6.047/6.878/HST.507
Computational Biology: Genomes, Networks, Evolution

Lecture 11 - Epigenomics
read mapping — peak calling — multivariate HMMSs



Module lll: Epigenomics and gene regulation

« Computational Foundations
— L10: Gibbs Sampling: between EM and Viterbi training
— L11: Rapid linear-time sub-string matching
— L11: Multivariate HMMs
— L12: Post-transcriptional regulation
 Biological frontiers:
— L10: Regulatory motif discovery, TF binding
— L11: Epigenomics, chromatin states, differentiation
— L12: Post-transcriptional regulation



Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data

2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)



One Genome — Many Cell Types

ACCAGTTACGACGGTCA
GGGTACTGATACCCCAA
ACCGTTGACCGCATTTA
CAGACGGGGTTTGGGTT
TTGCCCCACACAGGTAC
GTTAGCTACTGGTTTAG
CAATTTACCGTTACAAC Images of skin, heart, a red blood cell, and a human

brain removed due to copyright restrictions.
GTTTACAGGGTTACGGT ‘
TGGGATTTGAAAAAAAG

TTTGAGTTGGTTTTTTC
ACGGTAGAACGTACCGT
TACCAGTA

Image Source wikipedia



DNA packaging
Why packaging
— DNA is very long
— Cell is very small

Compression

— Chromosome is 50,000
times shorter than
extended DNA

Using the DNA

— Before a piece of DNA
is used for anything,
this compact structure
must open locally

Now emerging:

— Role of accessibility

— State in chromatin itself
— Role of 3D interactions

short region of
DNA double helix

LN AN AN ON N7

"beads-on-a-string” 11 nm

form of chromatin

30-nm chromatin
fiber of packed
nucleosomes

30 nm

section of
chromosome in an

extended form 200 nm

condensed section
of chromosome

700 nm

l

entire
mitotic
chromosome

1400 nm

© Garland Science. All rights reserved. This content is excluded from our Creative

Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.
Source: Alberts, Bruce et al. "Molecular Biology of the Cell." (2014). 5
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Three types of epigenetic modifications

EPIGENETIC MECHANISMS HEALTH ENDPOINTS

are affected by these factors and processes: * Cancer
¢ Development (in utero, childhood) — * Autoimmune disease

¢ Environmental chemicals * Mental disorders
¢ Drugs/Pharmaceuticals

¢ Diabetes
e Aging
¢ Diet EPIGENETIC
. CHROMATIN FACTOR
CHROMOSOME /

/“ DNA methylation

‘ Methyl group (an epigenetic factor found

in some dietary sources) can tag DNA
HISTONE TAIL

and activate or repress genes.

DNA accessible, gene active

Histone modification
The binding of epigenetic factors to histone “tails”
Histones are proteins around which | HISTONE alters the extent to which DNA is wrapped around

DNA can wind for compaction and DNA inaccessible, gene inactive histones and the availability of genes in the DNA
gene regulation. to be activated.

Courtesy of National Institutes of Health. Image in the public domain.

Image source: http://nihroadmap.nih.gov/epigenomics/



https://en.wikipedia.org/wiki/Epigenetics_of_schizophrenia#/media/File:Epigenetic_mechanisms.jpg
http://nihroadmap.nih.gov/epigenomics/

100s of histone tail modifications

» 100+ different histone modifications
 Histone protein > H3/H4/H2A/H2B
- * AA residue = Lysine4(K4)/K36...
» Chemical modification > Met/Pho/Ubi
— g Histone tails  Number > Me-Me-Me(me3)
. * Shorthand: H3K4me3, H2BK5ac

modifications

e, ° [N addition:
(¥ 5, -DNAmodifications
o) . .
,5} o » Methyl-C in CpG / Methyl-Adenosine
5 &y » Nucleosome positioning
coven s s romos ceame -~ DNA accessibility
Commons license. For more information, .
see tpz//ocwmieduneip/ea-taruse. @ | N€ CcONStant struggle of gene regulation
DNA wrapped around * TF/histone/nucleo/GFs/Chrom compete

histone proteins
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--------------------------------------

Combmatlons of marks __o___o enomlc state

........................................

Enhancers Promoters - Transcribed

e H3K4me1 * H3K4me3 e H3K36me3 e H3K9me3
e H3K27ac * H3K9ac * H3K79me2 * H3K27me3

* DNase * DNase * H4K20me1 * DNAmethyl

chromatin fiber "+ H3K4me3

) » H3K4me1
H3K27ac
H3K36me3
H4K20me1

e H3K79me3

DNA

H3K27me3
H3K9me3
H3K9ac

D 2 \. o u Ll
k) . 1

°o = Sy oo P

—
- Yo i Y% N

lllu ul\\\‘““

Courtesy of Broad Communications. Used with permission.

© source unknown. All rights reserved. This content is excluded
from our Creative Commons license. For more information,
see http://ocw.mit.edu/help/faq-fair-use/.

* 100s of known modifications, many new still emerging
« Systematic mapping using ChlP-, Bisulfite-, DNase-Seq -
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Eplgenomlcs Roadmap across 100+ tlssues/cell types

Art: Rae Senarighi, Richard Sandstrom

. : %‘-"".
Heart - .\. to ‘ ] - @.’
t ; nte date s—
1] JYTUS m- SR y 5
can Niddle &‘% 7'|:-v1\.
- ¢ e | lobe » \ -
= e NIgra s\ 00 Lung
$on O lateral m §
. Pr t ortex ‘l \ Lorgd Hio«

Lwer s ; =
4dn Y "
creas .« Ost t '//
3 : —— [ & Germinal matnx
" @ M. Diverse epigenomi
i‘g) Q Diverse epigenomic assays:
o 1. Histone modifications

« H3K4me3,
‘@ O e

" mesanchymat cesa| |« H3K27me3, H3K9me3
* H3K27/9ac, +20 more
2. Open chromatin:
* DNase
3. DNA methylation:

R AR N N

Courtesy of NIH Roadmap Epigenomics Mapping Consortium. Used with permission.

* WGBS, RRBS, MRE/MeDIP

4. Gene expression
* RNA-seq, Exon Arrays

Diverse tissues and cells:

1. Adult tissues and cells (brain, muscle, heart, digestive, skin, adipose, lung, blood...)
2. Fetal tissues (brain, skeletal muscle, heart, digestive, lung, cord blood...)
3. ES cells, iPS, differentiated cells (meso/endo/ectoderm, neural, mesench, trophobl)®


http://www.roadmapepigenomics.org/

Ongoing epigenomic mapping projects

NIH Roadmap for Medical Research

* Mapping multiple modifications

 In multiple cell types

* |In multiple individuals

* In multiple species

 In multiple conditions

« With multiple antibodies

» Across the whole genome

*First wave published
L ots more In pipeline
*Time for analysis!



Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data

2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)

3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)
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ChIP-seq review

(Chromatin immunoprecipitation followed by sequencing)

Sample fragmentation
Immunoprecipitation

/ / Histone ChIP

x J DNA purification

1 PolyA tailing

Non-histocne ChiP

End repair and
adaptor ligation

D e m— B m—] —)
- = —_— fv—
Cluster Amplification
generation l on beads
(bridge PCR) {emulsion PCR)
’
T, il 7
N T 3
e T
—E N Ny
2 e a8
Helicos
Hlumina Single-molecule
Sequencing Roche ABI sequencing
with reversible Pyrosequencing Sequencing with reversible
terminators by ligation & terminators

Sequence reads
Nature Reviews | Genetics

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Park, Peter J. "ChIP-seq: advantages and challenges of a maturing

_«— antibody

technology." Nature Reviews Genetics 10, no. 10 (2009): 669-680.

Bar-coded multiplexed sequencing

Input DNA Pol Il

l l
BEE @SS
l
\bﬁ

L

Ste12

l

Cse4d

l Lyse/Sonicate
i

A IP

Reverse crosslinks
l Degrade proteins

—CATT| VLD —=TGCT| DOV== End-repair
L e 91— ==ACG |1091 —GTAT| 1v9— Add one “A” nucleotide
—=TGC 195V ==CAT lV19= Ligate barcoded adapter
=SHI—ms= =i—3%N= =E&—nB3= A—ve=
l l l | S
Size selection 150-350 bp
—_— Mix all four libraries

/4\
Iniut ii ‘ i'iii iii4
© Illumina, Inc. All rights reserved. This content is excluded

from our Creative Commons license. For more information,
see http://ocw.mit.edu/help/fag-fair-use/.

TGCTNNNNNN

CATTNNNNNN

ACGTNNNNNN
GTATNNNNNN

One lane on flow cell

Sequence on lllumina GA

Barcode parser

Analyze and score TFBS

Source: Lefrangois, Philippe et al. "Efficient yeast ChIP-Seqg using multiplex
short-read DNA sequencing." BMC genomics 10, no. 1 (2009): 1.
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ChlP-chip and ChlP-Seq technology overview
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Modification-specific antibodies - Chromatin Immuno-Precipitatio
followed by: ChIP-chip: array hybridization
ChIP-Seq: Massively Parallel Next-gen Sequencings




ChlP-Seq Histone Modifications: What the

 Each sequence tag is 30 base pairs long

* Tags are mapped to unique positions in the ~3 billion
base reference genome

 Number of reads depends on sequencing depth.
Typically on the order of 10 million mapped reads.

