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Abstract
-------------------------------------------------------------------------------------------------------

Methylation of DNA molecules is a fundamental mechanism for regulating gene
function that is prevalent in all vertebrates. Although, the role of DNA methylation is
well recognised in the disease context, the knowledge of variable DNA methylation
patterns in healthy individuals is very limited. To our knowledge, there was no study
available investigating inter-individual DNA methylation variation in healthy
individuals in a homogenous cell population. Identification of epigenetic variation in
a normal population is an important step towards understanding phenotypic variation,
altered disease susceptibility and drug response. Therefore, we sought to generate
reference methylomes from neutrophils of 11 healthy individuals and then identify
and document inter-individual variation in DNA methylation between them.
We adopted the technique of Reduced Representation Bisulphite Sequencing (RRBS)
to profile methylation pattern of the individuals. We optimised, improved and
streamlined the process of RRBS library preparation. Next, a robust bioinformatic
pipeline was established to analyse large-scale epigenomic data as part of the project,
which could be efficiently applied to other large-scale epigenetic analysis. Several
novel tools and new strategies were developed during the course of the study to
facilitate genome-scale DNA methylation analysis. From the 11 individuals, 344
million sequenced reads were obtained and successfully aligned with the reference
genome using our methylation pipeline.
From the high quality methylation information available from the fragments, we were
able to detect 12851 autosomal Variably Methylated Fragments (iVMFs) associated
with 6353 protein coding genes. Almost 51% of the variably methylated fragments
were found to be present in gene bodies, i.e., exons, introns and exon-intron boundary
and overall 64% of them were located within CpG islands and CpG island shores.
Integrating our results with recently released ENCODE data revealed that variably
methylated fragments strongly overlap with active regions of the genome. It was
observed that the variably methylated fragments strongly overlap with RNA
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polymerase II, CTCF binding sites and showed enrichment of active histone marks,
DNase hypersensitive regions and strong enhancers.
Further, upon ranking, we found 83 genes associated with 10 or more variably
methylated fragments. Functional analysis of top candidate genes indicated that they
disproportionately involve in neuron function, memory formation, and RNA
metabolic processes. Pathway analysis indicated their involvement in melanogenesis,
calcium signalling, neoplasms and carcinogenesis. Examples of the novel variably
methylated genes include FBRSL1 (involved in would healing and a potential marker
for alcohol-induced liver injury), STY10 (involved in immune dependent memory
performance and circadian timing system), DLGAP2 (in organisation of synapse and
neuronal cell signalling, implicated in autism spectrum disorders), CDH4 (a cell
adhesion protein and putative tumour suppressor gene), SALL3 (regulation of DNA
methylation, embryonic development and congenital disorders), TERT (involved in
maintenance of telomere length).

This study provides the first genome-wide, base-pair resolution DNA methylation
profiles in a homogenous, human cell type to document inter-individual variation in
DNA methylation. The results from this work will serve as a resource for future
studies aiming to understand the nature and mechanism of altered phenotypic traits
and disease susceptibility due to variable DNA methylation in normal individuals.

!

iii!

Acknowledgements
------------------------------------------------------------------------------------------------------My PhD has been an exiting and rewarding journey and I am extremely grateful to
have had the help and support of many wonderful people. Three people have become
a part of my growing up as a scientist and as a person. First, a big thanks to my
supervisor, Professor Ian Morison who provided me with advice, his immense
knowledge and the resources to complete the work but more importantly, he is my
role model as a scientist and has always been a good friend. Dr. Peter Stockwell,
whom I probably cannot thank enough, for the amount of contribution and help he
provided during the course of my study. Peter taught me tools, gave me time almost
everyday and made this entire journey an amazing learning experience. He has always
been patient and been a friend throughout; I clearly couldn’t have done this without
him. A very special thanks to Dr. Euan Rodger. Sharing the next desk to me for all
these years, Euan has always been there for me for basically everything. From
experiments in the lab, to attend conference, to my every day anxiety, worries and to
the happy hour. He is my best buddy in the lab.
I would like to thank Dr. Gwenn Le Mee, who always remained a great friend. She
always encouraged me and continuously provided moral support when I needed it
throughout this period and those late evening discussions were always fascinating and
enriching. Many thanks to Rob Weeks, who is the “Guru” of molecular biology
techniques and who always extended his help for any technical problems I had. I
would like to thank our wonderful members of Morison group (Erin, Jackie, Helena,
Hester, Abdul) who has made working in the lab a pleasure. I would also like to thank
the other members of west wing lab group who have made it such a great place to
come to every day with a smiling face. I would like to extend my sincere thanks to my
PhD committee (Professor Michael Eccles, Dr. Julia Horsfield and Dr. Sarah Young)
for providing constructive comments and keeping me on track with the progress with
time.
I feel privileged to be a part of the Pathology department and feel lucky to be
surrounded by the staff that always made me feel that this is my home. Many thanks

!

iv!

to all the staff (specially ground floor) who welcomed me with a smile everyday. I
would specially like to thank Andrea Hessian (who is my second mother and will
remain so !), Lynne Hananeia, Lynne Binns, Simon Paterson, Karen Stewart, Louise
Mulconroy for their help and support. I would also like to thank Bronwyn Carlisle
(Dept. of Biochemistry) for her help.
This study would have not been possible without the participation of my cohorts. I’d
gratefully acknowledge the participants who donated their blood for this research.
I gratefully acknowledge the generous funding I have received during course of my
PhD. First, I would like to thank Gravida: National Centre for Growth and
Development (formerly known as NRCGD) for providing me with a prestigious PhD
Scholarship and travel funding. Thanks to the Maurice Phyllis Paykel Trust, Genetics
Otago, the Functional Genomics, Gene Expression and Proteomics theme, the
Division of Health Sciences at the University of Otago, and Victorian Epigenetics
branch (Melbourne, Australia) for providing their kind financial support to attend
conferences and meetings. I extend my sincere thanks to NZGL facility, especially to
Les Mc Noe, Dr. Becky Lorie and Dr. Rob Day for their help during the sequencing
operations. Thanks to Dr. Mik Black for his help with the statistics used in this work.

There are many important people who were not directly involved with the science but
I wouldn’t have sustained this journey without them. Judith, my partner and my best
friend who has always been there and she shared and lived through my everyday pain,
frustration, emotion and happiness. Her loving presence in my life provided me the
inspiration to keep going during this entire time. I am very lucky to have great friends
(Sourav, Nireekshan, Keya, Prasanta, Hayden, Jisha, Kevin, Amol, Igor, Mike, Noel,
Bob) who always leant an ear and supported me during this time whenever I needed,
big thanks to them. I finally mention the reason of my existence, my amazing parents
and my sister, who have always believed in me and blessed me with their
unconditional love and support not only during this period but always. They made me
who I am, so I would not thank them, as I cannot.

!

v!

Table of Contents
------------------------------------------------------------------------------------------------------Abstract
Acknowledgements
Table of Contents
List of publications
List of Tables
List of Figures

ii
iv
vi
xii
xiv
xvii

Chapter(1:(Introduction(..........................................................................................(1!
1.1!Fundamentals!of!epigenetics!.................................................................................................................!1!
1.1.1#Histone#modification#..............................................................................................................................#2!
1.1.2#DNA#methylation#.....................................................................................................................................#3!
1.1.2.1!DNMT!–!Maintenance!methylation!.....................................................................................................!3!
1.1.2.2!DNMT!–!de#novo!methylation!................................................................................................................!5!
1.1.2.3!CpG!islands!....................................................................................................................................................!5!
1.1.2.4!CpG!islands!and!DNA!methylation!patterns!...................................................................................!5!
1.1.2.5!Role!of!Gene!body!methylation!............................................................................................................!6!
1.1.3#Roles#of#epigenetic#modification#.......................................................................................................#7!
1.1.3.1!Gene!expression!regulation!by!DNA!methylation!........................................................................!7!
1.1.3.2!XJInactivation!...............................................................................................................................................!8!
1.1.3.3!Genomic!Imprinting!...............................................................................................................................!10!
1.2!Variation!in!epigenetic!marks!across!genome!.............................................................................!11!
1.2.1#Concept#of#‘metastable#epiallele’#...................................................................................................#12!
1.2.1.1!Obligatory!variation!...............................................................................................................................!12!
1.2.1.2!Facilitated!variation!...............................................................................................................................!13!
1.2.1.3!Pure!epigenetic!variation!.....................................................................................................................!14!
1.2.1.4!Search!for!metastable!epialleles!in!humans!................................................................................!14!
1.2.2#Epigenetics#of#transposable#elements#..........................................................................................#15!
1.2.3#AlleleDspecific#DNA#methylation#and#interDindividual#variation#.....................................#17!
1.2.3.1!Allele!and!locus!specific!interJindividual!variation!..................................................................!17!
1.2.3.2!AlleleJspecific!DNA!methylation,!intermediate!methylation!and!cellJtype!specificity
!........................................................................................................................................................................................!18!
1.2.3.3!ASM:!Genetic!vs!epigenetic!polymorphism!..................................................................................!19!

1.2.4#Tissue#specificity#and#interDindividual#variation#in#DNA#methylation#..........................#20!
1.2.4.1!Distinct!epigenome!of!tissues!............................................................................................................!21!
1.2.4.2!InterJindividual!DNA!methylation!variation!in!tissues!..........................................................!22!
1.2.4.3!GenomeJwide!studies!on!interJindividual!variation!in!DNA!methylation!......................!23!
1.2.4.4!Issues!with!tissues!..................................................................................................................................!25!

1.2.5#Monozygotic#twins:#the#epigenetic#story#....................................................................................#26!
1.2.6#External#factors#causing#epigenetic#variation:#GeneDenvironmentD#epigenome#–#a#
complex#interplay#............................................................................................................................................#28!
1.2.6.1!Nutrition!and!epigenetic!variation!..................................................................................................!28!
1.2.6.1.1!!The!Agouti!mice!model!and!altered!phenotype!..............................................................!29!
1.2.6.1.2!!Examples!in!human!.....................................................................................................................!32!
1.2.6.2!The!Överkalix!mystery!and!the!Dutch!famine!study!...............................................................!33!
1.2.6.3!Maternal!Care!............................................................................................................................................!34!
1.2.6.4!More!factors!in!inducing!interJindividual!variation!................................................................!35!
1.2.6.5!Bollati!and!Baccarelli!model!...............................................................................................................!36!

!

vi!

1.2.7#InterDindividual#DNA#methylation#alters#disease#susceptibility#.......................................#37!
1.2.8#When#does#variation#occur#in#individuals?#The#epigenetic#reprogramming#and#
temporal#windows#...........................................................................................................................................#38!
1.2.9#Lamarckism#revisited?#.......................................................................................................................#40!
1.3!!Studying!DNA!methylation!J!a!technical!perspective!...............................................................!41!
1.3.1#Common#principles#of#genomeDwide#DNA#methylation#analysis#.....................................#42!
1.3.1.1!Restriction!enzyme!digestion!............................................................................................................!42!
1.3.1.2!Bisulfite!treatment!of!DNA!..................................................................................................................!43!
1.3.1.3!Affinity!enrichment!................................................................................................................................!44!

1.3.2#Infinium#Methylation#Assays#...........................................................................................................#45!
1.3.3#NGS#vs.#Microarray#..............................................................................................................................#46!
1.3.4#Whole#genome#vs.#reduced#representation#genome#..............................................................#46!
1.3.5#Reduced#representation#bisulfite#sequencing#(RRBS)#..........................................................#47!
1.3.6#Next#Generation#Sequencing#...........................................................................................................#49!
1.3.6.1!Illumina!sequencing!platform!and!principle!...............................................................................!49!
1.3.6.2!Illumina!HiSeq2000!platform:!...........................................................................................................!52!

1.3.7#Analysis#of#Bisulfite#converted#sequencing#data#.....................................................................#52!
1.3.7.1!Alignment!of!bisulfite!converted!sequenced!reads:!challenges!..........................................!53!
1.3.7.2!Approaches!for!aligning!bisulfite!converted!sequenced!reads!...........................................!54!
1.3.7.3!Software,!availability!and!downstream!analysis!.......................................................................!56!

1.4!!Aims!of!the!study!.....................................................................................................................................!58!

Chapter(2:(Materials(and(Methods(.......................................................................(59!
2.1!Collection!and!extraction!of!DNA!from!participants!.................................................................!59!
2.1.1#Ethical#approval#....................................................................................................................................#59!
2.1.2#Recruitment#of#participants#.............................................................................................................#59!
2.1.3#Collection#and#Processing#of#blood#samples#.............................................................................#60!
2.1.3.1!Neutrophil!isolation!...............................................................................................................................!60!
2.1.3.2!Assessment!of!neutrophil!enrichment!...........................................................................................!61!
2.1.4#DNA#extraction#from#isolated#neutrophils#................................................................................#61!
2.2!Reduced!representation!library!preparation!for!sequencing!in!Illumina!GAII!platform
!..................................................................................................................................................................................!62!
2.2.1#Quantification#and#MspI#digestion#................................................................................................#62!
2.2.2#EndDrepair#................................................................................................................................................#63!
2.2.3#Addition#of#A#base#.................................................................................................................................#64!
2.2.4#Ligation#of#adaptors#............................................................................................................................#64!
2.2.5#SizeDselection#of#the#40D220#bp#fragments#of#the#library#....................................................#64!
2.2.6#Bisulfite#conversion#of#the#40D120#bp#and#120D220#bp#DNA#fragments#.......................#65!
2.2.7#Polymerase#Chain#reaction#(PCR)#to#determine#optimal#cycle#number#.......................#67!
2.2.8#LargeDscale#amplification#of#the#library#.....................................................................................#68!
2.2.9#Purification#and#second#round#of#size#selection#......................................................................#69!
2.2.10#Quality#check#of#the#libraries#in#Bioanalyser#.........................................................................#69!
2.2.11#Sequencing#in#Illumina#GADII#Platform#....................................................................................#69!
2.3!Reduced!representation!library!preparation!for!sequencing!in!Illumina!HiSeq2000!
platform!................................................................................................................................................................!70!
2.3.1#MspI#digestion#........................................................................................................................................#70!
2.3.2#EndDrepair#................................................................................................................................................#71!
2.3.3#Adenylation#of#3’#ends#.........................................................................................................................#71!
2.3.4#Adaptor#ligation#....................................................................................................................................#72!
2.3.5#SizeD#Selection#........................................................................................................................................#72!
2.3.6#Bisulfite#conversion#of#the#sizeDselected#library#......................................................................#73!
2.3.7#PCR#amplification#of#the#library#....................................................................................................#73!
2.3.8#LargeDscale#amplification#and#second#sizeDselection#............................................................#74!
2.3.9#Sequencing#on#Illumina#HiDSeq2000#............................................................................................#74!

!

vii!

2.4!Computational!tools!and!resources!used!to!process!and!analyse!RRBS!data!................!75!
2.4.1#Publicly#available#tools#......................................................................................................................#75!
2.4.1.1!SolexaQA!.....................................................................................................................................................!75!
2.4.1.2!FastQC!..........................................................................................................................................................!76!
2.4.1.3!fastq_quality_trimmer and fastx_trimmer!.......................................................................................!77!
2.4.1.4!Aligners!........................................................................................................................................................!77!
2.4.1.4.1!BSMAP!................................................................................................................................................!78!
2.4.1.4.2!RMAPBS!.............................................................................................................................................!78!
2.4.1.4.3!Bismark!..............................................................................................................................................!78!
2.4.1.4!SeqMonk!......................................................................................................................................................!80!
2.4.1.5!methylKit!....................................................................................................................................................!81!
2.4.1.6!R!package!....................................................................................................................................................!81!
2.4.1.7!Integrated!Genome!Viewer!.................................................................................................................!82!
2.4.1.8!EpiExplorer!................................................................................................................................................!83!

2.4.2#InDhouse#developed#tools#...................................................................................................................#84!
2.4.2.1!illum2fasta.awk!........................................................................................................................................!84!
2.4.2.2!mk4to1lines.awk!.....................................................................................................................................!85!
2.4.2.3!cleanadaptors!...........................................................................................................................................!85!
2.4.2.4!rmapbsbed2cpg!.......................................................................................................................................!86!
2.4.2.5!bismmethex2list.awk!............................................................................................................................!87!
2.4.2.6!mkrrgenome!..............................................................................................................................................!87!
2.4.2.7!tidyrrnams.awk!........................................................................................................................................!87!
2.4.2.8!scan_cpg_depth!.........................................................................................................................................!88!
2.4.2.9!bin_cnts!........................................................................................................................................................!88!

2.4.3#Computational#resource#....................................................................................................................#89!
2.4.4#Reference#Genome#................................................................................................................................#89!
2.4.5#Differential#methylation#analysis#package#...............................................................................#89!
2.4.5.1!Input!file!......................................................................................................................................................!89!
2.4.5.2!Fragment!based!analysis!......................................................................................................................!89!
2.4.5.3!Reference!methylomes!.........................................................................................................................!90!
2.4.5.4!Statistical!tests!..........................................................................................................................................!90!
2.4.5.5!Variable!methylation!analysis!...........................................................................................................!92!
2.4.5.6!Investigation!of!single!CpG!sites!.......................................................................................................!93!
2.4.5.7!Identification!of!proximal!genes!and!CpG!features!..................................................................!94!

2.4.6#Distribution#of#the#programs#...........................................................................................................#96!
2.4.7#Gene#ontology#studies#.........................................................................................................................#97!

Chapter(3:(Preparation(of(Reduced(Representation(Bisulfite(Sequencing(Library(..(98!
3.1!DNA!source!..................................................................................................................................................!99!
3.2!MethylationJinsensitive!digestion!with!MspI!............................................................................!103!
3.3!End!repair!and!addition!of!A!base!..................................................................................................!104!
3.4!Adaptor!ligation!.....................................................................................................................................!106!
3.5!Size!Selection!...........................................................................................................................................!107!
3.6!Bisulfite!conversion!..............................................................................................................................!108!
3.7!Final!amplification!and!second!round!of!size!selection!........................................................!111!
3.8!Quality!check!and!validation!of!the!library!................................................................................!113!
3.9!Sequencing!................................................................................................................................................!115!
Chapter(4:(Establishment(of(Alignment(Strategies(and(Comparison(of(Alignment(
Programmes(.......................................................................................................(116!
4.1!Quality!check!of!the!sequenced!reads!...........................................................................................!118!
4.1.1#Quality#checking:#SolexaQA#...........................................................................................................#118!
4.1.2#Quality#checking:#FastQC#...............................................................................................................#122!
!

viii!

