-seq

mH1
m H2

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

REL_Re1

REL_Re2

Single-cell experiment is needed to confirm

subclonal level transcriptome changes

73
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Genome analysis

MosaiCatcher v2: a single-cell structural variations
detection and analysis reference framework based on
Strand-seq

'I'hom-Wob.f.' Marco Raffaele Cosenza’, Jan Korbel**

uropean Molecular Biclogy Laboratory, Genome Biokogy Uni, Heidelderg. Germany
'lmn-umnhmu Mechanams of Genoms Vanation and Data Science, German Cancer Research Center (DKF2).

mmnd-—m
authar. Genome Biclogy Unit, EMBL Meidelerg, MeyerhatsyaBe |, Heidelberg 83117, Germany. Tek 443 6221 3078222, fax: +43 6221 3074518,
s jan hocbeiDembi do
Assaciate [deor: Can Akan
Abstract
Summary: Segie csll DNA templste stand sequence (Sandsec) Mows 8 g6 of varous geneme fength
W cafley Hese. we resert MasaCalches v2. a Snaacaed workfiow and felerence
Famework. ke 3rgio<el SV Getecton usng SUING3ea. Ths Mamework NOALEs 8 9799 of Anctonsites, ncudng: 0 wsvonm
Ousiey Controt 100) and st sutos 1 e @103 8 MULSIED FOMAZAION MOS.Je,
negyanon of and of e AtiGert SV gerotypeg
Thase new festures of MosaCatcher 2 enable regroductie

oo gt oy 56 veul 08 5 uatridandy snd sharashlo web oport
Somousons proceeing of Seandea dua wiich o9 Fosesngy veed b
MosaCascher V2

Avoilabiliny and implementation: MosaCancher v2 15 & sinddaed worfow, wwnwwnmwm
stem The posine s vl on Gt

input cets used in
90, publcation can be 1ound e Dath Bralibily ssterant AdSSnly: 5 Mm—m\awmmmhmmn
Gtk repository.

Based on the tutorial written
by Chiwon Chung

Practical session — how to run scNOVA

[0 README  “ MIT kcense

somaCatehe: (DI R
Structural variant calling from single-cell Strand-seq data Snakemake pipeline,

# MosaiCatcher-pipeline

This workflow uses Snakemake to execute all steps of MosaiCatcher in order. The starting point are single-cell BAM
files from Strand-seq experiments and the final output are SV predictions in a tabular format as well as in a graphical
representation. To get to this point, the workflow goes through the following steps:
1. Binning of
2, Strand state detection
3. [Optional]Normalization of coverage with respect to a reference sample
4. Multi-variate segmentation of colls (mosaic)
5. Haplotype resolution via StrandPhaseR
6. Bayesian classification of segmentation to find SVs using MosaiClassifier
7. Visualization of results using custom R plots

of 200kb via mosaic

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

il
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Practical session — running the pipeline

#/bin/b
snakemake

/pipeline/config/config.yaml \

n=/pipeline/data

t = \
r=/pipeline/out \

workflow/snakemake_profiles/mosaicatcher-pipeline/v8/local/conda/ \

[Filename Subclonality
3x01PE20406 clone2
TALL3x01PE20414 clone2
TALL3x01PE20415 clonel
TALL3x01PE20416 clonel
TALL3x01PE20417 clonel
TALL3x01PE20418 clonel
TALL3x01PE20419 clonel
clonel
clonel
clone2
clonel
clonel
clonel
TALL3x01PE20435 clone2

r
L— 1input_subclonality.txt

Once the pipeline is finished, create a new
directory scNOVA _input_user and add your
subclonality file. It MUST be named
input_subclonality.txt, and it MUST be a tsv file
with the correct header names. Otherwise, the
pipeline will throw errors.

To run the scNOVA pipeline, please change the
run_mosaicatcherv8.sh as shown on the left.
Note that scNOVA currently does not support
chromosome Y, and must be place in the
chromosomes_to_exclude list.