14



Summarize multiple marks into chromatin states

Enhancers Promoters _Transcribed IRepressed
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N ] IIII- IIIIIIIIII ME D0 I \., I II-IIIIIIII i T TN IIIIII__I.
NASeq ™ a I . .
H3K36me3 __  _aa o . —ta Ad o auia o
HAK20me 1
H3K79me?2
H3K/9mel
H3K9me1l
DNase _ a AR, e ek wRaB e ok s bes o . e —.-_—.L_L P W S
W DGF a_mk R . m a B e o deoaw o e . — I — L —
&~ Input
} S H3K4me3 —-_“_l—l__..u_‘__l._____Ll_l_l.___l_.l_l— il ak & R | -
(1] H3K9ac P W Py | N S I e mEm sl da it sl oa _
E H3K56ac _ a A _aal . e aaon . e e .
H2A7Z _  a.sha . e ddeach fe o sae o o 8 3 o _.am Al e nh Bl oo e .
Q H2BKb5ac . A oAl e A . -
‘= H3K4me?2 PP DR NPT | R S N e o w mia maemB -
= H3K18ac TS Y Y Ve . PO~ -
g H3K27ac
] H4KBac
2
ac
Q H3K23ac
(«)) H2AK5ac
HAK91ac
+ HZBKlZDa[
o H2BK1
o HZBKiSac
H2BK20ac
H3K27me3 ea o o e vl —_ - A -
v

© WashU Epigenome Browser. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

WashU Epigenome Browser

ChromHMM: multi-variate hidden Markov model 15
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Mapping millions of short reads
to the genome

Traditional Hashing Schemes
Burrows-Wheeler Transform (BWT)



Mapping Reads to the Genome

e Assign reads to best matching location in reference genome
e 10,000,000s of reads, ~30 bases long

 Example: CAGGGCTGATTGAGGACATTCATCACG

* Allow mismatches: sequencing errors, or SNPs

* Algorithmic and memory efficiency is critical

ATAGTCTTCCTGCATAGTCCTTTCTGCCAGACGGTAATTACAACCTTTTGTTATAAAAATAGAGAAGACTTAAAATTCTGCAGTAGGAGTGTCTGTATTCCTCCG
CAATCACTTCAATGTGTCTATTTTTGTGATCTAAAAATAACGGCTCCTGCAGATAAACTCGGATATGAGAGTTTCATAATGACAACTAGCATATATTTGTCCAGAG
TTATTAAAACGGTCTAGACGAGACTATCATTTTCCTAAAATACCAAAGATTAAGTCACACGGAAGACTCAGAAAAACACCTACAGAGACCTCACAGAAGTTTCTAG
TTTAAAGTATGTGAGTGTGCACACTTTCATCTTAGTCTAAGCATCAGGGGGAACGTTGGGTAAACATTACTAAAGCTGAAACAGTGCCACGATGCCAGATATTAGG
TCATAAATATGAACTTTTTTTTTTTGAGATGGAGTCTTGCTCTGTTGCCCAGGCTGCAGTGCAGTGGCACAATCTCAGCTCACTGCAGCCTCCGCCTCCCAGGCTC
AAGCAATTCTCCTGCCTCAGCCTCCTGAGTAGCTAGGATTACAGATACCCACCACCATGCCCGGCTAATTTTTGTATTTTTAGTAGAGACAGGGTTTCACCATGTT
GGCCAGGCTGGTCTCGAACTCCTGGCCTTAAGTGATCTGCCCACCTCTGCCTTCCAAAGTGCTGGGATTACAGGCCTGAGCCATCGCGCCTGGCTATAAGTATGAA
CTTTTAAGAATCTAGAAATGAGGCCCTCCAAAAAGAGATGAGCTGGTAACAGAGCCGAACACACAGAAAATAGTTTCAGGAAGGGCCTGGGCAGAGGAAGGCCTAA
TAAGCAAGGAAGCCACAAACATGTAGCCCAGCAATACACACACACAAACAATTCCTACATGCAGAGCCCTTTAGGAATGGCAGACCTTTGTTTCTACAACAGATGA
AGCTGTGAATAGCCTAAAGAACACTTGCTCCTGGGGGTGGCCTGTAGAGTGTCATAAAAGTCTGAATAAAACGGGCTGGGTGGAGCTGGATGATCACGTGTGTGGT
TCCACAGGGTGAAGACAGCATCCGGTTCACAGTCACAGGTTCGTGTGTAAGGCGTGCATGTGGAGAAACGCCTTTGAGGAAAAGGCGTGTGAAAGGGTCTTTGGGG
GGGACGGGCTAGACACAGGCTCAGAGAAGTGGATGGTTCTCAGGATGCAGATGAGTGTGGTAACTGGAGTCTAAATCCAGTGGTAAGACTGTGCTGTCAAGAGACA
CTGGGGTGACACAGGGCAAATGGAGGCAGAAGAGCAGGTCCCACCTGAAGAAGGGCTCAGGGGCTGGAATCTAGGGCAGGAACTAGCCTGAGAGCCTGCCACAGGC
TGGTATGGTGCCATCTTAAGCAGGAAGAACTCGCACAAGCCCCTACCCAGGGGTGGAGTGCTGTGGTGACTGTGGGCACCCAGAGACACCCCAGGGAGGATTGGCT
GAGGGGGAAAGGAGGAGATTCACTGGACCTGATACCCCTCCGCCTAAGATGGGGGGCTCTACTGGATGGACTCTGAAGCTAGGATGGGATCCTAAAGTGGCTCTGT
TTGCCCCGTGCCACCCTGTCCTAACATGGGACCTACAAGCGGGCCCTGCCCTGCCCAGGGCCCAGGAAGCTCTCCCCGCTCCTATGTCTGTTTCCCTCCCAGGTCC
ACTCACCCCCATGAGACTCAAAGGCCCTTTCAGGACAAAGACAATCGCTTCACCATTTCTTCTTCAACTCCTGGCACAGAGTCTGGCCACTGGGAGACACCCAGCC
AATAAGGCAAGGGAGAGAGGACTGAGGAGGGAAGGGGGCAGATCAAGTGATGAGAAGATCCCTCTTTAGAATCAGGTGGGGGCCTCGCACAGAAAGGGCGGCCTCC
CCCACAGGAACCCCAGGGCAGGTCCAGAGCAGCAGGAAGGAGGAGGCGGCCAATGGGAAGGCAACCGAGCCCCAGGGACACACTGCGTCCATCGTGGCTCCTGAGG
GATGGGCCACCCACTTCCGACCCCGGCCACTAGAACCTGCTTTCAGTTTGTTTATGCTCCTGAGCACTGGGGGTCCTCAGCCCCTCTCTTCCCTCAAGGAGGCTGT
TGTCTCTTGGTTCCTGCTGTGGGGCAGCTATGAATTTACGATGdCAGGGCTGATTGAGGACATTCATCAGGATATCGbGGAAAAGAATGGAGAATCAAAACAGTAA
GAAAAAAGTCTGAAATACCTTCCAAGTCTATTTCATAGCCTTGGAAAACATAACAATAAATTTACTTTATGTCTACCTTTGAAAATTATCTTAACATAGATGCCAA
TTTCAAACCCTCCCAGTACTGGGAGACAAATGGCATACTGGTTTCTCACAAGCCTCCTTCATTCATCTGCTAACTGTGAAGGCCTCATCTCTGAACGCC&XGGGCC
GGGCACCGTGCCTGGATCAGGCAGGATGCTCAATACGCGGTTGTGAGATGAGTAACAGGCAGACACCGTAGAACCAGCACTTGATGAGGCCTGCTGATT... 17




How would you do it:

L2: Sequence alignment: O(m™*n)

L3: Hashing / BLAST: O(m+n)

— Solution until 2008 (e.g. MAQ, Li et al, GR 2008)
Other advanced algorithms:

— Linear-time string matching: O(m+n). L3 addendum
— Suffix trees and suffix arrays: O(m). L13 addendum

Challenge: memory requirements
— Hash table, suffix tree/array require O(m*n) space

Today: Burrows-Wheeler transformation O(m)
— Ultrafast/memory efficient. New norm since 2009.
— Introduced in: Bowtie (Langmead GB 2009).



Second Generation Mappers have Leveraged the
Burrows Wheeler Transformation

Software

Ultrafast and memory-efficient alignment of short DNA sequences
to the human genome
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Abstract

than 25 million reads per CPU hour with a memory feotprint of approximately 1.3 gigabytes.
Bowtie extends previous Burrows-VWheeler techniques with a novel quality-aware backtracking
algorithm that permits mismatches. Multiple processor cores can be used simultaneously to achieve
even greater alignment speeds. Bowtie is open source http://bowtie.cbcb.umd.edu.

.35 times faster than Maq and 300 times
faster than SOAP under the same conditions”

APPLICATIONS NOTE

Vol 24 no. 5 2008 pages 713-714
doi:110: 1083 bioinformatics/bin025
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Sequence analysis

SOAP: short oligonucleotide alignment program

Ruigiang Li"%,

Yingrui Li', Karsten Kristiansen” and Jun Wang

12,5

"Befing Genomics Instiute at Shenzhen, Shenzhen 518083, China and “Department of Biochemistry and
Mlecular Biclogy, University of Southem Denmark, Odense M, DK-5230, Denmark

acoepted on Jawary 14, 2008

ABSTRACT

Summary: We have developed aprogram SOAP for efficient gapped
and ungapped aignment of short afigonuclestides onto reference
sequences. The program & designed 1o handle the huge amounts
of short reads generated by parallel sequencing using the new
oeneration llumina-Solexa sequencing technology. SOAP is compa-
tible with numerous applications, including single-read or par-end
resequencing, small RNA dscovery and mRNA tag sequence
mapping. SOAP & a command-driven program, which supports
muti-threaded perallel computing, and has a batch module for
multiple query sets.

