Best practice for
epigenetic analysis
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Best practice for epigenetic analysis
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e [ntroduction to Galaxy

e DNA methylation data analysis

e ChlIP-Seq data analysis

e Hi-C data analysis

* BNZOolWM: Galaxy (https://usegalaxy.org.au/)

* ISMTHE: tEE (22| 8GB 0|4, C|A3 {37 30GB O|4h



Curriculum Vitae

Speaker Name: Dongsung Lee, Ph.D.

» Personal Info

Name Dongsung Lee
Title Associate Professor
Affiliation College of Medicine, Seoul National University

p Contact Information

Email dongsung.lee@snu.ac.kr

Research Interest

Bioinformatics, Genomics, Epigenomics, Single Cell Genomics
Educational Experience
2010 B.S. in Life Science, Korea University, Korea

2015 Ph.D. in Medical Science, Seoul National University, Korea

Professional Experience

2016-2020 Post-doc research fellow, Salk Institute for Biological Studies, USA
2020-2024 Associate/Assistant Professor, Department of Life Science, University of Seoul, Korea
2024- Associate Professor, College of Medicine, Seoul National University, Korea

Selected Publications (5 maximum)

1. Temporally distinct 3D multi-omic dynamics in the developing human brain. Nature (2024)

2. Foxp3 Orchestrates Reorganization of Chromatin Architecture to Establish Regulatory T Cell
Identity. Nat Commun. (2023)

3. Structural variants drive context-dependent oncogene activation in cancer. Nature (2022)

4. Simultaneous profiling of 3D genome structure and DNA methylation in single human cells.
Nature Methods (2019)

5. An epigenomic roadmap to induced pluripotency reveals DNA methylation as a reprogramming

modulator. Nature Commun. (2014).
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Best practice for epigenetic analysis
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Tissues and cells in human body
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Normal Development (Epigenesis)

Brain

Ectoderm

Epidermis

Normal Programminy

Endoderm

28]H XY (epigenetic landscape)

Waddington

The Strategy

of

the Genes

With an Appendix by H. Kacser

Conrad H. Waddington (1957)




Epigenome project. Nature 454, 711-5 (2008).

Histone tails

Chromosome

S X3t (epigenetics)
l MLLL2/3
%‘l{ ’Pmnﬂal HISTONE %c

NUCLEOSOME

Variants)

You, J.S. & Jones, P.A. Cancer Cell 22, 9-20 (2012)

N\

Point metations
Transiocations.

Chromesomal
instability

Deletices

EPIGENETIC MECHANISMS

are afiectad Dy thase factors and processes:
+ Development ( uero, chidhaod)

+ Environmental chemicals

* Aging

(epigenetics)

"An epigenetic trait is a stably heritable phenotype
resulting from changes in a chromosome without

o EN:TTS alterations in the DNA sequence”
i -2008 Cold Spring Harbor Meeting
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Central Dogma, Y EeIA9 ZH AL

DNA | RNA Protein
DNA methylation
19484 Rollin Hotchkiss0f| 2|8} &7
|JI"H DNAO| A= N6-methyladenine (m6A) 1t 5-methylcytosine (5 m O| R
2 DNAOME 5mCEt 2HAL|H, 0= F2 CpG dinucleotide (5'-CG-3)LH0 F2 Exjetct,
| q

DNA EHIE'RH: X2 Z DNAHY cytosine B ESHE 2[0[5HA

DNA Methyltransferases
- A l-\
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cytosine  S-methyl-cytosine

Metyiaed

Transcription

Unmethylated Gene Body

Transcription

mRNA 5@ T WARNA) ---3

Gene centric regions

T

{
T55 1500 SUTR ‘ Gene body JUTR

155200 | 1" Exon

Promoter region T(pﬁ site

CpG Island regions

117 1T MU ottt
| | I | I
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33 7-3 CpG 4 Resorts. CpG sites?t B0| EXipis 72 5 ST 08 M=slc $28 Y80 220 CpG 2HA 2 kb 2ojA 2=
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DNA methylation- writers
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DNA methylation
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° Replication
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DNA methylation % % E %E %

373 7-8 DNA B3 £5. De novo DNA B3 I{EI2 DNMT3A % DNMT3B0] 2o} Efelsk= 0l IS 20502 HI#E DNMT3L
of Zxksi] SAHECH DNA 2APt LolLts S0t MEA 44EE DNA 71E0] 22 DNA W LEIS DNMTIS) S50 2 s SRsi
DNMT3A % DNMT382| 2% Zo{7t QiS4+ 9l

ST LT EX Ol methyltransferaseS2 DNMT1, DNMT2, DNMT3A, DNMT3B, DNMT3L €.
DNMT1-2 maintenance, DNMT3E De novo, DNMT2= tRNA methylation0®f #0{st= Ao 2 2eiH,

DNA methylation- readers

Methyl-binding
proteins (MBPs)

Methyl-CpG binding SRA domain-
Zine finger proteins containing proteins
[ Kaiso | | UHRF1
p 1 "

ZBTB4 UHRF2

1

ZBTB38
- L 2

KLF4
a 1 -

WT1
r 1

CTCF

a3 749 HE7| ZE SEE(MER)Y 25 HEEE DNAN ZEsls o ASHE 7I5H HRIN w2t IH M IR A2 2REC A Hil
MEP 120]0§ MBD 0[219| 7]5% £0219| ZTHoj et Al 71X 519 2{MeCP2-MBD, HMT-MBD ¥ HAT-MBD)o2 £712 EREL), HMT-
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THOIE 71XIT 1= UHRF1 % UHRF2 B Lis 4= Q)

MBD containing domain2 CHAXNO 2 E3LE DNA O Zetsts B, SRA domain T A2 hemi- E ot
DNAO| Cf & Z&stCtn L2{X Q/CH MeCP2E F2 pericentric SIHIZIZOEIN| ZXjSHH, HE 3 CpG sited
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DNA methylation- readers_continued

Methyl-binding
proteins (MBPs)

N —
Wquu.g SRA domain-
Zin finger proteins containing proteins
Ka!lso UHRF1
m‘fu | UHRF2
BTB36 |
]
wrt |
ac |
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MBP 2E0|0§ MBD 0121 715 S0212) Zxjo w2t M 7H%| 819 2{MeCP2-MBD, HMT-MBD X HAT-MBD)22 712 ZREC. HMT-
MBD % HAT-MBD ME H2le] FHMS 217} s siss 3 olEsE s $43 71X ik 5 ¢l Zine finger 2EIZE MEsi0
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E0{212 71D G4z UHRF1 9 UHRF2 ERESIZ LEs 4 Qidt,

k-
. H

CpG binding zinc finger T H: C terminald zinc finger motifS 21 DNAG| Z8& 4 e CHH A
Kaiso= MO = 7HO| M E2tE CpG site7t BROICHD YA UK 7BTB4 ! 7BTB38 THAE2 BLIC|
StEl CpGo = 22Mo 2 Agotitl B g

O AZ of Zat|= CHAE2 0ot DNAO| ZEste 58 9 O, HEEEIX| %2 consensus(AMAA) HE
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g of QI O] A o Ze5= HHE2 HEstel DNAY ZEots 58 © o=, HEstER| f2
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JeNEE + U0 E15[0] QITf. Thed| DNA B ot reader 01210] 758 7H K1 YUZS AlARRtCE,

DNA methylation- readers_continued

Methyl-binding
proteins (MBPs)

I
W-CLNH»; SR domain-
Zinc finger proteins «ontaining proteins
Ka!lso UHRF1
zn‘fad | UHRF2
IBTB3E |
KLk
Wit |
ac

28 79 0S| W8 SEMBPIS) E5. RS DNAK 28R B MBSl Jlsd MO w3 4 21 AZE HREC 3 e
MBP E0/0§ MBD 0212 7™ 0212 ZTH0 Waf M 71| 819 {MeCP2-MBD, HMT-MBD X HAT-MBD)OZ 5712 ZREIC} HMT-
MBD % HAT-MBD M jI2[e] PAUS 212} phax) ousias o obqeiaiaAs YN8 711D 3k § VEs Zing finger 2E|2H AB3f0f
CEEE AN HEE 4 U 871 0149 P4#(Kaiso, ZBTBA, ZBTE3S, ZFP57, KLF4, EGR1, WT1, CTCF)E 71RI0i, M 5 MBP ML SRA
EB2IS FH7I Sis UHRF1 % UHRF2 ERSSIZ Lks 4 9ick

SRA domain containing TP &2 UHRF1 1t UHRF27F QICH O] & CHAZI2 NI SAI0A 2280 2
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DNA methylation- erasers

NHy OH NH, NH, 0 N

1 <H ] \/‘Lw HOAI/RM
| DN LS ,L LA \’Lo
DNMT3B -0
m m hm hm

SODOC =, HOGIOK N “ S
e TET 1;1;3 TET wzrs
all o 5mcC 5 C fc ScaC
m 206 Swcinge M JOE swcnane b OG 'sumare

lD A 25 DNA =H LG OO LD O RO €O
m m m hm

D000C ., X000
s
mm hm hm owwr 7S L e
DNMT3A
m m DNMT1  hmhm DHAT38 _
m mm m l/:I
200(C

L I i L —@I Base-excision repair (BER)
m m { DNA 55 hm hm
" S000C
o Cytosine (C) Abasic site
Xm D 0.0.0 ¢ 22 83 55 DNA L0128, TETE SmCE ShmC (5-hydroxymethyloytosine) 2 ABIAIZ 281 OJLIR: SC (5-formylcytosine) ScaC
mm mm (5-carboxyloytosine) 2E AH#AJ7 (B, SFCEt 5caC2 TDG (thymine-DNA-glycosylase)d 2fi base excision(®7] ZEH0| QOJLCE F217h AR
XXXX ) 200 21 abasic sitel= BER (base excision repair) 935 2249] ytosine A7} 510] DNA SEIE17} Q0{LICh 85 Genes e, 2016: 3007 733750,
m m
2000(
XXXX hmhm

m m

il CHEH Rl = o Xg X
28 82 45 DNA HES,. DNAZH STl 591, DNMTI TET famiy EH4Z SHA, -l;ET I IE 27| embryo .(I:IHO|-)', ESC
& hemimethylated DNAE 2143(0f #0H% Jictol DNAE of (embryonic stem cell, HH0f§7|AIi), 2|2 PGC (primordial germ
BEAE22M DNA HEH HEE SRS TeETH] o3 d8E OJAHAl Ml =T Ht& L rlLots
hemihydroxymethylated DMAE DNMT10] 23t j2&2} RX|Eix| Ce”S Al -I k"ﬁh Olllkl O | H:q: lETZS_El- TET3 = l:l- © il_l.
2812 ONA SISO $5H2I U0} L0 8% Mons HIZ 0| M %&E._'Ef TET famlly CHHES2 42 HAH0|H ZRE9
Review) Chem. Soc Rev,, 2012, 41, 6916-6930 I:Il-AH —||_ _I?_§|_O,” DH %ROF I.% '6'|_E|_
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Epitranscriptome-RNA modifications

3 ¢ m’C
m°Am 5
S . hm*C mbA | mba
o o CHy Hay Oy

Ny Ty L/g
v

o, A o 2 e A

-0 O o O e,
OH OCH; OH OH OH OH OH OH

N 2-0-dimethyladenosine (m®Am) NP-methyladenosine (m®A)  Inosine () 5-methyleytidine (m®C)

NH, L
”fﬂ -0 H[JLNH f‘w
HO: {J lu’J "mw HO "A\o
l Y P 0 Y P
OH OH OH oM OH OH
N'-methyladenosine (m'A) pseudouridine (1) 5-hydroxylmethyleytidine (hm*C)

T8 91 mRNAY EXfsls UEHQI 18 YA B8 A, U, 6, €2 8707} B14fToR HHT0 mANAS] CHLE SRl of2f SRS 24TAM
Y7 L 4 DUCH Fl: Nature Methods volume 14, 3ages 23-31(2017).