Output — folder structure

(base) [hyobinjeong@node@l Project_mosaicatcher_RPE_mixture_Tutoriall$ 1ls -lh data/RPE_mixture/
total 260K
drwxr-xr-x
drwxr-xr-x
drwxr-xr-x
drwxr-xr=-x
drwxr-xr-x
drwxr-xr-x
drwxrwxr-x
drwxr-xr-x
drwxr=xr=x
drwxr-xr-x
drwxr-xr-x

2 hyobinjeong hyobinjeong 20K Oct 5 22:10 bam

2 hyobinjeong hyobinjeong 12K Sep 18 14:09 bam_ashleys

2 hyobinjeong hyobinjeong 4.0K Oct 5 22:13 cell_selection

2 hyobinjeong hyobinjeong 4.8K Oct 5 22:1@ checks

3 hyobinjeong hyobinjeong 4.8K Oct 6 ©1:02 config

3 hyobinjeong hyobinjeong 4.0K Oct 5 23:18 counts

2 hyobinjeong hyobinjeong 8.0K Sep 18 89:56 fastg

6 hyobinjeong hyobinjeong 57 Sep 18 15:81 haplotag

48 hyobinjeong hyobinjeong 12K Oct 6 ©2:18 log

7 hyobinjeong hyobinjeong 135 Sep 18 15:13 mosaiclassifier

3 hyobinjeong hyobinjeong 26 Sep 18 10:10 normalizations

drwxr-xr-=x 2 hyobinjeong hyobinjeong 10 Oct 6 ©1:26 nucleosome_sampleA

drwxr-xr-x 2 hyobinjeong hyobinjeong 1@ Oct 6 ©01:26 nucleosome_sampleB

drwxr-xr-x 2 hyobinjeong hyobinjeong 103 Oct 6 01:02 ploidy

drwxr-xr-x 1@ hyobinjeong hyobinjeong 192 Sep 18 15:15 plots

drwxr-xr-x 2 hyobinjeong hyobinjeong 126 Sep 18 14:09 predictions

drwxr-xr-x 4 hyobinjeong hyobinjeong 166 Oct

drwxr-xr-x 48

drwxrwxr-x 2

drwxr-xr-x &

drwxr-xr-x 7

drwxr-xr-x 25

drwxr-xr-x 2

drwxr-xr-x 2

drwxr-xr-x 3

drwxr-xr-x 2
2
2

23:49 scNOVA_bam_merge
hyobinjeong hyobinjeong 18@K Oct 01:32 scNOVA_bam_modified
hyobinjeong hyobinjeong 4.8K Oct
hyobinjeong hyobinjeong 7@ Oct
hyobinjeong hyobinjeong 4.0K Oct

5
6
6 02:04 scNOVA_input_user
6 01:26 scNOVA_nucleosomes_bam
6 03:02 scNOVA_result
hyobinjeong hyobinjeong 4.0K Oct 6 ©2:12 scNOVA_result_CNN
hyobinjeong hyobinjeong 17@ Oct 6 ©2:18 scNOVA_result_haplo
hyobinjeong hyobinjeong 122 Oct 6
hyobinjeong hyobinjeong 4.8K Oct 5
hyobinjeong hyobinjeong 12K Oct &
drwxr-xr-x hyobinjeong hyobinjeong 4.0K Oct 6
drwxr-xr-x hyobinjeong hyobinjeong 138 Oct 6
drwxr-xr-x 26 hyobinjeong hyobinjeong 4.9K Oct 6

©02:13 scNOVA_result_plots
23:50 segmentation

22:16 selected

01:12 snv_calls

01:42 stats

01:26 strandphaser

(base) [hyobinjeong®node®l Project_mosaicatcher_RPE_mixture_Tutoriall$ ls -1lh data/RPE_mixture/scNOVA_bam_merge

total 4.26

drwxr-xr-x 2 hyobinjeong hyobinjeong 12K Oct 5 23:45 clonel

~rw-r--r-- 1 hyobinjeong hyobinjeong 3.3G Oct 5 23:49 clonel.merge.bam
—rw-r--r-- 1 hyobinjeong hyobinjeong 2.3M Oct 5 23:49 clonel.merge.bam.bai
drwxr-xr-x 2 hyobinjeong hyobinjeong 4.@K Oct 5 23:47 clone2