Availability: htip2//soap.genomics.org.cn

Contact: soap@ganomics.org.cn

SOAP will allow either
continuom

tain number of mismatches or ong
ng a read onto the reference sequence.
ch read which has minimal number of
mismatches or smaller gap will be reported. For multiple equal-
best hits, the user can instruct the program to report all, or
randomly report one, or disregard all of them. Sincs the typical
read length is 25-50bp, hits with too many mismatches are
unrcliable which arc hard to distinguish with random matches.
By default, the program will allow at most two mismatches.
Between two haplotype genome sequences, occurrence of single
nuckotide polymorphism is much higher than that of small
insertions or deletions, so ungapped hits have precedencs over
gapped hits. For gapped alignment only one continuous gap
with a size ranging from | to 3bp is acoepted, while no

Sequence analysis

SOAP2: an improved ultrafast tool for short read alignment

Ruigiang "1, Chang Yu'!, Yingrui " Tek-Wah Lam®, Siv-Ming Yi?,
Karsten Knsuansen2 and Jun Wang'2*

y and Moleculer
ent of Computer Scence,

ABSTRACT
Summary: SOAP? is a sigrfcant improved versin of the short
olgonucleotide alnenent program that both reduoss. computer
memory usage and ncreases alirnent speed at an unprecedented
rate Weused [[Eumons Wheels Tansfomason BT R ompression
i to substtute the seed syatagy for indexng the reference
sequence i the main memory We tested t 0 the whole human
‘genome and found tha tis new aigortm reduced memery usage
fom 147 %9 54GB and improved aigrment speed by 20-3)
times. SOAP2 s compatible with both single- and pafeend reads
Akdtoeally, s ool row supports mulipl text and compressed S
formats.

assembly and SNP detection from alinme of short reacs on a
reference genome.

Avaiabiity: htp:'sosp genomics org.cn

Contact: soap@encmics o cn

vanabon map, will generate abowt 15T of sequence wsing next-
Witheven the fistet p

cametly m:hb\ ooc would e ~1000 CPU months to m ]
these sbort reads onto the human refcrence genome. Addidonally,
new methods are ow noedod o support knger reads as the
cxisting methods were primarily designed foe vry short reads with

" quencing
ocithens, the Ilfemina Genome
2 100bp high-quality reads, and
nger reads arc expected in the ncar future.

we have developed an improved version of SOAP,
lied SOAP. The oew program wses the Bumoms Whoekr
Transformation (BWT) compeessed inden. insead of the scod
algorithm that was wsed in the previous version for indexing the
eference sequence i the main memoey. Use of BWT substantally
mproved alignmcat specd; adionally, it sigaificaedly redsced
memory usage.

Mapping short DNA sequencing reads and calling
variants using mapping quality scores

Heng Li," Jue Ruan,? and Richard Durbin'?

"The Wekome Trust Songer Instute, Hinton CB10 154, Unted Kingdom; 2Bafing Genomics Institut, Chinese Academy
of Science, Bfing 100029, China

New sequencing technologles promise 3 new era In the use of DNA sequence. However, some of these technologles
produce very short reads, typically of a few tens of base pairs, and to use these reads effectively requires new
algorithms and software. In particular, there is 2 major Issue In effidently aligning short reads to a reference genome
and handling ambigulty or lack of accuracy In this alignment. Here we Introduce the concept of meppiny guuliyy, a
measure of the confldence that a read acrually comes from the position It Is allgned to by the mapping algorithm.
We describe the software MAQ that can bulld assemblies by mapping shotgun short reads to 2 reference genome,
using quallty scores to derfve genotype calls of the consensus sequence of 2 diplold genome, eg., from a human
sample. MAQ makes full use of mate-palr Information and estimates the error probabillty of each read alignment.
Error probabllities are also dertved for the final genotype cals, using a Bayeslan statistical model that Incorporates
the mapping qualltes, error probabilites from the raw sequence quality scores, sampling of the two haplotypes, and
an empirial model for correlated errors at a slte. Both read mapplng and genotype alling are evaluated on
simubted da and real data. MAQ & acaurate, efficlent, versatlle, and user-friendly. It Is freely avallable at
hrepe//maqsourceforge.net.

[Supplemental material Is avallable online at www.genome.org. Short-read sequences have been deposited In the
Eumwn Read Archive (ERA) under accession no. ERAO000I2 [ﬁncllfmembu( uk/ERAO00012/)]
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Sequence analysis
Fast and accurate short read alignment with Burrows-Wheeler
transform

Heng Li and Richard Durbin®
Wellcome Trust Sanger institute, Well
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singhe inciviual, H MAQ soss not ment
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Hashing vs. Burrows Wheeler Transtorm
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‘suffixes’
Burrows- °fr

e
o

ACTCCCGTACTCTAAT
= > > T
=% AT

P i’j 4 “v";‘:;\ AAT
- 5 / -
-

—= ACTCCCGTACTCTAAT

Wheeler
Hits identify ;
Transform.co.\ice ||

read is found =2~

O

Today: How does the BW
transform actually work?

N\

D

Convert each
hit back to
genome location

—» Report alignment to user €&—

Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Trapnell, Cole and Steven L. Salzberg. "How to map billions of short
reads onto genomes." Nature Biotechnology 27, no. 5 (2009): 455.
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Burrows-Wheeler Transform (BWT)

http://www.hpl.hp.com/techreports/Compag-DEC/SRC-RR-124 .pdf

* Transform: "BANANA@ INTO: BNN

function BWT (string s)

create a table, rows are all possible rotations of s

A
Rotations

"AA@A

Sorted List
of Rotations

Output
Last Column

sort rows alphabetically [T 1 ;

¢ ~"BANANAG |1 ANANAE"B |

return (last column of the table) | GARBANANA ||| ANAGARAN |
. . |1 REMBANAN i ARMBANAN ... ,

¢ ReverS|b|e 0 NAGMBANA ) BANANARA |

SBANANZAR 1 ! BNN"AAEA

. ] . T :: ANA@TBAN ' NANAEZ"BA E
function inverseBWT (string s) LRt Yl NANAGBA ||| NAGABANA i|'-c----eeooo- c

create empty table ; ANANAGTB 1) "BANANAG |

] + BANANAG” | @"BANANA

repeat length(s) times S I :

insert s as a column of table before first column of the table // first insert creates first column
sort rows of the table alphabetically
return (row that ends with the 'EOF' character)

Last column only suffices to reconstruct entire matrix, and thus recover original string

Add1 Sort1|Add2 |Sort2 Add3 |Sort3 | Add4 | Sort4  Add5 | Sort5 |Add6 | Sort6 Add 7 Sort 7 Add 8 Sort 8
B ii A il BA |l AN {!BAN {iANA {||BANA | ANAN | BANAN |ANANA |BANANA || ANANA@ || BANANAG || ANANAG~ ||| BANANAE~ ||| ANANAG~B |
N {i A | NA {i AN [INAN (i ANA || NANA (|| ANAG | NANAG | ANAG~ | NANAG~ || ANAG~B | NANAG*B || ANAQ"BA i|| NANA@"BA || ANAG"EAN |
N iioa i NA i A@ {iNae (}AG~ (|INAEG~ | A@”B {NAG"B ([{AG“BA (|!NAG“BA ||| AB“BAN || NAG~BAN . A@"BANA i NAB“BANA | AQ~BANAN |
~ i B i "B i BA i~°BA {{BAN (|| ~BAN || BANA i ~BANA iBANAN || ~“BANAN ||| BANANA i ~BANANA || BANANAR (|| ~BANANAR || BANANAB" |
A i N i AN {i NA [IANA |INAN (| ANAN ||| NANA ANANA [|INANAP | ANANAE ! NANAG~ ||| ANANAB~ || NANAG"B || ANANA@"B || NANAG"BA |
A i N i AN || NA {iANA [ NA@ |ANA® || NAG” {ANA@~ |iNAG"B (|| ANA@"B || NAG~BA | ANA@"BA | NA@"BAN || ANAG"BAN || NAG"BANA |
B i ~ i e~ i ~B i@ i|~BA ||| @BA ||| “BAN i @~BAN | ~BANA || @“BANA ||| “BANAN | @"BANAN || ~BANANA il G BANANA | |

A /[]i i ae i e~ dimer [iecp [|lae~B (| @"BA i Ae~BA EE@ABA% | Ae~BAN || @"BANA || R@BANA || G°BANAN ! AG“BANAN || @"BANANA

last 1st pairs 2" triples 3 4mers 4tcol Smers gihggl 6-mers  6fcol 7-mers  Thcol 8-mers  Full matrix

col col col 21
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e.g. Searching for OLIS

Searching for an Exact Match

In MANOLISKELLIS
For simplicity (here):
- only exact matches
- Show entire matrix

In practice: only pointers

OLIS

1. SMANOLISKELLIS
2. ANOLISKELLISS$M
3. ELLISSMANOLISK
4. IS$SMANOLISKELL
5. ISKELLISSMANOL
6. LISSMANOLISKEL
7. LISKELLISSMANO
8. LLIS$MANOLISKE
9. KELLISSMANOLIS
10.MANOLISKELLISS
11.NOLISKELLISSMA
12 .0LISKELLISSMAN
13.SSMANOLISKELLT
14 .SKELLIS$MANOLT

Algorithm 3 EXACTMATCH(P[L, p])

1:
2:
3:epe=Cle+1]+1

1 i=p—1

5: while sp < epand i > 1 do

¢ < Plp]
sp <= Cle] +1

¢ <« P[i]
sp < Cle] 4+ Oce(e, sp) + 1
ep < Clc] 4+ Oce(e, ep) + 1
1e=1—1

: end while
11:

return sp,ep

Clc] -

P is the input substring
is how many characters occur

before c lexographically in the

genome

Occ(c,k) is the number of
occurrence of the character ¢ before
index k in the far right column

\ 4

OLIS
1. SMANOLISKELLIS
2. ANOLISKELLISSM
3. ELLISSMANOLISK
4. TSSMANOLISKELL |
5. TSKELLISSMANOL
6. LISSMANOLISKEL
7. LISKELLISS$MANO
8. LLISSMANOLISKE
9. KELLISSMANOLIS
10 .MANOLISKELLISS
11.NOLISKELLISSMA
12 . OLTSKELLISSMAN
13.SSMANOLISKELLT
14 .SKELLISSMANOLI

Pseudocode from Langmead et al, 2009. Example by Jason Ernst.