Histone modifications

N2 g8 SAE

B Dne

J&6-1 DNA SH ZFHuM Hoilis w3224 s & 8. ONAZH SHEls S 72224 #2= ST CHA 2= 2EE HY
T} 27| 0/= 71E DNA ¥C| 2647} =7| IE20] 7| SIAE CHUED M2 S SIAE CRETO| BT ZEEI0, AHE HHIE0| #3224 ik
% 23 1S S=0.

Histone modifications
_ET. p— Madification Histone | Residue Effects of transcription

] Acetylation H2A K5 Activation
wers [ T | : H2B  |K5,KI2,KI5,K20 | Activation
scesose [ = H3 K4.K9,KI4,KI8,  Activation
. ) H3 K23, K36, Activation
e [ I WK | DNA repas,histone deposition
o | S : H4  |K5.K8KI6 Activation
mame [ T | - H4 K12 Activation, histone deposition
mame [ - H4 (Kl Histone deposition
B . Methylation H3 K4,K79 Activation
waree IR ] H3 K9,K27 Repression
wacrme | ] - H3 R2,R8,RI7,R26  Activation
H3 K36 Elongation
Modiication stribution Functional atio | H4 | R3 | Aclivation
|H4 K20 | Repression
HiKgme1  poised enhancers, promaters m priming, transcrptional Phosphorylation H2A  [SLTI20 Mitosis
P — p——— H2AX | §139 DNA repair
H2B 514 Apoptosis
HIK2Tme3  inactive promaters transcriptional repression 3 T6 Activation
KT e lonal civation, H3 |T3,S10,TILS28 | Mitosis, DNA repair
— —— - H3 T45 DNA replication
HIK9me1 P p
heterochromatin formation H4 |51  Mitosis, activation
Hikome3  helerochromatin transcriptional repression, Ubiquitination H2A  KII19 Repression
peerochronata ormzton HB K120 ' Elongation
H3KStme3  goebodes g achen, PA H K3 Maintenance of DNA methylation
WiKigac  0ene bodies, enh chromatin de-condensati K lysine, R arginine, § serine, T threonine
promoters transcriptional activation .
Steinbach, N. (2017) Thomas, Elizabeth. (2017)
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3D genome Organization
Chromatin Conformation

GAGTTTTATCGCTTCCATGACGCAGAAGTTAACACT
TTCGGATATTTCTGATGAGTCGAAAAATTATCTTGATAAAGC

AGGAATTACTACTGCTTGTTTACGAATTAAATCGAAGTGGACTGCTGG
CTATCCTTGCGCAGCTCGAGAAGCTCTTACTTTGCGACCT

CGGAAAATGAGAAAATTCGACCTAT
CCATCAACTAACGATTCTGTCAAARACTGACGCG

1D genome sequence

3D genome sequence

o ¢
— = soloct ~200-300 bp fragments

¢ b -
attach adapters to
create sequencing library
prm—— cluster generation by
solid phase PCR
_— e (bridge amplification)

-11 -




NGS applications

Whole Genome Seq
Genome (DNA)
Exome Seq
Transcriptome (RNA) RNA seq
DNA methylation Bisulfite Seq
Protein binding ChIP-seq
Epigenome
Chromatin accesibility ATAC-seq
Chromatin conformation Hi-C seq

scMathylHIG (2019) ScCAT-seq (2019)
ORCA (2019)  snm3C-seq (2019)
1 1

-'I" 7 5 ® A
! fk DNA methylation y . \ JV
mANA
LW A /‘\ ﬂ/r\[r.?.
YASN 3;/3‘
f 58l

Combined ATAC-RNA-seq (2019)

Perturb-ATAC (2019)

Perturb-seq (2016)
CRISP-seq (2016)

scM&T-saq (2016) )

scTrio-seq (2016) ' sckGAR (2018) CITE-seq (2017)
DR-seq (2015) 5ctMT-52q (2018)  5cCOOL-5eq(2017) seNMT-seq (2018) SMARE-seq (2019)  REAP-seq (2017)
G&T-seq(2015)  somCT-seq(2018)  scNOMe-seq (2017) scNOMeRe-seq (2019) Paired-seq (2019) ECCITE-seq (2019)

Single cell Multi-modal omics

-12 -




mics

PROJECT

Brain e g
Angular gyrus :%
- F (€) DNA Methylation
Wterior caudate b - (8) Histone - D) 3D Interactions

Oesophagus
Heart

Cingulate gyrus s s & Modifications
Hippocampus middle % < & oF :
Thymus Inferior temporal lobe ¥ — \__
Lung = Substantia nigra = \ 0TS J y () Open" yeK
Adipose Dorsolateral chromatin
Breast = Prefrontal cortex o<
Blood V
S .
" (H) Genes

Duodenum mucosa

)
¥ (G) RNA-Protein interactions
Stomach mucosa

# Sigmoid colon
A~ Ovary 2
@ Colon &

Pancreas »
Small intestine =
Psoas muscle
Muscle

Osteoblasts

Rectum
. Germinal

matrix

Cost per Human Genome

$100,000,000

$10,000,000

Moore’s Law
$1,000,000

$100,000

$10,000

National Human Genome
Research Institute

$1,000

genome.gov/sequencingcosts

$100 ! ! !
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

-13 -




X\o Wi
GENOMICS

$100

Ultima Genomics is launching high-
end DNA sequencers that can read a
human genome for as little as $100.

Ultima GenomicsAtE X[ $1000] SFALE Q| genomeS 30xE A|HAE + A

UG-100

STAT

UG-1002 74, &

=]
(<)

gDNA

Shearing

Bisulfite Sequencing (WGBS)

L ‘ Hybridization tfelzsa::::: t

ligation

Reads

‘ Seqeuncing ‘ allgrglent

Analysis

l

@ Methylated C
@ Nonmethylated C NH,
HNJ)

TOERCEOTE

HN |
Ay
H

l BS " KO,

e

TEEREEUEE ™ naso, |

(Bisulfite)

Align bisulfite treated reads with
Bismark.

Quality Control

Calculate methylation level at each
CpG.

Calculate CpG methylation level in
regions of interest (Promoters,
CpGislands, Enhancers, and etc.)
Integrate with other data (RNA-Seq,
Genome, Histone modification, and
etc)

@} GMI-SNU
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Chromatin immunoprecipitation sequencing
(Chip-Seq): for study histone marks (H3K4/K27/K36me3)

@_[507 oy
L\\P / \Q /A *m -7 -

lCross-Iink protein to DNA o i’@@

. ‘ N\ (A X \ ¥ unlink protein: purify DNA
— A \Q \ 7/ -
T {\ / / 4 / / sequencing ’m: 1o genome
.
ATGC(TGARCGIG
lShear DNA

Add bead-attached
antibodies to

i
o— AN . .
L P VQ D immunoprecipitate

target protein

http://en.wikipedia.org/wiki/ChIP-sequencing

High throughput chromatin conformation capture (Hi-C) sequencing
: for study genome 3d genome interaction

Hi-C seq Contact Map

Q cwm :ﬂm Purify and shoar DNA,  Sequence using i _"'; = ﬂ

Crossink DNA enzymo wihbotn  Lgale  puldownbiotn  paired-ends i
1M & N/ o B E lﬂ\

i y ﬁ' (0

Science. 2009.; 326(5950): 289-293
Nat Rev Genet. 2010;11(6):439-46.
Cell. 2014;159(7):1665-80

Nature Genetics 2016; 48, 488-496 Enhancer-Promoter

Enhancer-Enhancer
Promoter-Promoter
Physical Interactions
False-Pos (seq error,
miss-matched cutting,...)

Prediction

lﬂl

Loop Domains
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ATAC-seq

(Assay for Transposase-Accessible Chromatin using sequencing)

TS transposase
preparation

tagmentation

Transposed
DNA

DNA purification,
amplification and
library preparation

DNA sequencing
and genome
mapping

llllllll . ..o. — ﬂH

i © o P

Transposase Transposase Adapter-transposase
adapters “empty” mixture (TnS transposase)

Inactive chromatin Active chromatin
VWA WY WY wwv WV WY YWV
WY WV Wy WV YWV YWV
Wy W VWV W WAV
GewA |

DDDDD

MZZE HOlE z2| X B
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DNA accessibility

SCNOME-seq
Transcription factor binding ScATAC-seq
methylation and chromatin accessibility R & -
scHIC
Transcription and RNA maturation
Histone modifications
Modifications can be active marks o
(e.g. H3K4me3 in green) or repressive Trasscription
marks (.8, H2K2/m3in red) scRNA-seq
DNA modifications
] Oc @ s

A 5hC/5IC/5caC DNA modifications

scBS-seq
Chromosome organization scAba-seq
Higher-order chromalin organization
into LADs and TADs CLEVER-seq

NGS applications

seMathylHIC (2019) scCAT-s2q (2019)
ORGA (2019)  snm3C-seq (2019 Combined ATAC-RNA-seq (2019)

Accessble
chromatin Perty

P
\ .// :x‘—"" “"_‘_‘\I Nucleosome

3

/’® AV [l
AR
4.4

P

rio-seq (2016) <cHCAR (2018) CITE-seq (2017)
DRseq(2015)  scMT-seq(2016)  sc0OOLSeq(2017) scMTseq(2018)  SNAREseq(2018)  REAP.seq (2017)
G&T-seq(2015)  samCT-seq(2018)  scNOMe-seq (2017) scNOMeRe-seq (2019) Paired-seq (201) ECCITE-seq (2019)

Single cell Multi-modal omics
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'Method of the Years
Methods for Modeling Development 2023
Long Read Sequencing 2022
Protein structure prediction 2021
Spatially resolved transcriptomics 2020
Single-cell multimodal-omics 2019
Imaging in freely behaving animals 2018
Organoids 2017
Epitranscriptome analysis 2016
Cryo-EM 2015
ligh-sheet fluorescence microscopy 2014
Single cell sequencing 2013
Targeted proteomics 2012
Genome engineering (TALEN) 2011
Optogenetics 2010
Induced pluripotency 2009
Super-resolution fluorescence microscopy 2008
Next-generation sequencing 2007

Major Career and Research Achievements

Jeong-Sun Seo Jesse R. Dixon Joseph R. Ecker Chongyuan Luo
HEURoYARY
fuHosAPL
Ph.D, at Post DOF.ﬂ w,m“ Associate Professor at
Seoul National University Salk Institute University of Seoul Seoul National University
(201003-201502) (2016.05-202009) : (2020.09-2024.08) (2024.09-Present)
_ 00D OWRE) 20605 0000 20000 22y 05 206N 025
nature communications naturemethods nature nature communications nature
" y izati fch i Iti- inthe
Ml autytlcos b1 repenig WMWMMM activationin cancer ¥ et P
T D || g Fo= T 2 = 2—e—9 =00 ' LA
S | | £ Q’ﬂ qRB= = ;* b SE—a gl 2o
- L4 | V‘QA‘:L';‘V ‘ + ‘oo -~ il o = e B e - mun mas —; -'/”3‘
= bl .,—ﬁ;' R o i o " ESSIIIE = - = H 8 T 7
m o, | | W= T =, ol I 3 -
=& A 2 [5,,0,4° : : : d et
e L i .{r r’{'ﬂ /" N | | et i e — K
2014.12, iPSC epigenome study 2019.09, snm3C development 2022.12, Cancer Hi-C 2023.11, Immune Cell Hi-C 2024.10, Developing
Human Brain snm3C
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IPSC reprogramming

used techniques:
Bisulfite seq
ChIP seq
H3K4me3
H3K27me3
H3K36me3)
RNA seq

Normal development vs Reprogramming
: Cell differentiation vs Dedifferentiation

.“ e
Reprogrammmg by Nuclear Transfer

(SCNT: 1958-) .