—rw-r--r-— 1 hyobinjeong hyobinjeong 889M Oct 5 23:48 clone2.merge.bam
-rw-r--r-— 1 hyobinjeong hyobinjeong 2.1M Oct 5 23:48 clone2.merge.bam.bai

(base) [hyobinﬁeongénod;airPrujéct_ﬁosaicatchet_RPE_mixture_Tut;riai]S 1s -1h data/RPE_mixture/scNOVA_nucleosomes_bam/nucleosome_sampleA
total 1.16

1 hyobinjeong hyobinjeong 1.1G Oct 6 ©1:34 result.H1l.bam
1 hyobinjeong hyobinjeong 1.9M Oct 6 ©1:34 result.Hl.bam.bai

(base) [hyobinjeong@node®l Project_mosaicatcher RPE_mixture_Tutoriall$ 1s -1h data/RPE_mixture/scNOVA_nucleosomes_bam/nucleosome_sampleB

total 1.16
-rw-r--r-- 1 hyobinjeong hyobinjeong 1.16 Oct 6 01:34 result.H2.bam
-rw-r--r-- 1 hyobinjeong hyobinjeong 2.@M Oct 6 01:34 result.H2.bam.bai
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Output — Processed single-cell bam files

data/RPE_mixture/scNOVA_bam_modified

hyobinjeong 75M Oct
hyobinjeong 1.7K Oct
hyobinjeong hyobinjeong 75M Oct
hyobinjeong hyobinjeong 34M Oct

inj hyobinjeong 4.3M Oct
hyobinjeong 11M Oct
hyobinjeong 11M Oct
hyobinjeong 21M Oct
hyobinjeong 3.4M Oct
hyobinjeong 6.8M Oct
hyobinjeong 6.8M Oct
hyobinjeong 13M Oct
hyobinjeong 2.8M Oct
hyobinjeong 7.2K Oct
hyobinjeong 8.1K Oct
hyobinjeong 134M Oct
hyobinjeong 1.7K Oct
hyobinjeong 134M Oct
hyobinjeong 57M Oct

22:10 RPEIWTPE20493.sc_pre_mono.bam

22:15 RPEIWTPE20493.sc_pre_mono.metrix_dup.txt

22:12 RPEIWTPE20493.sc_pre_mono_sort_for_mark.bam

22:15 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.bam
23:14 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.bam.bai
22:23 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.
22:23 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.
22:23 RPEIWTPE20493.sc_pre_mono_sort_for.
22:26 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.bam.C.bam.bai
22:23 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.bam.W1.bam
22:23 RPEIWTPE20493.sc_pre_mono_sort_for_mark_uniq.bam.W2.bam
22:23 RPEIWTPE20493.sc_pre_mono_sort_for. i
22:25 RPEIWTPE20493.sc_pre_mono_sort_for.
22:10 RPEIWTPE20494.header_test.sam
22:36 RPEIWTPE20494.header_WC.sam

22:10 RPEIWTPE20494.sc_pre_mono.bam
22:15 RPEIWTPE20494.sc_pre_mono.metrix_dup.txt

22:13 RPEIWTPE20494.sc_pre_mono_sort_for_mark.bam
22:15 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam

rk_uniq.bam.W.bam.bai

hyobin 22:15 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.bai
hyobinj 22:36 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.C1.bam
hyobin 22:36 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.C2.bam
hyobinj 22:43 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.C.bam
hyobinj 22:43 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.C.bam.bai

22:36 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.W1.ba
22:36 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.W2.bam
22:43 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.W.bam
22:43 RPEIWTPE20494.sc_pre_mono_sort_for_mark_uniq.bam.W.bam.bai
22:10 RPEIWTPE20495.header_test.sam

