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Genome: very stable throughout Epigenome: dynamic

life (exception: de novo mutations) Programmed epigenetic changes
(development and tissue differentiation)
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Epigenetics

Epigenetics= The study of molecular mechanisms that influence the activity of
gene expression and that are transmitted across cell division.

[definition by Bird 2007 Nature]

* epi- (Greek: erti- over, above)

* epigenetics= “Above Genetics”



Each cell has its own epigenome
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‘Memory’ functions of the epigenome
e Cellular identity
* Cellular response to environment



Blood EWAS of educational attainment shows epigenetic signatures of:
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DNA methylation

Most studied epigenetic
Methyl groups added mark in EWAS

to DNA base cytosine —>stable (covalent bond): no
(“C") at CpG sites fresh tissue required

-T ) 1\ - R

—

Relation with gene expression

- at gene promoters: usually
associated with repression of
transcription

- at enhancers: strongest
relationship (often negative)
with transcription

- in gene bodies: may regulate
alternative splicing




Genome-wide methylation microarrays

lllumina 450k array Illumina EPIC array ==

e 485,000 methylation sites « > 850,000 methylation sites s—

* 99% of RefSeq genes * Larger coverage of: p—

* average of 17 CpG sites per gene * Enhancers (ENCODE, FANTOM) |l

* promoter, 5'UTR, first exon, gene « ENCODE open chromatin —=
body, and 3'UTR. * ENCODE transcription factor — =

* No longer sold, but most binding sites —
commonly used currently in EWAS mﬁ“mm
PRACTICAL

Same technology. Difference: Coverage (EPIC measures more methylation sites)
Note: only a small subset of the ~30 million CpG sites in the genome

e Often used in EWAS (suited for large numbers of samples)
» Cost-effective (much cheaper than bisulphite sequening)



lllumina 450k array data (peripheral blood)

For > 450.000 sites:

* methylation level: proportion of
methylated alleles.

* Continuous trait, range: 0-1

* DNA extracted from blood comes from
billions of cells
* In some cells, the position may be

methylated, while it is unmethylated in others

Methylation level at 1 location in 1 sample:
* 0= all DNA was unmethylated at this position
e 1=all DNA was methylated at this position

- me
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For a given
sample, we have =
the following data:
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Epigenome-wide association study (EWAS)

DNA
methylation ~ o]
level at 1 CpG

methylation[, "cgl16867657"]
(o}

- Testif there is a significant relationship between DNA methylation level and trait of interest
* Repeat this test for thousands of methylation sites in the genome



PCA of a whole blood DNA methylation dataset (450k array) from > 3000 samples (NTR)
Main sources of biological variation: sex, white blood cell counts, age
Main sources of technical variation: Position on the chip (in particular row)
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How to deal with this in EWAS?

Firstly: quality control and normalization to reduce technical variation

Correction for known confounders/sources of variation
-> Inclusion of biological covariates (e.g. age, sex, cell counts, smoking) &
technical covariates in EWAS model

Correction for hidden (unobserved) confounders
* Inclusion of PCs as covariates in EWAS model
» Batch correction tools (R packages)
* OSCA (Zhang et al bioRxiv) — mixed-linear-model with all other distal probes
fitted as random effect

* If you don’t correct for confounders properly = can cause inflation of test statistics
* Bacon: R-package for estimating and adjusting for inflation of EWAS test statistics

bioRxiv preprint first posted online Oct. 17, 2018; doi: http://dx.doi.org/10.1101/445163. The copyright holder for this preprint
(which was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license. METHOD
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Epigenome-wide association studies (EWAS)

Goal

Identify genomic regions where DNA methylation:
» Differs between disease cases and controls (or correlates with a continuous trait)
 Differs between people with different lifestyles / environmental exposures

Motivation
1. To enhance understanding of the biological mechanisms
that are involved in a disease/trait or that are modified by environmental exposures
2. To identify biomarkers for a disease, a trait, or an environmental exposure