Ectoderm - |
Epidermis
Normal Programminy —
Bone
Feretglgzed -) @ m) Mesoderm | Fibroblast| —Reprogramming
Muscle
Liver
Mye, Kif4, Octd4, Sox2 Endoderm
< > {; Pancreas

Reprogramming by Four Factors
(iPSC: 2006-present)
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Experimental Design

Secondary
reprogramming

Conen|ng) QH D_5H mH mH 16H D18H

Primary Tetraploid Embryo
reprogramming Complementation

¢

1°MEF 19IPSC

D21L  1°PSC

2°MEFs
2°MEFs

Lee et al, Nature Comm. 2014

Whole Genome Bisulfite Sequencing (WGBS)
: for study methylome in whole-genome scale at base resolution

Reads

Bisulfite ‘ Seqeuncing ‘ allgnsrlnent

Analysis

treatment

gDNA mAdapter ‘ Hybridization

Shearing ligation

+ Align bisulfite treated reads with
@ Methylated C - Bismark.
- Fiyarotcdeaminaizn 0 + Quality Control
@ Nonmathylated C : + Calculate methylation level at each
—~ HNZ i CpG.
T (‘3@&%@ T @ | DA\N | +  Calculate CpG methylation level in
o ) o regions of interest (Promoters,
l l BS HOHH, CpGislands, Enhancers, and etc.)
) - * Integrate with other data (RNA-Seq,
T %’f@@ uYT @ L NaHSO, Genome, Histone modification, and
- (Bisulfite) etc)
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Chromatin immunoprecipitation sequencing
(Chip-Seq): for study histone marks (H3K4/K27/K36me3)

@ N S
" / \Q / o YR N I

lCross-Iink protein to DNA s i@@

@ ' \( f " \ ¥ unlink protein: purify DNA
Y '\ Q \ / e
lShear DNA

Add bead-attached
antibodies to

.+— R - F) ) .
5y ﬁ]’:g ( / Immunoprecipitate
e target protein

http://en.wikipedia.org/wiki/ChIP-sequencing

Overview of Data Analysis

ori6e3s

Whole genome bisulfite sequencing (MethylC-Seq)

W sample| »vEF || Dism || ziescs || Esc

Differentially Methylated Regions

hip-seq refseq| T HHH || (|
A RNA-Seq eq Dppaz Dppa2 Dppe2

H3K27me3

Dppe2
Sl e T T T

i H3K4me3
Integrative i
analysis L——

Epigenomic regulation of Reprogramming H3K36me3

Lee et al., Nature Comm. 2014
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Visulized Data in Base-Resolution
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Differentially methylated regions (DMRs)
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Differentially methylated regions (DMRs)

Make windows for 30 CpGs starting from every CpG(Sliding window)

\ 4

Filter windows:
Maximum-minium>=30%
Maximum/minimum==4
Size of window<=6kb
All the samples should covered more than 5 in at least 15 CpGs/window

A4

anova-test for every window, Benjamini-Hochberg FDR=<0.01

A4

Cluster all the differentially methylated windows if a region contains more than 50% of
differentially methylated region: 7890(21,618,964bp)

Changes of DNA methylation during reprogramming

l | 3,000

| ,
DNA methylation [. II_H | I 1 % I
: !
: L
g ]
I 1500
-
(o]
3
e}
£
=}
&
0
rxxT 532808y
SEEEEEEER S

. 0 _-lIIIIII
4
>
[
0
¢
£ 150
&
0
@
2
£
~ |
Z 3000

Trapla
TrimQ

Lee et al, Nature Comm. 2014
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Are there any specific factors that push DNA
methylation change into a certain direction?

I Table 1 Enrichment of Transcription factor binding sites in each DMR group

DNA methylation [ [ 1 I’Jj
I

‘ DMR sequence-specific transcription factors Transcription regulators
level Ul g Groups Number|
¢ 3 iz s
) 7 S'ég TET1 CTCF  Oct4 SOX2 NANOG ESRRB ZFX KLF4 cMYC nMYC E2F1 TCFCP2L1 SMAD1 STAT3 p300 EZH2 SUZ12 RING1B
1a 1819 [NE NE - - NE NE NE

b 1453 |NE NE - - - - - - - - -

2a 53 [NE NE - NE NE NE NE + NE NE NE NE NE NE
2 1291 |+ NE NE NE NE + +# NE NE + NE + - NE +
3 2774 I[NE NE | 44+  +++  +++ o+ bR b bR + b 4t

Fold enrichment vs Total DMRs: - < 0.75X < NE (Not enriched) < 1.25X € + < 15X < ++ < 1.75X < +++

Lee et al, Nature Comm. 2014

What happens to each factor binding sites?

§ 0ocT4 SoX2 KLF4 NANOG
;3 2000 n= 3,761 %0 n= 4526 %0 4 n= 10,875 20 n= 10,343
5 ‘
0 /-J\\/\/ 0 A/’\’/ 0 A/\ 0 _/-\/J
B ' 2

dvage O
TS 1. i i
Methylaton* ! [
ifferance 02 -

— 34z : s EEE
ofirrce C"--l"ll'_'-Il---l ———— ) e LN

TCreP2LL L suz12 EZH2

§ z §  w i N
iz n= ?16‘!7 n= 26910 ;z' /I\%
33 &
d 1Y

0 g
zzziiizg
HEHEER

sz .‘Hu hxixii 3!3 SrxzI 9 Srzziiiaa?
iE iie RAAGRNEAEREY ([ pesemEaasMly  pmasdiimagil
‘;;';3* 01~ ?-'a?cx-
danon 0 uethyaton OM
':'g"«ﬂ! - -'H | hirence
HiCimed f;- "3“‘"303'
r ' Ol- - - Mﬂﬂ!l“cx-

H3K2Tme3

~at . c E & & EEREE d4: CEE
HK2Tme3 - e O
dlfernce .01~ Wne‘u 1'_-.F-..-'-_1l.-'-.--_

Lee et al., Nature Comm. 2014
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around transcription factor binding sites

40 0

|3 I 1 I |8 I

4

Histone modification and DNA methylation change

Position around TFBS (kb)

Normalized average
CpG methylation change vs 2MEF

Position around TFBS (kb)

Normalized average
H3Kdme3 change vs 2MEF

40-40 0
Position around TFBS (kb)

Nomalized average
H3K27me3 change vs 2MEF

1 0 1

4 92

-1 0

Lee et al., Nature Comm. 2014

Epigenomic change during iPSC reprogramming
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Lee et al,, Nature Comm. 2014
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Model of gene expression control
during reprogramming

Epigenomic control of gene expression

DNA Methylation-driven
(CpG poor)
off Late Activation

W— "

Histone Modification-driven
(CpG rich)

off

ESC-like pluripotent state

Activated early in Only activated in
reprogramming ESC-like cellls
] (ESC, 1iPSC, 2iPSC)
-
| A off L & OCt4
5| |2 Exp-1a Exp-1b
I gl |3 P
¢l |5 Sox2 .
al |- | |«
718 HRE KIf4 !
o = 1 @ \
$1 g N cMyc LY
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21 | & |AHKames Aracazmes ]
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me 5 . .
g1 ] DNA methylation barrier
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l modification-driven methylation-driven
V control control
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<
Late Activation
(Expr-1c)
Lee et al, Nature Comm. 2014
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Lee et al, Nature Comm. 2014

Genes in Group1 is hard to be activated when
it's repressed
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3D genome Organization
Chromatin Conformation

GAGTTTTATCGCTTCCATGACGCAGAAGTTAACACT
TTCGGATATTTCTGATGAGTCGAAAAATTATCTTGATAAAGC

AGGAATTACTACTGCTTGTTTACGAATTAAATCGAAGTGGACTGCTGG

'S I IO I mem
1D genome sequence

1l

3D genome sequence

What is Hi-C?
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Hi-C experiment and basic analysis

Cutwith  Fill ends =
restriction  and mark Purify and shear DNA; - Sequence using
Crosslink DNA enzyme with biotin Ligate pull down biotin paired-ends

\I

y \ ; \ ; -\x

(O

H

Visualizing Hi-C data

e — chrb 122,300,000/
T ««HH«{Ph]
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Hi-C experiment and basic analysis
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Models
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Hi-C basic analysis-Compartment
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Hi-C basic analysis-Loop
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of using Hi-C to understand

enhancer activity of non-coding variation

Claussnitzer et al. NEJM 2015
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An example of using Hi-C to understand
enhancer activity

A 0, TADsiucre

Structural variations affecting TAD boundaries

[t ]
Wild-type TADa
N TADb
,smku’&.,.a» TG Mn\ .a, e / O \ ./ \‘l’
- y-wi . "3 tel Gene2  Boundary Enhancer Genel
- Inversion
B ; PR c
i ] ' G E B q]
; : Geno4 Gened Sl b e Gene! Gene? Duplication / \‘ \‘
ol ; = /\ \ A /\ S 14 4 >
L eeelversion 1 e, : T '§ . 4 +
gt 2 e ), y G2 B E G L 61
WNTS ; i y ’
o . i Deetion £ N\ /7
: Oupleaton 2 TR Human limb phenotype i ® r
: f i 0 ' . . () B F Gl
B —umnuw—m‘ ey .')05 i/ o i‘iy . %Mj -\M/ Deletion® 7= \‘
= ~ | i I
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Dario G. Lupiafiez et al. Cel/ 2015

Development of Single nucleus methyl 3C

and
nature methods © nature
Simultaneous profiling of 3D genome structureand t h e A p p I I c at I O n Temporally distinct 3D multi-omic dynamicsin the

DNA methylation in single human cells developing human brain

-
=
-
=
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single nucleus methyl 3C (snm3C)

Chromatin
~ Conformation

Cell type ||:|zn1||'|:al»un and
Generate single cell data make pseudobulk data

~ DNA
i methylation .
jon >\ / DNA methylation Chromatin
5 2 "N Structural orgamzahon
) 5 - y y Variation chré  chrS chré chr7 chrd chr4 chrS chré chr7 chrg| :
Single nucleus methyl-3C (sn-m3() N 1
': ‘._!'_ : ‘
5 \ |
g H
Hi-C matrix of a normal sample  Hi~C matrix of a cancer sample Copy number variation

with structural variants

Lee et al, Nature Methods 2019

Reads

gDNA mAdapter N Bisulfite ’ alignment
Shearing ligation treatment &
Analysis

+ Align bisulfite treated reads with
@ Methylated C o Bismark.
H, Fiarotceaminzin 0 * Quality Control
© Nonmethylated C + Calculate methylation level at each
- . HNZ | HN | CpG.
'\.T,\TJ@) J\ o)\N + Calculate CpG methylation level in
o : ) H regions of interest (Promoters,
l l BS HO 1, CpGislands, Enhancers, and etc.)
* Integrate with other data (RNA-Seq,
P ALY e Cytusin Uracil G H df 1 d
M@ \_LJ/(TJ@ NaHSO, enome, Histone modification, an
(Bisulfite) etc)
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3C (chromatin conformation capture)

Cut with Fill ends -
restriction  and mark Purify and shear DNA; - Sequence using

Crosslink DNA  enzyme  with biotin Ligate pull down biotin paired-ends

W4

y ¢
EY

#
s
—

Single nucleus methyl-3C Experiment

— insitu3C — snmC-seq?
Crosslinking Restriction Ligation Sorting single nuclei Fiandom-prim_ed
oot digestion & Bisulfite conversion DNA synthesis

T
Jarr——— =
5'——Iu—mc— k) m !