OLIS

1. SMANOLISKELLIS
2. ANOLISKELLISS$M
3. ELLISSMANOLISK
4. IS$SMANOLISKELL
5. ISKELLISSMANOL
6. LISSMANOLISKEL
7. LISKELLIS$MA§6
8. LLIS$MANOLISKE
9. KELLISSMANOLIS
10.MANOLISKELLISS
11.NOLISKELLISSMA
12.0LISKELLISSMAN
13.SSMANOLISKELLI
14 .SKELLIS$SMANOLI

OLIS
1. SMANOLISKELLIS

2. ANOLISKELLISS$M
3. ELLISSMANOLISK
4. ISSMANOLISKELL
5. ISKELLISSMANOL
6. LISSMANOLISKEL
7. LISKELLISSMANO
8. LLISSMANOLISKE
9. KELLISSMANOLIS
10.MANOLISKELLISS

11.NOLISKELLISSMA

12 .0LISKELLISSMAN

'13.SSMANOLISKELLI

14 .SKELLIS$MANOLI
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Hashing vs. Burrows Wheeler Transtorm

Reference genome

(> 3 gigabases)

Short read

Chri

ACTCCCGTACTCTAAT

Chr2
Chr3 ===
Chr4

Extract seeds

[ I Position N

Multi-seed

Position 2
CTGC CGTA AACT AATG

Position 1
ACTG CCGT AAAC TAAT

LA
TAAT
TAAT
AAAC TAAT

e

AAAC

TRE®

ACTG »=»+
*xxx CCGT
ACTG #»=»»=x
IR KRR
ACTG CCGT
=x=x CCGT AAAC

TrEE

hE®

*EE®

llndex seed pairs

hashing

\
ACTC CCGT ACTC TAAT
H L1 |

Six seed L2 |
pairs per — 3
read/ 4 |
fragment 5 |

L6 |

Seed index .
(tens of gigabytes) Look up each pair
of seeds in index
ACTG ***= AAAC **==x y . x s
. Hits identify positions
= in genome where
. spaced seed pair
= is found
=xxx COGT =*== TAAT l’__\ —
ACTG *=»= =x== TAAT | | Confirm hits
=#2x CCGT AAAC ***x by checking
“«+»+" positions

Reference genome
(> 3 gigabases)

Chr1
Chr2
Chr3 mmm
Chr4

Concatenate into l

single string

Short read

ACTCCCGTACTCTAAT

L

Vo
Burrows-Wheeler
transform and indexing

Bowtie index I3
(~2 gigabytes) Ha

(3| ‘~\,;1n .

Look up

BWT
‘suffixes’
Burrows- °fr

e
o

ACTCCCGTACTCTAAT
= > > T
=% AT

P i’j 4 “v";‘:;\ AAT
- 5 / -
-

—= ACTCCCGTACTCTAAT

Wheeler
Hits identify ;
Transform.co.\ice ||

read is found =2~

O

Today: How does the BW
transform actually work?

N\

D

Convert each
hit back to
genome location

—» Report alignment to user €&—

Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Trapnell, Cole and Steven L. Salzberg. "How to map billions of short
reads onto genomes." Nature Biotechnology 27, no. 5 (2009): 455.
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Key properties of Burrows-Wheeler Transform

* Very little memory usage. Same as input (or less)
— Don’t represent matrix, or strings, just pointers
— Encode: Simply sort pointers. Decode: follow pointers
* Original application: string compression (bZip2)
— Runs of letters compressed into (letter, runlength) pairs
* Bioinformatics applications: substring searching

— Achieve similar run time as hash tables, suffix trees
— But: very memory efficient =2 practical speed gains

* Mapping 100,000s of reads: only transform once
— Pre-process once; read counts in transformed space.

— Reverse transform once, map counts to genome coords
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics

— Overview of epigenomics, Diversity of Chromatin modifications

— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states

— A multi-variate HMM for chromatin combinatorics

— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks

— Selecting the number of states, selecting number of marks

— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types

— Stacking vs. concatenation approach for joint multi-cell type learning

— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Quality control metrics

ChIP vs. Input DNA
Read quality
Mappability

Library complexity



ENCODE uniform processing pipeline)
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[ 22q12.2
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Good reproducibility

Signal Generation
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(read extension and mappability correction)
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o \_ 1
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2
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Motif DiﬂscoVe-ry
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analysis
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Self Organising Maps

© sources unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.

27


http://ocw.mit.edu/help/faq-fair-use/

QC1: Use of input DNA as control dataset

sugnal

> ot S

r‘- -"J C? IP-seq in

lel\ background ... hodu b i ‘
Sonicate ChIP ';“3." _c;og i pu'm-
3 b

© sources unknown. All r|ghts reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/faqg-fair-use/.

* Challenge:
e Even without antibody: Reads are not uniformly scattered
e Sources of bias in input dataset scatter:
* Non-uniform fragmentation of the genome
* Open chromatin fragmented more easily than closed regions
* Repetitive sequences over-collapsed in the assembled genome.
* How to control for these biases:
 Remove portion of DNA sample before ChIP step
e Carry out control experiment without an antibody (input DNA)
* Fragment input DNA, sequence reads, map, use as background
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QC2: Read-level sequencing quality score Q>10

Read quality histograms
High quality reads

40
11

——  Each column is a color-coded

\ histogram
average base score * Encodes fraction of all mapped

v e vl
|'

Cuality Score

i— per position reads that have base score Q
== (y-axis) at each position (x-
. | axis)
. ‘“lL___‘_f'li__"“_l jf'_lj al * Darker blue = higher density
Low quality reads  Read quality tends to drop

40
L1

towards the ends of reads

* Low average per base score
implies greater probabilty of
mismappings.

I[I| 15| 3I]| 35|
NNRANTRRNNAN

Quality Seore

5| 1[I| 15|
(NRERRRRANTN

* Typically, reject reads whose
""""""""""""" average score Q<10

Lo«caticn in read



QC3: Fraction of short reads mapped >50%

Reads can map to: unique
* exactly one location (uniquely mapping) GACT

* multiple locations (repetitive or multi-mapping) multiple

ACCT none

* no locations (unmappable) &\TTTT

Dealing with multiply-mapping reads: GACTACCTTTACCT
* Conservative approach: do not assign to any location
* Probabilistic approach: assign fractionally to all locations
 Sampling approach: pick one location at random, averages across many reads
 EM approach: map according to density, estimated from unambiguous reads
e Pair-end approach: use paired end read to resolve ambiguities in repeat reads

Absence of reads in a region could be due to:
* No assembly coverage in that region (e.g. peri-centromeric region)
 Too many reads mapping to this location (e.g. repetitive element)
* No activity observed in this location (e.g. inactive / quiescent / dead regions)

Dealing with mappability biases:
* ‘Black-listed’ regions, promiscuous across many datasets
* ‘White-listed’ regions, for which at least some dataset has unique reads
 Treat unmappable regions as missing data, distinguish from ‘empty’ regions

30



QC4: Library complexity: non-redundant fraction

Library complexity

=———— i M1

M1/M2 should be large
Typical ChiIP-seq peak

/MZ

No. of distinct reads

pms—,.1 [T SE—

f=——u] | —

j————] [x—————]

== ]

f——=———1 [
“ I
Low-complexity ChiP-seq peak 123 5 7 9 1

No. of duplicates

© sources unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

How many distinct uniquely mapping read? How many duplicates?

If your sample does not contain sufficient DNA and/or you over-sequence, you
will simply be repeatedly sequencing PCR duplicates of a restricted pool of
distinct DNA fragments. This is known a low-complexity library and is not
desirable.