Last couple of years: large-scale EWAS meta-analysis projects

Usually: DNA from peripheral tissues (blood)
note: blood is not the primary tissue of interest for many traits/diseases, but is
suitable for biomarkers
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Causes of variation in DNA methylation

* [llumina 450k array, whole blood (refs 1,2)
* Average heritability = ~¥19%
* Average SNP heritability= 7%

DNA-sequence contributes to its own regulation
Environment accounts for a large part of variation between people

1. McRae et al Genome Biology (2014).
2. van Dongen J. et al. Nature Communications (2016).



(Froportion of) vanance

~10% of genome-wide methylation sites in whole blood
(Illumina 450k array): variance components change with age
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van Dongen J. et al. Nature Communications (2016).



Practical: Discordant monozygotic twins

Strong design to
* |dentify epigenetic mechanisms involved in a disease / trait
* |dentify epigenetic effects of environmental exposures



Monozygotic twins discordant for smoking

Okada, Haruko C., et al. "Facial changes caused by smoking: a comparison between smoking and
nonsmoking identical twins." Plastic and reconstructive surgery 132.5 (2013): 1085-1092.


http://static5.businessinsider.com/image/5272cf9fecad045b5e94138d-960/smokin%202.jpeg

Practical: effects of smoking on the methylome

Perform an EWAS of smoking in monozygotic twin pairs discordant for smoking status
(current smoker & never smoker)

Analysis: paired t-test in R
AIM: To identify DNA methylation differences between smokers and non-smokers

- Which genomic locations are differentially methylated in smokers?

Methylation data: lllumina 450k array

Methyl)ation level residuals (adjusted for several covariates including white blood cell
counts

Real dataset (subset of probes and twins) from the Netherlands Twin Register

Quality control of the dataset is described in van Dongen et al 2016 Nature
Communications.

Phenotype data T ¥ !
White blood cell counts: percentage of monocytes, c | v ; | |

| | inophi ' O © e B
neutrophils, basophils, lymphocytes, and eosinophils ‘ | - 14 l
—> Are there differences in white blood cell counts between | B |

(| hN A VER .
ophil

a) osinophil:
. . . Mul nucle Bilol nucleus, red ped
? le red and blue cytoplasmic granules rplish-black nucleus, thin rim of nucleus, abundant
the smokin g an d the non-smokin g twin B Pt . Dl ks
. N



mkdir EWAS
cd EWAS
cp -r /faculty/jenny/2019/friday/* .

Open the R-script in R studio
Run line by line

Read the comments and follow the instructions in the
comments (in the R-script)



White blood cell counts

> results

MeanDifference current minus never pvalue 95confint L 95confint H
Neut Perc 1.1300 0.53826841 -2.5510909 4.81109087
Lymph Perc -0.2600 0.87437086 -3.5643963 3.04439631
Mono Perc -0.7075 0.02997538 -1.3427447 -0.07225533
Eos Perc -0.1300 0.79641609 -1.1422838 0.8BB22B376
Baso Perc -0.0275 0.86788932 -0.3597032 0.3047031%

* Twins who smoke tend to have lower levels of monocytes

» Different white blood cell types each have distinct methylation patterns

* Therefore, when comparing DNA methylation (in whole blood) between smokers
and non-smokers, it is important to correct for white blood cell counts!



Cell count prediction tools

* R packages exist for predicting cellular proportions based on your DNA

methylation data

e Use these if you don’t have measured cell count data!