22:16 RPEIWTPE20495.header_WC.sam

22:10 RPEIWTPE20495.sc_pre_mono.bam

22:15 RPEIWTPE20495.sC_pre_mono.metrix_dup.txt

22:11 RPEIWTPE20495.sc_pre_mono_sort_for_mark.bam

22:15 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam
23:35 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.bai
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.C1.ba
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.C2.
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.C.bam
22:22 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.C.bam.bai
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.W1.bam
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.w2.bam
22:16 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.W.bam
22:22 RPEIWTPE20495.sc_pre_mono_sort_for_mark_uniq.bam.W.bam.bai

hyobinj
hyobinj
hyobinj
hyobinj

D e e e L NN S S S S S S SRS S S S

NN NN NN NN NN NN NN NN NNNNNNNNNNNANNAN A AN AN DA

~W-T- eong 3.4M Oct

i
(base) [hyobinj Project_t _RPE_mixture_Tutoriall$ ls -lh data/RPE_mixture/scNOVA_bam_modified|

Output — Result from scNOVA pipeline

data/RPE_mixture/scNOVA_result

(base) [hyohin-jeong-@nodsal- Froj;ct_r;msaicatcher_RPE_mixture_Tutorial]S 1s =1h data/RPE_mixture/scNOVA_result
total 4.3G

drwxr-xr-x 2 hyobinjeong hyobinjeong 94 Oct 23:49 count_reads_chr_length

drwxr-xr-x 2 hyobinjeong hyobinjeong 4.8K Oct 23:48
drwxr-xr-x hyobinjeong hyobinjeong 100 Oct 23:50 count_reads_for_DNN
drwxr-xr-x 2 hyobinjeong hyobinjeong 8.8K Oct 23:49 count_reads_for_DNN_sc

drwxr-xr-x
—rw-r—

hyobinjeong hyobinjeong 4.8K Oct
hyobinjeong hyobinjeong 880 Oct
hyobinjeong hyobinjeong 649M Oct
hyobinjeong hyobinjeong 649M Oct
hyobinjeong hyobinjeong 628M Oct
hyobinjeong hyobinjeong 628M Oct
hyobinjeong hyobinjeong 102M Oct
hyobinjeong hyobinjeong 8@M Oct
hyobinjeong hyobinjeong 8@M Oct
hyobinjeong hyobinjeong 39K Oct
hyobinjeong hyobinjeong 39K Oct
hyobinjeong hyobinjeong 167M Oct
hyobinjeong hyobinjeong 154M Oct
hyobinjeong hyobinjeong 838K Oct
hyobinjeong hyobinjeong 838K Oct
hyobinjeong hyobinjeong 5.7M Oct
hyobinjeong hyobinjeong 53M Oct
hyobinjeong hyobinjeong 19 Oct
hyobinjeong hyobinjeong 46M Oct
hyobinjeong hyobinjeong 5.7M Oct
hyobinjeong hyobinjeong 53M Oct
hyobinjeong hyobinjeong 19 Oct
hyobinjeong hyobinjeong 32M Oct
hyobinjeong hyobinjeong 118M Oct
hyobinjeong hyobinjeong 86M Oct
hyobinjeong hyobinjeong 107M Oct
hyobinjeong hyobinjeong 33M Oct
hyobinjeong hyobinjeong 2.1M Oct
hyobinjeong hyobinjeong 2.9M Oct
hyobinjeong hyobinjeong 165M Oct
hyobinjeong hyobinjeong 165M Oct
hyobinjeong hyobinjeong 17@M Oct
hyobinjeong hyobinjeong 170M Oct
hyobinjeong hyobinjeong 5.1M Oct
hyobinjeong hyobinjeong 5.1M Oct

23:5@ count_reads_split

23:50 Deeptool_chr_length_RPE_mixture.tab

©00:00 Deeptool_Genes_for_CNN_RPE_mixture_sc_sort_lab_final.txt
©00:00 Deeptool_Genes_for_CNN_RPE_mixture_sc_sort_lab.txt

23:59 Deeptool_Genes_for CNN_RPE_mixture_sc_sort.txt

23:59 Deeptool_Genes_for_CNN_RPE_mixture_sc.tab

©1:08 Deeptool_Genes_for CNN_RPE_mixture_sort_lab.txt

91:08 Deeptool_Genes_for CNN_RPE_mixture_sort.txt

01:02 Deeptool_Genes_for CNN_RPE_mixture.tab

©2:08 Expression_all_clonel.txt

02:08 Expression_all_clone2.txt

02:08 Features_reshape_all _orientation_norm_var_GC_CpG_RT_T_comb3_clonel.txt
©2:08 Features_reshape_all_orientation_norm_var_GC_CpG_RT_T_comb3_clone2.txt
©92:08 Features_reshape_all_TSS_matrix_woM_all RT_clonel.txt