* Histogram of no. of duplicates
* Non-redundant fraction (NRF) = No. of ‘distinct” unique-mapping reads
No. of unique-mapping reads
 NRF should be > 0.8 when 10M < #reads < 80M unique-mapping reads 31
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control,| Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Cross-correlation analysis

Exploiting forward and reverse reads
Fragment-length peak
Phantom read-length peak



ChiP-seq: exploiting forward and reverse reads

(Chromatin immunoprecipitation followed by sequencing)

. Protein or
e
TN nucleosome
( : ‘- of interest
/
5 osit trand . : ¥, 3
3 . Negative d 5
1
5’ ends of S —
fragments are L —
0
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— )
—
C ——
— )
e —
i
L}
e —
Short reads
are alignec = | —
-] 3 E— e
—_— S
| e——] . jc— ]
| —— I —————— |
Distribution of tags Reference genome

is CMPU‘Q%
'
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combined tags —_ g
For example, each mapped =;1§_”=¥El k identification
location is extended e can be performed
— R c e
with a fragment of _ —— i on either profil
estimated size _ ]
3
| romen §
- e

Fragments are added

/

A

Nature Reviews | Genetics

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Park, Peter J. "ChIP-seq: advantages and challenges of a

maturing technology." Nature Reviews Genetics 10, no. 10 (2009):

669-680.

Multiple IP fragments are obtained
corresponding to each binding event

Ends of the fragments are sequenced i.e.
“Short-reads/tags”
* Typically ~¥36 bp, 50 bp, 76 bp or 101 bp

Single-end (SE) sequencing
 Randomly sequence one of the ends of
each fragment

Paired-end (PE) sequencing
* seqguence both ends of each fragment

Canonical “stranded mirror distribution of

short-reads” after mapping reads to genome

* Heaps of reads on the + strand and — strand
separated by a distance ~= fragment Iengths

4
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(a)

(b)

Strand cross-correlation (CC) analysis

f f = fragment length

—A

cross-correlation

0.18 0.{20 0.[22 [].124 0.126 0.|28 D.i'iU

I

]

} :

]

T * T T T T T
=100 0 100 200 300 400 500 600

strand shift (s)

s=f/2+f/2

1. Calculate forward and reverse strand signals

2. Shift both by specified offset towards each other
3. Calculate correlation of two signals at that shift
4. Correlation peaks at fragment length offset f

fis the length at which ChIP DNA is fragmented
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Cross-correlation at read vs. fragment length

- S S— o
| | fragment
s | read

© > |

&1 3 l
— ~cl I
@) S I
= & w/ g Normalized strand CC(NSC ol

o i B ormalized stran — .
S 2 LK) min(CC)
E §d E: Ccr
Q 7 e eeeeee L, T TR
5 % Relative strand CC(RSC) = o~ Min(C0)
S g_ : %. elative stran (RSC) = (CC, —min(CO))
S l S
o 2] | :

° -// | min(CC)

T T ] T T T T
-100 0 100 200 300 400 500 600
strand shift (s)

* Sign of a good dataset:
— High absolute cross-correlation at fragment length (NSC)
— High fragment length CC relative to read length CC (RSC)
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Where does read cross-correlation come from?

Mappable
region

0.096

0.094

X+r-1

0.(.:92

0.090

0.0|88

Unmappable Unmappable

0.086

Input dataset (no ChIP) shows ‘phantom’ peak at read length only
Due to read mappability:

* |f position ‘X’ is uniquely mappable on + strand

* Then position ‘x+r-1" is uniquely mappable on — strand
Fragment-length peak should always dominate the read-length peak
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cross-correlation

0‘18 UIZO 0122 0124 UJZB OJZB

Example of good, medium, bad CC datasets

0.30
I

___________________________________________

cc;
cC

min(CC)

strand shift

Highly quality

0 2]50 0%55 0.%60

0 2|45

strand shift

Medium quality

0 1]24 0 1|26 0 ‘\IZS 0 1[30 0 '1[32 0.134
1

strand shift

Low quality

CCy
Normalized strand CC(NSC) =

min(CC)

Relative strand CC(RSC) =

(cc; —min(CC))

(CC,, — min(CC))

For highly enriched datasets, fragment length cross-correlation peak should be

able to beat read-length phantom peak

RSC should be > 1
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling,|IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Peak Calling

Continuous signal = Intervals



Peak calling: detect regions of enrichment

Not statistically significant

ChIP > 8 .

Control 0

Statistically significant

fl]'i(hf"(}ﬂt .CHH(J‘."‘.(‘H(
ratio: 4 ratio: 1.5

150

100

© Source unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

Goal: Transform read counts into normalized intensity signal
Steps:
1. Estimate fragment-length f using strand cross-correlation analysis
2. Extend each read from 5’ to 3’ direction to fragment length f
3. Sum intensity for each base in ‘extended reads’ from both strands

4. Perform same operation on input-DNA control data (correct for
sequencing depth differences)

5. Calculate enrichment ratio value for every position in the genome

Result: Enrichment fold difference for ChIP / control signal
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Peak calling: identify discrete intervals

N
)
0b g\
N 1D &
.g\°®\b° \o‘
L ¥
& o
\6‘
Red
&
>
Program oy
2 conditional
28 | 1.1 *
CisGenome X X X X X X biheraal fodel
Minimal ChipSeq
16 (2.0.1
Peak Finder X X X
chromsome scale
E-RANGE| 27 | 3.1 X X X X Poisson dist.
MACS| 13 [1.3.5 X X X X local Poisson dist.
chromsome scale
144723 il
QuEST X X X X Poisson dist.
HPeak| 29 | 1.1 X X X Hidden Markov Model
Sole-Search | 23 | 1 X | X X X X One sample t-test
conditional
21 |1.01
PeakSeq 0 X X X binomial model |
SISSRS| 32 [ 1.4 X X X
spp package 31|17 .
(wtd & mtc) ] X x 2 A o
Generating density Peak Adjustments w. Significance relative to
profiles assignment control data control data

X* = Windows-only GUI or cross-platform command line interface

X** = optional if sufficient data is available to split control data
X' = method exludes putative duplicated regions, no treatment of deletions

Courtesy of the authors. License: CC BY.
Source: Wilbanks, Elizabeth G. and Marc T. Facciotti. "Evaluation of algorithm
performance in ChIP-seq peak detection." PLOS ONE 5, no. 7 (2010): e11471.
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Peak calling thresholds

Poisson p-value thresholds

* Read count model: Locally-adjusted’ Poisson distribution
Aicocal eXp(_Alocal)

x!
MNocar = Max(Agg, [A ] Asks Aqo) €stimated from control data

local —
« Poisson p-value = P(count = x)
* (-value : Multiple hypothesis correction

P(count = x) =

Peaks: Genomic locations that pass a user-defined p-value (e.g. 1e-5)
or g-value (e.g. 0.01) threshold

Empirical False discovery rates
« Swap ChIP and input-DNA tracks
 Recomputep-values
« At each p-value, eFDR = Number of control peaks / Number of ChlPpeaks
 Use an FDR threshold to call peaks
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Issues with peak calling thresholds

Cannot set a universal threshold for empirical
FDRs and p-values

« Depends on ChIP and input sequencing
depth

« Depends on binding ubiquity of factor (at FDR = 1% cutoff)
« Stronger antibodies get an advantage

FDRs quite unstable 3. G R
» Small changes in threshold => massive R
changes in peak numbers 3 :
Difficult to compare results across peak callers § E

with a fixed threshold

» Different methods to compute eFDR or g- T
values # peaks called by SPP
© Source unknown. All rights reserved. This content is

excluded from our Creative Commons license. For more
information, see http://ocw.mit.edu/help/faqg-fair-use/.
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling,|IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Selecting meaningful peaks using
reproducibility

Use peak ranks in replicate experiments
IDR: Irreproducible Discovery Rate

http://anshul.kundaje.net/projects/idr
A. Kundaje, Q. Li, B. Brown, J. Rozowsky, S. Wilder, M. Gerstein, |. Dunham, E. Birney, P. Bickel
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How to combine two replicates

et
POLR3H

POLR3H

Replicate 1

.1....LJ.1.L...]. NUNTATST NIRYI POUP T PR WA W |.J.|]L (YT W TOVRYAN (RT NATINY Y SO N PRI PWORTROTITS KPR T TR L TPR | SATIT AN AT JJL-.... ull. al L

Replicate 2

uImidml_.,J.mi.n.‘luul..u.,. JI...J..M.J,.lm‘L-J..J,m B TR PP T IR TV A AT WA YT SRTON 08 |L.i|1.a.Imn.llulLL.nuhul.Ld-.j..ana.Hll. .L.J.LIhL_JJuJ.mLLLL
* Challenge:
ge:

— Replicates show small differences in peak heights

— Many peaks in common, but many are unique

* Problem with simple solutions:
— Union: too lenient, keeps garbage from both
— Intersection: too stringent, throws away good peaks
— Sum: does not exploit independence of two datasets
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IDR idea: Exploit peak rank similarity in replicates

(=)
“ g C.
2 3 ©
oi S o
o
2
58 §8
i c 2 s
= X o o
) % o
g & 8
=~ o &
5 IDR<=1%"7 g IDR<=1%"? S
e FALSE 8 e FALSE 0 20000 50000
(o} - ol legs
& e TRUE e TRUE num of significant peaks
0.5 1.0 1.5 2.0 25 10000 20000 30000 40000 50000 60000
log(signal) Rep1 Peak rank Rep1

© Source unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.

« Key idea: True peaks will be highly ranked in both replicates

« Keep going down rank list, until ranks are no longer
correlated

* This cutoff could be different for the two replicates
« The actual peaks included may differ between replicates
« Adaptively learn optimal peak calling threshold

 FDR threshold of 10% = 10% of peaks are false (widely
used)

* |IDR threshold of 10% = 10% of peaks are not reproducible
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The IDR model: A two component
mixture model
* Looking only at ranks means that the

marginals are uniform, so all the information
is encoded in the joint distribution.

