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(by biology standards) (1bid)
Big A Science on a Small A Budget

Major data-generating projects
— 1000 Genomes Project & Cancer Genome Atlas
— ENCODE & the Reference Epigenome Mapping Consortium



One human genome is useful

1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003
Finished

version of

human
genome
sequence
completed

GTCCT

Bermuda principls for Chinese Nationol Human Genome Centers Executive order bans genefic
ropid and open data releose established (in Beifing and Shanghai) estoblished discrimination in U.S. federol workplace

Nature

 Genomes are fairly consistent across tissues in humans
 The genome is nearly identical across human somatic cells
* Areference genome allows compact notation for changes
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1000 human genomes are more useful

2000 2001 2002 2003

Finished

version of ) » 2

= an \ asotookmsiel  Your DA

gebe Forcdodod: B (2.0
completed

*Su;l we
A nature nature

Price: so,oo

You Save: Humanit
In Stock.

Stored by Amazon.c
Want it delivered |
checkout. Details

More to Explore
n

Downioad an excerot

Sharif Sakr

* Despite aggregate genomic similarities, various populations
are more and less susceptible to various maladies & risks.

» All else being equal, more (representative) data is better.
* Germline variation can also inform functional inference.



10000 tumor/normal genomes are also useful

Britain

* Breast cancer

Canada
* Pancreatic cancer
(ductal adenocarcinoma)

o P !

, United States | Spain /”—“
/ | - Through the Cancer Genome Atlas | o Chronic
_/ ¢ Qvarian cancer lymphocytic \ ‘
' * Brain cancer , leukaemia | //
(glioblastoma multiforme) | Seme———— =3
® Lung cancer
France

(squamous-cell carcinoma)

® Lung cancer
(adenocarcinoma)

* Acute myeloid leukaemia

» Colon cancer
(adenocarcinoma)

¢ Others

 Breast cancer
(HER2 overexpressing)

e Liver cancer
(alcohol-associated)

* Renal-cell carcinoma
- European Union sponsored

o

ALL TOGETHER NOW

Eleven countries have signed on to sequence DNA from 500 tumour samples for
each of more than 20 cancer types for the International Cancer Genome Consortium.
Each cancer type is estimated to cost nearly US$20 million to sequence.

(ER-, PR-, HER-)

 Breast cancer (lobular)

o Breast cancer (ER+, HER-) |
- European Union sponsored ‘

o
3

Number of

being sequenced :

Germany

* Paediatric brain tumours
(medulloblastoma,
pilocytic astrocytoma)

» Oral cancer
(gingivobuccal)

Italy
» Rare pancreatic cancers
(enteropancreatic endocrine,

pancreatic exocrine)

cancer types

_‘_—,/

—4

China

» Gastric cancer

Q

— 4

Japan
® Liver cancer
(virus-associated)

Australia

» Pancreatic cancer
(ductal adenocarcinoma)
» Ovarian cancer

Naoture

But neither normal nor cancer cells are homogeneous.



Epigenetic marks link the genome and transcriptome

Euchromatin { Heterochromatin
Bivalent domain HP1 . HMTs
: i NuRD HDMs , _ 4’\‘__ a) —
_’_)Bl,y CO_'E[_{ :',.T,if’GQ? . complex JMJDZC % QE(} %} ‘TS_U-V39.H:1§.$;“LJ —V 3_9:',."‘2':
€ZHDEZ?  (pa00) C(HDAC AMDIA o Oga Ooa /  CSEIDBD
el 9 9 D

SN

_CF ) 1’( "

. rer-18) - e50° - 200 s O O
DNA (
Methylated CpG LS ONMTID
Nucleosome Unmethylated CpG  esBAF complex ;D»N“MT?E\:
- ONMT3D
Goren & Bernstein DNMTs

Nature Reviews | Molecular Cell Biology

 These marks differ from cell to cell, and also “drift” with age.

* Many non-coding genetic variants with disease risk have been
found to confer epigenetic consequences; many recurrent
mutations across cancers impact epigenetic machinery:



Recurrent mutations across cancers interfere both
directly and indirectly with the epigenetic machinery

IDH1/2 RAD21
TET1 f,« . Enhancer Insulator CTCF
—_——— -
LMR /) | 5mC blocks

variable

5mC 7

CTCF binding

H2A.Z
anticorrelated
with 5mC

Gene body

NDR limits

1/2 | H3K4me3 and H2A.Z
block de novo methylation methylation methylation

de novo Bound DNMTs maintain

5mC alters
splicing

Repetitive
DNA

DNMT3A/B
KDM2A/B
MECOM
SETD2
NSD1

NSD2

SIRT1

Courtesy of Peter Jones

* |n myeloid malignancies, the majority of cases are affected.