4.2!Trimming!and!filtering!sequenced!reads!....................................................................................!127!
4.3!Comparison!of!mapping!with!different!aligners!......................................................................!128!
4.3.1#Mapping#efficiency#and#speed#......................................................................................................#129!
4.3.1.1!Mapping!against!whole!human!genome!......................................................................................!129!
4.3.1.2!Mapping!against!Reduced!Representation!(RR)!Genome!...................................................!130!

4.3.2#Effect#of#shortening#read#length#on#mapping#efficiency#...................................................#133!
4.3.3#Effect#of#adaptor#cleaning#and#dynamic#trimming#............................................................#135!
4.4!Comparison!of!methylation!mapping!between!aligners!......................................................!139!
4.5!Visualization!of!the!methylation!tracks!.......................................................................................!141!
4.6!Strategies!derived!for!optimal!mapping!performance!..........................................................!142!

Chapter(5:(Considerations(and(Improvements(for(Multiplexing(Reduced(
Representation(Bisulfite(Sequencing(Libraries(....................................................(147!
5.1!Purification!of!RRBS!libraries!...........................................................................................................!148!
5.2!125!baseJpair!band!...............................................................................................................................!149!
5.3!SizeJselection!of!40J220!bp!fragments!.........................................................................................!150!
5.4!Amplification!...........................................................................................................................................!151!
5.5!Bisulfite!conversion!..............................................................................................................................!152!
5.6!Bioanalyser!trace!...................................................................................................................................!153!
5.7!Base!composition!of!RRBS!libraries!and!baseJcalling!during!sequencing!....................!154!
5.8!Offline!base!caller!..................................................................................................................................!156!
5.9!Mapping!of!deJmultiplexed!libraries!.............................................................................................!161!
5.9.1#SingleDend#(SE)#or#pairedDend#(PE)#mapping?#.....................................................................#162!
5.9.2#Different#data#format#......................................................................................................................#162!
5.9.3#Alignment#comparison#of#RTA#and#OLB#derived#sequenced#reads#..............................#164!
5.10!Details!of!the!RRBS!libraries!sequenced!using!multiplexed!method!...........................!165!
Chapter(6:(Exploration(of(RRBS(data(and(Documentation(of(a(Differential(
Methylation(Analysis(Pipeline(.............................................................................(167!
6.1!Alignment!of!the!Sequenced!libraries!...........................................................................................!168!
6.1.1#Mapping#to#the#reference#genome#.............................................................................................#168!
6.1.2#ReDvisiting#hard#trim#vs.#dynamic#trim#....................................................................................#170!
6.1.3#Bismark#SAM#file#................................................................................................................................#171!
6.2!Basic!Analysis!using!R!package!.......................................................................................................!173!
6.2.1#Methylation#Coverage#......................................................................................................................#174!
6.2.2#Methylation#distribution#per#base#..............................................................................................#175!
6.2.3#Quartile#distribution#of#CpG#methylation#...............................................................................#177!
6.3!Bias!due!to!filledJin!cytosine!bases!................................................................................................!177!
6.4!Generating!neutrophil!methylomes!for!individuals!...............................................................!183!
6.4.1#Unit#of#analysis#for#generating#methylome#............................................................................#183!
6.4.2#Single#CpG#methylome#.....................................................................................................................#183!
6.4.3#MspI#fragment#based#methylome#...............................................................................................#184!
6.4.3.1!Filtering!based!on!average!coverage!=!10!..................................................................................!184!
6.4.3.2!Filtering!based!on!coverage!of!at!least!two!CpG!sites!in!a!fragment!..............................!186!
6.5!Skewed!coverage!in!the!adjacent!MspI!fragments!..................................................................!187!
6.5.1#Adjacent#MspI#fragments#...............................................................................................................#187!
6.5.2#Coverage#bias#due#to#overlapping#reads#at#adjacent#MspI#fragments#.......................#188!
6.5.3#Reasons#for#skewed#coverage#at#first#CpG#site#......................................................................#190!
6.5.4 Modification#and#correction#in#the#fragment#based#approach#.....................................#193!
6.6!NonJMspI!reads!......................................................................................................................................!195!
6.7!Analysis!of!technical!replicates!.......................................................................................................!197!
6.8.!Investigating!interJindividual!variation!.....................................................................................!198!
6.8.1#The#unit#for#interDindividual#methylation#analysis#.............................................................#199!
6.8.2#Finding#common#fragments#between#individuals#...............................................................#199!

!

ix!

6.8.3#Identifying#interDindividual#variably#methylated#fragments#(iVMFs)#........................#200!

Chapter(7:(Characterization(of(iVMFsQ1(...............................................................(203!
7.1!Chromosome!wise!plot!of!RR!vs!iVMFs.!.......................................................................................!203!
7.2!Genomic!distribution!of!iVMFs!........................................................................................................!206!
7.2.1#Transcription#start#site#(TSS)#,#promoters#and#iVMFs#.......................................................#206!
7.2.2#Gene#body#associated#iVMFs#.........................................................................................................#207!
7.3!CpG!features!.............................................................................................................................................!208!
7.4!Genomic!and!epigenomic!features!of!iVMFs!..............................................................................!209!
7.4.1#Promoters#.............................................................................................................................................#211!
7.4.2#Regulatory#elements#.........................................................................................................................#212!
7.4.3#DNase#I#hypersensitive#sites#..........................................................................................................#213!
7.4.4#Transcription#factor#binding#........................................................................................................#214!
7.4.5#Histone#modification#marks#..........................................................................................................#216!
7.4.6#LaminaDassociated#domain#...........................................................................................................#218!
7.4.7#Conservation#........................................................................................................................................#219!
7.4.8#Repetitive#element#.............................................................................................................................#220!
7.4.9#Transcriptional elongation, transcriptional transition and polycomb repressed
regions#...............................................................................................................................................................#221!
7.4.10#CpG#density#comparison#in#iVMFs#and#RR#genome#..........................................................#222!
7.4.11#summary#of#“any#tissue”#analysis#of#iVMFs#and#RR#genome#with#a#bubble#chart
#..............................................................................................................................................................................#224!

Chapter(8:(Characterization(of(iVMFsQ2(...............................................................(227!
8.1!Comparison!and!overlap!with!previous!genomeJwide!studies!.........................................!228!
8.2!Identification!of!candidate!variable!genes!..................................................................................!230!
8.2.1#Approach#for#choosing#candidates#............................................................................................#230!
8.2.2#List#of#candidates#...............................................................................................................................#231!
8.3!Candidate!subsets!of!iVMFs!based!on!genomic!and!epigenomic!feature!......................!235!
8.4!Methylation!pattern!of!candidate!iVMFs!(examples)!............................................................!237!
8.4.1#FBRSL1#...................................................................................................................................................#237!
8.4.2#SYT10#......................................................................................................................................................#241!
8.4.3#PTPRN2#..................................................................................................................................................#243!
8.4.4#SALL3#......................................................................................................................................................#246!
8.4.5#DLGAP2#..................................................................................................................................................#248!
8.4.6#CDH4#.......................................................................................................................................................#250!
8.4.7#NKX1D1#...................................................................................................................................................#251!
8.4.8#PPP1R26#................................................................................................................................................#253!
8.4.9#DHX32#.....................................................................................................................................................#255!
8.4.10#TERT#gene#..........................................................................................................................................#258!
8.5!Exon!containing!iVMFs!........................................................................................................................!261!
8.5.1#KRTCAP3#...............................................................................................................................................#261!
8.5.2#SLC9A8#...................................................................................................................................................#263!
8.6!More!examples!from!DNMTJassociated!iVMFs!.........................................................................!265!
8.7!Gene!ontology!for!functional!significance!...................................................................................!269!
8.7.1#GO#functional#categories#................................................................................................................#270!
8.7.2#Pathway#analysis#...............................................................................................................................#271!
8.7.3#Disease#enrichment#...........................................................................................................................#272!
8.7.4#Protein#and#gene#family#association#.........................................................................................#273!
Chapter(9:(Discussion(of(results(and(future(directions(.........................................(275!
9.1!InterJindividual!DNA!methylation!variation!.............................................................................!275!
9.2!Origin!of!Reduced!representation!bisulfite!sequencing!(RRBS)!.......................................!276!
9.3!Establishment!of!alignment!strategy!and!comparison!of!aligners!...................................!277!
9.3.1#Speed#differences#between#alignment#programs#.................................................................#277!
!

x!

9.3.2#Mapping#differences#between#alignment#programs#..........................................................#278!
9.3.3#Choice#of#alignment#program#......................................................................................................#279!
9.3.4#Is#it#best#to#align#the#sequenced#reads#against#the#reduced#representation#genome#
or#whole#genome?#.........................................................................................................................................#279!
9.4.!Multiplexing!RRBS!libraries!.............................................................................................................!280!
9.4.1#Improving#library#preparation#....................................................................................................#281!
9.4.2#BaseDcalling#of#multiplexed#RRBS#libraries#............................................................................#281!
9.5.!Exploration!of!RRBS!data!and!differential!methylation!analysis!.....................................!282!
9.5.1#Technical#replicates#..........................................................................................................................#283!
9.5.2.#Unit#of#DNA#methylation#analysis#.............................................................................................#283!
9.5.3#NonDMspI#reads#..................................................................................................................................#283!
9.5.4#Statistical#test#to#identify#interDindividual#variably#methylated#fragments#(iVMFs)
#..............................................................................................................................................................................#284!
9.5.5#Development#of#differential#methylation#analysis#package#for#epigenomics#studies
#..............................................................................................................................................................................#287!
9.6!InterJindividual!Variably!Methylated!Fragments!(iVMFs)!..................................................!287!
9.6.1#CpG#features#.........................................................................................................................................#288!
9.6.2.#Adjacent#CpG#sites#............................................................................................................................#289!
9.6.3#Variable#methylation#at#enhancers#...........................................................................................#290!
9.6.4#Variable#methylation#at#transcription#factor#binding#sites#............................................#290!
9.6.5#Gene#body#methylation#variation#...............................................................................................#291!
9.6.6#Potential#link#between#variable#methylation,#CTCF,#Pol#II#and#alternate#splicing#292!
9.6.7#Effect#of#variable#fragments#in#individuals#............................................................................#294!
9.6.8#Gene#ontology#studies#......................................................................................................................#294!
9.7!Genetic!vs.!epigenetic!variation!.......................................................................................................!296!
9.8!Questions!beyond!interJindividual!variation!............................................................................!297!
9.9!Future!directions!...................................................................................................................................!298!
9.9.1#RNADSeq#to#understand#methylomeDtranscriptome#relation#.........................................#298!
9.9.2#Enhanced#genome#sequencing#.....................................................................................................#299!
9.9.3#The#sixth#base#in#the#genome:#hydroxymethylcytosine#.....................................................#301!
9.9.4#Summary#of#possible#future#works#.............................................................................................#302!
9.10!Conclusion!..............................................................................................................................................!303!

Supplementary(information(................................................................................(304!
References(..........................................................................................................(305!

!

xi!

List of Publications
------------------------------------------------------------------------------------------------------Following are the list of published and submitted articles derived form the thesis
work. The manuscripts, and the related files for these articles are provided with the
supplementary

information

of

the

thesis

in

a

CD

(folder

name:

S5-

Publications&manuscripts).
Published articles
1. Chatterjee, A “Epigenetic regulation: from mechanism to intervention”
Epigenomics 4(5):1-4 (2012).
[An editor commissioned article summarising the concepts and ideas from MRC
Clinical Sciences Centre Symposium meeting in London, UK]
2. Chatterjee, A., Rodger, E.J., Stockwell, P.A., Weeks R.J., Morison, I.M.
“Technical considerations for reduced representation bisulfite sequencing with
multiplexed libraries” Journal of Biomedicine and Biotechnology, October (2012).
[Describes the optimisation of multiplexed RRBS and the roadmap for improved data
analysis in a multiplexed background for RRBS samples.]
3. Chatterjee, A., Stockwell, P.A., Rodger, E.J., Morison, I.M. “Comparison of
alignment software for genome-wide bisulphite sequence data” Nucleic Acids
Research. 40(10):e79 (2012).
[Describes the comparison of alignment softwares, and the development of novel
tools to facilitate and complete the RRBS alignment workflow].
4. Chatterjee, A., & Morison, I.M. “Monozygotic twins: genes are not the destiny?”
Bioinformation. 7(7): 369-370 (2011).
[A perspective article on the epigenetics of monozygotic twins]

!

xii!

5. Chatterjee, A., Ozaki, Y., Stockwell, P.A., Horsfield, J.A., Morison, I.M.,
Nakagawa, S, N. Mapping the zebrafish brain methylome using reduced
representation sequencing Epigenetics 8:9, 1–11; 2013.
[Analysis of base-pair resolution DNA methylation map of zebrafish male and female
brains using the RRBS pipeline developed as part of the current work]
Submitted articles (confidential and not distributable)
6. Stockwell, P.A., and Chatterjee, A., Rodger, E.J., Morison, I.M. DMAP:
Differential methylation analysis package for RRBS and WGBS data (under review,
2013).
[The complete differential methylation pipeline for RRBS and whole genome bisulfite
sequencing analysis to identify differential methylation patterns in multiple samples]
7. Rodger, E.J., Chatterjee, A., Morison, I.M. Hitting the Mark: 5hmC as a Potential
Therapeutic Target (under review, 2013).
[A perspective article on the role and therapeutic potential of the 6th base of the
genome, i.e., 5-hydroxymethlycytosine]
8. Chatterjee A, Rodger EJ, Stockwell PA, Le Mée G, Morison IM “Generating
Multiple Base-resolution DNA Methylome Using Reduced Representation Bisulfite
Sequencing” Methods in Molecular Biology (Springer), Invited manuscript submitted.
[Description of the complete workflow of RRBS]

!

xiii!

List of Tables
-------------------------------------------------------------------------------------------------------

Chapter 1:
Table 1.1.
Table 1.2.
Table 1.3.
Table 1.4.

Composition of the Human genome and overall distribution of CpG
sites
External factors causing DNA methylation variation
Reduced representation coverage as a function of size selection
Comparison of basic features between Illumina GAII and HiSeq 2000
sequencer

Chapter 2:
Table 2.1.
Table 2.2.
Table 2.3.
Table 2.4.

Details of the participants included in the study
MspI fragment based methylome for RRBS
2 x 11 contingency table for a fragment
Candidate regions after variable methylation analysis

Chapter 3:
Table 3.1.
Table 3.2.
Table 3.3.

Neutrophil isolation percentages and DNA concentrations of the
sequenced samples
Details of the RRBS libraries sequenced in Illumina GAII platform
Qubit concentrations of the RRBS libraries sequenced in Illumina GAII
Platform

Chapter 4:
Table 4.1.
Table 4.2.
Table 4.3.
Table 4.4.
Table 4.5.
Table 4.6.
Table 4.7.
Table 4.8.
Table 4.9.

!

Comparison of mapping performance and speed of the different
packages against whole human genome (build GRCh37)
Comparison of mapping performance and speed of the different
packages against Reduced Representation (RR) Genome
Comparison of mapping against reduced representation genome and
whole genome with different read lengths
Effect of sequence trimming on alignment efficiency (against RR
genome)
Percentage of contamination by adaptor sequences in the dataset
Percentage sequences trimmed by dynamic trimming
Effect of adaptor trimming and dynamic trimming on alignment
efficiency (WG)
Comparison of methylation mapping between different aligners
Effect of sequence trimming on methylation percentage (against RR
genome)

xiv!

Chapter 5:
Table 5.1.
Table 5.2.
Table 5.3.
Table 5.4.

Comparison between base-calling performed by RTA (Real Time
Analyzer) and OLB (Off-Line Base-caller) of multiplexed samples
after quality trimming to a Phred score of 30
Details of data generated for multiplexed RRBS libraries
Comparison of mapping performance between RTA and OLB datasets
Details of the RRBS libraries sequenced by indexed (multiplexed run)

Chapter 6:
Table 6.1.
Table 6.2.
Table 6.3.
Table 6.4.
Table 6.5.
Table 6.6.
Table 6.7.
Table 6.8.
Table 6.9.
Table 6.10.

Sequenced RRBS Library mapping summary
Comparison of alignment efficiencies between hard trimmed and
dynamically trimmed libraries
Methylation per quartile in a representative sample (X9012)
Qualified fragments with average coverage of ≥10 in the samples
Length distributions of fragments with average coverage of ≥10
Qualified fragments with at least two CpGs with coverage of ≥10 in the
samples
Length distributions of fragments with at least two CpGs with coverage
of ≥10
Single CpG methylation status of four fragments generated from two
libraries.
CpG methylation status and coverage of two adjacent fragments
(before and after correction) from sample X9012.
Details of non-MspI start reads in the sequenced libraries

Chapter 7:
Table 7.1.
Table 7.2.

Unique mapping on chromosome Y for 11 individuals
Comparison of strong overlap with histone modification mark between
RR genome, iVMFs and whole genome

Chapter 8:
Table 8.1.
Table 8.2.
Table 8.3.
Table 8.4.
Table 8.5.
Table 8.6.
Table 8.7.
Table 8.8.

!

Frequency distribution of iVMFs with candidate genes
Top candidate variably methylated genes based on high frequency of
associated iVMFs
List of candidate iVMF subsets based on genomic and epigenomic
features
Details of associated iVMFs (35) with FBRSL1 gene (chromosome 12)
Details of associated iVMFs (26) with SYT10 gene (chromosome 12)
Details of associated iVMFs (25) with PTPRN2 gene (chromosome 7)
Details of associated iVMFs (22) with SALL3 gene (chromosome 18)
Details of associated iVMFs (20) with DLGAP2 gene (chromosome 8)

xv!

Table 8.9.
Table 8.10.
Table 8.11.

Details of associated iVMFs (17) with CDH4 gene (chromosome 20)
Details of associated iVMFs (16) with NKX1-1 gene (chromosome 4)
Details of associated iVMFs (11) with PPP1R26 gene (chromosome 9)

Table 8.12.
Table 8.13.
Table 8.14.
Table 8.15.
Table 8.16.