 Model the joint distribution of ranks as
though it came from a two component
Gaussian mixture model:

(X1 y) ~ pN (1“1 H, 0,0, /0) + (1_ p) N (010111110)

* This can be fit via an EM-like algorithm.



IDR leads to higher consistence between peak callers

IDR = Irreproducible Discovery Rate FDR = False Discovery Rate

# peaks called by MACS

(at IDR = 1% cutoff)

. .'.::.. G (7))
- ":’ﬁi’: Q :
AR = g
;.' . > H
. -Q b
- U Ll - *
2 - .
T oy :
(&) ' “
(] * -~
X
©
[«4]
o
H ] L9
# peaks called by SPP # peaks called by SPP

© Source unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

Compare number of peaks found by two different peak callers
IDR thresholds are far more robust and comparable than FDR
FDR only relies on enrichment over input, IDR exploits replicates
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What if we don’t have good replicates?

Rep1-self.
pseudoRep1 no. of Rep1 self-
Rep1 consistent peaks
Rep1-self. (N1)
pseudoRep2
pooled.
doRep1
no. of peaks pseudoRep .
consistent between no. of peaks consistent
poocled pseudoreps Pool between true replicates
(Np) (Nt)
pooled.
pseudoRep2
Rep2-self.
pseudoRep1 no. of Rep2 self-
Rep2 consistent peaks
Rep2-self. (N2)
pseudoRep2

For each replicate

check support from QC measures
Low *NSC, RSC

Reproducibility | * FRIP

* NRF, sequencing Depth

* Read quality

(N1/N2 >=2)
&
{Np / Nt >= 2)

© Source unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

» |IDR pipeline uses replicates when they are available
* |IDR pipeline also evaluates each replicate individually
« Pooling strategy to generate pseudo-replicates
=» Can pin-point ‘bad’ replicates that may lead to low reproducibility
=» Can estimate IDR thresholds when replicates are not available o
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Only one good replicate: Pseudo-replicates

10° Rescued
datasets T~ _ :
4 - — o

o 10 nen
=) .
= il
S 10 AL
S .
O o
(7))
X
©
F 10
[

10°

10° 10" 102 10° 10*
nPeaks reps.IDR

© Source unknown. All rights reserved. This content is
excluded from our Creative Commons license. For more
information, see http://ocw.mit.edu/help/fag-fair-use/.

* |IDR pipeline can be used to rescue datasets with only
one good replicate (using pseudo-replicates)

* |IDR pipeline can also be used to call optimal thresholds
on a dataset with a single replicate (e.g. when there
isn’t enough material to perform multiple reps) )
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChlIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)

3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states

4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)
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Chromatin signatures for genome annotation

The two main components
of the epigenetic code

DNA methylation

Methyl marks added to certain
DNA bases repress gene activity,

Histone modification
A combination of different
moelecules can attach to the ‘tails’
of proteins called histones. These
" alter the activity of the DNA

) wrapped around them.

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Qiu, Jane. "Epigenetics: Unfinished Symphony." Nature

441, no. 7090 (2006): 143-145.

« Challenges
* Dozens of marks
« Complex combinatorics
* Diversity and dynamics
 Histone code hypothesis

* Distinct function for distinct
combinations of marks?

 Both additive and
combinatorial effects

« How do we find biologically
relevant ones?
« Unsupervised approach
* Probabilistic model
« EXxplicit combinatorics
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Summarize multiple marks into chromatin states

Enhancers Promoters _____Transcribed IRepressed

30+ epigenomics marks

NASeq __-‘ _
H3K36me3 e o M. = oses Ase . enn
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© WashU Epigenome Browser. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

WashU Epigenome Browser

ChromHMM: multi-variate hidden Markov model
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Multivariate HMM for Chromatin States

Enhancer Transcription ] )
Start Site Transcribed Region DNA

e

Observed
chromatin D E gg ?,_\ O
marks. Called

based on a K4me1 K4me3 | K4me3 | K4me1 | K36me3 | K36me3 K36me3 |K36me3

poisson & D
distribution K27ac K4me1
Most likely 1

Hidden State 3 i ‘ — i >

\ ) High Probability Chromatin Marks in State

I 0.8 .
200bp 1: . Jo7
intervals + B Kko7a 4. — All probabilities are
) %33 learned from the data
K4me3s K4me1 )
K4me3 K36me3
ol ol v o v Huéuouu mNﬁﬂ’ﬁ‘;‘;‘;g‘;ggHNg'gNNmr& H
AEEEEEEFEEEESEEERRR | EEHH R EEEEHEE ] It
gzzz(!(zxmzmzmmzz ¥ ¥ ¥ M| ¥ ¥ o ¥| ¥ ¥ £ | ¥ ¥| & ¥ ¥ -
HEHEHEHEEHEEEEEEHEE gelglgleleglglsisealglzleelsl2l2ls  Nature Biotech 2010
38 236 242 180 377 2557952 948 943 992 996 99.7 989 79.1 886 936 269 836 516 157 875 942 938 642 870 38 33 120 194 116 38 05 26 19 21 02 01 02 05 01 18

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for
systematic annotation of the human genome." Nature Biotechnology 28, no. 8 (2010): 817-825.
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Design Choice

e How to model the emission distribution

— Model the signal directly
— Locally binarize the data

* For M input marks each state k has a vector of
(P, Prpy) OF parameters for independent
Bernoulli random variables which determine
the emission probability for an observed
combination of marks



Data Binarization

* Leads to biologically interpretable models that can be
robustly learned

* Let ¢; be the number of reads for mark i. mapping to
bin j. A, be the average number of reads mapping to a
bin for modification i. The input for feature i becomes
17 if

P(X>c;)<10*

where X is a Poisson random variable with mean A,
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mission Parameter Matrix e ( X;)

14« Multi-variate HMM
emits vector of
values, not just
one value

+ Can emit real

68 177 18‘1153733

a1 293 200 .15& IBA 118

or binary presence
EEHRED .- /absence values
EREREREREIEICEL, ‘ wiisl  (ChromHMM)

© Macmillan Publlshers Limited. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for ¢ U t I m k
systematic annotation of the human genome." Nature Biotechnology 28, no. 8 (2010): 817-825. Se O ea rn ar

combinations

Ernst and Kellis
Nature Biotech 2010
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Transition matrix ak,

e Learns spatial
relationships
between
neighboring
states

 Reveals distinct
sub-groups of
states

* Reveals
transitions
between different
groups

© Macmillan Publishers Limited. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for
systematic annotation of the human genome." Nature Biotechnology 28, no. 8 (2010): 817-825.
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Example Chromatm State Annotation
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Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for
systematic annotation of the human genome." Nature Biotechnology 28, no. 8 (2010): 817-825.

 Use Baum

Welch to learn
hidden states
and their
annotations

= o Learned states

correspond to
Known
functional
elements

* De novo
discovery of
major types of
chromatin
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Model complexity matches that of genome

Repetitive (2%) B W Promoter-associated (1%)  Handful of
5 repressed states
capture vast
majority of
genome

P Only 1% of
ey genome split
','|37 In 14
promoter

states

Bl Transcribed (15%)

23

[] Large-scale

* Modeling power
o well distributed
© Source unknown. All rights reserved. This content is excluded from our Creative W h e re n e e d e d

Commons license. For more information, see http://ocw.mit.edu/help/faqg-fair-use/. 62
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Apply genome wide to classify chromatin states de novo

10 11 12 13 14 15

16 17 18 19 20 21 || 22 X Y

© Macmillan Publishers Limited. All rights reserved. This content is excluded from our Creative

Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.
Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for

systematic annotation of the human genome."” Nature Biotechnology 28, no. 8 (2010): 817-825.

Now what? Interpret these states biologically ° 2 19
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Chromatin state characterization: Functional/positional enrichment
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Promoter states
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State
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| Chromatin mark frequency

{see Supplementary Fig. 2 for full emission prob. matrix)

'© Macmillan Publishers L|m|ted All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

Source: Ernst, Jason and Manolis Kellis. "Discovery and characterization of chromatin states for

systematic annotation of the human genome.” Nature Biotechnology 28, no. 8 (2010): 817/-825.
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Functional enrichments enable annotation of 51 distinct states

a. Chromatin mark frequencies for each chromatin state b. Genomic and functional enrichments for each state
- — "
oS ook, g B E 2.l 1.2 3| |23 c. Brief description of biological
'E : 5 % “_2 E i E EE E g E el |53 HE E E state function and interpretation
i g H EEE R R EE e A EHERE RS {see Supplementary Tabla 1 for full state descriptions)
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Application of ChromHMM to 41 chromatin marks in CD4+ T-cells (Barski'O7, Wang'08)
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Functional propertles of discovered chromatin states
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Applications to genome annotation

New proteln codlng genes Long intergenic non-coding RNAs/lincRNAs
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Discovery power for promoters, transcripts
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* Significantly outperforms single-marks
* Similar power to supervised learning approach
* CAGE experiments give possible upper bound
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChlIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states

4. Model complexity: selecting the number of states/marks
— Capturing dependencies. State-conditional mark independence
— Selecting the number of states, selecting number of marks

5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)
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State-conditional mark independence

Do hidden states actually capture
dependencies between marks?
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Pairwise Expected vs. Observed Mark Co-Occurence

Each point = one pair of chromatin marks P; emission prob
41x41 pairs plotted for mark I
X-axis: F(mark1)*F(mark2)