5"~ | - 3’

Paoling & SPRI &Adaptase reaction Library Amplification Sequencing

Lee et al., Nature Methods, (2019)
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TAURUS-MH for methyl-3C data alignment

(Two-step Alignment with Unmapped Reads Using read Splitting for Methyl-HiC)

https://github.com/dixonlab/Taurus-MH
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Lee et al., Nature Methods, (2019)

Non-CpG methylation CpG methylation ~ Chromatin Conformation

) % b u
WEndo™ ; o u
L5
L6

TSNE-2
TSNE-2
o
3

TSNE-2

TSNE-1 TSNE-1

4238 | 551 | 131 | 180 | 86 | 144 | 171 | 134 | 217 | 449 | 1245 | 203 | 422 | 100 | 205

Clustering is possible using each data, but cell type classification is possible only through methylation.

Lee et al. Nature Methods 2019
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73
3D genome organization is strongly associated with DNA methylation - /‘vg
e~

CpG methylation

Differential Interaction
of anchors
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[ ] onG
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L3
L4
Ls
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Kt
vip
Pvab
1 S8l

Count Overlap
!
Differential methylation 89,356 63,570 (71.14%) I
Differential Interaction 36,559 31,669 (86.62%)

Co—
Normalized Interaction i~ g ¢ Normalized Methylation .1 o 1

Lee et al., Nature Methods, (2019)
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Cell type specific interaction and methylation

Adarb?2
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BRAIN INITIATIVE

the WHITE HOUSE

PRESIDENT OBAMA IS CALLING ON THE SCIENCE COMMUNITY

RAIN RESEARCH
THROUGH ADVANCING
NNOVATIVE

INITIATIVE EUROTECHNOLOGIES

U.S. government-led project announced on April 2, 2013
Evaluated as a project comparable to the Human
Genome Project (total amount of $3 billion)

$2.4 billion invested in Phase 1 since 2014

A total investment of $5 billion is planned by 2026.

The main goal of Phase 1 is to develop new techniques.
Phase 2 involves studying the brain using developed
techniques.

BRAIN INITIATIVE uses snm3C

B ie— Science
NIH's BRAIN Initiative puts $500 million into

creating most detailed ever human brain atlas
Neuroscientists will build on census of mouse brain as massive program moves into new p

Salk Institute to lead $126 million effort to map the aging human brain
Largest grant in Salk history establishes new Center for Multiomic Human Brain Cell Atlas to detail the many individual cells

hat make up the human brain—their molecular features, where they are found and how they change with age

LA JOLLA—WWith a five-year, $126 million grant from the National Institutes of Health (NIH), a team led by Salk Institule scientists has

launched a naw Canter for Multiomic Human Brain Cell Atfas. Part of the NIH's Sram Resesrch Through Advancing [nnovalive

Meurstechnologies® (BRAIN) Initiative, the project aims to describe the cells that make up the human brain in unprecedented
medecular detail, cassify brain cells into more precise subtypes, and pinpoint the location of each cell in the brain. What's more, the

team will track how these features change from sarly 1o late life

The goal is to battar undarstand how newrctypical human braing wark and age. The project will also establish a baseline against

which scientists will be able to compara brains with neurclogical or psychiatric conditions such as Alzheimer’s disease, autism,

deprassion and traumatic beain injury.

“The brain map we cavelop could help point disaase researchers in the right direction—
for exampla, wa could say ‘That's the ragion of the genome, in that specific subset of
reurens, in that part of the brain, whese a molecular avent goes swry b cause thal
disease,” says cenler leader Professor Josaph Ecker, director of the Genomic Analysis
Laboratory at Salk and Howard Hughes Medical Insfitute investigator. *And ultimately
this infarmation might help us design gene tharapies that target only the ca!

populations where the treatment is needed—delivering the right genes to the right place

a the right time."
From kefl: Margarts Batvens and

high-besolubion imeos. In addition to Ecker, the Center for Multiomic Human Brain Gell Atlas includes Margaria
slute Behrans, resaarch professor at Salk, Bing Ren at UC San Diago, Xiangmin Xu at UG

Irvine, and Ting Wang &t Washington University in St Louis.

Salk will ba wwarded appreodmately $TT millicn of the center's funding, making it the largest single grant the Institule has received in

its £2-year history,
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Brain Initiative Cell Atlas Network (BICAN):

Characterization of human brain cell types in adult and developing brains

23 28 % dped 8 12 16 18 27pew  newbom

..h.,.;;;;aﬂn

mnm-limont Fetal development ; Infancy

s 123 Ms ¢|1 s 9 noon uJul
Aelpet) 0 80 20 500 | 2000 i 0000 | 30600 Silbereis et al., (2016) Neuron
Age (powly) 810 131619 2tpov 05 1 8 2 2 0 6y
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Macaque
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Allen Brain Institute .

ucwucss T HHIENR

Salk/UCSD 1 11
Broad | — ==

Human
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snm3C on Developing human brain

A

T3 WA
Ty iy PFC HPC
). A\ Adult
4 Infant Age | Source | Cell Age | Source | Cell
Late- Number Number
gestation

GW18 | UCSF 1,199 GW18| UCSF | 4432
_ v GW20| UCSF | 3771 GW20| UCSF | 2645

I8 / -m3C- '
e':t:tion Crosslinking & Single-Nucleus Heg GW20 | UCSF | 2942 Gaw23 | ucsk | 1359
g Reslncho Dngeshon ngahon Bisulfite Sequencing GW23 | UCSF | 149 GW35| NBB 2,627
Tl | GW35| NBB | 1,673 Gw39 | ucsF | 1,168
- DS GW3g | UCSF | 104 4mo | UCSF | 1634
e j | 4mo | UCSF | 2228 7mo | UCSF | 3353

l C - Chromatin Conformation 21 yr NBB 7377 g
), *G 55yr | NBB | 3815

_‘ 29y | NBB | 2379
PO 29yr | NBB 917 Total: 23372
sty | e | 33 otal. e3,
UMAPs of Joint Profiles (mC+3C) 37yr | NBB 942

Total: 29,691
Performed snm3C on Brain tissues (PFC and HPC) in
different developmental stages.

M. Heffel et al. Nature. 2024
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139 UMAPs of Joint Profiles (mC+3C) 10
CelTye waprezge - Major Groups

populatlons
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M. Heffel et al. Nature. 2024
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M. Heffel et al. Nature. 2024
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Chromatin conformation dynamics precede the remodeling of DNA

methylation during the differentiation

UMAP of DNA methylatioin profiles

UMAP of Chromatin Conformation profiles

Major Lineage Brain Region

Becca BRG  WGia  [NonNeual [wowis2s mowas40 W amomo m Adu]

Wexc0G W ExcENT [l nh-CGE
Beco. Wecul WinhMGE

M. Heffel et al. Nature. 2024

Chromatin conformation dynamics precede the remodeling of DNA
methylation during the differentiation

r

Tt

CG Methylation Pseudotime Chromatin Conformation Pseudotime

'anm
h

{1

RG-1 RG-2 Astro

Rttt Pumsmiites Btluintin Eintthaniin

M. Heffel et al. Nature. 2024
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Chromatin conformation dynamics precede the remodeling of DNA

methylation during the differentiation

CG methylation Pseudotime Chromatin Conformation Pseudotime

Age Group

)
10 N A o infant
R S | 1 ™0 adut
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s y g

IPFC B HPC ?T_r

oo

Distribution of Chromatin Contact Distance in Brain Cells

Domain-Dominant Compartment-Dominant

As in the research of other groups in 2017,
we analyzed global interaction pattern. In
. fact, the analysis was started with the
[IRe MexcuL MExcoL I Exc-cA I Exc.0G [ ExcENT [ inh-oGE [ nn GE | [ I i I Norewa | eXpeCtation that the cell CyCle could be
et e LN - observed.

However, our observation indicates that this
global interaction change does not appear to
indicate the changes in the cell cycle (in fact,
a lot of "S" phase is observed in adults) but
can be used as a strong marker to
distinguish neuronal and non-neuronal cells.

M. Heffel et al. Nature. 2024
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Previous Single-cell Hi-C study (mono-omic)

do we have to do multi-modal omics?

There are papers that performed Hi-C in single
cell between 2013 and 2018.

Y 4 The biggest weakness of these papers was that
3 #1 ek % ) because only chromatin conformation was
i:]: 5 : g gs & Jr profilgd, the cell-types gould not'b_e divided, and
RE i éj el iR even if the cell populahon was divided, the type
SHew il TTSwEXT @k i could not be specified because there was no
fopon o s Los-c2___pren reference.

In the previous studies, the researchers found that
the cells could be segregated into different groups
using the interaction decay along the distance and
o .. claimed that this global trend reflects "cell cycle".
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Identification of Cell type specific

8
Schizophrenia 6 e o E
GWAS Signal 41 oo’y .38
-Iog10(p~value)g s g T

PFC2T
RG-1

PFC adult
L1-3NRXN2 |

Schizophrenia high risk loci (TRPM6) obtained through
GWAS shows a strong interaction only in a specific cell
type (L4-5 Foxp2) with RORB.

PFC adult
L4-5FOXP2 |

PFC2T
eMGE |

PFCadult|
MGE-ERBB4 [

PFC adult
obc

mCG  2TRGA
adult L1-3 NRXN2
adult L4-5 FOXP2

2T eMGE

adult MGE-ERBB4

soor ooc A N L M. Heffel et al. Nature. 2024

Ongoing and Future Researchl:

Expand single nucleus methyl 3C to other modalities

single nuclei isolation Extract DNA&RNA  Reverse iption with . quencing Library prep

o)
Cell type entfcation and
make pieudobulk data

Chromatin
organization
REERETERRRRINTER ¥

Protein/RNA
expression

DNA methylation

MMMMM

Single nucleus methyl-3C-transcriptome

(sn-m3CT)

1
|

T e s ohet
- e

Hi-C matrix of a cancer sample  Copy number variation
with structural variants

Hi-C matrix of
a normal sample
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Ongoing and Future Research2:

spatially resolved snm3C development

Organ of interest SL’;,SHi.t”C
(e.g., Brain) d Laser Capture Microdissection (LCM)
Tissue section
’ Tissee section  Transfer film
Coronal Slices Crosslinking & -ﬁ-
Restriction Enzyme Digestion Ligeon Targel cell
— sn-mC-seq2

"m[‘,
Nuclei Sorting 5 \U 3

UM, v
\/ p TN,
» Bisulfite

Treatment \ *

384-well plate DNA synlhesis, -
Adaptor tagging & Sequencing Spatially-resolved

Single-cell Regulatory Analysis

Ongoing and Future Research3:
Human Cell Epigenome Atlas

MICS

PROJECT

Oesophagus
Heart

(C) DNA Methylation
v
@

.p)) 3D Interactions

An!enor caudate
Thymus =

- )\
Cingulate gyrus e |
N Hippocampus msddle i / T Pl
Inferior temporal Iobe \ } — \__
uig Substantia nigra = \ 0TS ) y
ALEA ~N/ [
Ay A

Adipose #—"8€> R Dorsolateral
Breast ’ Prefrontal cortex
Myoepd Blood ,

Duodenum mucosa

i S : ¥ (G) RNA-Protein interactions
Spleen Stomach mucosa
Duodenum smooth muscle Sigmoid colon

Ovary
Colon

Stomach

Kidney
Pancreas Osteoblasts
Small intestine Rectum ;
Psoas muscle yiovsnidaie Germinal
Muscle matrix

- 45 -



Introduction of Galaxy and NGS data

= Galaxy

PROJECT

* Data Analysis platform

* Web-based
) Easy o use ?Galax‘T =G:?Ipap)[(y
* Free and Open Source \

\_/l,' ‘alaxy
* Many tools (~9400Galaxy Tool Shed)

» Popular (>11.900 publications) UseGalaxy.*: Galaxy Europe
. o . (UseGalaxy.eu), Galaxy Main
* Extensive tutorials available (UseGalaxy.org). Galaxy France

(UseGalaxy.fr), Galaxy Australia
(UseGalaxy.org.au)
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The Galaxy Interface