02:08 Features_reshape_all_TSS_matrix_woM_all RT_clone2.txt

82:04 Features_reshape_clonel_orientation_CN_correct®.txt

02:07 Features_reshape_clonel_orientation_norm.txt

02:06 Features_reshape_clonel Resid_orientation_IQR.txt

©02:08 Features_reshape_clonel_Resid_orientation.txt

02:04 Features_reshape_clone2_orientation_CN_correcte.txt

02:06 Features_reshape_clone2_orientation_norm.txt

82:06 Features_reshape_clone2_Resid_orientation_IQR.txt

02:07 Features_reshape_clone2_Resid_orientation.txt

92:07 Features_reshape_RPE_mixture_clonel_orientation_norm_gc.pdf
©2:08 Features_reshape_RPE_mixture_clonel_Resid_orientation_qgc.pdf
02:06 Features_reshape RPE_mixture_clone2_orientation_norm_gc.pdf
©02:07 Features_reshape_RPE_mixture_clone2_Resid_orientation_qc.pdf
©03:02 result_PLSDA_RPE_mixture.txt

02:13 Result_scNOVA_infer_expression_table.txt

23:51 RPE_mixture_CREs_2kb_sort_num_sort_for_chromVAR.txt

23:51 RPE_mixture_CREs_2kb_sort_num.txt

23:50 RPE_mixture CREs_2kb_sort.txt

23:50 RPE_mixture_CREs_2kb.tab

23:51 RPE_mixture_sort.txt

23:51 RPE_mixture.tab

PRRRRERRRERRRERRERRRRRREERERRRERERBRRERENONNN
NN NNNC 00000 ROC00COOREOOOORRCNNCCNNNA OO
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Output — Single-cell Nucleosome count matrix

Single-cell Nucleosome count matrix (gene X cell)

ixture_sort.txt

data/RPE_mixture/scNOVA_result/RPE_m
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Output - Single-cell Nucleosome count matrix

Single-cell Nucleosome count matrix (CRE X cell)

data/RPE_mixture/scNOVA_result/RPE_mixture_ CREs_2kb_sort.txt
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Output — altered gene activity between clones (DESeq2)

data/RPE_mixture/scNOVA_result/Result_scNOVA _infer_expression_table.txt

s16 | f
A c o £ F G H 1 1 3 L M

1 chr str end name baseMean log2FoldChai IfcSE stat pyalue padj input_matrix Expressed_p Hit