Y-axis: F(mark1 & mark2) i freq w/ which

marks 1 and j

Diagonal: independence co-occur

Off-diag: dependence

(. => Marks become N P Test each
conditionally pair of
independent chromatin

=> Model captures < | marks
dependencies g "

N / 2%

4ij=Pi"P;

Multi-variate HMM emits entire vector of marks at a time
Model assumes mark independence *conditional* upon state
In fact, it specifically seeks to *capture* these dependencies
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Non-independence reveals cases of model violation

Active Intergenic states
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Repetltlve states -

R e

 Repetitive states show more dependencies
« Conditional independence does not hold
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As more states are added, dependencies captured
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Capturing dependencies. State-conditional mark independence
— Selecting the number of states, selecting number of marks
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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Comparison of BIC Score vs. Number of States for Random and Nested Initialization

Number of States
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Result: a 51-state model that captures most biology in least complexity

» Standard model selection criteria fail due to genome complexity: more states always preferred
 Instead: Start w/complex model, keep informative states, prune redundant states. Pick cutoff



Recovery of 79-state model in random vs. nested initialization
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Nested initialization approach:
* First pass: learn models of increasing complexity

Second pass: form nested set of emission parameter initializations
by greedily removing states from best BIC model found

Nested models criteria:
 Maximize sum of correlation of emission vectors with nested model
* Models learned in parallel
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Functional recovery with increasing numbers of states
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* Blue: Percent of that functional category that overlaps regions annotated to this state

* Top plot: Correlation of emission parameter vector for that state to closest state
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Chromatin state recovery with increasing numbers of marks
Which states are well-recovered? Precisely what mistakes are made?
Increasing numbers of marks (greedy (for a given subset of 11 ENCODE marks)
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChlIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform

— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)

3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence

5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)
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ENCODE: Study nine marks in nine human cell lines

9 marks

H3K4me1
H3K4me2
H3K4me3
H3K27ac
H3K9ac
H3K27me3
H4K20me1
H3K36me3
CTCF
+WCE
+RNA

9 human cell types

HUVEC
NHEK
GM12878
K562
HepG2
NHLF
HMEC
HSMM

H1

Umbilical vein endothelial

Keratinocytes

Lymphoblastoid
Myelogenous leukemia

Liver carcinoma

Normal human lung fibroblast
Mammary epithelial cell
Skeletal muscle myoblasts
Embryonic
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CTCF

H3K27me3

H3Kk36me3

HAK20mel

H3kamel

H3kAme2

H3kAme3

H3K27ac

H3K9ac

WCE

ndependent models and cluster

Basic approach:

I [ J [ ]
[ ]
Solution 1: Learn i
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132 720 02 91 479 778 495 13 102| 0.7
Promoter 119 19 61 90 527 937 950 141 441 09
164 15 24 55 170 926 99.0 957 981 19
. 114 06 145 113/ 9.3 993 751 972 8.7 3.7
Candidate 53 02 95 26 8.1 568 53 844 249 15
enhancer 67 09 10 32 583 747 84 58 54/ 08
16 06 16 13 565 27 04 53 16 06
Insulator 915 18 09 28 63 33 04 05 10 08
46/ 03 432 431 365 115 19 91 39 13
T ibed 12 01 472 27 04 00 01 03 03 05
ranscribe 04 01 27 17 02 01 01 02 03 04
09 268 00 21 04 01 01 01 01 04
Repressive 02 04 00 01 01 00 00 00 01 01
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ENCODE & ChIF-seq

ENCODE Histone Mods, Broad ChIF-seq Zignal (CTCF, HMEC)

' a) Train a k-state model in

each cell type
independently

b) Cluster models
learned independently

' ¢) Merge clusters and re-

apply to each cell type

How to cluster

a) Using emission probability
matrix: most similar
definitions

| b) Using genome annotation:

=1 I
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Joint Iearnlng of states across multiple cell types

Cell type 2 —
Cell type 3 :.::.--;
Cell type 4.
Cell type 5
Celltype 6~ s = :
ol T

Cell type 9 ———

—| Solution 2: Stacking

Cellype 1 =

Learns each combination of
activity as a separate state

-+ Ex: ES-specific enhancers:

enhancer marks in ES, no

marks in other cell types

Lo ALL Ll
deodalam

S S EEE——

L n s
s =
A FEHEFIES e - - —
1 — e W8
——
R ( ) S . sseea|
"

e

Cell type 1 Cell ti/pe 2 Cell type 9
Solution 3: Concatenation

* Requires that profiled marks
are the same (or treat as
missing data)

 Ensures common state
definitions across cell types




Joint learning with different subsets of marks (Solution 3)

MR - RO | i i
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FREUPIPPTETR PR ) RO ARy N i 2% | iIssing
ISSIng b PP G T i | N I R S : 4 e o e ol oo

P ke s

S M Missing | e
o el - e Missing

s caiiiile b

Cell type 1 Cell type 2 Cell type 9

Option (a) Treat missing tracks as missing data
 EM framework allows for unspecified data points
* As long as pairwise relationship observed in some cell type

Option (b) Chromatin mark imputation

« Explicitly predict max-likelihood chromatin track for missing data
« Less powerful if ultimate goal is chromatin state learning
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ENCODE: Study nine marks in nine human cell lines

81 Chromatin Mark Tracks

9 marks 9 human cell types 1
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Chromatin states dynamics across nine cell types

Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

WLS in H1 ES cells (poised) WLS in GM12878 cells (repressed) WLS in HUVEC cells (active) WLS in NHLF cells (active)
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© Brad Bernstein. All rights reserved. This content is excluded from our Creative _

Strong enhancer

Strong enhancer

« Single annotation track for each cell typew:iieze nmcer

Insulator

» Summarize cell-type activity at a glance‘L&

« Can study 9-cell activity pattern across

Heterochrom; low signal
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Epigenomic mapping across 100+ tissues/cell types

Courtesy of NIH Roadmap Epigenomics Mapping Consortium. Used with permission.

Adult tissues and cells (brain, muscle, heart,
digestive, skin, adipose, lung, blood...)

Fetal tissues (brain, skeletal muscle, heart,
digestive, lung, cord blood...)

ES cells, iPS, differentiated cells

Diverse epigenomic assays

nucleus chromatin

DNA accessibility

/
Courtesy of: : =
the Broad Institute DNA methylation

Courtesy of Broad Communications. Used with permission.

Histone modifications
* H3K4me3, H3K36me3
* H3K27me3, H3K9me3, H3K27/9ac
* +20 more

Open chromatin:
* DNA accessibility

DNA methylation:
WGBS, RRBS, MRE/MeDIP

Gene expression
* RNA-seq, Exon Arrays
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States show distinct meG DNase, Tx, Ac profiles
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© Source unknown. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/fag-fair-use/.

TssA vs. TssBiv: diff. activity, both open, both unmethylated!

vs. ReprPC: diff. activity, both intermediate DNase/Methyl
Tx: Methylated, closed, actively transcribed
=» Distinct modes of repression: H3K27me3 vs. DNAme vs. Het «
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Chromosomal ‘domains’ from chromatin state usage
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© Macmillan Publishers Limited. All rights reserved. This content is excluded from our Creative
Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.

Source: Roadmap Epigenomics Consortium et al. "Integrative analysis of 111 reference human
epigenomes." Nature 518, no. 7539 (2015): 317-330.

 State usage = gene density, lamina, cytogenetic bands
 Quies/ZNF/het | gene rich/poor, each active/repressed -

Misha Bilenky
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Wouter Meuleman

Grouping of ES, immune, brain, muscle, heart, smooth muscle, fetal %
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ES/Immune/IMR90 most extreme
ES: TBiv, VEnh/Tx/TssFInk/PCwk

Immune: 4 TssA, | TxWk
IMR90: TReprPC, {Quies

Misha Bilenky, Wouter Meuleman

Cells/Tissues at extremes of epigenomic variation

d| m 1 IMBQ& # Adipose

H3K4me1 MDS

@
= >
@ Neurosph

]

HAVE
e Y ) ‘
/ . Epitheli:
imBoo



http://ocw.mit.edu/help/faq-fair-use/
http://dx.doi.org/10.1038/nature14248
http://dx.doi.org/10.1038/nature14248

Chromatin state annotations across 127 epigenomes
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State switching: active/inactive, mostly keep identity

_o N o = [m S0 Anshul Kundaje / Wouter Meuleman
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Source: Roadmap Epigenomics Consortium et al. "Integrative analysis of 111 reference human
epigenomes." Nature 518, no. 7539 (2015): 317-330.
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Chromatin state changes during differentiation
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« Epigenomic features can predict directionality: AUC 78%

« TSS-proximal: (1) Loss of Het/ZNF. (2) Gain of TxWKk, Quies
- TSS-distal: Bivalent, PCrepressed =» Enhancer, Tx, TssFInk_
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 Two types of features
— Other marks + context in same tissue AR
— Same mark in ‘closest’ tissues o S
* Impute missing datasets
— Predict DNase, marks @ 25bp res §
— Predict RNA-Seq @ 25 bp res ,
— Predict DNA methylation @ 1bp res ~ | Jason £mst
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics

— Overview of epigenomics, Diversity of Chromatin modifications

— Antibodies, ChIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling

— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform

— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states

— A multi-variate HMM for chromatin combinatorics

— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks

— Selecting the number of states, selecting number of marks

— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks
(Future: Chromatin states to interpret disease-associated variants)
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5. Correlation-based links of enhancer networks

Regulators = Enhancers = Target genes




Chromatin state annotations across 127 epigenomes
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2.3M enhancer regions <~ only ~200 activity patterns

a

Enhancer activity across 127 complete epigenomes
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Introducing multi-cell activity profiles

expression

Gene Chromatin
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enrichment expression  motif biases
|

HUVEC
NHEK
GM12878 ----
K562

HepG2

NHLF

HMEC

HSMM

H1

l

Link enhancers to target genes
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Motif depletion . TF Off |~ Flat profile
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Activity-based linking of enhancers to target genes
Finding correct target of enhancer in divergently transcribed genes
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Compute correlations between gene expression levels and

enhancer associated histone modification signals
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Visualizing 10,000s predicted enhancer-gene links
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* Overlapping regulatory units, both few and many
* Both upstream and downstream elements linked
* Enhancers correlate with sequence constraint
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Chromatin dynamics: linking enhancer networks

TFs = enhancers |- target genes




Introducing multi-cell activity profiles
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Coordinated activity reveals activators/repressors

Enhancer activity Activity signatures for each TF
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Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Ernst, Jason et al. "Mapping and analysis of chromatin state
dynamics in nine human cell types." Nature 473, no.7345 (2011): 43-49.