ENCODE provides a model for the “histone code”

Jason Ernst (formerly MIT, now UCLA) i E -

FFFFFFFFF

D‘RF& GGGGG

built a hidden Markov model for multiple s

ﬁRaG RD

spa F-:EEF

histone marks as multivariate Bernoulli Bz,
emissions from hidden biological states. o
These states group regulatory factors and =

Eé BKJ
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P \KE, PPARGE
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genetic and epigenetic changes.
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Raml Gorenl Shore“Sh 7 et al' Cell 2011 |||||| qued scalmgbylh e largest enrichment value for each experiment. K-means custering with
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However, ENCODE’s cell lines do not
necessarily represent primary tissues

Embryonic stem cell Differentiated cell (in vivo) Differentiated cell (in vitro)

<s
g;;ﬁi £ S %
03NS N0

Nuclear membr: ane Nudear lamina

’vzmwS\S“

—O— Accessible chromatin 000~ Polycomb repressed
—O— Active locus 000~ H3K9me3 domain
JUUUL Lamin-associated (no marks) Zhu et G/., Ce//, 2013

Art by Leslie Gaffney and Lauren Solomon

Zhu, Bernstein, and colleagues broadly observed such phenomena.

The NIH Epigenomics Roadmap project (REMC) exists to collect and
distribute such data for representative human primary tissues.

These primary tissues are critical reference points for many studies.



(by biology standards) (1bid)
Big A Science on a Small A Budget

Case studies
— Chromatin state models & environmental epigenetics
— Bayesian change points, broad peaks & two-way streets



Interpreting environmental changes in
DNA methylation via chromatin states

The natural experiment:

Radical cystectomy is
followed by surgery to
create a neobladder from a
patient’s ileum.

The question:

Changing only the niche,
will we the adaptations in
DNA methylation serve as
a proxy of epigenetic state?
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What regulates this (smooth) transition?

BEFORE

"u
"v:,i )

| !‘r‘ | » 21 l' ":1::\\‘

. ‘"
s
)

P,
ad ¥

Intestinal epithelium adopts a urothelium-like structure in response to
environmental changes, over the span of several years.

Aragona et al, 1997



A use for Roadmap data in an ENCODE model

Our experiment arises in healthy, Emissions by state (clustered)

primary tissues, so cell lines are
not informative. However, the
ChromHMM model helps us to
make sense of our results, so we
applied it the set of marks
available for the tissues that
served as our endpoints.

After some fiddling and testing,
we arrived at a sensible model
that fit observed correlates (e.g.
RNAseq data for each tissue).

B 'EE Promoter_active EE19}

=

SHO HEEEEE

gow/eMEH
lowyMEH I

E€9WBMEH
EOW9EMEH
lowoeMH
Je/gMEH Il
EOWPMEH
JB6MEH

Promoter _active (E20
Promoter_weak (E11)
Promoter_poised (E13)
Promoter_active (E18)
Transcribed (E3)
Quiescent (E15)
Heterochromatin (E16)
Quiescent {E1%
Repressed (E14)
Enhancer_poised (E10)
Promoter poised (E12)
Transcribed (E2)
Repetitive_CNV (E17)
Transcribed (E4)
Repressed (E7)
Transcribed (ES)
Quiescent (E6)
Enhancer_active (E8)
Enhancer_active (E9)
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Intestine-specific genes are repressed...

Smallintestine I Time
Since
Surgery
Neobladder
WEC -[
VIL1 is active in ileum, Methylation
but inactive in bladder ~ Bladder { I -
p- 50 -
SMALL_BOWEL_RNAseq . I
— I el
SMALL_BOWEL_CHROMHMM 8_Enh _act
10_Enhancer _poised 10_Enhancer _paised
RefSeq Genes -
p- 5]
BLADDER_RMAseq
BLADDER_CHROMHNMM 14
Quiescen 1




and bladder-specific genes are activated.

SMALL_BOWEL_RNAseq

SMALL_BOWEL_CHROMHMM

15_Quiescent 16_Quiescent

.|
14_Repressad

RefSeq Genes

BLADDER_RNAseq

BLADDER_CHROMHMM

UPKE1B

1] JH “ III [ 1| ﬁ [ 1| * I‘

Quiescent Fromoter_poised Fromoter_poised Fromoter_poised Fromoter_poised Transc

Quiessent Quiessent 1Promaoter_uweak Quiescent Quiessent

As the repressive state of the UPK1B promoter disappears, so also does DNAm.