* Three main panels

Tools o

* Left: Available Tools SR ) | It it

resources. You can install your own Galaxy by following the hutorial and
. . QL — choose from thousands of tools from the Tool Shed

* Middle: View your oene

Collection Operations
data and run tools S
Foundation for Open

Fiter and Sort Science.
Join, Subtract and Group “The mom mpartant job of senier

ity I o mester junier sty
Datamash 204 tudents” = e

* Right: Full record of
your analysis history —

FASTQ Quality Control

James P. Taylor (JXTX) Open
BED Science

e Leam More

@ PennState v HEALTH .
]\)H\,\ﬁ Hom\\ &SCIENCE

The Galiey Teaen i 3 part of e Canter dor Comparative Ganomics and

(iearere  Oams)
History c+09
saahcatacets 00
Galaxy 101 Histery
2shoen
740M8 2%e
sy @/ x
T Exns @/ x

v B Galy x

XA Ol
.o =®Galaxy TaBE o A™ M4 9 239

@ saveto fettiorks (B 30BN [ Refworkes ) Endete

Tools il

search 1ools ¥ X

Get Data

Send Data

Collection Operations
GEMERAL TEXT TOOLE

Text Manipulation

Filter and Sort

Juin, Subtract and Group
Datamash

GENOMIC FILE MANIPULATION
FASTA/FASTA

FASTE Quality Contrel
SAM/BAM

BED

= &l
By O 0@
& 25 a0

Histery + = =
search datasets ¥ ox
Unnamed history 7
Bus a h 2
| 8

@ This history is empty.
You can Load Your own data of get
data from an extemal scurce.
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Welcome to Galaxy, please log in @ E :,_ Ol_l

Fubiic Name or Email Address

Paszsmvord

Forgot password? Chick heve 10 reset your passmond.

Login

Dot have an account] Reqlsser e,

@ Ee AY MY —

Start Galaxy

Fiease regiser only one account. The usegalary.ong senvice is provided free of

«change and has fimited computational and 0 FBSOUTES
and usage of multiple accounts is tracked and such accounts are subject to
‘terminatian and data deletian.

Create A Galay Account

Email address
Password

Confirm password

Puiilic rarme

Your puciic name 15 an igentfier That willDe used 1o Generate 30drEsses Ror information you

jength and contam only lowes-

(7] Subscribe to maing ist

Create

Mready Fave an account? Log in here,

50 O EE
N85 0022 S
A 44 7t

© Galaxy Training

We invite you to applu to the

SCHOLARSHIP

Deadline for application:
March 31,2024

Donate to the James P. Taylor Foundation for Open Science

Learn More

Start Galaxy

Galaxy Training main page

Q Galaxy Training!

& Contributors 1@ Leamning Pathways  (@Help » K Sattin

Welcome to Galaxy Training!

Collection of tutorials developed and maintained by the worldwide Galaxy community

Galaxy for Scientists Quickstart
We have separated the tutoriats imo several categories based on field and technology. We are .
exploring other ways 1o crganise the tutarials going forwand? Leam]:g Pathwaye
i &
Introduction =
Topic Tutarials
Infroguction 1o Galaxy Analyses 13 Galaxy for
Developers
Using Galaxy and Managing your Data n
s -
Not sure where to start? e —

Try the NGS

sics Leaming Path!

Fields

Start Leaming
The latest G°

Read aboul new tulorials, b

Chget Ao RECES RS
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Start Galaxy

Q Galaxy Training! W Contriutors 18" Leaming Pathw

Introduction lo Galaxy

L)

In:r_tdl.t |'an 0 Ggmm_i_cs and Galaxy

ini o 1
Welcome to Galaxy Training! 2
Collection of tutorials developed and maintained by the worldwide Galaxy
Go a bit further
. N Explore the Galawy a bit further after you've finished the basics.
Galaxy for Scientists
We have separated the tutorials ino several catagories based on fizld and technology. We are Lesson Slides Hands-on F
exploring other ways to organise the tutorials going forward!
Data Manigulation Olympics
. 3 o | a-
Introduction :
How 10 reproduce published Galay analyses
Topic Tutorials z o
Introduction to Galasy Analyses @ i€} — N »
nesanagisics | (2) o -
Using Galawy and Managing your Data il
Outions for using Galaxy @ - ®
Other

Assorted Tutorials

Introduction to Galaxy Analyses -> NGS data logistics

Genome Sequencing data analysis pipeline

Raw Unmapped Reads
uBAM or FASTQ
1
[ Map to Reference l

l sevess | RaW SNPs + Indels [T
Analysis-Ready Reads J
Ii 1
1

[ Filter Variants ]
|

[ Refine Genotypes ]

| |
[ Annotate Variants ]

'
‘ Analysis-Ready -] \
1

[ Evaluate Callset ]

© 'A' ©
Raw SNPs + Indels

SR rowvaon | poverey

Call Variants Per-Sample

HaplotypeCaller in GVCF mode

Raw Mapped Reads

e £ 2D

l—[ Consolidate GVCFs }-J

|
Joint-Call Cohort

[ Mark Duplicates ]
1

Quality Scores

‘ Recalibrate Base

GenotypeGVCFs

Analysis-Ready Reads

{ﬁ

Sesessmsssssseesesse s e s s e s s Ee e sR e TR R R

SNP : single nucleotide polymorphism
Indel : Insertion + deletion
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NGS data logistics

FASTA file

+ 25 Reference genome

* sequenceS ISt 7t 7|
« DNA sequence 22t OtL|2} Protein sequence™ MBI},
« 2 FMS Bl oHEY 50709 sequenceZt EFEILE

NGS data logistics

FastQ file

Paired End sequencing

DNA

Sequencing
— |Ibral’ (@M92286:19: 000000600 -AA549:1:1101:12677:1273 1:N:0:23
- — y CCTACGGGTGGCAGCAGTGAGGAATATTGGTCAATGGACGGAAGT CTGAACCAGCCAAGTAGCGTGCAG

+
ABCBC, :@F :CEB,B-,C, -6-9-C,CE9-CC--C-<-C++,,+;CE¢, ,CD, CEFC,@EI<FCFCF29
(@M92286:19: 000000600 -AA549:1:1101:15048:1299 1:N:0:23

CCTACGGGTGGCTGCAGTGAGGAATATTGGACAATGGTCGGAAGACTGATCCAGCCATGCCGCGTGCAG

¥
CFCEG; 89¢8--C,CE, --C-6C-,CE: +47:,CF<, CEF,CFGGD3 CFEGC
Adapter ABCCC77CFCEG; FO<F C,CE,--C-6C-,CE: ++7:,CF<, CEF , CFGGDBFFCFCFEGCF

H92226:19:000000000-ANG40:1: 111 :11116:1322 1:N:0:23
‘ CCTACGGGAGGCAGCAGTAGGGANTCTTCGGCANTGRACGGMGTC TGACCGAGCAACGCCGUGTGAGT

+

e —

read2 AAC<CCF +@@>CC, C9, FOC9@9-CFFFEQT@: +CC8-C@: 7, @EFE, 6CF : +8F TEFEEF@EGGGEEE

Line 1 : read®| ID2} optional information
Line 2 : read®| DNA M &

Line 3 ; additional information (5 8x)
Line 4 : DNA M€ 29| quality (ASCII code)
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NGS data logistics

Base quality (phred quality score) ASCIl code

Cirl Dec Hex Char Code| [Dec HWex Char| (Dec Hex Char| |Dec Hex Char

~g| 0 (0 wL | [32 [20 e |20 (@ [|9s]|e0 |

Phred quality scores are logarithmically linked to error probabilities Al m sor [ (33 |2 [ 1 |fes | | A || 97|80 g

8|z |m stx |34 |22 |~ ||es |2 | B 9 | 62

Phred Quality Score | Probability of incorrect base call | Base call accuracy : 3 |m ere | |35 |23 |# || [ |C || w83 |c

- apl e |m gor | |3 |20 | % |[es [# | D ||mwo]es |d

10 1in10 90% g | s |os eng | |37 |25 |% || |45 | E ||wafes | €

R “F | 6 |08 ack | |38 |26 & ||70 |46 | F |[wz|es |f

20 1n 100 99% 5| 7|07 geL | (3 |27 |0 || |47 |G ||wz|e? |Q

- sl e foe os |[40 |28 | |[72 |46 [H ||w04]|e8 |

30 1 1n 1000 99.9% A le o Wro e |2 ) [ fez a9 |1 ||ws|es |

. ) |10 |oa WF 42 | | * 74 |aa | ] w6 |6a | ]

40 11n 10,000 99,99% Ak |11 |te vro | [43 |28 |4 | [75 |48 | K | [107 |68 |k

AL (12 foe feo |44 |2c |+ |76 |4c | L ||wefec ||

50 1 in 100,000 99.999% "M |13 |00 |45 |20 n |4 : 103 (60 |m

AN |14 | DE 50 46 |2 m | uofee [N

60 1 in 1,000,000 99.9999% a0 |15 |oe st |for |2F |/ | [ o |0 ||au]er |0

ap 16 |10 owe |46 |30 [0 [[s0 |50 | P ||uz2fn |p

~q (17 [ oer | 4o |3 1 | [ |5 % ui|n | q

R |18 |12 ez | fs0 [32 |2 | e | w72 |1

Q=-10log,, P s (19 |13 vea [ (s |3 |3 ||e [s3 |S [[ms|m |s

a1 |20 |14 pos | (52 |3s |4 |[ss [se | T ||us|ss |t

REINET nax | |53 |35 g 5 |55 | U ||uz]s |u

[ =2 =XE =LA ol L YN w2 |18 s | |54 |36 86 |56 |V [|ue|% |v
Q-Score™ %17|E EEOEF l:I:I'l %I'gl%I' T 9}|\E 9% 7|'3€| 0'” I:H°|_|' Txl MERE mm | [ss |3 g g |2 \;{J |7 |wW
" ERERE can | [se |38 88 |58 |7 | X

-> %7|% g% g—l%‘!% %!‘-E— =P ay |25 |10 FRIGRERERICRERA BRI AR
-1 Az |2 |18 sus | [s8 [3a |t [[s0 [sa |2 ||12|m |2

->Q10=-10 10g101 , P=01 EREAE ese | [so [am |t | for | [ [ |[w3]m |{
ENERES i | |60 |3 | |fo2 [sc |\ | |rze]7c | ]

BREERED e |fe [0 = [[oz |so [ ] [[as|m |}

— . |_ i nn |30 |1 | & |RS [[62 |38 | > | (o4 [5E [~ 126 |76 |~
fastqu-l'oal oo:{Aﬂl% phred +33E& +640|D:|, Ol ‘T‘xlln:l_}% EIOHA-I 7:”|A_I' ac o [ | v fus | [sz [sF |2 |{es | |- ||u2r| | D

. L | —
phred+3302|[[ quallty SC0re7|' 200|E|'E 530'” OH %FO}E 'S’E .'H:7| * ASLII £0¢a 127 has the code DEL. Undér M5-DUS, the code has the sama effect as ASCIL 5 (B5).

The DEL code can be generated by the CTRL + RSP key.