* Enhancer networks: Requlator =2 enhancer - target gene«w
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Regulatory motifs predicted to drive enhancer modules
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Source: Roadmap Epigenomics Consortium et al. "Integrative analysis of 111 reference human
epigenomes." Nature 518, no. 7539 (2015): 317-330.

 Activator and repressor motifs consistent with tissues ..
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Causal motifs supported by dips & enhancer assays
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Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Ernst, Jason et al. "Mapping and analysis of chromatin state
dynamics in nine human cell types." Nature 473, no.7345 (2011): 43-49.
Dip evidence of TF binding Enhancer activity halved
(nucleosome displacement) by single-motif disruption

=» Motifs bound by TF, contribute to enhancers
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Goals for today: Computational Epigenomics

1. Introduction to Epigenomics
— Overview of epigenomics, Diversity of Chromatin modifications
— Antibodies, ChlIP-Seq, data generation projects, raw data
2. Primary data processing: Read mapping, Peak calling
— Read mapping: Hashing, Suffix Trees, Burrows-Wheeler Transform
— Quality Control, Cross-correlation, Peak calling, IDR (similar to FDR)
3. Discovery and characterization of chromatin states
— A multi-variate HMM for chromatin combinatorics
— Promoter, transcribed, intergenic, repressed, repetitive states
4. Model complexity: selecting the number of states/marks
— Selecting the number of states, selecting number of marks
— Capturing dependencies and state-conditional mark independence
5. Learning chromatin states jointly across multiple cell types
— Stacking vs. concatenation approach for joint multi-cell type learning
— Defining activity profiles for linking enhancer regulatory networks

(Future: Chromatin states to interpret disease-associated variants)
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Interpreting disease-association signals

Interpret variants using reference states

- Chromatin states: Enhancers, promoters, motifs
- Enrichment in individual loci, across 1000s of SNPs in T1D

CATGACTG
CATGCCTG GWAS >

Genotype Disease

r@ Epigenome @E

Epigenome changes in disease

- Molecular phenotypic changes in patients vs. controls
- Small variation in brain methylomes, mostly genotype-driven
- 1000s of brain-specific enhancers increase methylation in Alzheimer’s
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GWAS hits i h frel tcellt
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Source: Roadmap Epigenomics Consortium et al. "Integrative analysis of 111 reference human
epigenomes." Nature 518, no. 7539 (2015): 317-330.
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Linking traits to their relevant cell/tissue types

Liver enzyme

levels (g-glut.
transferase)

Urate levels

Crohn's

—
Type 1
diabetes

F—

S

Celiac

Celiac and
Rheumatoid

arthritis
Self-reported

allergy

Rheumatoid

Mean
platelet

Multiple
sclerosis

arthritis

Primary
biliary

cirrhosis

S

Lipid
metabolism
phenotypes

| Platelet count
Atlenllon deficit

hyperactivity
disorder

Y

Red blood
cell traits

=\ '\I.

Mean
corpuscular
volume

Chronic
lymphocytic

leukemia

113



HaploReg: systematic mining of GWAS variants

Query SNP: r34624347 and variants with 2 == 0.8

LD LD . AFR AMR ASH EUR 35iPhy Promoter Enhancer Proteins eQTL  Motifs Drivers GENCODE  dbSNP
pos (hqt) pos (ho3é) [ ] it Hetl AN freq freq freq freq cons histone marks  histone marks DS bound tissues changed disrupted genes func annot
312329783 chi312288284 0.5 0.97 17036160 C T 001 0.08 004 0.2 B o= 4 organs 4 altered matifs PPARG  intronic
chr3:12338507  chr3:12295008 095 097 mi1708077 G A 001 007 0.04 012 [ EEEE 15 organs 4 altered motifs PPARG  intronic
312344730 chr3:12303231 034 097 11712037 C G 001 008 0.04 012 8 organs BLD AP-1,TCF11:MafG PPARG  intronic
chr32351821  chrd:12310022 055 057 35000407 T G 001 007 004 042 = EEREE Smad PRARG intranic
chid 12360884 chr31231s385 095 097 miso7azead 16 T 001 007 004 o1z [ oo MUS VAS cFos Hax o TATA PFARG  intronic
chr3:12365308  chr3:12323809 095 0.97 13083375 G T 0.01 007 0.04 012 EE L e Homez, Sox, YY1 PPARG  intronic
32369401 chr212327502 035 097 m12084780 C© T 001 007 0.04 0.2 7 organs 9 alter=d motifs FFARG  intronic
312375958 chr312334457 095 097 m2012444 C T 001 007 0.04 0.2 SKIN, FAT, BLD 7 altered matifs PPARG  intronic
312383265  chr312341788 095 099 1208521 G A 0.18 010 0.04 0.12 FAT, SKIN NRSF PPARG  intronic
chrdi2383714  chr212242215 036 099 m7838303 G A 0.8 040 0.04 0.2 & organs CRVX FFARG  intronic
chr3d:12385828 312344329 095 1 11128803 A G 0.18 040 0.04 0.2 CRVX RARA PPARG  intronic
chr3:12386337 312344838 1 1 14884847 C T 001 007 004 012 8 organs PPARG  intronic
chr3:12388409  chr3:12346910 099 1 7810055 G A 0.7 009 004 012 BLD 4 sltered motifs PPARG  intronic
chr3:12389313  chr3:12347814 099 1 17036328 A G 0.17 009 004 012 FAT, BL| Adipose_Derived Mesenchymal_Stem_Cell_Cultured_Cels, CD4+ CD25- IL17+ PMA- PPARG  intronic
chr2:12380484 12248985 099 1 17036328 T C 047 0.09 004 012 FAT, €R| Lonomcyin_stimulated Th17_Primary_Cells, Muscle_Satelite_Cultured Cells, FFARG  intronic
312331207 che3:12349708 099 1 rB802888 C T 081 015 004 012 FAT, BL| Penis_Foreskin_Fbrablast_Primary_Cells_skin01, PPARG  intronic
ch312381683  c312350084 098 1 2187421 G A 017 0.08 004 012 R oo Ponis Foreskin_Fibroblast_Primary_Cell_skin02, FPARG intronic
312381813 chr212350314 099 1 r7E474B1 G A 017 009 0.04 0.2 I oo Penis_Foreskin_Keratinocyte_Primary_Cells_skin02, FFARG  intronic
2T cIAZIOTTI 099 1 GTEESST  C T 047 009 004 042 T B ;:j;—;?éﬁk'gﬁzﬁﬁytg :I:z;:a—ciiigj;”éémcal S PEERG  intonic
chid12383125  chxizesteze 1 1 mwsorzer c 6 oot 007 004 oz | EERENEN G cro=n NHEK Ep der_maI_Kera_ﬁnoE;bes - PPARG  [fisenee
312293682 k12352183 099 1 7028242 A G 047 009 0.04 0.42 [ EERE FRARG  intronic
12234840 312352341 099 1 1898951  C T 061 045 0.04 0.2 S crosns Mef2 FFARG intronic
chr3:12395845 312354148 099 1 14684848 G A 081 015 004 012 R oo ADRLGICRVX 5 bound proteins PPARG  intronic
chr3:12398845  chr312355348 093 1 4135250 A G 0.17 009 0.04 013 4 orgens PLCNT PPARG  intronic
312398913 cr312355414 098 1 mT1304101 G A 001 007 0.04 0.2 4 organs PLCNT CrNF-E2 PPARG  intronic
chr3:12396955 chr312355458 098 1 12881654 G A 081 015 004 012 4 organs 7 altered matifs PPARG  intronic

Courtesy of the authors. License: CC BY-NC.

Source: Ward, Lucas D. and Manolis Kellis. "HaploReg: a resource for exploring chromatin states, conservation, and regulatory
motif alterations within sets of genetically linked variants." Nucleic Acids Research 40, no. D1 (2012): D930-D934.

« Start with any list of SNPs or select a GWA study
— Mine ENCODE and Roadmap epigenomics data for hits
— Hundreds of assays, dozens of cells, conservation, motifs
— Report significant overlaps and link to info/browser

« Try it out: http://compbio.mit.edu/HaploReg \ward, Kellis NAR 2011,
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