Details of associated iVMFs (10) with DHX32 gene (chromosome 10)
Details of associated iVMFs (10) with TERT gene (chromosome 10)
Details of exon containing iVMFs
Details of DNMT-associated iVMFs
Single CpG methylation values for DNMT3L-associated iVMF (chr21:
45670869-45670968)
Top five functions of candidates in three GO categories
KEGG pathway analysis of the 1298 candidate genes
Wiki pathway analysis of the 1298 candidate genes
Disease enrichment analysis of the 1298 candidate genes

Table 8.17.
Table 8.18.
Table 8.19.
Table 8.20.

Chapter 9:
Table 9.1.

!

Comparisons of common multiple correction tests

xvi!

List of Figures
-------------------------------------------------------------------------------------------------------

Chapter 1:
Figure 1.1.
Figure 1.2.
Figure 1.3.
Figure 1.4.
Figure 1.5.
Figure 1.6.
Figure 1.7.
Figure 1.8.
Figure 1.9.
Figure 1.10.
Figure 1.11.
Figure 1.12.
Figure 1.13.
Figure 1.14.
Figure 1.15.
Figure 1.16.
Figure 1.17.

Overview of the chromatin structure and relationship with epigenetic
mechanism.
The mechanism for maintenance methylation through DNA replication
Mammalian DNA methyltransferases
Alteration of methylation during developmental stages.
Three classes of epigenetic variation
Allele-specific inter-individual variation in DNA methylation
Heat Map of tissue-specific methylation (from -2.0 to 2.0) of 497 CpG
islands
Inter-individual variation of methylation Profiles in two human genes.
The S-adenosyl methionine cycle
Epigenetic regulation of metastable epialleles on agouti mice model
Gene–environment vs epigene–environment interplay
Major steps involved in Sodium bisulfite treatment of methylated DNA
An example of reduced represented library generation
Adaptor ligation of DNA fragments for preparing sequencing libraries
Bridge amplification and Cluster generation principles
The reversible dye chemistry for sequencing for Illumina platform
Nature of bisulfite sequenced read mapping

Chapter 2:
Figure 2.1.
Figure 2.2.
Figure 2.3.
Figure 2.5.
Figure 2.6.

Basic statistics as indicated by FastQC for X9015
Example of a methylation_extractor file showing methylation
information of individual CpG sites
The IGV application window and some key features
Output from gene locating operation in identgeneloc
Flow diagram of the differential methylation pipeline developed during
this project

Chapter 3:
Figure 3.1.
Figure 3.2.
Figure 3.3.
Figure 3.4.
Figure 3.5.
Figure 3.6.

!

Flow diagram of RRBS library construction
Whole blood cell count of X9010 sample
Blood cell count of X9010 sample after enrichment of neutrophils
MspI digested human genomic DNA for each of two samples
Mechanism of enzymatic digestion, end filling and A-tailing step in
RRBS library preparation
Schematic of ligation of adaptor molecule to an end-repaired plus A
tailed fragment

xvii!

Figure 3.7.

A successful RRBS library (X9015) showing Low (150-230 bp) and
High (230-330bp) molecular weight libraries
Figure 3.8. An example of Bismark report highlighting the non-CpG methylation
(X9015)
Figure 3.9. An example of Bismark report highlighting the non-CpG methylation
(X9010)
Figure 3.10. A successful RRBS library showing Low (150-230 bp) and High (230330bp) molecular weight libraries
Figure 3.11. Bioanalyser trace of X1015-low RRBS library
Figure 3.12. Bioanalyser trace of X1015-high RRBS library

Chapter 4:
Figure 4.2.
Figure 4.1.
Figure 4.3.
Figures 4.4.
Figures 4.5.
Figures 4.6.
Figures 4.7.
Figures 4.8.
Figures 4.9.

SolexaQA heat map display of run quality (X9015).
Example of two raw sequenced reads from X9015 library.
SolexaQA plot of read errors vs cycle number (X9015).
Per base sequence quality as indicated by FastQC for X9015.
Per sequence quality score as indicated by FastQC for X9015.
Sequence length distribution as indicated by FastQC for X9015.
Per base N content as indicated by FastQC for X9015.
Per base sequence content as indicated by FastQC (X9015).
Per base sequence content as indicated by FastQC after adaptor
sequence removal (X9015)
Figure 4.10. SeqMonk display of differential methylation from different aligners
Figure 4.11. Flow diagram of the alignment and analysis pipeline

Chapter 5:
Figure 5.1.
Figure 5.2.
Figure 5.3.
Figure 5.4.
Figure 5.5.
Figure 5.6.
Figure 5.7.
Figure 5.8.
Figure 5.9.

Hypothetical MspI digested fragment ligated with barcoded adaptor.
Loss of smaller fragments (<100 bp) following AMPure bead
purification
Size-selection of three MspI digested, adaptor ligated RRBS libraries
PCR optimizations of multiplexed RRBS library with different master
mixes.
Three RRBS libraries prepared by modified amplification protocol.
Representative Bioanalyzer electropherogram of a RRBS library.
Comparison of base-calling between regular genomic libraries and
RRBS libraries.
Per base sequence quality of sample 2 as generated by FASTQC for the
dataset obtained from RTA base-calling
Different format of sequenced reads in different versions of sequencing
machines.

Chapter 6:
Figure 6.1.

!

A Bismark SAM output after alignment showing two reads

xviii!

Figure 6.2.
Figure 6.3.
Figure 6.4.
Figure 6.5.
Figure 6.6.
Figure 6.7.
Figure 6.8.
Figure 6.9.
Figure 6.10.
Figure 6.11.
Figure 6.12.
Figure 6.13.
Figure 6.14.
Figure 6.15.
Figure 6.16.
Figure 6.17.

Example of CpG file produced by methylKit
CpG site coverage histogram of a RRBS library (X9012)
CpG site methylation histogram of a RRBS library (X9012)
RRBS workflow and fill-in process
Mapped reads and CpG methylation status of a 703 base pair region at
chromosome 1 (984255-984958)
Mapped reads and CpG methylation status of a 703 bp region on
chromosome 1 (984255-984958) after trimming the three filled-in
bases
Mapped reads and CpG methylation status of a 49 bp region at
chromosome 1 (984341-984388) after trimming the three filled-in
bases
Comparison of mapping efficiencies before and after trimming of the
unmethylated filled-in bases
Comparison of total methylation percentages in the libraries before and
after trimming of the filled-in bases
CpG methylation status of a 284 bp region showing adjacent MspI
fragments of chromosome 4 (81952355-81952637)
Read mapping pattern of a 268 bp region of chromosome 4 (9509085395091120)
Zoomed in view of read mapping pattern of a 73 bp region of
chromosome 4 (95090920-95090992)
Two adjacent fragments (48 bp and 49 bp length) and pattern of
mapped reads
Example of a mapped non-MspI read
Scatter plots of CpG methylation for sample X9012 and
X9012_replicate
Proposed pipeline to identify inter-individual variably methylated
fragments (iVMFs)

Chapter 7:
Figure 7.1.
Figure 7.2.
Figure 7.3.
Figure 7.4.
Figure 7.5.

Chromosome wise fragment distribution of iVMFs and RR genome
Distribution of iVMFs relative to the distance with TSS
Distribution of iVMFs in the gene body
Distribution of iVMFs within CpG features
Overlap of regions in whole genome, RR genome and iVMFs with
promoters
Figure 7.6. Overlap of regions in whole genome, RR genome and iVMFs with
regulatory elements
Figure 7.7. Overlap of regions in whole genome, RR genome and iVMFs with
DNaseI sites in K562 cells and “any tissue”
Figure 7.8. Comparison of overlap with transcription factors between RR genome
and iVMFs (“any tissue”)
Figure 7.9. Comparison of overlap with transcription factors between RR genome
and iVMFs (K562)
Figure 7.10. Overlap of regions in whole genome, RR genome and iVMFs with
lamina-associated domains in “any tissue”

!

xix!

Figure 7.11. Overlap of regions in whole genome, RR genome and iVMFs with
conserved regions
Figure 7.12. Overlap of regions in whole genome, RR genome and iVMFs with
repetitive elements
Figure 7.13. Overlap of regions in whole genome, RR genome and iVMFs with
transcriptional elongation, transition and Polycomb repressed proteins
Figure 7.14. Comparison of frequency of CpGs in the fragments from iVMFs and
RR genome
Figure 7.15. Comparison of observed CpG s in iVMFs and RR genome
Figure 7.16. Summary bubble chart of RR genome and iVMFs of genomic and
epigenomic annotations (“any tissue”)

Chapter 8:
Figure 8.1.
Figure 8.2.
Figure 8.3.
Figure 8.4.
Figure 8.5.
Figure 8.6.
Figure 8.7.
Figure 8.8.
Figure 8.9.
Figure 8.10.
Figure 8.11.
Figure 8.12.
Figure 8.13.
Figure 8.14.
Figure 8.15.
Figure 8.16.
Figure 8.17.
Figure 8.18.
Figure 8.19.
Figure 8.20.

Example of subset iVMF visualization as custom tracks in UCSC
genome browser
Heat map of 35 iVMFs associated with FBRSL1
Heat map of 26 iVMFs associated with SYT10
Heat map of 25 iVMFs associated with PTPRN2
Heat map of 22 iVMFs associated with SALL3
Heat map of 20 iVMFs associated with DLGAP2
Heat map of 17 iVMFs associated with CDH4
Heat map of 16 iVMFs associated with NKX1-1
Heat map of 11 iVMFs associated with PPP1R26
UCSC custom track view of 127584276-127585426 region containing
11 iVMFs in DHX32
Heat map of 11 iVMFs associated with DHX32
Heat map of 10 iVMFs associated with TERT
Methylation levels between individuals in KRTCAP3-associated iVMF
Single CpG methylation patterns between individuals in KRTCAP3associated iVMF
Methylation levels between individuals in SLC9A8-associated iVMF
Single CpG methylation patterns between individuals in SLC9A8associated iVMF
Methylation pattern between individuals in three DNMTA-associated
iVMFs
Single CpG methylation levels between individuals in iVMF1 of
DNMT3A
Methylation levels between individuals in DNMT3L-associated iVMF:
chr21: 45670869-45670968
Single CpG methylation methylation levels between individuals in
DNMT3L-associated iVMF: chr21: 45670869-45670968

Chapter 9:
Figure 9.1

!

Alignment of a RRBS sequenced reads against the RR genome and the
whole genome

xx!

!

!

Chapter(1:(Introduction(
---------------------------------------------------------------------

!
!
Three themes will be discussed in this chapter. First, the fundamentals of epigenetics;
second, the variation in epigenetic marks in normal individuals and its implications;
third, tools and techniques for epigenetic analysis and their potential to expedite
epigenetic research.

1.1(Fundamentals(of(epigenetics((
!
The term epigenetics, which literally means ‘above genetics’ (epi=upon) usually
refers to the study of stable genetic modifications that cause changes in gene
expression without altering the underlying nucleotide sequence. Epigenetic
phenomena are mediated by several molecular mechanisms. The two most stable
epigenetic mechanisms are DNA methylation and histone modification (Figure 1.1).
Further, non-coding RNAs and RNA interference mechanisms have been shown to
contribute to epigenetic regulation in plants and lower organisms (Waterland and
Michels, 2007). In humans, there is evidence that non-coding RNAs can regulate
DNA methylation and therefore gene expression (Xist and Tsix genes involved in Xinactivation are well studied examples and are discussed in 1.1.3.2). The non-coding
RNAs have also shown to be involved in establishing specific histone marks in the
chromatin (Mercer and Mattick, 2013; Zhou et al., 2010). The role of non-coding
RNAs in mammalian epigenetic regulation remains an active and interesting area of
research (Lee, 2012).

In addition to their role in regulation of gene expression regulation, tissue
differentiation, X-inactivation and genomic imprinting, it is thought that epigenetic
changes allow cells to respond to intrinsic and extrinsic factors to confer phenotypic
plasticity (Tost, 2008). As DNA methylation is the primary focus of the current study,
the discussion of the literature in this section will predominantly focus on the roles of
DNA methylation in the mammalian genome.

Introduction

!

1.1.1(Histone(modification((
!
The nucleosome, which consists of 146 bp of DNA wrapped around an octamer of
core histones (two copies each of H2A, H2B, H3, and H4), is the primary structural
unit of chromatin (Margueron et al., 2005). The core histone proteins are composed of
a globular domain with relatively unstructured N- and C-terminal ends. The N
terminal tail is subject to different post-translational modifications such as
methylation, acetylation, phosphorylation, ubiquitination, which contribute to the
changes of chromatin structure and function (Strahl and Allis, 2000).

!
Figure 1.1. Overview of the chromatin structure and relationship with epigenetic mechanism. A)
Different components of chromosomes and forms of histone modification B) Acetylated and
hypomethylated chromatin are active and are able to initiate transcription. When the histones are
deacetylated and hypermethylation of cytosine residues takes place, then the chromatin condenses
leading to a silent state and transcriptional repression [(From: (Luong, 2009 ) ]

Histone tails are normally positively charged (due to the presence of lysine and
arginine), helping them to interact and bind with negatively charged phosphate groups
of the DNA backbone. Acetylation of the tails neutralises the positive charges,
resulting in poor binding of histones to the DNA backbone and allowing chromatin
expansion (active chromatin). This helps complexes like SWI/SNF and other

!
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transcription factors to bind to DNA, opening it up and exposing it to enzymes like
RNA polymerase thereby allowing gene transcription to occur (Seo et al., 2005;
Takeuchi et al., 2007). Histone deacetylase (HDAC) removes acetyl groups from the
N-terminal tail of histones leading to a silent chromatin state. Histone acetyl
transferase (HAT) has the opposite function of Histone deacetylase, i.e., acetylation of
histone tails. H3K9 and H3K27 methylation are two prominent histone modifications
that result in repressed chromatin (Cheung and Lau, 2005). Lysine methylation gives
rise to long-term chromatin silencing (Margueron et al., 2005).
The presence of a histone code (or even an “epigenetic code”) is hypothesised (Rea et
al., 2000; Strahl and Allis, 2000). It proposes that different combinations of histone
modifications form a language that determines the structural state of chromatin.
However, a single modification does not translate into a single biological event and it
is the cumulative effect of several modifications that exerts a biological effect
(Henikoff, 2005).

1.1.2(DNA(methylation(
!
DNA methylation involves the addition of a methyl group (CH3) to the 5’ position of
the pyrimidine ring of cytosine. It is heritable through cell division and provides a
mechanism of cell memory. In mammals, DNA methylation occurs almost
exclusively at cytosines within cytosine-guanine dinucleotides or CpG sites (the “p”
denotes the presence of the phosphodiester bond) converting cytosines (C) into 5methylcytosine (5meC) (Bird, 2002).

1.1.2.1(DNMT(–(Maintenance(methylation(
!
Maintenance methylation refers to the process by which DNA methylation patterns
are replicated during mitosis. The enzyme DNA methyltransferase 1 (DNMT1), the
most abundant DNA methyltransferase in mammalian cells, plays a key role in the
maintenance mechanism. It has 7–100 fold more affinity for hemimethylated DNA
than unmethylated and it methylates the CpG sites of hemimethylated progeny DNA
strands. Thus, it maintains the DNA methylation by copying the methylation pattern

!
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of the parental strand to the daughter strands (shown in Figure 1.2) (Holliday and
Pugh, 1975; Riggs, 1975).

!
Figure 1.2. The mechanism for maintenance methylation through DNA replication. A short region
of DNA is shown; the filled and empty “lollipops” represent methylated and unmethylated CpG sites.
After DNA replication, the newly synthesized strands are hemimethylated and the DNMT1 maintenance
methylase restores the original pattern of CpG methylation from the parent DNA molecule [From:
Waterland and Michels, 2007].

It has been proposed that DNMTs act as acceptor substrates for methyl groups.
DNMTs incorporate a methyl group onto the cytosine converting it into 5meC.
Different types of mammalian DNMTs and their structures are illustrated in Figure
1.3 (C.David Allis, 2007).

Figure 1.3. Mammalian DNA methyltransferases. I, IV, VI, IX, X are the conserved motifs in the
catalytic domain of the DNMTs. The numbers on the right side show the number of amino acids present
in the respective enzymes [From: C.David Allis, 2007].

!
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1.1.2.2(DNMT(–(de#novo(methylation(
!
The mechanism of de novo methylation remains unclear, but it is believed that
DNMT3A and DNMT3B (also called de novo methyltransferases) are responsible for
programmed de novo methylation events in mammals. De novo methylation was
suggested to be confined to totipotent stages of embryogenesis. Deletion of the
DNMT1 gene was shown to have no effect on de novo methylation (Lei et al., 1996)
and disruption of the genes for DNMT3A and DNMT3B resulted in disappearance of
de novo methylation (Okano et al., 1999). The role of DNMT3B in methylating
specific regions of the human or mice genome (pericentromeric repetitive DNA
sequence) was established in subsequent studies (Kondo et al., 2000; Okano et al.,
1998; Okano et al., 1998).

(1.1.2.3(CpG(islands(
!
CpG islands (CGIs) are genomic regions that contain a high frequency of CpG sites.
The existing definitions of CpG island are based on ad hoc thresholds (Saxonov et al.,
2006). However, a commonly used definition is: regions with G+C content of 55.0%
or more and size of 500 bp or above (Takai and Jones, 2002). It is now evident that
most of the CpG islands (>70.0%) reside near the promoter and 5’ domain of the
gene. Genes that have promoters especially rich in CpG sequences were observed to
be expressed in most tissues (Saxonov et al., 2006). DNA from mammalian somatic
tissues is methylated at more than 70.0% of all CpG sites (Ehrlich et al., 1982) but
surprisingly CpG islands remain largely unmethylated across the genome. It is known
that aberrant methylation of CpG sites in promoter associated CpG islands may inhibit
the expression of a gene and lead to adult diseases (Bird and Wolffe, 1999).