As the machinery to scan for DMRs using limma and bumphunter is now more
stable, we intend to re-fit the data, aiming at discovering more coherent drivers.

Nonetheless, a tabulation of the changes suggests that even disparate loci capture
biologically significant regulatory events, especially at tissue-specific enhancer sites.
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Novel distal enhancers change state...

SmallIntestine

Time
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Methylation
Bladder —r | o
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...and changes take on a coherent form

Gains of methylation in neobladder over time Losses of methylation in neobladder over time

e
@ - state
o (] Enhancer_active
=2 (=1 .
8 3 Enhancer_poised
o 8 . Heterochromatin
8 g . Promoter_active
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g E . Repressed
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N & o .
& & & &
Q~O \/0 Q¥ v\y/
& & o
© &
> N
@V‘
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The major (regulatory) changes focus on enhancers.
Compared to expression, overall DNAm moves slowly.



Another use for raw Roadmap data:
SETD2 mutant-specific DNAm changes

* Inthe recent ik
KIRC (renal cell
carcinoma) P =
paper, we sought £5
toshow SETD2 &
mutation impact *
on H3K36me3- g
marked sites. ;«?'g
* Broad histone §" A
marks are £ e = i AR
notoriously balky " DNA Methylation
to work with. Normal Clear cell renal

kidney cell carcinomas



A better solution: Bayesian changepoint
model for broad peaks (histone marks)

200 kb| hg19
H3K27me3, read counts

Using results from infinite IR 1YY TP
HMMs, e?pply.a bounded- .-J:,J, | [
complexity mixture model L R
to within-peak read counts. _'H'e.ﬂ'l,!'ﬂ',”'ﬂdm '
Recursively merge states into DDDDD o -
‘islands” until threshold FDR is | i BT
exceeded given the posterior SR, . i —

. . ||IIIIIIII|I[-II Relen Gemsl Il | N
read counts in each island. E-—_— |

Result: vastly improved predictive ability for
correlated marks (e.g. DNAm and H3K36/K27me3)

Original code: Haipeng Xing, Yifan Mo, Wiley Liao



SETD2 mutants in black

Iive VS

Repress

Same data, better calls, better results

Low methylation in blue, high in red
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* When we apply this logic for islands of repressive
and activating marks, the nature of the changes
indicates the mutations and reveals a phenocopy.



Recent work suggests a 2-way street

In Black et al. (Cell 2013), Gad GetZ’ «
group has shown that KDM4A

]
o

mCTRL =KDM4A

I

amplification & overexpression is
associated with recurrent focal copy

number gains in ovarian tumors.

L]

% of cells with Increased
Copy Number
(=]

=]

Suv39h1l or HP1y overexpression iqi2h  Chg  1qTel  ChrX
suppresses the copy gain; H3K9/K36
methylation dysfunction promotes it

—1
]
-]

mCTRL mKDM4A

LJ*

L+
-y

SETD2 mutants interfere with H3K36
trimethylation, as do MMSET/WHSC1
and NSD1 mutants. This suggests one

Copy Number
=

% of cells with Increased
l“

common mechanism by which
epigenetic dysregulation can actin a s “Jaizh 1aTel Chrz Chré 6p21 Chr 14qTel Chrx
feedback loop to promote focal

genetic aberrations across tumors.



(by biology standards) (1bid)
Big A Science on a Small A Budget

BioC workflows
— Exploring chromatin states: chromophobe , GenometriCorr
— Digesting histone mark ChlP-seq data: Rsubread, BCPeakR



Segmentation exploration: chromophobe

GenomicRanges and rtracklayer do most Transition & emission probabilities by state
of the hard work for this job! — - "
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GenometriCorr makes testing for spatial
correlation quite simple

chromophobe eases model import,
exploration, validation, and export

MethylSeekR segmentations are also
supported in more recent releases

Goals: automate chromatin state and
methylation state segmentations from
pre-processed data (WIG and BED files);
farm out visualization to shiny and/or Gviz

O =MW e OO~ 0O o



ChIP-seq realignment, extension & calls

e Realignment of third-party experiments
(e.g. Rick Young or Joanna Wysocka’s

NNNNNNNN

ChIP-seq data on SRA) is greatly abetted ¥
by a simple SRAdb + Rsubread wrapper. %%%”@W;
o &
\ 4
* PICSis already fine for sharp (TF) peaks "y %@&
DXIXDT
. 4
 BCPeakR wraps BCP via Rcpp to offer a
performant broad peak caller via R (*) _ .
¥
e Resulting segmented islands can be C—
processed with chromophobe & )\ s

genometricorr just like any others.

* BCPeakR, chromophobe & several other packages on github to be submitted to BioC
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