NGS data logistics

FastQ file
Set of reads Fasta file mmp

— —
I — Reference genome
—

Mappmg Sam / Bam file

= = =
L

ATCAGCAACGTACCGCCAGATACCGGGAACATACCATACGA

[ NN HHH| S S L

TAAGCGACGTA GGGCCAACTACC

Readl TTACCAGATAGGTT I
Read2

Ex)

>chr1
CAGTCGATCATCGCTAGCTA
ATCATATCGCCTTAGATATAG
CCGCGCTAATCGACTAGCA

>chr2
AATACGCTATTGATCAGTGC
ATAGCTAGCATTATACGTGC
GCGACTATAGTAGCAGCTAA
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Sam / Bam file

NGS data logistics

Read?| 0|E(ID)

W42 E3E mappingd] T3t HE

Reference sequence®| 0|E (chr1 §)

Mapping® 2]

Mapping quality

Mapping® read?| 2 E HEH3 ZAHY

Paired-end sequencing® U, read pair7t
mapping @l reference sequence®| 0|5

@HD  VN:
@sq SN LN: (theoretically) optional QNAME
@RG  ID: SM: HEADER SECTION
@PG  ID: general infarmation about the file FLAG
@co
RNAME
1 2 3 4 5 6 7 8 ] 10 1
‘ONAME‘FLAG‘RNAME‘POS‘MAPQ‘CIGAR‘RNEXT‘PNEXT‘TLEN‘SEQ‘OUAL‘OPT POS
Paied ot W e Mo MAPQ
Unmapped? I nserton T
apped o o D defion ! ALIGNMENT CIGAR
strand? N
19 in pair? g :;f‘;ﬁsps ' i SECTION
2 in pair? H hard clipped 1 line per locus
Faled QC? P padding RNEXT
|QNAME FLAG | RNAME | POS MAPO‘CIGAH RNEXT | PNEXT | TLEN | SEQ | QUAL | OPT PNEXT
QNAME | FLAG | RNAME | POS | MAPQ | CIGAR | RNEXT | PNEXT | TLEN | SEQ | QUAL
ONAME | FLAG | RNAME [ POS | MAPO | CIGAR | RNEXT | PNEXT | TLEN | SEQ | QUAL TLEN
SEQ
QUAL

Paired-end sequencing® I, read pair7}
mappingE ¢

Paired-end sequencing® [, & read®| 2
Z 20M QB 2 M| A2

Read®| DNA §7|M €

ASCII codeZ Phred quality score

NGS data logistics

NGS data logistics

Authors: s Anton Nekrutenko 9 Marius van den Beek

) Questions:
* How to manipulate and process NGS data
8 Objectives:
* Understand most commeon types of NGS-relaled datatypes
*+ Leam about how Galaxy handles NGS data using Tlumina data devived from patients infected wilh SARS-Col-2
X Time estimaion: 1 hour 36 minutes
[ Supporting Materials:

dWorkhiows  (DFaGs WMRecordings» @ Avallable on these Galades =
1 Published: Feb 22 2817
[ Last modification: bV

& License: Tutorial Cor licensed under Creative Commans Altribution 4.8 International License, The GTN Framewark is licensed under MIT

€1 Ratings 3.8 [3 recenl ralings, 46 all time)
0 Revision: 57

on and In this section we will look at practical aspects of ion of next tior

g ing data. We will start with the FASTQ format
produced by most sequencing machines and will finish with the SAM/BAM format representing mapped reads. The cover image above

-52 -




Introduction of WGBS analysis

Whole-genome methylation sequencing(WGBS) analysis

* QC and Adapter Trimming
[ Mgnedregon "'E’ o / Rawdai
| o 150 — l —
I — #‘
- I QC: FastQC |+
"Tﬂhﬁl ;
o St (i .
":!:’ ml = X o T
Adagc _—QCis~__ | Trimming:
I/ e OK’? - Trim_galore
%1_— oK
T
Align: Bismark —_—
S Call SNP:
] : | A B
y i Deduplication: | ~ g l
& \ Bismark | ASM:
methpipe
CpG methylation: : ]
Bisr?ark Annotation
Al '
[ ‘-=‘e§< Coverage 10 *cutoff:
| d awk & methylki DMP & DMR
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Whole-genome bisulfite sequencing(WGBS) analysis

* QC and Adapter Trimming

Nt FT sequence
Aligred region gt 2 "T
| o 150 — | —
I .
/ I -
7 samole index
Genespecific SamgleOHA  CHTTCT Ll L
» — Primar Trageraes "F:’ ity
{2ty Traapassse 1
L |'/ —
I lllllllllﬂ
5...91;".4.. Qlaseq Unkversal
i PCR Adapler

A

E ) J
]
(9]

1458706 1509 KM GHE T0TE L0ME NOIR NOME  THNTE 900
Peatizn i read ik

Rawdata

|

QC: FastQC  |e_

Trirﬁming:

- 'QC!'iS' ]

~0K2.— Trim_galore
OK

Align: ITlsmark TGS

| Bis-SNP

A

Deduplication: g
Bismark ™ ASM:
methpipe

CpG methylation: g

Bismark Annotation
[
Coverage '10 scutoff:
awk & methylKit DMP & DMR

Whole-genome bisulfite sequencing(WGBS) analysis

* Alignment(mapping) and Reference genome

Set of reads
— s Reference genome
L1 ] I
I N
- -
e o
Tﬁapping
. — -
[ ] I L |
—— - =
GAMOG&C&GATACCGGMMCMMG&
\ ..CATTCAGTAG... ...AGCCATTAG...
frr._‘_( .GOTAGTTAG... ..G6TAGTTAG...
// - V) I S ~ AGCCATTAG... .GGTAMACTAG..
T Next-generation Millions-billions of reads
Genomic DNA DONA sequencing ~30-1,000 nucleotides
RESEQUENCING De Novo ASSEMBLY
. . T
Align reads to reference genome Construct genome sequence
and identify variants from overlaps between reads

Rawdata

QC: FastQC

A~
0K

OK

Align: Bismark
\

7

N Trir'n'ming:
Trim_galore

" CallSNP:

" Bis-SNP

Deduplication: | # I
Bismark F ASM-
methpipe

CpG methylation: =

Bismark Annotation
|
Coverage '10 *Cutoff:
awk & methylKit DMP & DMR
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Whole-genome bisulfite sequencing(WGBS) analysis

+ Deduplication: remove PCR duplicates

|
|

:

===
[— ]

¥ = sequencing error propagated in duplicates

—_—_ ——— —

=—s=
P
—

Mapped

" reads

—_J

Picard MarkDuplicates

Rawdata

i

QC: FastQC
: 'QC' is - Trimming:
~0K? Trim_galore
0K
Align: I‘Blsmark W
Deduplication: !
Bismark ASM:
methpipe |
CpG methylation: g
Bismark @
Coverage '10 *Cutoff;
awk & methylKit DMP & DMR

Whole-genome bisulfite sequencing(WGBS) analysis

« Extract Methylation information of CpG context

The bedGraph format allows display of continuous-valued data in
track format. This display type is useful for probability scores and
transcriptome data. This track type is similar to the wiggle (WIG)

format, but unlike the wiggle format, data exported in the bedGraph

format are preserved in their original state.

wone | Cipayy VNG F

saousabes u

Stepl Mop pairodard

‘\ S
'6\ =

Step? Exract methylation cals
NS CEEEIED OCTECTD « o o GEEDGEED

Stepd Get 4 comtiguons CpG dimcicoides imvelved segments .

Read mapped regns

Stepd Caleudse DNA meshylation cmropy
for each segment

MEs - log

A M ot Frerepy

Rawdata
QC: FastQC |+
_QCis— | Timming |
0K? Trim_galore
OK
Align: Bi k o
M | Call SNP:
Deduplication: l
Bismark ASM:
methpipe
CpG methylation: -
Bismark Annotation
Coverage 10 <cutoff.
awk & methylKit DMP & DMR
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Introduction of ChiP-seq analysis

Methods of ChlP-seq

Input data is not going
/ through the IP step!

Add bead-attached antibodies
‘ to immunoprecipitate
target protein

J\kgﬂ M

\

i /1": ) -7 -

e\

ﬂ‘ it )/ \Q W @i@&

’ unlink protein; purify DNA

Shear Dﬂkmnds

= \
‘ (V) / ey foomes

i ' O ATG: (TGGAC (GTG
‘ ‘[ Millions of reads to map!
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Basic understanding of ChIP-seq data

| depth |

[ |

ChiP reads

Reference Genome |

Input reads 1

* Peak : enrichment of ChIP reads compared to input reads

Overview of the Data

Processina
Pipeline overview

AATCGACGTTGGCATACGTCAGTAC AATCGACGTTGGCATACGTCAGTAC

ar G AATCGACGTTGACATACGTCAGTAG
AATCGACGTTGGCATACGTCAGTAS AATCGACGTTGGCATACGTCAGTAC o1
ar ar BATCGACGTTGGCATACGTCAGTAC

AATCGACGTTGGCATACGTCAGTAC GT
GT AATCOACGTTGRCATACGTCAGTAC AATCOACGTTGRCATACGTCAGTAC

AATCGACGTTGGCATACGTCAGTAC GT Gr
6T

Raw data QC Fastac/trimmomatic

|
Mappingto a

reference

|
ChiP UG deeptools

visualisation deeptools

|

Peak calling  nacs2
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O Tip: Creating a new history B

Click the + icon at the top of the history panel:

v ¥ Gooy x 4+ o [l
€30 5 wegiyog % PEGOD OO
TORG PEU Dot Ecd @b Mma 8GD SNWS Adtypes OPy DS [Fundng # Bockmerks [ PAT » | [ ANBoomarks

Galaxy is an open source, web-based platform for data

» Intensive blomedical research. If you are new to Galaxy start
Teos & Uptoad Data. here or consult our help resources. You can install your own /7
o Galaxy by following the tutorial and choose from thousands s
t Data e
& of tools from the Tool Shed. 2
w1 send Data e
= Collection Operations 7 Compare o Datasets ond @ /B
Worton a0 anddata
[rosmel | GENERAL TEXT TOOLS
; ; °
w Text Manipulation Paper & Select st on data 3 Al
Vo | Filter and Sort Alertl \ % Sortondata 4 esi
Join, Subtract and Gr >
o U g 4 Datamash om data 3 e/
e Datamash
3 bedtoos Intersect btervat @ / B
M || cowomc e maamumon iy
& FASTAFFASTQ TR
. H 25Ny e/
FASTG Quality Control READ N?W! - -
\ 1 Exoes e/
et SAWBAM o y
BED
o~ VCF/BCF Gty weson 26/T1 COMRE SEITICHIIRBLNI1INATIRCARESCIITIA

28 5465781

Metadata for ChlP-seq

Table 1: Metadata for ChIP-seq experiments in this tutorial. SE: single-end.

ChIP SRA Library Read
Cellular state  Datatype ~ Ab  Replicate  Accession type length  Stranded?
GIE ChIP-seq  input 1 SRR567859 SE 36 No
GIE ChlP-seq  input 2 SRR567860 SE 55 No
GIE ChIP-seq  TAL1 1 SRR492444 SE 36 No
GIE ChIP-seq.  TAL1 2 SRR492445 SE 41 No
Megakaryocyte  ChIP-seq  input 1 SRR492453 SE 41 No
Megakaryocyte  ChIP-seq  input 2 SRR492454 SE 55 No
Megakaryocyte ~ ChIP-seq  TAL1 1 SRR549686 SE 55 No
Megakaryocyte  ChIP-seq,  TAL1 2 SRR549887 SE 48 No

Data size
(MB)

358

4271

323

627

572

483.8

3463

356.9
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Quality control

As for any NGS data analysis, ChIP-seq data must be quality controlled before being aligned to a reference genome. For more detailed

Q Tip: Importing via links @
o Copy the link location
o Click &, Upload Data at the top of the tool panel

o Select (4 Paste/Fetch Data
o Paste the link(s) into the text field

o Press Start

o Close the window

4,(/ FastQC (& Galaxy version §.72+galary1); Run FastGC on each FASTG.file to assess the quality of the raw data. An

- [P “Short read data from your current history™ The uploaded fastasanger files.

Quality scores across all bases (Sanger / llumina 1.9 encoding)

12345678910112131415161718192021 2223 24252627282930313233 343536
Position in read (bp)
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Trimming and clipping reads

It is often necessary to trim a sequenced read to remove bases sequenced with high uncertainty (i.e. low-quality bases). In addition,
artificial adaptor sequences used in library preparation protocols need to be removed before attempting to align the reads to a
reference genome.