2 1chr1 69091 70008 ENSGO00001 1 1 1 1 1 0 002016222 3
3 2.chr1 450740 451678 ENSG00000Z 1 1 1 1 1 1 0 000165224 )
4 3 chn 685716 686654 ENSGO0000Z 1 1 1 1 1 1 0 0.02159911 [
5 4 chr1 924880 944581 ENSGO0000] 646002503 -0.3960438 021062074 -18803649 0.06005837 034450411 0 0.43698305 [
6 5 chrl 944204 959309 ENSGO0000] 5.88780816 -0.2576724 0.22619832 -1.1391436 0.25464325 0.63533931 0 0.64471385 0
7 6 chr1 960587 965715 ENSGO0000] 146755257 -0.1181165 045558389 -0.259264 0.79543155 NA 0 0.44806034 [
s 7 chrl 966497 975865 ENSGO0000] 3.06086433 -0.9253158 03575531 -2.5879114 0.00965598 0.13142863 0 035206678 o
9 8 chrl 975204 982093 ENSGO0000] 2.00238629 -0.2246833 039632354 -0.566919 0.57076923 NA 0 0.14545784 3
10 9 chr 998962 1000172 ENSGO0000] 0.23626821 -0.9713539 105248606 -0.9229138 0.35605213 NA 0 050299837 [
1 10 chrl 1001138 1014541 ENSGO0000] 3.64719679 -0.1820437 0.29625061 -0.6144921 0.5388902 0.84138133 0 0.73696279 o
12 11 chrl 1020123 1056118 ENSGO000O] 8.71175255 -0.4118836 0.19404028 -2.1226704 0.03378148 025755599 0 067562452 [
13 12 chri 1070966 1074307 ENSGO0000Z 1 1 1 1 0 0.08617284 [
1 13 chnt 1081818 1116361 ENSGO000O] 133535659 -0.0323651 0.14870756 -0.2176423 0.8277078 094896767 0 0.41408414 3
15 14 chr 1173884 1197935 ENSGO0000] 835775996 -0.2039737 0.18268609 -1.1165255 0.26419727 0.64221965 0 0.08320931 [
16 15 chrl 1203508 1206691 ENSGO0000] 134356182 0.30893764 046867774 0.65916857 050978753 NA 0 0.46359975 [
17 16 chri 1211326 1214138 ENSGO0000] 099219791 0.06526064 0.57500097 0.11349657 0.90963689 NA 0 0.06677801 0
18 17 chrl 121 1232031 ENSGO0OOOC  4.420115 -0.1837014 0.25922929 -0.7086446 0.47854503 0.80718021 0 0.84957508 [
19 18 chri 1232265 1235041 ENSGO0O0O] 0.25809378 0.2996512 1.00827724 0.29719127 0.76632048 NA 0 084404128 [
20 19 chr1 1242446 1246722 ENSGO00001 1.17317178 -1.1792686 053539976 -2.2025945 0.02762334 NA 0 0.40187508 [
2 20 chr1 1273885 ENSGO0000] 4.94192657 -0.6107308 0.24454275  -2.49744 0.01250936 0.15246679 0 07524455 [
2 21 cha 1280436 1292029 ENSGO00001 3.17211492 -0.2269471 029652114 -0.7653657 0.4440538 0.78398215 0 0.14812104 [
2 22 chn1 1308567 1311677 ENSGO0000] 1.05113951 -0.7560857 0.57481455 -13153559 0.18839032 NA 0 03731774 [
2 23 chn1 1202376 1309609 ENSGO000O] 4.83928988 -0.7271657 0.25238422 -2.8811855 000396182 0.0748867 0 064854132 1
E 24 chr1 1311585 1324691 ENSGO0000] 3.99016865 -0.501079 0.25504467 -19646716 0.04945226 0.31190587 0 08577289 [
2 25 chrl 1324756 1328897 ENSGO00007 1.37990224 -0.2838296 047296978 -0.6001009 054843897 NA 0 0.78980667 [
2 26 chr1 1331314 1335306 ENSGO0000] 125906914 -0.9786393 0.57140569 -1.7126874 0.08677006 NA 0 0.17447004 o

Output — altered gene activity between clones (DESeq2) plots

Result of infer altered gene activity between clones (DESeq2) - plots

data/RPE_mixture/scNOVA_result_plots/Result_scNOVA_plots RPE_mixture.pdf
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Output — altered gene activity between clones (PLSDA)

data/RPE_mixture/scNOVA _result/result PLSDA_RPE_mixture.txt

T32 = fx -
A 8 c ) 3 £ G H ! ] [3 L M N o ° a R s T u

1 index che str end name fro_pval  frofdr  fnofd2 test Ig2FC  Expressed blacklist  Hit