1.1.2.4(CpG(islands(and(DNA(methylation(patterns((
!
In the human genome, repetitive sequences contain approximately 50.0% of all CpG
sites, the majority of which are methylated. This lead to speculation that DNA
methylation probably acts as a programmed host defence mechanism (Rollins et al.,
2006). Methylation at repetitive sequences is maintained throughout life and also in
germ cell development. Different repetitive elements exhibit different relationships to

!
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DNA methylation. LINE1 (Long Interspersed Nuclear Elements, the largest group of
repetitive sequences) elements are generally CpG poor (Rollins et al., 2006) and are
believed to be silenced by methylation. However, some LINE elements have CpG rich
5’ positions and have the potential to be active. SINE (Short Interspersed Nuclear
Elements, 100-400 bp long) elements are normally CpG rich. It has been observed
that human Alu repeats often overlap with CpG rich sequences (Takai and Jones,
2002), thus making Alu repeats an evolving regulatory element in epigenetics (Tost,
2008). In general, repetitive elements are common in methylated CpG islands and rare
in unmethylated CpG islands. The distribution of CpG sites across the human genome
is shown in Table 1.1.
Table 1.1. Composition of the Human genome and overall distribution of CpG sites (From: Rollins
et al., 2006)
Elements

CpG sites

Distribution of CpG sites
in the elements (%)

G+C (%)

Proportion of
the genome (%)

Genome

29,848,743

100.0

41.0

100.0

CpG islands

1,876,802

5.5

62.0

0.6

First exon

508,553

1.8

56.0

0.3

Other exons

1,337,271

4.9

48.0

1.8

DNA transposons

565,601

2.1

29.0

3.6

LINE transposons

3,242,225

11.8

32.0

22.3

LTR transposons

1,958,798

7.1

37.0

9.3

SINE transposons

7,479,682

27.2

38.0

16.1

Alpha satellite

~766,000

2.8

38.0

2.1

Classical satellite

~1,140,000

4.2

34.0

2.1

Other sequences

8,358,888

32.6

42.0

41.9

(
1.1.2.5(Role(of(Gene(body(methylation(
The functional consequences of promoter DNA methylation on gene expression and
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chromatin configuration are well studied. The role of DNA methylation in
suppressing transcription of repetitive elements is also relatively well understood.
However, the functional role of gene body methylation is not well understood and is
an exciting area of epigenetic research. Recent studies showed sharp transitions in
methylation status at exon-intron boundaries (Laurent et al., 2010). It has been
suggested that site-specific occupancy of CTCF pauses RNA polymerase II activity,
and that the interaction of CTCF and RNA polymerase II plays a role in the alternate
splicing of genes (Shukla et al., 2011). It has also been suggested that specific histone
modifications in the bodies of different classes of genes are based on CpG density and
methylation status (Hahn et al., 2011). It is possible that DNA methylation levels are
generally higher in gene bodies than in non-genic regions (Aran et al., 2011; Lister et
al., 2009) and that gene-body methylation facilitates transcriptional elongation by
blocking non-specific or intragenic transcription (Bird et al., 1995). However, a recent
large-scale meta-analysis called into question the notion that gene body methylation is
associated with transcriptional activity, and instead proposed that gene body
methylation is determined by accessibility to DNA methyltransferases (Jjingo et al.,
2012). From an evolutionary perspective, gene body methylation could provide a
better understanding on the divergence of DNA methylation between species as
comparative studies have shown that gene body methylation is highly conserved
across different taxa (Huh et al., 2013).
The role of gene body methylation is very intriguing in the context of the findings
from the current work, the possible roles of gene body DNA methylation is discussed
in more detail in the lights of the results derived from this work in Chapter 9.

1.1.3(Roles(of(epigenetic(modification(
1.1.3.1(Gene(expression(regulation(by(DNA(methylation(
DNA methylation plays a key role in the regulation of gene expression. Generally
high methylation of promoters correlates with transcription suppression (Suzuki and
Bird, 2008). Several mechanisms have been proposed to explain alteration of gene
expression by DNA methylation. !
!
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The first mechanism states that the presence of bulky methyl group in the major
groove of DNA inhibits transcription factor binding to the DNA sequence. A number
of transcription factors recognise a specific motif (G+C rich) and then bind to the
promoter, especially in CpG islands. Methylation of the CpG sites prohibits binding
of the factors and represses transcription (Suzuki and Bird, 2008).!
!
A second mechanism involves the role of insulators in transcriptional repression. The
role of CTCF protein in imprinting at the H19/Igf2 loci in mice provides strong
support for this mechanism (Bell and Felsenfeld, 2000). CTCF is a boundary insulator
that insulates the promoter region from enhancer elements, thus preventing
transcription. In mice, CTCF insulates the maternally derived Igf2 gene causing
silencing of the gene. However, on the paternal allele the CTCF-binding sites are
methylated, preventing CTCF binding, and enhancer to act on the Igf2 gene.
!
The third hypothesis proposes the importance of methyl binding domain proteins in
gene regulation. In humans MECP2, MBD1, MBD2, MBD3, and MBD4 comprise a
specialised family of nuclear proteins recognised by the presence of a methyl-CpG
binding domain (MBD). These proteins, with the exception of MBD3, are capable of
binding specifically to methylated DNA (Bird and Wolffe, 1999). When a CpG island
is methylated, the MBD proteins bind to it and recruit histone deacetylases (HDAC)
and co-repressor complexes (e.g., mSIN3A), resulting in repression of gene
expression (Jones et al., 1998). MBD proteins can also block transcription factors
directly and condense the chromatin structure. However, each MBD group protein has
a different binding affinity to DNA and each one recognizes specific DNA sequence
motifs (Klose et al., 2005). For example, MECP2 strongly prefers methylated CpG
sites that are flanked by a run of AT-rich sequence.

1.1.3.2(XQInactivation(
!
X-inactivation takes place as a form of dosage compensation to balance the gene
products of female with males. The inactive X chromosome is silenced through
epigenetic modifications, including DNA methylation, by packaging it into
transcriptionally inactive heterochromatin.! The choice of which X chromosome is
inactivated is random in humans.
!
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Any given cell will have one active (Xa) and one inactive (Xi) chromosome. The Xinactivation centre (XIC) on the X chromosome is a necessary component for Xinactivation. The XIC comprises of two non-coding RNA genes called Xist and Tsix,
which are regulators of the process. The Xist gene encodes for a non-coding RNA,
which coats the inactive X (Ng et al., 2007). The Xist gene is only expressed from the
Xi but not from the Xa. Chromosomes that lack the Xist gene cannot be inactivated
(Penny et al., 1996).
Before inactivation, both X chromosomes weakly express Xist. During the
inactivation process, Xa ceases to express Xist, whereas the Xi rapidly increases Xist
expression. On Xi, Xist works as a functional RNA molecule that recruits protein
complexes and repressive chromatin factors that brings the heterochromatinization of
the Xi, leading to a silent chromatin state (Kalantry et al., 2009; Shibata and Wutz,
2008). The gene silencing along the Xi occurs soon after coating by Xist RNA
(Herzing et al., 1997). On the other hand, Tsix gene is transcribed on the opposite
strand of DNA from the Xist gene (Lee et al., 1999). X chromosomes having high
levels of Xist expression and lower Tsix expression are inactivated more frequently
than normal. Thus, Tsix serves as a negative regulator of Xist. However, the precise
mechanism of Tsix as a regulatory molecule in X-inactivation is less established.
It has been found that the Xi chromosome has high levels of promoter DNA
methylation, low levels of histone acetylation, low levels of histone H3 lysine-4
methylation, and high levels of histone H3 lysine-9 methylation which cumulatively
contribute to form inactive, silent heterochromatin (Ng et al., 2007). Recently, a
histone variant called macroH2A was exclusively found on nucleosomes along the Xi
suggesting its potential role in gene silencing (Costanzi et al., 2000).
An interesting study by Carrel and Willard showed approximately 15.0% of genes on
the X chromosome escape X inactivation and an additional 10.0% of genes are
inactivated variably between Xi chromosomes (Carrel and Willard, 2005). These
variably inactivated X-linked genes could potentially explain some inter-individual
variability and difference in phenotypic traits between females.
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1.1.3.3(Genomic(Imprinting(
!
Genomic imprinting is the phenomenon by which epigenetic modifications allow
monoallelic expression in a parent-of-origin-specific manner. DNA methylation plays
a key role in the event. Generally the autosomal genes are expressed from both alleles,
but for the imprinted genes expression occurs only from one allele (either the
maternal or paternal allele) resulting in imprinting. Almost one hundred imprinted
genes have been identified in humans and many of them are essential for placental
and fetal growth. In germ cells the imprint is removed, and then re-established
according to the sex of the fetus (Figure 1.4). In developing sperm, a paternal imprint
is established whereas the maternal imprint is established in developing oocytes (Reik
et al., 2001; Reik and Walter, 2001). The nature of this imprinting is epigenetic: the
major mechanism responsible for the event is DNA methylation. These marks are
maintained in all somatic cells throughout an organism.
A classic example of genomic imprinting occurs in the 11p15.5 human chromosome
region. Methylation at the paternally-inherited allele of H19 results in monoallelic
expression of the insulin-like growth factor-2 (IGF2) (DeChiara et al., 1991). SNRPN
is another paternally expressed imprinted gene located on human chromosome 15.
Imprinted genes play roles in embryonic growth and development, and imprinting
defects can lead to major abnormalities such as Beckwith-Wiedemann syndrome,
Silver-Russell Syndrome, Angelman Syndrome and Prader-Willi Syndrome.
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Figure 1.4. Epigenetic reprogarmming in germ cell and embryo. This figure shows methylation level
of methylated (black) and non-methylated (grey) imprinted genes and non-imprinted sequences (red,
maternal; blue, paternal) during germ-cell and early embryonic development. E = embryonic day. The
horizontal time axis and the vertical axis indicate the relative methylation levels are not to scale [From:
Reik and Walter, 2001].

1.2(Variation(in(epigenetic(marks(across(genome!
!
It is well documented that epigenetic alterations, DNA methylation in particular, play
a key regulatory role in inducing tumour formation. Aberrant DNA methylation of
CpG islands in promoter regions and genome-wide hypomethylation are common
phenomena in many tumour types. It is now becoming evident that epigenetic events
can show significant inter-individual variability within normal human populations and
this variation appears to be one of the exciting areas of research in the post-genomic
era, with many potential biomedical applications. Inter-individual variation in DNA
methylation is observed in multiple biological layers, i.e., allele-specific variation,
tissue-specific variation, variation at transposable elements, X-inactivation variation
and genomic imprinted region variation. Detection of variable levels of methylation
between normal individuals will help us to understand the role of epigenetics in
conferring phenotypic variability between individuals. Therefore, population studies
are becoming an important component of epigenetic research. There are many reports
of epigenetic changes and their consequences but we shall focus on variation and
changes in normal individuals, particularly focusing on DNA methylation, as it is one
of the most stable epigenetic changes.!
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1.2.1(Concept(of(‘metastable(epiallele’!
!
Inter-individual variation in the epigenomic state is often described with the help of a
concept called the ‘metastable epiallele’ (Rakyan et al., 2002). Metastable epiallele’ is
defined as an allele that is differentially expressed in individuals (genetically
identical) due to epigenetic modifications (Dolinoy et al., 2007), i.e., a variant
epigenetic state where the same cell types do not always express the same genes.
Studies conducted in laboratory mice models (e.g., the agouti mice and its coat colour,
which is explained later in this chapter) identified a gene (the agouti gene) and a
regulatory element (intracisternal particle) shown to alter phenotype (coat colour) due
to epigenetic modifications. Metastable epialleles play a pivotal role, in this case, in
determining phenotypic rather than classical Mendelian dominant-recessive traits.
Unlike imprinting, at metastable epialleles gene expression is not dependent on the
parent of origin (Rakyan et al., 2002). The probability of a particular allele being
active is variable. A striking feature of metastable epialleles is their labile nature in
cells. Metastable status of a allele depends on the epigenetic state of the cell and it has
been argued that metastable epialleles are sensitive to factors or causes that switch the
epigenetic state, leading to their lability (Matzke et al., 1994). It is believed that in
metastable epialleles, re-establishment of the epigenetic marks in early embryonic
stages might not be successful always. As a result we associate hypomethylation with
metastable epialleles. For example, agouti is metastable and it varies from low to high
levels of methylation. The concept of metastable epialleles allowed us to explain
epigenetic variation with the help of three definitions.

1.2.1.1(Obligatory(variation(
!
Obligatory epigenetic variation is dependent on genetic variation. That is, the
epigenomic state at a particular location depends on cis or trans acting sequence
variants. The epigenotype of a locus is determined by the genotype as shown in
Figure 1.5 (French et al., 2009; Richards, 2006). In this case any subsequent
phenotypic variation would be secondary to the genotype. One example is the human
potassium-chloride co-transporter 3 (KCC3, SLC12A6) which is involved in cell
proliferation and which is a neuropsychiatric candidate gene. A recent study showed a
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rare upstream SNP (A>G) in the promoter of SLC12A6 caused hypermethylation of
alleles harbouring the G nucleotide, resulting in tissue-specific reduction of gene
expression in vivo (Moser et al., 2009).

Figure 1.5. Three classes of epigenetic variation. Relation of epigenetic variation and genotype are
expressed in three genotype × epigenotype matrices. The horizontal axis distinguishes between two
genotypes that are represented by alleles x and y. At a genomic location either in cis or in trans (dashed
line) confirmation is possible. Two alternative epigenetic states are depicted as either open or filled red
boxes. a) For obligatory variation, epigenotype of the locus is strictly determined by genotype; the
epigenotype is an obligatory phenotype of the alternative genotypes. b) For facilitated variation,
epigenetic variation can occur, but not only in the context of genotype. c) Pure variation, a stochastic
event generates alternative epialleles randomly and doesn’t depend on genotype [From: Richards,
2006].

1.2.1.2(Facilitated(variation(
!
Facilitated epigenetic variation is not under the control of the genotype and the
resulting phenotype cannot be explained by genotype alone (Figure 1.5). The agoutivy
mouse and its abnormal coat colour provide an ideal example of facilitated epigenetic
variation. The transposon IAP (an intracisternal particle) and its epigenetic state
determine the particular phenotype (Michaud et al., 1994; Morgan et al., 1999).
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Absence of IAP leads to lack of variation in agouti gene expression.

Several

instances of facilitated epigenetic variation have been identified in the plant
Arabidopsis thaliana. This particular type of variation is a link between genetic and
epigenetic variation and leads to the notion that an altered phenotype is a combined
result of genetic and nongenetic factors.
1.2.1.3(Pure(epigenetic(variation(
!
Pure epigenetic variation can be described as a variation that has no relation to genetic
variation. External factors and other mechanisms such as DNMT errors, errors in
propagating the silent genetic states after DNA replication may affect the epigenetic
state (Richards, 2006). Accumulation of epigenetic traits in monozygotic twins over
their lifetime (Fraga et al., 2005) is a perfect example of pure epigenetic variation.

1.2.1.4(Search(for(metastable(epialleles(in(humans(
!
DNA methylation analysis of peripheral blood leukocytes from rural Gambian
children identified five metastable epiallele loci in the BOLA3, FLJ20433, PAX8,
SLITRK1, and ZFYVE28 genes. For these five regions, the DNA methylation profile
was higher in children conceived in the rainy season (a more challenging season
nutritionally) compared to the dry season. Analysis of LINE1 showed that these
differences do not exist in LINE1 elements, suggesting only specific loci are affected
by the periconceptional environment (Waterland et al., 2010).
A recent search identified 1776 CpG sites (associated with 1013 genes) as metastable
epialleles in peripheral blood leukocytes and the colonic mucosal DNA from normal
individuals (Harris et al., 2013). ZFYVE28, one of the five metastable epiallele genes
reported by Waterland et al. was one of the genes identified again by Harris and
colleagues. Detailed analysis of the genes involved with the metastable epialleles
elucidated some features of metastable epialleles. First, they overlap with genes
responsive for periconceptual nutrition. Second, metastable epialleles overlap with
several genes responsible for human diseases and third, they overlap with genes
identified as discordant for monozygotic twins. Interestingly, Waterland and
colleagues drew similar conclusions from the Gambian children study about the
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relationship of metastable epiallele with periconceptual nutrition and twin
discordance. Harris et al., further showed that for 1181 CpG sites (associated with 904
genes), DNA methylation levels correlated with gene expression levels in the colonic
mucosa (Harris et al., 2013).

1.2.2(Epigenetics(of(transposable(elements(
!
It is commonly believed that most repetitive elements are silenced by methylation in
most stages of development. Interestedly, several histone methylation marks (such as
H3-K9, H3-K27 and H4-K20 methylation mark) shown to have selective enrichment
across tandem repeats, DNA transposons, retrotransposons, long interspersed
nucleotide elements and short interspersed nucleotide elements (Martens et al., 2005).
In addition, DNA methyltransferase has been found to have different roles in
conferring epigenetic marks towards repetitive elements. For example, Dnmt3b is
specifically required for methylation of centromeric minor satellite repeats and
mutations in the enzyme resulted in hypomethylation of pericentromeric repeats
(Okano et al., 1999). Like the other parts of the genome, erasure of methylation marks
also takes place in repetitive elements (retrotransposons) during germ cell
development. This raises a potential danger that reactivation might result in low levels
methylation of transposable elements. There is an indication that Alu repeats in close
proximity to CpG islands have regained a high proportion of CpG sites and that these
Alu repeats are unmethylated in the human germ cell (Brohede and Rand, 2006).
There is a growing belief that the mammalian genome deals with this threat by RNAidependent and RNAi-independent pathways which are thought to induce silencing of
transposable elements at the chromatin level (Slotkin and Martienssen, 2007). A
recent study hypothesised that miRNAs are directly involved in the maintenance of
genomic integrity through global repression of transposable elements (Shalgi et al.,
2010). However, our understanding of RNAi-mediated epigenetic silencing is still
limited.
There are some interesting association studies on the methylation of repetitive
elements and disease. In chronic myeloid leukaemia, LINE-1 elements showed
extensive hypermethylation (Roman-Gomez et al., 2005). Comparison of methylation
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patterns between Alu elements in normal tissue and primary (nonaggressive and
aggressive) recurrent ependymomas indicated considerable changes in methylation at
a relatively small number of CpG sites in Alu repeats and that were hypermethylated
in ependymomas and were close to CpG islands, whereas hypomethylated CpG sites
were mainly present in intergenic regions (Xie et al., 2010). This evidence leads to
the idea that retrotransposons that are closer to CpG islands can act as methylation
centres and in the case of disease (e.g., cancer), hypermethylation starts from these
centres and spreads to the genes. Contradictory to this evidence, one study identified
that SINE elements near the CpG islands of the Mlh1 gene were hypomethylated in
mice (Estecio et al., 2012). Better understanding of the role of repetitive elements in
influencing proximal CpG islands and altering gene expression could not only explain
the gain or loss of methylation of affected genes in diseases, could also partially
explain variability of DNA methylation in healthy individuals.
Repetitive elements, especially transposons, play an important role in genome
organisation and stability. Several reports have shown variation in methylation
patterns of repetitive elements in plants such as Arabidopsis thaliana (Lister et al.,
2008). Furthermore, data from animal models, such as the agouti gene in mice, and
the role of IAP methylation in altering phenotype, indicated that specific transposable
elements could induce inter-individual epigenetic differences (discussed in later
sections). In humans, CpG methylation analysis of 19 specific groups (in 48 threegeneration families) of Alu sub-families found significant inter-individual variability
in the level of methylation for specific Alu elements. However, it was suggested that
the observed variation might be controlled by the parent of origin effect (Sandovici et
al., 2005). A recent bioinformatics search identified 143 retrotransposon-derived
metastable epialleles in the mouse genome based on promoter activity and the
presence of active histone marks. A subset of these epialleles showed a variable level
of methylation in individual mice and expression studies suggested variable
expression in a subset of elements as well, demonstrating retrosposons as one of the
potential sources of inter-individual variation (Ekram et al., 2012).
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1.2.3(AlleleQspecific(DNA(methylation(and(interQindividual(variation(
!
Allele-specific DNA methylation (ASM) is a distinctive feature of imprinted regions
but it is now clear that non-imprinted regions of the genome also show variable DNA
methylation patterns. Some reports suggest an association between ASM and interindividual variation. However, the mechanism and the extent to which ASM could be
responsible for inter-individual variation, and the extent to which the variation in
under the regulation of genetic polymorphism are not very clear at this stage.