# Hands-on: Timming and clipping reads

1.[# Trimmomatic (& Galaxy version 6.38.8): Run Trimmomatic to trim low-quality reads.

“Single-end or paired-end reads?™

o (O “Input FASTA file™ Select all of the FASTG files
o *Perform initial ILLUMINACLIP?"
o “Select Trimmomatic operation to perform” [EISTAULICA UL MRASL I IMETROI TR0

o

o *Number of bases to average across™ n Quality scares acrass all base
o “Average QUa{frquuired’: m r -ll. I ”]H I H]H[ H[H[ H ['H"] ”]”]”[ H [ H[H I ” ]'.'.H'.] ]
za ‘ -
20
18
16
4
© "1 z 3 4 5 6 7 8 5 10 11 12 13 14 15 16 17 18
Pozition
Quality scares across all hase Quality scores across all hase
34
| 1
P ]
30 i e ) e e { - W | je—
28
26 —
24
22 22
20 20
18 18
1s 1s
14 14
1z 1z
10 10
2} 2}
S S
4 4
< 1 Z 3 a £} (] rs = S 10 11 12 13 14 15 16 17 15 < 1 Z 3 a -] (2] rs = S 10 11 12 13 14 15 16 17 15
Position ir Position ir
Before Trimming After Trimming
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Aligning reads to a reference genome

To determine where DNA fragments originated from in the genome, the sequenced reads must be aligned to a reference genome. This
is equivalent to solving a jigsaw puzzle, but unfortunately, not all pieces are unique. In principle, you could do a BLAST analysis to
figure out where the sequenced pieces fit best in the known genome. Aligning millions of short sequences this way, however, can take a
couple of weeks, Nowadays, there are many read alignment programs for sequenced DNA, BWA being one of them. You can read more
about the BWA algorithm and fool here.

# Hands-on: Aligning reads to a reference genome

1.4 BWA (& Galaxy version 8.7.17.4): Run BWA to map the trimmed/clipped reads to the mouse genome.
o “Will you select a reference genome...* IR TRAR S TR IR [

o “Using reference genome”: [T QU T T T ML AL

o “Select input type”: EIULICIERG

o (D “Select fastq dataset™ Select all of the trimmed FASTA files

2. Rename files to reflect the origin and contents.

©Q Tip: Renaming a dataset @

> Click on the #” pencil icon for the dataset to edit its attributes
> In the central panel, change the Name field
= Click the Save button

4. |}' Samtools idxstats (& Galaxy version 2@.3}:: Run idxstats to get statistics of the BWA alignments.
o (O “BAM file™ Select all of the mapped BAM files

deeptools for analysis and visualization

Frain sutput
ool type Input files ‘application
fileds)
. perform cross-sample analyses
data terval-based
S P P ot
f table of v
- SRIERE potCormeation. lotPCA
data mterval - bared
tools /mal t8] prd giummary 5 . 2 or more bigiWig 2
integration tabie of values

o " v bam/mutBigeiglumenary  clusternd visuglize the DRy | oaaton | 1o¢mow kMG Bl kg [t rehr of oo
tools/plotCorrelation visualiration . itared from » BAM i o S
output hestmap Pearson/Speaman comelation

1 fitered BAM o fiters a BAM fle based on one
bam,multBigwinSurmemary wismlize the principal e/ alipmentSleve o 1EAM fie

to614/plotta vislizaticn 2 PCA plots _ SELFENe o M e
output compenent analysis
toals/slothestaan viswlzston  computeblatrix cutput el oz e
e envichment strength of coveragEs for gencomi regions
o 2BAM 1 disgnostic plot
2 ChiP samgle o Vel e nagenexd
e
2 diagnostic caloutube i i a0 GC. roale/sletrefle viswlzsion  computebstrin cutput e 4 P';,-,ﬂ COMraGaE over 3 group of
‘tools/computetihiss o 18AM s : Ll ‘gEnceic regions
plats distribution of reads
, wesalice e wvirage read
2 diageoss
1 BAM, output fram \ Gcomctyd | 20 0 BAM e with rencs PR — viewlzaton  16rmot BAM e comesn o tamaled
tealsieorrectihis o _ distributed acconding to the Pl ginomic postions
computellbas BAM e
genome’s GC content
IMWR PO | cttmnthe s fragment
bedGraph or i the nemakned red bl e Fragumatiise inkenation  18AM end fragment riabinkie
8 Kergeh from pained enck
tools/bealoverage novmaluation  BAM e ength
Ingittg coverage of a smghe BAM file
plats the raction of
bedGragh or normalize 2 fils 10 each other 1 more BAM and 1 or iy 5
- 28aM : i S toiesbstharctmen: vaalaaton R Adagasic et abgnmens ovirlgping he
ngitg (g hograbo, difference) x Y gnen features
zipped file for p "
y data 1 or more bigWg. 1 or compute the values peeed for Y or move BAMand 1 or it
tosls/computetatrix plotHeatmap or osls/meprteiatriniverations  mizoelaneous Adaposscpiot  algnmens overbipping the
legaticn meee BED hesatmapz, ared samrmury pleits e BEDYGTF
platPresie grven features
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Assessing correlation between samples

Correlation
* Assess the similarity between the replicates sequencing
datasets.
. . O T e @
o & & & & & d S
By using read counts for the different samples . ﬁﬁ,ﬁﬁf i“’ ‘ig"*ﬁ
1.[}' multiBamSummary (¢ Galaxy version 3.3.2.@.@)} Run multiBamSummary to get read coverage of il e e el Bl e HamaaiEnL
the alignments. R
g .
o “Sample order matters™
o (D “Bam files™ Select all of the aligned BAM files Aigoed Mega Tl R2
o *Bin size in bp™ 1880
) ) Aligred Mega Tall RL
2. \f plotCorrelation (& Galaxy version 3.3‘2.&8}'\: Run plotCarrelation to visualize the results.
o *Matrix file from the multiBamSummary tool™ Select the multiBamSummary output file Aliged Mega inpet A2
o “Correlation method": =]
. - Rligred GLE input B2
o “Plotting rype":
o “Plot the carrelation value™ [RE33 Aigned Mega rgut 1
o “Skip zeros™ NEH
o “Remove regions with very large counts™ R - Aligned GIE ingut RL

a0 @1 02 03 04 05 O0QE O 0B Q9 10

genomic bin vs bed-file

Reference Reference
1000kb 1000kb

Genomic bin [ R6 |

+genomic region divided by specific length of bin

(window) . .
Bed (Browser Extensible Data) file
* a text file format used to store genomic regions as
coordinates and associated annotations.
_— + at least 3 columns :
chromosome, chromStart, chromEnd
elect Value i
track name="|tenRGEDeno" descrintion="Iten RGB demonstration” wisibility=2 itemRgb="0n"
E o IS M Pl 0+ % 12 600
Liitcacutaion 1 certain regins (BED i) - 7 \ZATZE3 127N Pos2 0+ IZMTZED 1ZMTEN 26.0.0
chr? 120473030 1204T4E9T Pos3 0+ 1Z7473R30 1274747 256,0,0
Bin size in bp * chr? 127474837 127475864 Posd O+ 1Z7AVARSY  12747HBR4 255.0.0
chr? 127478884 120477031 Meg! O - 127478884 127477030 0,0,259
16668 chr?  1Z0TT030 20T MNeg? O - 12W47TORN 127470198 0.0,255
o b o Do i et 1o oo B e, Cobi i) 7 IZATSI 1275 Negd 0 - 1278198 1ZUTSS 00,25
chri 120479380 120480532 Posd 0+ 1E7479380 12W4E0532 255.0.0
chr? 127480832 127481699 Megd O - 127480532 1Z74EI609  0,0,255
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compute the read coverages for genomic region

1X O o s g S|

g Breadth of coverage

© - ol
o

8 5X [——

o 4X | [ —|

“5 3X [—— [

c 2X e R —— [ R —
a

0]

0

‘ Reference genome

www.metagenomics.wiki

Read coverage

* read
Depth

count on a specific genomic region

* per-base coverage, the average number of times a base of a genome is sequenced.

+ the number of bases of all short reads that match a genome divided by the length of genome
Breadth
* the percentage of bases of a reference genome that are covered with a certain depth.

cex)9

0% of a genome s covered at 1X depth, 70% of a genome is covered at 5X depth.

o of fragments in (e 2

Correlation

R ’ 8 _
. . . Spearman Correlation of Read Counts
! . 3
8 gl -
o each dot = £, I
T .. one ganame E F
o .. regian 5-
LN I3 ' o
o % 0L . e
o "o
N g ae v LY
.
e [
1020 30 40 50 60 70 10 20 30 40 50 60 70
(‘ ne- of fragments in fle | Q e of frogments in file 3 et
although the absolite rambers of t—
Fragments differ in the twe thata I samples thew no gpperant coerelation .
semples, the trands are the same between thelr fragment coverages, e knowing w 3
end their coverapes are well hat a specific qenome region kas kigh coversge in S
correlated File 3 will not tall you that the same genome P Bt 10
region will have kigh coverage in e 4, too
s
1 R} 04 o 0.4 08 -1 - ‘
. L i oy " . N - 3
VAR AR B O T TN S -
1 1 1 1 1 1
. H

. ]
| el
N8
f it

"E%% %@fﬁ x Q ::

| ____
-10 -0.8 -0.6 -0.4 =02 00 02 04 06 08 10

deeptools plotCorrelation
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Assessing correlation between samples

Correlation
* Assess the similarity between the replicates sequencing
datasets.
* By using read counts for the different samples & f & j" P4 ‘;‘6
ﬁ‘“ »‘” f £ EE ﬁ‘“ »‘”
1. multiBamSummary (& Galaxy version 3.3.2.0.0)} Run multiBamSummary to get read coverage of e el el el e Algned GLE L2
meaﬁgﬂmEﬂt& —[ 058 | 058 | 062 | 061 | 062 | 064 0B84 | Aligned G1E T2l AL
o “Sample order meﬂers”: .

o (D “Bam files™ Select all of the aligned BAM files
o “Bin size in bp™ 1980

Aigned Maga Tall R2

| Aligred Mega Tall R1

2. [}' plotCorrelation (& Galaxy version 3.3‘2.&8]]: Run plotCarrelation to visualize the results.
o “Matrix file from the multiBamSummary tool™ Select the multiBamSummary output file

o “Correlation merhod":
o “Plotting rype":

o “Plot the correlation value™

o “Skip zeros":

o “Remove regions with very large counts™ -

| Aligned Mega gt A2

Higned GLE iput B2

Rligned Maga input A1

| Aliged GIE input K1

a0 01 02 03 04 05 06 07 0B 09 10

P strength

ImmunoPrecipitation strength 10

. . L. = AIign;ed G1E inpult R1
* evaluate the quality of the immunoprecipitation —  Aligned G1E input R2
— Aligned G1E Tall R1

Aligned G1E Tall R2

e
oo

step in the ChlP-seq protocol.