2 1 chrl 69091 70008 ENSG000001 o o o 0 FALSE o o
3 2ch1 450740 451678 ENSGOO000Z 0 0 [ 0 0 FASE 0 [
4| 3ch1 685716 686654 ENSGOOO00 ) 0 [ 0 0 FASE ) 0
s| 4chrl 924880 944581 ENSGOOO00] 023415618 094335916 1 1 -05277432  TRUE ) 0
6 5 chrl 944204 959309 ENSGO00001 0.56306689 0.94335916 1 1 -02493836  TRUE o [
7 6 chrl 960587 965715 ENSGO00001 0.94168719 0.94595762 1 1 -00285423  TRUE o o
8| 7.ch1 966497 975865 ENSGOOO00] 00646173 092417299 1 1 09459026  TRUE o [
9| 8 chrl 975204 982093 ENSGOOO0O] 0.66556935 094335916 1 1 03202644  TRUE ) [
10| 9 chrl 998962 1000172 ENSGOOO00] 0.1388399 094335916 1 1 -04499418  TRUE [ 0
1| 10 ch 1001138 1014541 ENSGO0000] 0.78789762 0.94335916 1 1 0136248  TRUE 0 o
12| 1 e 1020123 1056118 ENSG000001 023011802 0.94335916 1 1 04860594  TRUE ) 0
13| 12 1 1070966 1074307 ENSG00000Z ) o [ 0 -02761938  FALSE ) [
1| 13 chn 1081818 1116361 ENSGO0000] 0.8941043 094335916 1 100422338 TRUE ) 0
15| 14 chrl 1173884 1197935 ENSGO00001 0.1499703 0.94335916 1 1 -0.4450028  TRUE o o
16| 15 chrl 1203508 1206691 ENSG000001 0.85059089 0.94335916 1 1 012269578  TRUE o o
17| 16 chrl 1211326 1214138 ENSG000001 0.70179966 0.94335916 1 1 02180826  TRUE o o
18| 17 e 1216308 1232031 ENSGOO00OC 038060313 0.94335916 1 1 01228674  TRUE ) 0
19| 18 chra 1232265 1235041 ENSGO0000] 043082145 0.94335916 1 1010162779 TRUE ) 0
20| 19 chri 1242446 1246722 ENSGO0000] 0.06337211 0.91398142 1 1 09135642  TRUE o o
2| 20 chr1 1253909 1273885 ENSGO0000] 0.03228189 0.64159286 1 1 -08312207  TRUE ) 0
2 21 chrl 1280436 1292029 ENSG000001 0.76394133 0.94335916 1 1 00627729  TRUE o o
23| 23 chrl 1308567 1311677 ENSGOO000] 0.71484707 0.94335916 1 1 -0294854 TRUE o o
2| 22.ch1 1292376 1309609 ENSG00000] 0.11582178 0.94335916 1 1 06824575  TRUE ) )

Output — altered gene activity between clones (PLSDA) plots
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Recent strategy to study genome and functional reado
from slngle-cell RNA-seq LR

Infer CNV from single-cell RNA-seq

Patient tumor

<, |
% &
| Sub-clone: @1 ®2 ©3 4 5 |

Neftel et al. Cell, 2019
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Recent strategy to study genome and functional readout
from single-cell RNA-seq

~

/ 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
o (Science, 2014) CNV only. N of chromosomes
o
2 T HoneyBADGER N
o (Genome Res, 2018) CNV only. N 10Mb,
CONICSmat
‘discovery mode’ 100 expressed genes
- (Bioinformatics, 2018) CNV only N (by default) N
2
& CONICSmat 'genotype mode’
° 7 (Bioinformatics, 2018) Y 100 expressed genes Y
S User provide candidate SCNA CNV only (by default)
\" —)

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

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

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.

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

88
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Recent strategy to study genome and functional reado |

HoneyBADGER

build |passing

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:
HOI‘IEyBADGER Fan J*, Lee HO®, Lee S, et al. Linking transcriptional and genetic tumor
heterageneity through allele analysis of single-cell RNA-seq data. Genome

HMM-integrated Bayesian approach for Res2m$;

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

;’:nm :m:‘ﬁ ;ﬁ':c?.; (1) Iterative HMM approach detects CNVs

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

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

from single-cell RNA-seq (HoneyBADGER) )

89

Recent strategy to study genome and functional reado J
from single-cell RNA-seq (NumBat)

Numbat

D P

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 normal cells in the tumor microenvironment

3. Infer the clonal architecture and evolutionary history of profiled tumors.

\J 1
Haplotype-enhanced HMM identifies > (b) > Infer
I“w-qa‘mmﬂm of CNVs per cell ll;l.l

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 method, please checkout our paper:

Teng Gao, Ruslan Soldatov, Hirak Sarkar, Adam Kurkiewicz, Evan Biederstedt, Po-Ru Loh, Peter Kharchenko.
Haplotype-aware analysis of somatic copy number variations from single-cell transcriptomes. Nature
Biotechnology (2022).