Heusernan eral. BMC Bioinformanics 2012, 13:86

htpafenwew Blomedcentral.com/ 1471-2105/1 3/86
’ BMC
Bioinformatics

RESEARCH ARTICLE Open Access

DNA methylation arrays as surrogate measures
of cell mixture distribution

Eugene Andres Houseman'", William P Accomando?, Devin C Koestler?, Brock C Christensen?,
Carmen ] Marsit®, Heather H Nelson®, John K Wiencke® and Karl T Kelsey®

A novel cell-type deconvolution algorithm
reveals substantial contamination by
immune cells in saliva, buccal and cervix

Shijie C Zheng'-?, Amy P Webster®, Danyue Dong'?, Andy Feber®, David G Graham®, Roisin
Sullivan®, Sarah Jevons®, Laurence B Lovat®, Stephan Beck?®, Martin Widschwendter® &
Andrew E Teschendorff*:'*

'CAS Key Laboratory of Computational Biology, CAS-MPG Partner Institute for Computational Biology, Shanghai Institutes for
Biological Sciences, 320 Yue Yang Road, Shanghai 200031, PR China

?University of Chinese Academy of Sciences, 19A Yuquan Road, Beljing 100049, PR China

JUCL Cancer Institute, Paul O'Gorman Building, University College London, 72 Huntley Street, London WC1E 6BT, UK

“Division of Surgery & Interventional Science, UCL, London WC1E 6BT, UK

“Department of Women's Cancer, University College London, 74 Huntley Street, London WC1E 6AU, UK

*Author for correspondence: a.teschendorff@ucl.ac.uk
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EWAS smoking

1 2 3 4 3 il 7 & 9 10 11 12 13 14 15 7 19 21

Chromosome

Bonferroni threshold (1 x 107

FDR 5%

* |In which genes are the top hits
located?

* Whatis the function of the
gene associated with the CpG
with the lowest p-value (look
up online, e.g. NCBI, OMIM)
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* 2623 Bonferroni significant (current vs never smokers), 18 760 CpGs at false discovery rate <0.05.
* N=15907

“Genes annotated to these CpGs were enriched for associations with several smoking-related traits
in genome-wide studies including pulmonary function, cancers, inflammatory diseases, and heart
disease.”
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* Is the methylation level at our smoking-associated
CpGs associated with gene expression in cis?

* Is the methylation level at our smoking-associated
CpGs influenced by SNPs (methylation QTLs)?

http://bbmri.researchlumc.nl/atlas/#query



http://bbmri.researchlumc.nl/atlas/#query

Query - top CpG (cg05575921)

BBMRI-=+*NL Home Query~ Data APl About

List of identifiers (2]
query SNP-CpG CpG-Gene network

£a05575921

SNP SNP (proxy) LD R2 alleles CpG type p-value
rs6555226 rs6555226 1 AIG cg05575921 cis 1.1e-16
rs13152890 rs13152890 1 CiG cg05575921 cis 2.42e-11
rs76312731 rs76312731 1 CiT cg05575921 cis 0.0000056

Identifier type

CpG v

note: no significant trans mQTLs for this CpG

Download -

FDR

0.00423



Query - top C

BBMRI-=+NL Home  Query=

List of identifiers (2]

query SNP-CpG
£005575921
CpG
cg05575921
Identifier type
CpG v
query

Data AP

CpG-Gene
gene

EXQC3

SNP-CpG

rs6355226

About

network
type

cis

CpG-Gene

cg055/5921

rs76312731

rs13152890

© Download ~
FDR

0.00039

p-value Z-score
0.0000011% -4.86
network
cg05575921

EXOC3



GoDMC (Genetics of DNA methylation) consortium

e http://www.godmc.org.uk/

* |n progress

* 32,851 individuals from 37 population-based and
disease datasets

* Blood DNA methylation


http://www.godmc.org.uk/

Concluding remarks

DNA methylation —> potential molecular intermediate of environmental
exposures and genetic variants

Tissue-specific
Promising biomarker of environmental exposures

Options to examine causality
* Additional data from former smokers allows to examine reversibility

* Reversible genes (Vink et al 2015): gene expression/methylation
goes back to the level of non-smokers in individuals who quit
smoking

— This is in line with a causal effect of smoking on DNA
methylation/gene expression

 Mendelian randomization (Dekkers et al 2016)