* By compare input bam and ChIP bam

S
=

o
=

1. [}' plotFingerprint (& Galaxy version 3.3.2.&8)]: Run plotFingerprint to assess ChIP signal strength.
o (D “Bam files™ Select all of the aligned BAM files for the G1E cell type

o “Show advanced options”: 133
o "Bin size in bases”™

o “Skip zeros™

fraction w.r.t. bin with highest coverage

02

rank
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P strength

' input : —— input N —— input
for H3Kdme3 | | hisicandiod | —HIK36me3 | — H3K27me3
; prlct i e difeence
i an input eample b&hémn L’;{F“* Iﬁ
H 06 [ 6 P signal ie
§ « el?gr here
§ [T} od L)
:
fo2 az 0z
D M.:. _:« 0 [ e a8 5 5 W o 10
; o pay atfention fo where the curves sfart H3K27me3 is a mark that yields broad
whegﬁmﬂm;eﬁg Gﬂmgngi;no?ﬁ of to rige - thie almadg giveg you an domains instead of narrow peaks
maximu%n puttber of realga are reached, ie. 3% a&sesﬁmw of how mu;j ofjlve[_gazqme C
of the genome contain a very large fraction of You e riof sequenced a al L. ing
ool containing zero reade - for this example, i more iffudt fo disfinih
reats ea. 10% of the entire genome do not e more 0 ut 10 dsfingus
o _ have any e input and ChiP i doeg not mean,
thig indicates very localized, very hwehmgr, that thie paf:mular
atrong enrichmentg! [0 experiment failed
[a&mghinlug%@rlvifforhnmﬂh P
H3kKdmed)

Peakcall

Peakcall
* Peak : regions of protein occupancy

* Determined from pileups of sequenced reads across the genome that correspond to
where protein binds

ChIP reads

e = & caEn
et T T @ O @
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MACS?2

Model-based Analysis of ChIP-seq e
FASTQ
Tasks:
* |dentify regions of protein occupancy BAM
* Generate bedgraph files for visual inspection of
the data on a genome browser -
BED
BED
BigWig FASTA

QL MotiDcorsy . Fundﬁgﬂgﬁlﬁmem

Sequencing data of ChlIP-seq

/_’L.QJ\/\/\N‘
sequenced section Sense strand
(‘tag” or ‘read’) ChIP enriched fragments
MW Strand asymmetry with read densities on the
. » +/- strand, centered around the binding site.
3 5 .
* The 5" ends of the selected fragments will form
Antisense strand groups on the positive- and negative-strand.
ChlIP enriched fragments

* The distributions of these groups are then

| W\s%ugpgq;:acégn assessed using statistical measures and

,e,er;,‘.l'fe“g‘;’ml compared against background (input or mock IP
: samples) to determine if the site of enrichment is

SM@ likely to be a real binding site.
-

; \@/antisense tags

d
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MACS2 algorithm

L] Y,
Remove redundancy Remove redundancy

Select 1,000 regions with a
10~ to 30-fold enrichment relative
to the genome background

Build model and estimate
DNA fragment size d

Shift reads toward 3’ end by d

Scale two libraries

( Call candidate peaks relative to genome background )1

( Calculate dynamic A for candidate peaks )

((Calouiate P value and fiter candidate peaks )

( Calculate FDR by exchanging treatment and control )‘

Removing redundancy

dealing with duplicate reads at the exact same location
* reads with the same coordination and the same strand

The Bad kind of duplicates

« If initial starting material Is low this can lead to overamplification of this material before
sequencing.

* PCR, repeat sequence
* Masking these regions prior to analysis can help remove this problem

The Good kind of duplicates
* only sequencing a small part of the genome.
* Increase if the depth of coverage is excessive or if the protein only binds to few sites.

* If there are a good proportion of biological duplicates, removal can lead to an
underestimation of the ChIP signal
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Modeling the shift size

* The read density around a true binding site should show
a bimodal enrichment pattern (or paired peaks)

Build model

* scan the whole dataset searching for highly significant
enriched rigions

Positive strand
read density
+ find regions with reads more than fold-enriched
relative to a random read genome distribution
Negative strand

« randomly samples 1,000 of high-quality peaks, separates read density

their +/- strand reads, and aligns them by the midpoint
between their centers

* d: distance between the modes the two peaks in the d
alignment

* shifts all the reads by d/2 toward the 3’ end to the
most likely protein-DNA interaction sites.

Scaling libraries

* Sequence depth differs between input and treatment samples
* Linearly scales the total control read count to be the same as the total ChIP read count.
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Effective genome length

* \is the expected number of reads in that window

* To calculate ABG from read count, MACS2 requires the Gy
effective genome size or the size of the genome that is m—
[=———1 [
mappable. R pEm— e
+ Effective genome size to correct for the loss of true signals
in low-mappable regions Typical ChIP-seq peak
* Mappability is related to the uniqueness of the k-mers at a —_—
particular position the genome, ——
* Low complexity and repetitive regions have low uniqueness E—
which means low mappability. e

Low-complexity ChiP-seq peak

Landt et al, Genome Res. 2012

Peak detection

« After MACS2 shifts every read by d/2, it then slides across the Pr(t=K) = IP\—kh
genome using a window size of 2d to find candidate peaks. ke

* The read distribution along the genome can be modeled by a A = mean = expectated value = variance
Poisson distribution.
A= __total number of events (k)
number of units (n) in the data

* Poisson is a one parameter model, where the parameter A is
the expected number of reads in that window

= Read length (nt) * Total read number
Effective genome length (nt)

Mocal
* dynamic parameter Density 0.40——— ‘
. . . . 035077 e A=1 |
* taking the maximum value across window sizes ', ¢ )i
030 | A=4
* Mocal = max(ABG, ATk, A5k, A10k). _ozsl | ° A=10 |
= |
. . I
* robust against occasional low read counts at small local x 0200 q_,!'\.
regions. o1 4 %
_ o0f /| 4%
ChIP ol F \a
005t /% /S |
Control 0.00L2 ;O&maahlu;aAQQﬂM
300bp o 5 10 15 20
J 1kb K
Skb http://en.wikipedia.org/wiki/Poisson distribution

10kb
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Peak detection

* A region is considered to have a significant read enrichment if the p-value < 10e-5

» Overlapping enriched peaks are merged, and each read position is extend 'd" bases from its
center.

* Summit : The location in the peak with the highest fragment pileup, precise binding location
» The fold enrichment : the ratio between the ChIP-seq read count and Alocal

Determining TAL1 binding sites

Now that BWA has zligned the reads to the genome, we will use the tool MACS2 to identify regions of TAL1 occupancy, which are called
“peaks”. Peaks are determined from pileups of sequenced reads across the genome that correspond to where TAL1 binds.

MACS2 will perform two tasks:

1. Identify regions of TAL1 occupancy (peaks).

2, Generate bedGraph files for visual inspection of the data on a genome browser.
More information about MACS2 can be found in Zhang et al. 2688.

1./ MACS2 callpeak (% Galaxy version 2.1.1.28168389.6): Run MACS2 callpeak with the aligned read files from the previous
étep as Treatment (TAL1) and Control (input). .
o “Are you pooling Treatment Files?"
o (D “ChIP-Seq Treatment File™ Select all of the replicate ChIP-Seq treatment aligned BAM files for one cell type
o “Do you have a Control File?":
o “Are you pooling Control Files?":
o [0 “ChIP-Seq Control File™ Select replicate ChIP-Seq control aligned BAM files for the same cell type

o “Format of Input Files”; [ENULLGCEEIELI]
o “Effective genome size™

E LGl EI Rl = el Peaks as tabular file (compatible wih MultiQC)
bedGraph files (--bdg)

N Peak summits M Scores in

2. Rename files to reflect the origin and contents.

3. Repeat for the other cell type.
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Inspection of peaks and aligned data

It is critical to visualize NGS data on a genome browser after alignment to evaluate the “goodness” of the analysis. Evaluation criteria
will differ for various NGS experiment types, but for ChIP-seq data we want to ensure reads from a Treatment/IP sample are enriched at
peaks and do not localize non-specifically (like the control/input condition).

Inspection of peaks and aligned data with IGV

1. Open IGV on your local computer.
2. Click on each narrow peaks result file from the MACS2 computations on “display with IGV" -> “local Mouse mm18”

3. For more information about IGV see here

Identifying unique and common TAL1 peaks
between stages

We have processed ChIP-seq data from two stages of hematopoiesis and have lists of TAL1-occupied sites (peaks) in both cellular
states. The next analysis step is to identify TAL1 peaks that are shared between the two cellular states and peaks that are specific to
either cellular state,

1. bedtools Intersect intervals (& Galaxy version 2.29.9); Run bedtools Intersect intervals to find peaks that exist both in
GIE and megakaryocytes.
= (Y “File A to intersect with B": Select the TAL1 GIE narrow peaks BED file

< () “File B to intersect with A Select the TAL1 Megakaryocytes narrow peaks BED file
o Running this tool with the default settings will return overlapping peaks of both files.

2.|# bedtools Intersect intervals (& Galaxy version 2.29.8): Run bedtools Intersect intervals to find peaks that exist only in
GIE. '
= () “File A to intersect with B" Select the TAL1 GIE narrow peaks BED file
o ) “File B to intersect with A”: Select the TAL1 Megakaryocytes narrow peaks BED file
o “Report only those alignments that **do not™* overlap the BED file™

3./ bedtools Intersect intervals (& Galaxy version 2.29.8)} Run bedtools Intersect intervals to find peaks that exist only in

megakaryocytes.
o ) “File A to intersect with B": Select the TAL1 Megakaryocytes narrow peaks BED file

o [} “Fite B to intersect with A" Select the TAL1 G1E narrow peaks BED file
o “Report only those alignments that **do not** overlap the BED file":

4. Rename files to reflect the origin and contents.
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Generating Input normalized coverage files

We will generate Input normalized coverage (bigWig) files for the ChIP samples, using the bamCompare tool from deepTools2.
bamCompare provides multiple options to compare the two files (e.g. log2ratio, subtraction). We will use log2 ratio of the ChIP samples

over Input.

1. }‘ bamCompare (& Galaxy version 33,2,&.0j:: Run bamCompare to get the log2 read ratios between treatment and control

samples.
> “First BAM/CRAM file (e.g." treated sample): Select the Megakaryocyte TAL1 aligned BAM file for replicate 1(R1)

> “Second BAM/CRAM file (e.g.* control sample)™: Select the Megakaryocyte input aligned BAM file for replicate 1(R1)

ER e TR Yol IR R Rl Compute log2 of the number of reads

2. Repeat this step for all treatment and control samples:
> Megakaryocyte TAL1 aligned BAM R2 and Megakaryocyte input aligned BAM R2
> GIE TAL1 aligned BAM R1 and G1E input aligned BAM R1
> G1E TAL1 aligned BAM R2 and G1E input aligned BAM R2

3. Rename files to reflect the origin and contents.

Plot the signal on the peaks between samples

Plotting your region of interest will involve using two tools from the deepTools suite:

« computeMatrix: Computes the signal on given regions, using the bigwig coverage files from different samples.

« plotHeatmap: Plots heatMap of the signals using the computeMatrix output.

Optionally, you can use plotProfile to create a profile plot using to computeMatrix output.

#' Hands-on: Calculating signal matrix on MACS2 output

1 ;,P computeMatrix (& Galaxy version 3.3.2.8.@}_': Run computeMatrix to prepare data for plotting a heatmap of TAL1 peaks.
o [) Select Regions > “Regions to plot™ Select the MACS2 narrow peaks files for G1E cells (TAL1 over Input)

o [ “Score file™: Select the bigWig files for the G1E cells (log2 ratios from bamCompare)

o “computeMatrix has two main output options™
« "The Reference point for plotting™

“Distance upstream of the start site of the regions defined in the region file": Jelli4
= “Distance downstream of the end site of the given regions”: Jel:LL]
o “Show advanced options”™

o

“Convert missing values ot zero": R{=

o

o

“Skip zeros™

2. Repeat for Megakaryactes.
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#' Hands-on: Plotting a heatmap of TAL1 peaks

1. _(I' plotHeatmap (% Galaxy version 3.32.@.1}]: Run plotHeatmap to create a heatmap for score distributions across TAL1
peak genomic regions in each cell type.
o “Matrix file from the computeMatrix tool”; Select the computeMatrix output for GI1E cells
o “Show advanced options™ m

o “Labels for the samples (each bigwig) plotted™ Enter sample labels in the order you added them in computeMatrix,
separated by spaces. an o e ol

prmp— —-

2. Repeat for Megakaryocytes.

.
O
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