1.2.3.1(Allele(and(locus(specific(interQindividual(variation((
Methylation analysis involving 48 three-generation families showed substantial interindividual variation in allelic methylation at differentially methylated regions (DMRs)
within the IGF2/H19 and IGF2R-loci in peripheral blood (Sandovici et al., 2003).
Interestingly, familial clustering of allelic methylation suggested a genetic component
to this epigenetic variation. In a later study, the same population showed marked
inter-individual methylation variation at several Alu repeats (Sandovici et al., 2005).
Another survey conducted on human chromosome 21 in leukocytes from healthy
individuals identified new regions of differential methylation (Zhang et al., 2009). A
large difference in ASM in CpG islands was identified between individuals, with
methylation differences between alleles of up to 85.0%. The results suggested that
allele-specific methylation is likely to influence about 10.0% of all human genes and
controls allele-specific expression. Methylation analysis of amplicons (20 individuals)
revealed that highly methylated and completely unmethylated amplicons showed little
variability, whereas intermediately methylated amplicons showed greater variability
between individuals (Figure 1.6) (Zhang et al., 2009). These studies provided strong
evidence that ASM at non-imprinted regions is a widespread phenomenon in the
human genome.
To quantitatively assess inter-individual variation in DNA methylation, 16 candidate
loci (8 imprinted and 8 non-imprinted) in whole blood from 30 unrelated individuals
were investigated and extensive variation was found in several loci (e.g., LEP,
ABCA1) with an average methylation of the loci ranging from 0-98 percent. The
authors corrected the effect of cellular heterogeneity on DNA methylation and
!
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suggested that variable methylation levels at 6 out of 16 loci were attributed to the
mix of cell types (Talens et al., 2010). Another genome-wide study predicted that
there are >35000 sites in the human genome associated with ASM and commented
that heterogeneity between individuals and cell type is a key factor in determining
ASM (Schalkwyk et al., 2010). However, next generation sequencing based ASM
data for six family members from Gertz et al., indicate allele-specific methylation
events as shown in the previous study, might be an overestimation as they identified
an average of 1702 ASM events per individual.

Figure 1.6. Allele-specific inter-individual variation in DNA methylation a) DNA methylation profile
of the amplicons studied in blood. 10 old (1 to 10) and 10 young (11 to 20) individuals were included.
Black colour = Old individuals, Red colour = Young individual, Yellow = Hypomethylation, Blue=
hypermethylation. b) Average DNA methylation level of the amplicons (1 to 20). Error bars = standard
deviation of the samples Green colour label = amplicons with >50.0 % methylation difference between
individuals. Orange colour label = amplicons with >30.0 % methylation difference between individuals.
[From: Zhang et al., 2009].

1.2.3.2(AlleleQspecific(DNA(methylation,(intermediate(methylation(and(cellQtype(
specificity(
!
Significant correlation was found between the presence and distribution of ASM in
different cell types. Schalkwyk and colleagues indicated tissue specific effects on
ASM (Schalkwyk et al., 2010). In three human fibroblast and eight human pluripotent
stem cell lines, 288 differentially methylated regions were identified, including 228
from CpG islands. Of these CpG islands 7.6% had a medium methylation level (0.25-

!

! 18!

Introduction

!
0.75), termed as “fuzzy methylation”, and it has been proposed that ASM is a
potential mechanism that could explain fuzzy methylation (Deng et al., 2009). Note
that Zhang and colleagues (2009) observed that loci with intermediate methylation
that showed higher variability between individuals. A chromosome-wide survey of
ASM across 16 human pluripotent and adult cell lines showed that 23-37% of
heterozygous SNPs in any given cell line are associated with differential allelespecific methylation (Shoemaker et al., 2010). The frequency of ASM was found to
be in accord with allele-specific gene expression. These studies gave an interesting
clue that allele specific methylation might be cell-type specific and also that
intermediately methylated loci could be a major contributor to variable allelic
methylation.

1.2.3.3(ASM:(Genetic(vs(epigenetic(polymorphism(
!
Kerkel and colleagues used methylation-sensitive SNP analysis and identified ASM
events in 16 SNP-tagged loci in different chromosomes and reported that the sequence
of adjacent SNPs was strongly correlated with 75.0% of the identified cases (in 12
loci) (Kerkel et al., 2008). Further, and allele–specific mRNA expression was
reported for two loci (the vanin and CYP2A6-CYP2A7 gene clusters). A later study
investigated ASM events in 16 human pluripotent and adult cell lines using Illumina
bisulfite sequencing and showed that 38.0% to 88.0% of the ASM regions are
governed by the presence of a heterozygous SNP in the CpG site and the presence of
the SNP disrupt the methylation levels at the CpG sites (Shoemaker et al., 2010).
In a separate study, interrogation of DNA methylation in 110,883 distinct amplicons
in related and unrelated individuals showed that common SNPs are present in 10.0%
of the regions that have a difference in DNA methylation between the two alleles
(Hellman and Chess, 2010). The authors further stated, “for the most common form of
SNP, a polymorphism at a CpG dinucleotide, the presence of the CpG at the SNP
positively affected local DNA methylation in cis”. A study of methylation quantitative
trait loci (mQTLs) involving 8590 CpG sites (which showed inter-individual variation
in human cerebellum samples) revealed that 23.6% CpG sites were associated in cis
with SNPs. After phenotype-wide correction, 8.6% CpG remained significantly
associated. In the trans analysis, after correction, the authors found only 0.13% of
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CpGs were associated with SNPs (Zhang et al., 2010). Another independent study
also supported that the majority of the SNP-CpG associations are in cis (Schalkwyk et
al., 2010).
A more recent study used next generation sequencing technology to profile
methylation status of three-generation family members. The study profiled 0.7-1.0
million CpG sites with 10 or more sequenced read and reported that negligible
amount (less than 1.0%) of CpG sites are involved with ASM events. Out of the very
small fraction of ASM detected, 29.6% of loci showing ASM are associated with a
SNP that alters a CpG site. Analysis of variably methylated autosomal CpG in these
family members and two unrelated individuals suggested the methylation profiles are
similar in genetically related individuals and divergent in unrelated ones (Gertz et al.,
2011).
Collectively, these reports show that ASM involves a genetic component. The
presence of SNPs could induce local changes in DNA methylation patterns. However,
as discussed above, the evidence on the extent of association between SNPs and is not
congruent. Some studies suggested, in ASM events, > 50.0% heterozygous SNPs are
associated with CpG sites and on the other hand more recent studies showed that
<10.0% association. There could be several reasons for this inconsistency; the
selection of investigated region, number of sites covered (study based on few
candidate loci and genome-wide studies covering million of sites are likely to produce
different results), and the definition and criteria’s for detecting ASM could influence
the results obtained. In addition, SNPs might not be the sole factor in regulating ASM;
several factors such as other genetic variants, mutation rate (Xia et al., 2012) and noncoding RNA (Fang et al., 2012) could also play role in ASM events, either alone or
together.

1.2.4(Tissue(specificity(and(interQindividual(variation(in(DNA(
methylation(
!
Different tissue types show marked difference in DNA methylation status. There are
two aspects of this variation. Firstly, variable methylation patterns of different tissues
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in the same individual and secondly, variable methylation pattern between individuals
in same tissue, i.e., inter-individual variation.

1.2.4.1(Distinct(epigenome(of(tissues(
!
Several recent studies have provided insights into differential methylation profiles of
specific tissue types in the human genome, i.e., intra-individual differences of
methylation status between different tissues (Thompson et al., 2013; Zhu et al., 2012).
Comparison of CpG island methylation in nine human iPS (induced pluripotent stem)
cells with their parental fibroblasts revealed notable differences between the
methylomes. A large number of the identified differentially methylated regions
(DMRs) were tissue specific (Doi et al., 2009). The first base resolution methylation
maps of human embryonic stem cells and fetal fibroblasts revealed remarkable
differences between the methylomes (Lister et al., 2009). Genome-wide CpG island
methylation analysis of six human tissues showed a distinct CpG island methylation
patterns for each tissue type (Figure 1.7). The study also identified 750 tissue-specific
unmethylated regions and 250 non-CpG island sequences that were methylated in a
tissue-specific manner (Straussman et al., 2009). These are a few examples, but there
are numerous articles that suggest similar differences between different tissues in
humans. Differential methylation patterns between different tissue types implicate the
tissue environment as one of the determining factors of global methylation level in a
tissue for an individual (Yang et al., 2010).
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Figure 1.7. Heat Map of tissue-specific methylation of 497 CpG islands. Red = hypermethylated,
green = hypomethylated and brain (Br), liver (L), skeletal muscle (M), colon (C), blood (Bl) and sperm
(S). [From: Straussman et al., 2009].

1.2.4.2(InterQindividual(DNA(methylation(variation(in(tissues(
!
Some studies have indicated that the DNA methylation status of the same tissue type
is divergent between individuals, supporting the existence of inter-individual
variation. Probably for the first time, the human epigenome project aimed to identify,
catalogue and interpret genome-wide DNA methylation profiles of genes in all major
human tissues. The initial phase of the project analysed 3.8 Mb major
histocompatibility loci in several human tissues, with multiple samples from different
individuals for all tissues (Rakyan et al., 2004). The pilot study covered nearly 3000
annotated genes on human chromosome 6, 13, 20 and 22. Of these, 90 genes showed
a bimodal distribution of methylation profiles (i.e., the genes were either
hypermethylated or hypomethylated) in different tissues and individuals. For
example, CYP21A2 showed considerable inter-individual variation in the prostate and
a 5’ upstream region of tumour necrosis factor (TNF) varied significantly between
different liver samples (Figure 1.8) (Rakyan et al., 2004). Later, the CpG methylation
status of 1.9 million sites on human chromosomes 6, 20 and 22 derived from 12
different tissues again confirmed the findings above. This group found that 17.0% of
the 873 analyzed genes were differentially methylated (in the 5' UTR region) and one
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third of these differentially methylated regions cause transcriptional repression
(Eckhardt et al., 2006).

Figure 1.8. Inter-individual variation of methylation profiles in two human genes. Each column
presents a CpG site and each row represent individuals. Methylation is represented by colour boxes.
Grey boxes indicate missing data. (A) CYP21A2 displays significant inter-individual variation, especially
in prostate. (B) Significant inter-individual variation is displayed in a gene encoding TNF, especially in
liver [From: Rakyan et al., 2004].

An interesting study of 1505 CpG sites (807 genes) in human placenta described
epipolymorphisms of three autosomal genes (WNT2, TUSC3, EPHB4) among the
placentas. The methylation level of these genes at their promoter regions showed a
reciprocal relationship with the corresponding mRNA expression (Yuen et al., 2009).
Further, DNA methylation profiling of CpG islands in the promoter of six genes from
germ cells of normal males revealed major epigenetic variation between samples
(Flanagan et al., 2006).

1.2.4.3(GenomeQwide(studies(on(interQindividual(variation(in(DNA(methylation(
!
Understanding of inter-individual DNA methylation variation in normal population is
limited. However, few recent studies have attempted to investigate variable
methylation patterns in individuals. Study of 153 human adult cerebellum samples
found significant inter-individual variation in DNA methylation of 8590 CpG sites
associated with 6229 genes (Zhang et al., 2010) and as discussed above a proportion
of these CpG sites were associated with genetic polymorphisms. Methylation
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profiling of eight samples of human spermatozoa, however, showed negligible interindividual DNA methylation variation (Krausz et al., 2012).
A genome-scale analysis of ~ four million CpG sites in whole blood of 74 individuals
were performed in two phases, i.e., blood samples were recollected from the same
individuals 11 years after the first collection. The authors identified 227 regions
showing significant inter-individual variability and 50.0% of the variable regions
remained stable in their methylation status over these 11 years. A gene ontology study
suggested that variable regions were enriched for developmental genes. Further, it
was shown that variation in four of the candidate regions was associated with body
mass index of the participants at both visits and that these four regions were located
near genes implicated in body weight and diabetes (Feinberg et al., 2010).
The methylation profile of cord blood of 105 black children (59 males and 46
females) at birth was compared to venous blood from same children at two year of
age at 27000 CpG sites. The authors showed presence of significant inter-individual
DNA methylation variation and identified 159 CpG sites in males and 149 CpG sites
in females, showing longitudinal changes in DNA methylation in the first two years of
life. Inter-individual variation occurred more frequently in the gene body and the 3'
UTR rather than promoter-associated CpG islands (Wang et al., 2012). Later, an
investigation of eight genes (58 CpG sites) in 30 mother-infant pair in various types of
blood cells showed that the average methylation is lower in mothers compared to
infants, suggesting that postnatal factors were responsible for inducing DNA
methylation changes (Jacoby et al., 2012). The authors showed that the average interindividual variability in DNA methylation was highest for CD56+ cells, CD8+ cells,
unsorted cord blood mononuclear cells and peripheral blood mononuclear cells,
whereas CD4+ T cells showed low variability and CD19+ B cells and CD14+ cells
(monocytes) showed similar methylation profiles in mothers and infants (Jacoby et
al., 2012).
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1.2.4.4(Issues(with(tissues(
We have discussed the tissue-specific differences on DNA methylation patterns
(section 1.2.4.1) and therefore the use of a homogenous tissue type is particularly
important for methylation profiling. A practical problem is the availability and
isolation of a homogenous tissue types from human; accessibility, isolation, consent
and ethics for obtaining human tissues pose significant challenges. Relatively easy
access, isolation, compatible kits and techniques (for e.g., direct PCR from blood)
made human blood the principal source of epigenetic studies in the past and probably
will remain so in near future. Interestingly, a recent study suggested buccal cells are
better surrogate than blood for epigenomics studies and showed that buccal cells
contains 6 times more hyper methylated regions than blood (Lowe et al., 2013).
A major drawback of many previous studies is the use of mixed cell types, especially
whole blood cell samples (for this reason, the type of cell used is mentioned wherever
applicable in this chapter). For example, some studies use peripheral blood
mononuclear cell (PBMC), which include monocytes and lymphocytes, whereas,
others use whole blood leukocytes which contain all white blood cell types. So, a
methylation analysis of whole blood, PBMC or cord blood may lead to confusing
results. For inter-individual DNA methylation analysis it will not be possible to
distinguish between tissue-specific methylation differences and real inter-individual
variation.
Two recent studies on several blood cell types comprehensively demonstrated the
presence of significant variability between different cell types that could confound
meaningful interpretation of methylation data (Adalsteinsson et al., 2012; Reinius et
al., 2012). It was shown that while investigating individual genes, the overall
methylation profile might be similar, but some individual CpG sites can show notable
differences in methylation status between cell types (Reinius et al., 2012). Therefore,
in a genome-scale analysis, a single cell type could provide representative global
methylation of the other tissue types, but there will be several site-specific differences
between the different tissue types. For accurate quantification of variable methylation
in individuals, use of a homogenous cell type is important. However, in humans we
have more than 200 different cell types and producing individual methylation profiles
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of all the cell types individually will remain a challenge for epigenetic researchers in
the future.