B https://github.com/kharchenkolab/numbat

90
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Recent strategy to study genome and functional readout
from single-cell RNA-seq (CONICS)

CONICS

CONICS: COpy-Number analysis /n single-Cell RNA-Sequencing

CONICS works with either full transcript (e.g. Fluidigm C1) or 5'/3' tagged (e.g. 10X Genomics) data!

The CONICS paper has been accepted for publication in Bioinformatics. Check it out here !
CONICSmat - Identifying CNVs from scRNA-seq using a count table

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

No subclone
detected

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

Presence of Subclonal CNA Absence of Subclonal CNA

Chr: 1:0:122026459
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91874248 3‘;%._.%_ - E 3 | |H
92781365 w.grw o P z l £ . ‘”

(23 E & 8 © [
RN N || ll. oy I
103693043 © 2
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114991273 o 8. ° ! e

o 2 4 -3 2 -1 2 3 4
Expression z-score Expression z-score
z
z 5:: InvDup
g
Genomic BIC 1 BIC 2 CNV call
range component | components |BIC difference|LRT adj. p-val CF%

7
154962263 %3:%, L M- chré_Del 729 cells
155731098 gy W0 < Del3 35 genes 15635.9018| 15553.1101 | 82.7917307 0 (13.2%)
157031265 x

i chr6_Dup 265 cells
170021140 "’ :g "B 4» i 192 genes [15635.9018| 15481.839 | 154.062863 0 (4.8%)
170609734 et

Sanders et al. 2020 10X transcriptome experiment from Karen Grimes
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Deletion call (dell + del2 + del3) probability>0.9

— 4
o
©
2 3
[7)
2
B 2
=
g 1T il e
L _HE 0 B N
2 T 9 9o F v © K~ @ o
3 & & & 3 B & & 3 8
w w [Z] [ w w w w w w0
2 2 2 2 2 2 2 2 2 2
0O 0o 0o 0O O O O O O o
Row Labels Del(0.9)  %Del(all) p-value _ adjustedP
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
Cluster4 40 6.981 1.000 1.000
Cluster5 83 15.690 0.049 0.122
Clusteré 32 6.695 1.000 1.000
Cluster7 62 20.395 0.000 0.001
Cluster8 6 10.526 0.785 1.000
_Clustero 7 23.333 0.092 0.154
y ’,.‘G;and Total 729 13.245 - B
i ‘ i
2

scaled expression

Cluster3 and Cluster7 cells are highly enriched with dele

Deleted region
Ranksum test, t.test
p-value < 2.2e-16

Duplicated region
Ranksum test, t.test
p-value < 2.2e-16
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none Del none Del
Type Dup none
Fisher exact test
Del 96 633
p-value < 2.2e-16
none 169 4606
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transcriptome

Unsupervised analysis of

SCNA inference from
transcriptome
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Integration & interpretation
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UMAP2
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SV subclone in P1 shows increase of MYB target express
and cells with premature stages in the cellular hierarchy

TF-target Enrichment (Cluster 3)
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MYC MESCs Mouse
MYB TH2 Human
XRN2 HELA Human
TAL1 HPC-7 Mouse
MYC MESCs Mouse
UTX JUKART Human
MYC MESCs Mouse
GATA3 THYMUS Human
KDM2B HPB-ALL Human

=
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—log10 Adjusted p-value

Signature gene activity
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UMAP1

Lineage analysis
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o oA olHF MEZFESS THSH| ol o' A4 eu A V|HE
M= o] A7 2 single—cell WGS, SDR—seq, Strand-seq, etc

d oo~ dojel S BAfetr] 13 ol B RS H =1ES
ALgSt 5= Q27?7 > MosaiCatcher for Strand—-seq analysis

. EZ20] 5A Woh e} 1 75 H B4 weksly] SlalAL g9
AN B2 F4-447) do]E 2 g 2461 424 W 9w A 240

o st} ol 2 FEoE7] 15 AW AR ok Ae] HPH o oW 2 So] 92717

> scNOVA for Strand-seq analysis

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