1.2.5(Monozygotic(twins:(the(epigenetic(story((
!
Monozygotic (MZ) twins originate form a zygote, which divides into two embryos.
Although they share the same genotype they are not phenotypically identical. Within
monozygotic twin pairs there can be significant discordance for some diseases
(Petronis et al., 2003; Wong et al., 2005) and they also show subtle differences in
anthropomorphic features. However, the nature, source and occurrence of discordance
are poorly understood. As MZ twins share common DNA sequence, they offer an
excellent opportunity to understand the epigenetic mechanism of complex traits and
of disease discordance and epigenetic variation.
The first large-scale study of DNA methylation in twins compared 20 pairs each of
MZ and dizygotic (DZ) twins and showed more similar epigenetic profiles in MZ
twins, indicating high heritability (Fraga et al., 2005). Epigenetic variation, however,
appeared to accumulate with increasing age. Since it was not a longitudinal study it
did not allow comparison of epigenetic profiles in the same individuals over time.
Continuing on this line, several other studies provided strong evidence in favour of
epigenetic heritability and an effect of age in inducing epigenetic variation in MZ
twins during their life time (Heijmans et al., 2007; Kaminsky et al., 2009; Talens et
al., 2012). High-resolution DNA methylation assay using 12K CpG island
microarrays revealed a large degree of variation in different tissues (white blood cells,
buccal epithelial cells and gut (rectum) biopsies and identified almost 6000 unique
metastable genomic regions in MZ twins (Kaminsky et al., 2009), indicative of
extensive tissue-specific variation in MZ twins.
In another study, epigenetic analysis between different tissues from newborn MZ
twins showed considerable variation in DNA methylation, suggesting the importance
of the maternal environment in forming the epigenome of a new born and the
sensitivity of the intrauterine period to the induction of epigenetic variation
(Ollikainen et al., 2010). A longitudinal study on MZ twins showed differences in
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DNA methylation patterns in childhood that were not stable over their lifetime and the
authors concluded that environmental influences are responsible for the changes in
DNA methylation and they were not heritable (Laurent et al., 2010). A study using
bisulfite sequencing supported the notion of low heritability and significant variation
in DNA methylation in MZ twins (Gervin et al., 2011). A more recent DNA
methylation profiling in of DNA from buccal epithelium cells of a cohort of twins
suggested significant methylation changes between birth and 18 months (Martino et
al., 2013) . These changes occurred more frequently in intragenic regions, enhancers
and CpG poor promoters compared to the CpG rich promoters. In addition, some
subset of pairs showed more pronounced DNA methylation changes than other pairs,
suggesting the role of stochastic and environmental factors in inducing epigenetic
variation in a otherwise controlled developmental time period.
Epigenetic differences provide a plausible explanation for disease discordance
between MZ twins and has led to speculation on the disease risks of individual
epigenetic effects (Bell and Spector, 2011). Several studies have reported profound
phenotype-associated DNA methylation differences between MZ discordant twin
pairs in human diseases (Kuratomi et al., 2008; Oates et al., 2006; Petronis et al.,
2003). DNA methylation at the imprinted KCNQ1OT1 region accounts for
discordance for Beckwith-Wiedemann syndrome in MZ twins (Weksberg et al.,
2003). For systemic lupus erythematosus MZ twins displayed significant changes in
the DNA methylation status (49 differentially methylated regions were identified) of
immune-system-related genes (Javierre et al., 2010). In addition, recent studies found
differences in DNA methylation patterns in MZ twins discordant for schizophrenia
and bipolar disorders (Dempster et al., 2011), childhood leukaemia and secondary
thyroid carcinoma (Galetzka et al., 2012).
In contrast, a study that used next generation sequencing (NGS) for the first time in
MZ twins identified a very low level of differences in DNA methylation. CD4+
lymphocyte DNA from three monozygotic twin pairs that were discordant for
multiple sclerosis were sequenced and only 2, 10 and 176 differentially methylated
sites were identified out of two million CpG dinucleotides interrogated within the
three twin pairs (Baranzini et al., 2010). One criticism could be that the number of
pair analysed is too low to come to a conclusive answer; three pairs of twins were
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analyzed and they were a heterogeneous mix of males, females and different
ethnicities. Nevertheless, the study provided high-resolution information on DNA
methylation and contradicts the previous findings that epigenetic differences are the
major reason for disease discordance in MZ twins.
As presented, the literature provides contradicting evidence and leaves us with some
questions. Firstly, at what stage does epigenetic variation arise in MZ twins?
Secondly, to what extent do non-genetic factor influence the changes? Thirdly, do
epigenetic changes confer phenotypic variation? Finally, what is the role of DNA
methylation in disease-discordant twins?. It is promising that several large-scale twin
studies, which are applying latest technologies to quantify epigenetic marks, are well
underway.

MuTHER

(http://www.muther.ac.uk/),

(http://www.twinsuk.ac.uk/projects/epitwin.html),

and

EpiTwin
ENGAGE

(http://www.euengage.org/) consortium are some examples of these initiatives.
Note: This part of the work has been published as a perspective article.
(Chatterjee and Morison, 2011)

1.2.6(External(factors(causing(epigenetic(variation:(GeneQenvironmentQ(
epigenome(–(a(complex(interplay(
!
There are reports that DNA methylation status changes in response to the
environmental cues and alters the phenotype by modifying gene expression. Therefore
DNA methylation is being increasingly perceived as a potential mechanism to explain
gene-environment interaction. The importance of this area is recognised, leading to
the recent emergence of the term environmental epigenomics (Jirtle and Skinner,
2007). There are some contradictory reports in this area, which will be discussed
where applicable.

1.2.6.1(Nutrition(and(epigenetic(variation((
!
Nutrition was predicted to be an environmental factor affecting epigenetic profile and
phenotype. One pathway through which diet might induce epigenetic changes is the
one–carbon unit metabolism. S-adenosyl methionine (SAM) is a substrate involved in
methyl group transfer. SAM donates its chemically active methyl group (attached to
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the methionine sulphur atom) to an acceptor substrate in a transmethylation reaction
and the DNA methyltransferase (DNMT) acts as an acceptor molecule (Ueland,
2005). Therefore, increased level of SAM was hypothesized to increase the level of
DNA methylation (Figure 1.9).

!
Figure 1.9. The S-adenosyl methionine cycle [From: Ueland, 2005]. SAM: S-adenosyl methionine,
SAH: S-adenosyl-homocysteine.

1.2.6.1.1((The(Agouti(mice(model(and(altered(phenotype(
The Agouti mouse model has provided the strongest evidence in support of this idea
so far. The murine agouti (A) gene encodes a paracrine signaling molecule that causes
follicular melanocytes to switch from producing eumelanin (black) to phaeomelanin
(yellow) in individual hair follicles. The nonagouti (a) allele was caused by a loss-offunction mutation in A and results in black coat colour; a/a homozygotes are therefore
black. In wild-type mice, transcription of the agouti (A) allele (in exon 2) normally
take place only in the skin. During a specific stage of hair growth, transient expression
in hair follicles produces subapical yellow band on each black hair shaft, resulting in
the brown (agouti) coat colour. An insertion of a murine IAP (Intra-Cisternal A
particle) transposable element about 100 Kb upstream of the transcriptional start site
of the agouti gene results in the mutant Avy allele (Li et al., 2003; Waterland and
Jirtle, 2003). Ectopic agouti transcription is facilitated from a cryptic promoter in the
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proximal end of the Avy IAP. The level of CpG methylation at IAP varies dramatically
in isogenic Avy/a littermates. The variability in methylation was associated with a
wide variation in coat color (yellow, slightly mottled, mottled, heavily mottled and
pseudo-agouti), adiposity, glucose tolerance, and tumor susceptibility in the offsprings
(Morgan et al., 1999; Wolff et al., 1998). The degree of methylation at the IAP
directly affects the coat colour of mice. When completely unmethylated, IAP gives
rise to a yellow colour coat whereas methylated IAP leads to brown colour of the coat
(Figure 1.10).

Figure 1.10. Epigenetic regulation of metastable epialleles on agouti mice model. a) Open circles
represent unmethylated CpG sites. Filled circles represent methylated CpG sites. The product of agouti
gene (Phaeomelanin) is not produced because the agouti gene is mutated (red crossed box). Two
potential epigenetic states of the Avy allele are shown here. When the IAP is unmethylated, it drives the
ectopic expression of the agouti gene and produce yellow coat colour (top). Alternatively, when the IAP
is methylated the gene is expressed under its normal developmental controls, leading to a brown coat
vy
colour (bottom). b) Genetically identical week 15 A /a mouse littermates are shown, representing five
coat-colour phenotypes, i.e., yellow, slightly mottled, mottled, heavily mottled and pseudo-agouti
(brown). Mice that are predominately yellow are also clearly more obese than the brown mice [From:
Jirtle and Skinner, 2007]

In further studies, two weeks before mating with male Avy /a agouti mice and
throughout pregnancy and lactation, the diets of female a/a mice were supplemented
with methyl-donating substances (folic acid, choline, vitamin B12 and betaine), which
facilitate methylation of homocysteine to methionine and increases the concentration
of methylation group. It was shown that the offspring of the supplemented mothers
were primarily brown and the offspring of the unsupplemented mothers were
primarily brown in coat color (Waterland and Jirtle, 2003). The shift in coat color in
the offsprings from the supplemented mothers was shown to result from an increase
DNA methylation at CpG sites in the upstream IAP element. Methylation levels of
IAP showed high correlation between the ectodermal (brain and tail), endodermal
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(liver) and mesodermal (kidney) lineages, indicating that the altered methylation
patterns due to the diet supplementation were established before embryonic stem cell
differentiation (Dolinoy et al., 2006; Waterland and Jirtle, 2003).
Genistein is one of the known isoflavones compounds are found in plants products
such as soybeans and soy. Study on agouti mice model showed that maternal diet
supplementation with phytoestrogen genistein during gestation shifts the coat-colour
of viable yellow Avy/a offspring to brown, due to hypermethylation of the IAP in the
Avy allele (Dolinoy et al., 2006), a similar effect on coat-color phenotype as shown for
methyl-donor substances. Further, the authors showed that the Avy /a offspring (brown
coat color) from the genistein supplemented mothers were protected from obesity in
adulthood. Genistein, however, is not a methyl-donating compound. Therefore, the
mechanism by which genistein could induce hypermethylation of IAP elements is
unknown. It can be argued whether it is really genistein that causes any changes in
methylation or administration of genistein triggered other unknown changes that have
altered IAP methylation.
Bisphenol A (BPA) is an endocrine disrupting compound and is ubiquitous in the
environment. Humans could get exposed to it from contaminated food and beverages
and air. It was shown that high feed concentration of bisphenol A increased the
number of birth of yellow agouti mice with hypomethylated IAP element (Dolinoy et
al., 2007). This is the opposite effect of methyl-donor substances and genistein on
coat color. Based on these evidence a recent study aimed to re-assess the effect of
BPA and genistein on offspring coat color and phenotype (Rosenfeld et al., 2013). In
this study a/a females were fed with either a phytoestrogen-free control diet or one of
these six diets: diets 1–3 containing different concentrations of BPA (50.0 mg, 5 mg,
and 50.0 µg of BPA/kg food, respectively); diet 4 containing genistein (250.0 mg/kg
food); diet 5 contained genistein plus BPA (250.0 and 50.0 mg/kg food, respectively);
and diet 6 contained 0.1 µg of ethinyl estradiol (EE)/kg food. Mice were bred to Avy/a
males. Based on the results from 2824 pups, the authors failed to find any significant
association in the numbers of brown, yellow, or intermediate coat color in Avy/a
offsprings with the supplemented diet of the mothers. Interestingly, genistein plus
BPA and the EE diets showed decreased percentage of black (a/a) to Avy/a offspring
from the expected ratio of 1:1 and the authors stated “that Avy/a conceptuses, which
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may possess a so-called “thrifty genotype,” are at a competitive advantage over a/a
conceptuses in certain uterine environments” (Rosenfeld et al., 2013). This work
posed questions on the validity of the previous works showing effect of BPA in
altering phenotype in the next generation.

1.2.6.1.2((Examples(in(human(
!
Some recent reports suggested the association of nutritional habits with changes in
DNA methylation. A study of peripheral blood samples of seven obese and seven lean
controls (age between 14-18) identified and validated two differentially methylated
genes (UBASH3A and TRIM3) between the two groups, suggesting intake of fat rich
food could alter methylation status of specific loci (Wang et al., 2010). Another recent
study showed that even after adjusting for several maternal and newborn
characteristics, paternal obesity was strongly associated with hypomethylation at the
IGF2 DMR in newborns (n = 79) (Soubry et al., 2013). A criticism of the study was
that the study group contains mixed ethnicity and the authors did not correlate the
difference in methylation level with functional consequences at the phenotype level
(Moore and Stanier, 2013). A population study on elderly women showed moderate
folate depletion caused global demethylation compared to the age-matched women
receiving normal folate supplement (Rampersaud et al., 2000). Selenium deficiency
was reported to have an effect on methylation levels in colon and liver (Davis and
Uthus, 2003; Davis and Uthus, 2003). Different supplements affect the one-carbon
metabolism in different ways but the end result influences DNA methylation.
However, studies showed that the effects of dietary component on methylation could
be reversed by physiological intake of the supplementation (Pufulete et al., 2005).
The reversible nature raises question about the stability of DNA methylation changes
that might have been induced due to dietary supplement. As discussed above (effect
of genistein in inducing altered phenotype), the mechanism by which a nutritional
element could alter DNA methylation status is not clear. In addition, it is challenging
to document the role other factors in modulating methylation, when nutritional
balance is altered.
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1.2.6.2(The(Överkalix(mystery(and(the(Dutch(famine(study(
The Överkalix (a small municipality in northeast Sweden) studies were conducted on
the physiological effects of environmental factors on transgenerational inheritance of
non-genetic factors. The study included 303 probands (164 men and 139 women)
born in 1920 and their 1,818 parents and grandparents from the 1890, 1905 and 1920
Overkalix cohorts in northern Sweden. When mortality follow-up stopped in 1995, 44
were still alive (Pembrey et al., 2006). Mortality risk rates of children and
grandchildren were determined, as indicated by historical data. The research showed
adult males who faced challenging winter season and went from normal diet to
“gluttonous” diet for a season produced sons and grandsons with a higher mortality
rates (Bygren et al., 2000). Another sex-specific effect was observed, i.e., a greater
body mass index at 9 years in sons, but not in daughters, of fathers who began
smoking early, by the age of 11 years (Kaati et al., 2002; Lalande, 1996; Pembrey et
al., 2006). Also, reduced birth weight and increased risk of cardiovascular death were
reported where grandmothers suffered acute starvation in mid pregnancy in the winter
period (Kaati et al., 2002; Lalande, 1996). The longitudinal study suggested a single
season (winter) of overeating could induce biological changes and could affect the
next generation. From the available data Pembrey et al. concluded that sex-specific,
male-line transgenerational responses exist in humans and hypothesize that these
transmissions are mediated by the sex chromosomes, X and Y (Pembrey et al., 2006).
These studies gave a new dimension to our understanding of gene-environment
interactions and indicated the role of non-genetic factors in conferring phenotypic
changes. Epigenetic changes (e.g., DNA methylation) could be a plausible mechanism
to explain these events.
Convincing data for humans that illustrate long-term epigenetic changes due to
external factors or environment is lacking. A survey popularly called “the Dutch
famine study” investigated 60 individuals who were old and were prenatally exposed
to the hunger winter in the year 1944–45. Their IGF2 DMR methylation was profiled
and compared with same-sex siblings who were not exposed. All analysed CpG sites
were found to be less methylated in periconceptionally exposed individuals compared
to the unexposed siblings. Prenatal exposure was associated with 5.2% lower
methylation in the siblings and this association was independent of sex. This study
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provided evidence that an early-life event or environmental conditions could induce
persistent epigenetic changes in individuals (Heijmans et al., 2008). However, this
finding is not beyond questions. The changes shown in this study is at one locus
(IGF2) and whether the DNA methylation changes occurred in utero in response to
the famine or occurred later in life of the individuals due to other factors is not
known. The lead investigator of this study was recently interviewed in an article in
Science. The statement quoted below from the article aptly describes the current
status and our limited understanding of long-term heritable epigenetic changes due to
environmental cues: “It’s so damn difficult” to do this research, says Bastiaan T.
Heijmans of Leiden University Medical Center, who led these methylation studies of
the Dutch Hunger Winter cohort along with his Columbia colleague, Lambert H.
Lumey. “There’s some quite compelling evidence that indeed this relationship is
there” between the fetal environment, the DNA changes, and later health problems.
But “it’s hard for me to put my finger on” exactly what’s going on” (Couzin-Frankel,
2013).

1.2.6.3(Maternal(Care((
!
Evidence for maternal care modifying the epigenetic profile of the offspring has come
from animal studies. Rat mothers lick and groom their pups and provide arched-back
nursing to their offspring. Some mothers do that quite frequently (called high
performers) compared to others (low performers). Methylation maps of the exon 17
glucocorticoid receptor (GR) promoter (includes 17 CpG dinucleotides) from
hippocampal tissue from the adult offspring showed that the NGFI-A (nerve growth
factor-inducible protein A) consensus sequence is densely methylated in the offspring
of low performing mothers, and almost unmethylated in the offspring of high
performing mothers. Cross-fostering studies showed methylation patterns of the
offspring from low-performers that were fostered to high-performer offspring were
indistinguishable from that of the biological offspring of high performer mothers,
demonstrating these changes were due to postnatal factors (Weaver et al., 2004).
Later, the authors reported similar phenomenon at estrogen receptor-α1b promoter in
the medial preoptic area of rats. Increased levels of DNA methylation was recorded
in the promotor of the offspring of low-performer dams compared to the offspring of
the high performers dams. The methylation levels of the promoters also showed
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inverse correlation with gene expression (Champagne et al., 2006).
The authors further studied the timing of the maternal effect on DNA methylation by
bisulfite mapping and found that the methylation profile of the glucocorticoid receptor
gene before (embryonic day 20) and one day after birth is similar. However, at first
week of birth, considerable epigenetic differences arose between the two groups
(Weaver et al., 2004) and the difference persisted into adulthood. Further, NGFI-A
was shown to be a sensor for maternal care and it was hypothesised that binding of
NGFI-A to the GR promoter is a key event that regulates epigenetic alteration at the
glucocorticoid receptor promoter (Szyf et al., 2007; Weaver et al., 2004). In a later
study Weaver et.al reported almost 900 genes that are regulated by maternal care
(Weaver et al., 2006).
A similar mechanism was shown to operate in the Grm1 (encodes type I metabotropic
glutamate receptor or mGluR1) gene. High performing mothers showed increased
mGluR1 expression, associated with hypomethylation of exon2 region of the Grm1
gene (McGowan et al., 2009). This behaviour affects reproductive function in females
and is inherited by the next generation, i.e., lactating females from highLG mothers
also show increased pup licking and grooming. These findings in an animal model
gave rise to the questions of whether similar mechanisms operate in humans and
whether similar events in the early stages of life can generate inter-individual
differences in methylation profiles in specific sites in human too. [A part of this
section was published in conference scene article (Chatterjee, 2012)].

1.2.6.4(More(factors(in(inducing(interQindividual(variation(
!
Apart from the literature discussed above there is accumulating evidence that several
other factors could also induce DNA methylation variation in adult individuals.
Discussion of each of them in detail is beyond of the scope of this work. Table 1.2
describes some key papers describing factors that have been shown to be associated
with DNA methylation changes in healthy individuals.

!
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Table 1.2. External factors associated with DNA methylation variation
Factor
Sex

Smoking
Drinking

Study design
Saliva DNA methylation of 197
subjects (54 females) at 20,493
CpG sites
and

Early life stress

Smoking

Smoking

Early life
socioeconomic
position (SEP)

Saliva DNA methylation of 197
subjects (54 females) at 20,493
CpG sites
Mice were exposed to chronic
and unpredictable maternal
separation from postnatal day 1
to 14.
DNA methylation of 27,578 CpG
sites in 14,475 genes on
peripheral blood leukocytes from
International COPD Genetics
Network (n = 1085) and the
Boston Early-Onset COPD study
(n = 369) cohort.
DNA methylation of 27,578 CpG
sites in 14,475 genes of 177
subjects with current smokers,
former smokers, and those who
had never smoked.
DNA methylation study using
MeDIP (methylated DNA
immunoprecipitation) technique
on 40 adult males from the 1958
British Birth Cohort Study from
SEP extreme ends.

Key finding
580 autosomal sites showing
strong differences in DNA
methylation
beyond
Xinactivation
Identified
differentially
methylated sites associated with
these exposures
DNA methylation changes in the
promoter of several genes in the
germline of the separated males
and brains of the offspring.
15 CpG site DNA methylation
was associated with smoking.
Two loci F2RL3 and GPR15
were associated in the analysis.

Reference
(Liu et al.,
2010).

Significant association in a single
locus cg03636183, located in
F2RL3. Lower methylation in
smokers compared to nonsmokers.
Socioeconomic position (SEP)
differences contribute to overall
DNA methylation variation 1252
gene promoters were associated
with childhood SEP and 545
promoters with adulthood SEP.

(Breitling et
al., 2011)

(Liu et al.,
2010).
(Franklin et
al., 2010)

(Wan et al.,
2012)

(Borghol et
al., 2012)

(
!
1.2.6.5(Bollati(and(Baccarelli(model(
!
Bollati and Baccarelli proposed a simplified model of different environmental
exposure and health effects and their link to genetic and epigenetic pathways (Bollati
and Baccarelli, 2010). The model is shown in Figure 1.11. We now know that an
absolute sequence-based genetic approach is not enough to completely explain altered
phenotype and risk of diseases and it will be important to identify potential external
factors and their role in altering epigenetic make up in individuals.
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Figure 1.11. Gene–environment vs. epigene–environment interplay [From: Bollati and Baccarelli,
2010].

1.2.7(InterQindividual(DNA(methylation(alters(disease(susceptibility(
!
In healthy individuals, variation in DNA methylation patterns was hypothesised to
alter an individual’s susceptibility to common diseases (Bjornsson et al., 2004;
Petronis, 2010; Portela and Esteller, 2010). There is little evidence demonstrating this
hypothesis in humans. Feinberg and colleagues (discussed in section 1.2.4.3) showed
an association of methylation with body mass index and diabetes related genes and
proposed that a personalised DNA methylation signature could be used to screen for
risk factors of disease in a normal population. To address this issue, a study of Type 2
Diabetes Mellitus (T2DM) screened 1169 case and control individuals to identify
differentially methylated regions in peripheral white blood cells. Detailed analysis of
top ranked candidates revealed hypomethylation in T2DM cases in comparison with
controls and this effect was independent of sequence polymorphism. The authors
showed that a 1.0% decrease in methylation at the FTO locus (fat mass and obesity
associated), increases the chance of belonging to the T2DM group by 6.1%, (Toperoff
et al., 2012). Further, studies on metastatic prostate cancer samples showed
widespread DNA methylation variation among patients (Aryee et al., 2013). Taken
together, these studies suggest an effect of individual methylation on disease
susceptibility and risk.
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Further, it was recently suggested that DNA methylation mediated changes in
individuals could alter their response to drug treatments via changes in the expression
of genes involved in drug metabolism (Ivanov et al., 2012). This evidence together
highlights the importance of identifying and characterising inter-individual epigenetic
variation as potential biomarker for screening risk factors and possibly personalised
therapy.
!

1.2.8(When(does(variation(occur(in(individuals?(The(epigenetic(
reprogramming(and(temporal(windows(
!
In mammalian development, there are two major periods of epigenetic reprogramming. The first genome-wide erasure of methylation occurs in germ cells.
The methylation marks are then re-established during maturation of the gametes. The
second phase of genome-wide demethylation takes place during early embryogenesis
(Santos et al., 2002). After implantation, methylation is re-established in the inner cell
mass of the blastocyst. Post fertilization demethylation and remethylation events are
likely to play a major role in the removal of epigenetic modifications, particularly
those acquired during gametogenesis (Pickard et al., 2001; Reik et al., 2001). A
group of genes carrying parental methylation imprints escape the second wave of
demethylation and remain methylated after implantation. Epigenetic reprogramming
has long lasting effects in determining gene expression patterns that characterise the
states of different tissues and cell types (Morgan et al., 2005). The demethylation and
remethylation cycles during embryogenesis raise questions whether environmental
factors can change the default epigenetic marks to induce inter-individual variation
and whether the changes can cause altered phenotypic effects.
Altogether this evidence posits two hypotheses. The first one can be termed as the
“fetal origin of epigenetic variation hypothesis”. In this idea we can state that if an
epigenetic variation is constitutional (i.e., the epigenetic mark shown the same pattern
of variability in all tissues or cell type), then the mark need to be established at a very
early stage of development, possibly during the first few cell divisions. Environmental
factors can introduce additional regions of epigenetic variation later in life but the
additional marks are more likely to be physiologically programmed and would be
seen in certain tissue types that are affected by the external cues. The second
!
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hypothesis (evidence for which first came from monozygotic twins by the study of
Fraga et al. (Fraga et al., 2005)) could be that after birth the epigenetic profiles of
individuals are relatively similar but with life time the epigenetic variation is
progressively accumulated based on exposure to external cues, life style choices and
so on. These two hypotheses might not be mutually exclusive. It is likely that the total
pool of epigenetic variation in an individual is a summation of both, i.e., very early
life changes and changes in later life. For the second hypothesis, there are more
observational studies in the literature but less elucidation of the possible molecular
mechanisms. In many cases the same individuals were not followed throughout to
document the progressive changes. The relative contribution of the different stages in
life in inducing epigenetic variation, the extent to which a particular cell type is
affected and the possible mechanism of the induction of variable epigenetic mark are
fundamental questions to be solved in this field.
Another view is that epigenetic changes accumulate during the lifetime of an
individual. The hypothesis states that environmental factors cause differential
responses in individuals and therefore over a period of time the epigenetic profiles of
these individuals become different leading to altered phenotypes. The study on MZ
twins by Fraga et al. has provided evidence in favour of this hypothesis. A study
which analyzed 217 non-pathologic human tissues from 10 anatomic sites at 1,413
autosomal CpG loci associated with 773 genes detected significant association of
methylation profile with age and environmental exposure (Christensen et al., 2009).
Several recent genome-wide studies have also established a relationship between
altered methylation profiles with age (Bocklandt et al., 2011; Hannum et al., 2013;
Heyn et al., 2012) and proposed age as one of the biomarkers of epigenetic instability
in human genome (Mendelsohn and Larrick, 2013). However, to follow accumulation
of inter-individual DNA methylation differences during a life, longitudinal follow up
studies in same individuals are required.
Defining temporal windows during the development cycle and studying the DNA
methylation changes during the period is a valuable approach in addressing some of
these questions (Tost, 2008). Investigation of DNA methylation changes during a
critical developmental window (period) in humans might help to establish when the
inter-individual epigenetic variation arises. So far animal studies have reported
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changes associated with methylation profiles during pre-implantation which affect
future growth and development (Barton et al., 2005; Probst et al., 2009). In humans, it
was reported that maternal smoking during pregnancy causes differential methylation
pattern in newborns (Joubert et al., 2012). Early gestation is considered another
important temporal window. The agouti mouse model is a good example of this
period, since supplementation to lactating mother with methyl donors produced
changes in the offspring that correlated with an altered phenotype.
Early life conditions have been shown to have role in inducing inter-individual
variation (Table 1.2). Maternal care provided another instance where behaviour of the
mothers at early stages of development induced epigenetic changes in early post-natal
life. Changes in the DNA methylation pattern were observed as early as one week
after birth, suggesting that the first few days after birth could be an important
temporal window to study.

1.2.9(Lamarckism(revisited?(
Dobzhansky once said “nothing in biology makes sense except in the context of
evolution” (Dobzhansky, 1964). Darwinism is the widely accepted concept that
explains adaptation and evolution. Lamarckian evolution theory, on the other hand,
seemed to be a scientific error. The advent of epigenetics compels us to re-evaluate
the Lamarckian theory of evolution. Jean-Baptiste Lamarck hypothesised that animals
acquire specific traits during their lifetime as a result of environmental factors and
choices (theory of use and disuse) and this event was termed as the soft inheritance. A
famous example of Lamarckian evolution is the giraffe. According to Lamarck, the
giraffes acquired long necks as their recent ancestors stretched the neck to reach
nutrient-enriched food (Gould, 2002). On the contrary, Darwinism postulates that
evolution takes place through impartial selection and not by effort or choice. In the
Darwinian way, the giraffes acquired high necks over many generations as the genes
for long necks were selected over the others.
We discussed the effects of maternal nursing on the glucocorticoid receptor in the
previous section. The methylation of the glucocorticoid receptor was affected by
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maternal care (i.e., environmental or external factors) and the cross-fostering
experiments showed the effect on the offspring was dependant on maternal behaviour.
We also documented the Överkalix study in which environmental cues affected the
phenotype and the effects were observed in the next generation too. Inheritance of the
acquired traits in to F2 and F3 generations due to epigenetic changes is also observed
in the male rats exposed to endocrine disruptors (Chang et al., 2006).
These examples provide some support to Lamarck’s concept of acquired inheritance.
However, in order to completely follow the Lamarckian theory of evolution these
changes or traits must be inherited between different generations. Our knowledge of
transgenerational inheritance of epigenetics is still limited and it is often hypothesised
that the changes in the epigenome are not stable enough to persist in two or three
coming generations (Bird, 2007). But the recent reports of environmental factors
affecting phenotype suggest that the Lamarckian theory could have some merits. A
recent report commented that Darwinian and Lamarckian evolution co-exist
peacefully (Handel and Ramagopalan, 2010).
Note: An Excel spreadsheet providing a summary of some of the DNA methylation
variation reported in the literature is included in the S1-Literature_variation folder of
the supplementary information of the thesis.

1.3((Studying(DNA(methylation(Q(a(technical(perspective((
!
The methods for studying DNA methylation are diverse and evolving. Bisulfite
sequencing (Sanger sequencing) and several PCR based methods were the primary
techniques to investigate DNA methylation until microarray and high-throughput
sequencing was introduced. These techniques have been described in some
comprehensive reviews (Brena et al., 2006; Ho and Tang, 2007). The advent of
microarrays and next generation sequencing (NGS) technologies in the recent past has
expedited the process of interrogating the epigenome. Several new techniques have
been developed integrating microarray and NGS techniques in the last five years to
study DNA methylation. A description of each technique is beyond the scope of the

!

! 41!

Introduction

!
current work but Laird has reviewed some of the major techniques and principles
(Laird, 2010).

1.3.1(Common(principles(of(genomeQwide(DNA(methylation(analysis(
!
Most of the genome-wide techniques employ a common principle of analysis, i.e., a
local treatment of DNA molecules to distinguish between methylated and
unmethylated CpG sites followed by a global investigation of the genome (microarray
or NGS).

For local treatment there are three main approaches: i) restriction

endonuclease digestion; ii) bisulfite conversion; and iii) affinity enrichment. The
following section will describe these three principles with greater focus on the first
two, as they are used in the current project.

1.3.1.1(Restriction(enzyme(digestion(
!
Restriction enzymes (or restriction endonuclease) cleave double-stranded or single
stranded DNA at specific recognition nucleotide sequences known as restriction sites.
The cleavage of sites by restriction enzymes could be blocked by the presence of
methyl groups in the recognition motif. Broadly, two types of enzymes are used in
methylation studies. Methylation sensitive enzymes, which recognise specific DNA
sequences that are unmethylated, and methylation insensitive enzymes that cleave
particular DNA sequences regardless of methylation status. The isoschizomeric
enzymes HpaII and MspI are a great example of the two types of enzymes. Both the
enzymes have the following recognition site, but MspI cuts the site when the internal
cytosine is methylated whereas HpaII does not (Xiong et al., 1999).

Methods based on restriction digestion have some limitations. The restriction
endonuclease is able to detect differences in methylation occurring only in restriction
sites. For example, not all CG dinucleotides are located within CCGG sequences in
the mammalian genome. However, it is still a very suitable method to discriminate
between methylated and unmethylated sequences.
!
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1.3.1.2(Bisulfite(treatment(of(DNA((
!
Treating DNA fragments with sodium bisulfite before PCR analysis is a gold standard
method for detecting methylation in a genome. Frommer and her colleagues
recognised the utility of this technique for DNA methylation analysis (Frommer et al.,
1992). Sodium bisulfite treatment of DNA converts cytosine (C) residues to uracil
(U), but leaves 5-methylcytosine residues unchanged. The key steps are depicted in
Figure 1.12.

Figure 1.12. Major steps involved in sodium bisulfite treatment of methylated DNA. The red colour
C bases represents methylated CpG sites.

This method is capable of yielding single-nucleotide resolution information about the
methylation status of a particular segment of DNA. PCR of the converted DNA
sequence turns the converted uracil to thymine. So bisulfite conversion followed by
PCR reaction results in cytosine residues being converted to thymine while
methylated cytosines are amplified as cytosines. This technique is accurate and
efficient. However there are two main procedural implications. First, the conversion
rate of C to T has to be near 100 percent. Incomplete conversion hinders reliable
interpretation of the DNA methylation status. Secondly, loss of DNA due to harsh
reaction conditions results in the need for more input DNA to recover a sufficient
amount for subsequent processes. However, newly available kits provide reliable
conversion rates and reduce DNA degradation. Optimising PCR protocols according
!
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to the experiment after bisulfite treatment is another good way to improve the library
quality.
Examining bisulfite converted DNA is a labour intensive process. In recent years
different techniques have been combined with bisulfite treatment to increase the
throughput and effectivity of the process in epigenetic research. To study DNA
methylation at the genome wide level bisulfite modification is used in conjugation
with microarrays (Adorjan et al., 2002; Gitan et al., 2002) and next generation
sequencing (Dupont et al., 2004). In addition, bisulfite modification combined with
bead arrays (Illumina) was used to quantify methylation at single nucleotide
resolution (Bibikova et al., 2006). However one problem associated with array
methods is that hypomethylated regions do not always hybridize efficiently, resulting
in false negative interpretation (Mockler et al., 2005).

1.3.1.3(Affinity(enrichment(
!
Use of an affinity enrichment method to investigate methylated regions of the genome
was first demonstrated with the methyl-binding protein (Cross et al., 1994). Affinity
enrichment method involves application of an antibody (specific for methylated
cytosine) to enrich for methylated regions in the genome by immunoprecipitating
genomic DNA (Mukhopadhyay et al., 2004). After local treatment by antibodies, the
DNA could be hybridized to custom arrays to perform a global analysis. Several
methods have been developed following this principle, such as MeDIP (Weber et al.,
2005; Weber et al., 2007). Subsequently, to improve the coverage of the genome, the
affinity enriched DNA was used for sequencing and the method was called as MeDIPSeq (Harris et al., 2010).
Affinity enrichment based methods such as MeDIP have been widely used widely for
profiling the epigenome (Laird, 2010) as they provide a genome-wide preview of
methylation status. However, a major limitation of the antibody-based methods is that
they do not allow investigation of single CpG sites, i.e., these methods are not of
base-pair resolution. In addition, the efficiency of immunoprecipitation depends on
the CpG density of the fragments; therefore the results for methylation status of a
region is affected by the efficiency of pull down and major computational adjustments
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are needed to minimize the bias due to varying CpG density in the genome (Laird,
2010) .

1.3.2(Infinium(Methylation(Assays(
The HumanMethylation27 BeadChip and the HumanMethylation450 BeadChip (also
referred as Infinium methylation assays and 27K and 450 K assays) designed by
Illumina are the most used array based platform to investigate genome-scale CpG
methylation. In both these methods, genomic DNA is bisulfite converted. The assays
contain two probes per CpG site: one for “unmethylated” and one for “methylated”
sites. Based on the methylation status of the CpG site it will hybridise with either the
methylated or the unmethylated query probe and detected by specific colour channel
(Bibikova et al., 2011).
The Illumina HumanMethylation27 assay has been a popular method allowing
investigation of 27578 CpG sites in the genome (source: Illumina website). Therefore
this is an insufficient probe to provide a detailed methylation analysis of the genome.
For instance, it might give information about a few CpG sites in a Refseq gene and
the interpretation of the methylation status of the gene will be based on a few sites
only. The HumanMethylation450 BeadChip provided increased coverage of the
genome with 482,421 CpG sites covering 99% of the RefSeq genes (Bibikova et al.,
2011). Since its release in 2011, the HumanMethylation450 BeadChip has become a
widely used method to perform genome-wide methylation analysis in humans as it
improved the coverage of the genome compared to 27 K assay.
However, a point to be noted here is that the 450 K array allows investigation of only
1.7% CpG sites in the genome. Although it provides information of 99.0% RefSeq
genes by estimation, it still suffers with the problem of not including enough CpG
sites for many genes. In addition, in a recent evaluation (sample size = 843) of the
HumanMethylation450 BeadChip, the presence of cross-reactive probes has been
reported. The authors state “These cross-reactive probes target repetitive sequences or
co-hybridize to alternate sequences that are highly homologous to the intended targets
and thus could generate spurious signals, potentially resulting in invalid conclusions
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and lack of validation in downstream analyses” (Chen et al., 2013). Additionally, the
authors report that 15.5% of the CpG sites included in the assay are affected by single
nucleotide polymorphisms, which affect hybridisation, thereby biasing the
quantification of methylation. Another study reported similar issues (i.e., less optimal
hybridisation) in 450 K platform confounding DNA methylation analysis and the
authors emphasised on additional annotations and filtering for meaningful
interpretation of data (Price et al., 2013).

1.3.3(NGS(vs.(Microarray((
DNA microarray is a multiplex technology, which is capable of measuring thousands
of genes in an arrayed series of microscopic spots of DNA oligonucleotides.
However, the method has some potential disadvantages for methylation analysis. To
efficiently perform microarray analysis, a prior knowledge of the genome is
important. Another disadvantage of the technique is cross-hybridization of similar
sequences, which makes analysis of repetitive segments of the genome difficult. High
signal to noise ratio and non specific hybridisation is another shortcoming (Hurd and
Nelson, 2009). NGS provides solutions to all of the above problems, since the
material can be directly sequenced (nanogram amounts of DNA are sufficient for
sequencing) and images of sequenced bases are optically interrogated, which gives
high confidence in the data. No prior knowledge of the genome is required to
assemble the NGS data meaningfully, although it may assist the process.

1.3.4(Whole(genome(vs.(reduced(representation(genome(
!
Performing whole genome bisulfite sequencing (WGBS) would have been an ideal
approach to overcome the technical problems discussed above. WGBS provides
single-nucleotide methylation information and enables investigation of almost all
CpG sites (30 million) in the human genome. A recent study performed WGBS in
human CD4+ cells and obtained 13 fold average coverage of the genome from 575
million paired-end sequenced reads (Heyn et al., 2012). We started the current work
at the end of 2009 and with the sequencing output available at that time, we would
have needed two complete flow cell (14 lanes) of sequencing (see later for Illumina
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sequencing operations) to obtain 575 million reads at a cost of NZD 30000. As we
aimed to investigate multiple human samples, sequencing the whole genome for each
of them was not affordable. Additionally, WGBS assembly required mammoth
computational resources (tens of gigabytes of RAM and hundreds of gigabytes of disk
storage), especially while working with large mammalian genomes such as human.
Therefore, we adopted the approach of reduced representation (RR) of the genome.
Reduced representation of the genome is an effective approach to minimise the
amount of sequencing and computational resource required. In this method, a desired
fraction of the genome, which contains a large amount of information for
investigation. Reduced representation libraries are created using restriction enzymes
and size selection. After the restriction endonuclease digestion of DNA, the desired
fragments are excised from a gel (Young et al., 2010). A second gel purification step
is often necessary to ensure the fidelity of the library (Figure 1.13).

Figure 1.13. An example of reduced represented library generation. Reduced representation
libraries were generated by restriction enzyme digestion of genomic DNA (two enzymes were used in
this experiment) followed by gel slicing and a second gel purification step. Selected size of the library
was 1–4 kb, 4–7 kb, 7–9 kb, and 9–30 kb [From: Young et al., 2010].

1.3.5(Reduced(representation(bisulfite(sequencing((RRBS)(
!
Meissner et al. performed an effective implementation of the reduced representation
approach for methylation analysis. This method is called as Reduced Representation
Bisulfite Sequencing (RRBS). In RRBS, DNA was digested with MspI enzyme
(recognition site CCGG) and fragments were size-selected (40-220 bp). These
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fragments constitute which contains 4.8 % of all CpGs in the mouse genome and the
reduced representation significantly enriches the CpG sequences and CpG islands.
Sequencing 24 Mb of mouse genome yielded information about 1.4 million CpG sites
and 14,353 CpG islands, providing enrichment of CpG site and CpG islands. Table
1.3 shows the reduced representation coverage of different size selections in the
mouse genome (Meissner et al., 2008).
Table 1.3. Reduced representation coverage as a function of size selection [From: Meissner et al.,
2008].

where a = total unique and repetitive sequence covered, assuming 36 bp end reads.

The RRBS method yields single base resolution methylation information and the
strategy can be applied to any mammalian genome. The number of fragments in the
selected region depends on the CpG site and CpG island content of the particular
genome. The authors of the RRBS protocol speculated the scenario for the human
genome and showed the selection of 40 - 220 bp region would consist of 43.5 Mb of
sequence (1.5% of the whole genome) and would include 647,902 fragments and
2,985,666 CpGs within 24,633 CpG islands. By this approach, 30 fold enrichment of
CpG islands can be obtained. Extrapolating from the analysis done on mouse,
approximately 75.0% of these CpG islands will be associated with gene promoters in
humans (Meissner et al., 2008).
Due to the significant enrichment in CpG sites and CpG islands, we adopted this
approach to study the DNA methylation pattern in human neutrophils. The above
description about RRBS is for mouse genome and was described in Meissner and
colleagues’ seminal work in 2008. Initially, we followed the published protocol but
during the course of study and with the progress in sequencing technologies, we
implemented several modifications and improvements to streamline the RRBS
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protocol for investigating multiple RRBS samples. Chapter 3 and 5 include detailed
descriptions of our journey through this methodology.

1.3.6(Next(Generation(Sequencing((
!
Since its inception in 2005, Next Generation Sequencing (NGS) has fundamentally
revolutionized epigenomics research in many ways. Scientists can now digitally
interrogate the genome on a much larger scale than was feasible or affordable before.
NGS allowed us to move far beyond the traditional Sanger (chain-terminating
dideoxynucleotide principle) sequencing technology in terms of speed, time, coverage
of the genome and total cost. The field continues to evolve at an enormous rate. The
basic principle of NGS platforms involves massively parallel sequencing of clonally
amplified or single DNA molecules that are physically separated in a flow cell
(Metzker, 2010; Voelkerding et al., 2009).
At the time of performing this analysis there were three major NGS platforms
available. They were i) Roche 454 GS FLX ii) Applied Biosystems SOLiD and iii)
Illumina GenomeAnalyzer (Voelkerding et al., 2009). The Roche sequencing
platform was more suited for de novo assembly of the genome as it provided longer
sequenced reads of 400-600 bp. The SOLiD platform was able to provide short
sequenced reads (35 bp). We selected the Illumina Genome Analyzer platform since it
provided highly accurate short sequenced reads and in the original protocol of RRBS
(by Meissner et al.), the utility of the Illumina platform in generating comprehensive
methylomes had been demonstrated. Further, Illumina facilitated the preparation of
RRBS libraries with its paired-end sample preparation kit and the option to use
methylated adaptors. Massey University (Palmerston North, New Zealand) made
Illumina sequencing available to us in the initial phase of the study.

1.3.6.1(Illumina(sequencing(platform(and(principle(
The Illumina/Solexa Genome Analyser, the first short read commercial sequencing
platform was launched in 2006. The Genome Analyser used an optically transparent
flow cell with 8 individual lanes on the surface of which oligonucleotides anchors are
bound. The fragmented DNA (in our experiment it is MspI digested) is end-repaired
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to generate 5’-phosphorylated blunt ends. Using the polymerase activity of Klenow
fragment (3' to 5' exo minus), an adenine base is added to the 3' end of the blunt
phosphorylated DNA fragments. This makes the DNA fragments ready to be ligated
to the customised adapters, which have a single ‘T’ base overhang at their 3' end. The
adapters contain sequences that are complementary to the surface-bound amplification
primers on the flow cells of the Genome Analyser (Figure 1.14). Details of library
preparation methods are described in Chapter 3.

Figure 1.14. The adaptor modified sequencing library [From: http://www.illumina.com/].

Under limiting dilution conditions, adaptor-ligated, single-stranded DNA is loaded on
to the flow cell and then immobilised to the anchors on the cell surface. The DNA
strands arch over and hybridise to an adjacent anchor nucleotide. Then a step called
bridge amplification is performed (Figure 1.15). Several cycles convert the singlestranded DNA molecules to an amplified cluster. One single cluster contains almost
one thousand cloned DNA molecules and one flow cell contains millions of clusters.
The clusters are then denatured, a chemical cleavage reaction and a wash step are
performed leaving the forward strand for single-end sequencing reactions.
A primer (complementary to the adapter sequences) is hybridized and initiates the
sequencing of the forward strand. DNA polymerase and a mixture of four differently
coloured fluorescent reversible dye terminators (A, T, G, C) are added. To each clonal
segment the reversible terminators are incorporated based on the sequence
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complementarily in each strand. After each incorporation cycle, the reversible dye
terminators are unblocked (Figure 1.16). Fluorescent labels are cleaved and excess
reagents are washed away to perform the next cycle (Voelkerding et al., 2009). The
fluorescence is photographed following each base incorporation. The images are then
converted in to sequence reads through the customized base-calling software.

Figure 1.15. Bridge amplification and Cluster generation principles [From: Metzker, 2010].

Figure 1.16. The reversible dye chemistry for sequencing for Illumina platform [From: Voelkerding
et al., 2009].
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1.3.6.2(Illumina(HiSeq2000(platform:(
!
We used the Illumina Genome Analyser (GAII platform) in the initial phases of the
library preparation (November 2009- June 2011). In 2011, Illumina released the
HiSeq2000, which has increased throughput and improved imaging technology.
However, the basic principle of sequencing clonal DNA fragments remained the
same. Since August 2011, Illumina HiSeq2000 was used for sequencing RRBS
libraries for the current project. Chapter 5 describes the modifications introduced in
the workflow due to the adaption of HiSeq2000 machines in our analysis. Table 1.4
compares some key features of the two sequencing platforms used in this project.
Table 1.4. Comparison of basic features between Illumina GAII and HiSeq 2000 sequencer
Features
Illumina GAII
Illumina HiSeq2000
Chemistry
Version 2
Version 3
Tiles
120 (0.55 mm2)
24 (5.5 mm2)
Flow cells
1
2
Light Intensity and imaging
Remains same throughout.
Increased after 75 cycles to
Smaller imaging area (TIRF)*.
improve base-calling. More than
7x larger imaging area (Epiillumination*)
Maximum read length
100
150
(base pairs)
Alignment output
150 GB
1.2 TB
Base call data
100 GB
660 GB
No of reads per lane
20-30 million
~190 million
Run time
10.5 days for PE 100 bp run
8.5 days for SE
Approx. cost of sequencing one 2500 USD
600 USD
sample**
* Total Internal Reflection Fluorescence (TIRF) Microscopy; Epi-illumination involves illuminating and
detecting from one side of the sample. **Assuming 20 million reads per sample. PE = paired-end, SE =
single-end.

1.3.7(Analysis(of(Bisulfite(converted(sequencing(data(
Analysing the next-generation sequencing data poses a challenge in terms of handling
the large amount of raw data generated from the sequencing, processing, analysis and
finally interpretation. Since we used bisulfite modified library for sequencing, we will
discuss the challenges associated with bisulfite converted NGS data and the
approaches to deal with it in this section.

!

! 52!

Introduction

!
1.3.7.1(Alignment(of(bisulfite(converted(sequenced(reads:(challenges(
!
Bisulfite modification coupled with next-generation sequencing is an extremely
powerful technology to detect methylation at single nucleotide resolution. Millions of
sequenced reads are generated from a single sequencing run; however such volumes
of bisulfite reads pose major challenges for biologists. There are a few aspects
associated with bisulfite converted reads which makes the task challenging and these
are discussed below.
1) With bisulfite treatment the two strands (F, forward and R, reverse) do not remain
complimentary since all unmethylated cytosines are converted to thymines. So, after
PCR amplification four DNA strands are generated (F, R, F’, R’). This increases the
search space when sequenced reads are mapped to the reference sequence.
2) Bisulfite converted sequenced reads create a problem of asymmetric mapping in
which T nucleotides in the reads can align to either C or T in the reference genome,
since C is converted to T (after bisulfite treatment), but not vice versa where C in the
reads maps only to C in the reference. This gives rise to the possibility of more false
positive matches between the sequenced reads and the reference genome and also
increases the search space significantly; making mapping bisulfite converted reads
more challenging (Figure 1.17).
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Figure 1.17: Nature of bisulfite sequenced read mapping. Multiple mapping: Due to the cytosinethymine conversion in the bisulfite reaction the search space increases. Mapping asymmetry: T in the
bisulfite reads can be aligned to either a C or T in the reference (as C is converted to T but not vice
versa [From: Xi and Li, 2009].

3) In mammalian genomes methylation almost exclusively occurs at CpG
dinucleotides (which constitute about 2.0% of the genome). In the bisulfite reaction
most of the Cs will be converted to Ts making the strands C-poor; hence the PCR
amplified strands will be G-poor. This reduces the sequence complexity and mapping
should be done bearing these facts in mind (Xi and Li, 2009).
4) Compared to classical Sanger sequencing, the NGS reads are shorter in length.
When the read length is short, alignment against a large and complex genome (such as
human) becomes more difficult. Large genomes potentially contain significant regions
of repetitive sequence and as a result the percentage of uniquely aligned sequence
decreases significantly when the reads are short.

1.3.7.2(Approaches(for(aligning(bisulfite(converted(sequenced(reads(
!
Meissner et al. derived an effective approach for mapping bisulfite-converted
sequencing reads. Two reference genomes are created in the first instance. One with
normal nucleotide content and another reference genome with all Cs converted to Ts.
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The converted reference assumes that if conversion efficiency of cytosine to thymine
is 100%, then it will result in complete alignment of the converted bases. The
converted reads are mapped to the converted reference sequence. Following
alignment, the C in the bisulfite reads, which aligned to the T in the converted
reference, is counted. However, when a T in the read is matched to a C in the
unconverted reference, it is ignored. In order to manage the G-poor strands, generated
by PCR amplification after bisulfite conversion, a third reference sequence, in which
Guanines (G) are converted to Adenosines (A), is a requirement in most cases. But in
the case of Illumina/Solexa sequencing it is not necessary because sequencing
exclusively proceeds from the original MspI treated (F and R) sequences as the
adaptor sequences are ligated only to the original MspI treated DNA strands (Smith et
al., 2009). However, the customised scripts for performing this alignment were not
made available for wider use until 2011.
CokusAlign (Cokus et al., 2008) is another alignment approach, which uses a treebased lookup method in which the genomic sequence is pre-processed into a memory
resident tree structure through which the sequence data for each read goes through a
progressive traversal to establish a genomic location. While this strategy works
effectively when 36 bp reads are mapped against the Arabidopsis thaliana genome, it
does not scale well for longer reads or larger genomes. Seed lookup methods have
been employed in which the genome is preprocessed into a series of hash values
(seeds), which enable rapid indexing of oligomers from read sequences to genomic
positions. The mapping approach used by Lister and collgues also applies similar
operations for aligning bisulfite converted reads (Lister et al., 2008).
A recently implemented, very efficient short sequence aligner Bowtie uses the
Burrows-Wheeler transformation to perform rapid mapping of fragments to genomic
positions (Langmead et al., 2009). Although a moderately slow pre-processing
operation is required to generate Burrows-Wheeler transformed genomic sequences,
subsequent use of this data is very rapid. The Bowtie authors distribute pre-built
Burrows-Wheeler-transformed files for a number of model genomes, although this
facility was not available for bisulfite genomes at the time of performing our analysis.
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1.3.7.3(Software,(availability(and(downstream(analysis(
!
The area of NGS research is evolving at an enormous speed and effective new tools
have recently been released publicly to make data assembly and interpretation easier
for biologists. However, a major gap in the field of large scale DNA methylation
studies is that there was no standard tool available which could perform alignment,
analysis and visualization of large scale sequencing data and help bench scientists to
ask a variety of research questions. At the start of this project there was no available
free tools to assess the quality of the sequenced reads and to perform alignment of
genome-wide bisulfite sequenced data. SolexaQA (Cox et al., 2010) and FASTQC
were two tools that were released in 2010 for evaluating data quality. In 2009, a tool
named BSMAP (written in the C++ language) developed by Xi et al. was freely
released for mapping bisulfite-converted sequenced reads. The program used two
unique properties called HASH table seeding and Bitwise masking to remove the
potential concerns about mapping bisulfite-converted reads (Xi and Li, 2009).
Another program called BS seeker (written in python language) was launched in 2010
and it provided fast and accurate mapping of bisulfite-converted reads and stated “BS
Seeker is the only alignment tool that can explicitly account for tags which are
generated by certain library construction protocols” (Chen et al., 2010). Bismark, the
aligner used for the present analysis was released in 2011 (Krueger and Andrews,
2011). However, each alignment program uses different scripting language and
algorithms to handle bisulfite sequenced reads. Therefore, assessment of their
mapping efficiencies and characteristics with real data was important for choosing a
particular program for methylation analysis.
After alignment of sequenced reads, the next step is to extract single CpG information
from the samples and interpret methylation status genome-wide. Once the methylome
of a sample is established, it is possible to compare multiple samples and identify
differentially methylated regions across samples. While performing this research, a
single workflow or tool was not available to identify differential methylation pattern
from large-scale epigenomics data (such as RRBS) across multiple samples. In 2012,
a package called methylKit was released to identify differentially methylated bass
using RRBS data (Akalin et al., 2012). This tool can be used to detect differences in
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methylation patterns in disease vs. control scenarios but not to investigate methylation
distribution across samples or to identify inter-individual methylation variation.
Increased use and interest in genome-wide DNA methylation studies led to
international efforts to release and make available data and new tools for public use.
The ENCODE (The Encyclopedia of DNA Elements) project by US National Human
Genome Research Institute (NHGRI) is an excellent example of these efforts. The
broad goal of the ENCODE project was to describe all the functional elements in
mammalian genome. In September 2012 several datasets were released as part of the
ENCODE consortium and 30 articles were simultaneously published in several
journals describing the data. The major conclusion from the ENCODE project was
that about 80% of the genome has a biochemical function they might not transcribe
directly to a protein but has role in regulating expression of the protein coding DNA
elements (Ecker et al., 2012). These data opposed the long-standing notion that 97%
of our DNA is “junk”. The findings of the ENCODE consortium received major
criticism from a section of the genomics scientists stating "Just because a piece of
DNA has biological activity does not mean it has an important function in a cell. The
Encode people don't seem to have grasped that point. They completely exaggerated
the amount of human DNA that has a role to play inside our cells. Most of the human
genome is devoid of function and these people are wrong to say otherwise"
(http://www.theguardian.com/science/2013/feb/24/scientists-attacked-over-junk-dnaclaim).
Nevertheless, the ENCODE project represents a great resource for genome-wide data
in nine different cell types in human genome. Currently it includes maps for DNase
hypersensitive sites, enhancers, insulators, cell line specific profiling of 12 histone
modification marks, short sequences of recognition motifs for DNA-binding proteins
(~ 9 million motifs), transcription factor binding frequency data for nine cell lines and
DNA methylation maps (generated by RRBS). Although the function of the DNA
elements in a particular cell type under investigation should be interpreted with
caution, these large datasets provide an opportunity to overlap data from experiments,
to compare several features genome-wide, and to generate testable hypothesis. In the
current work ENCODE data have been used to explore several aspects of variably
methylated regions and the analysis is described in detail in Chapter 7 of this thesis.
!
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Finally, proper resources and expertise needs to be in place to get the best value out of
high-throughput data. Since NGS generates large amounts of data, the processing of
NGS data demands significant computational resources (random access memory and
storage space). It is necessary to modify and update the in silico approaches according
to biological questions which demand high level of computational expertise.

1.4((Aims(of(the(study(
We aimed to achieve the following scientific goals in this project1. Optimise and improve reduced representation bisulfite sequencing (RRBS)
protocols for streamlined library preparation.
2. Obtain a detailed understanding of the nature of RRBS data and then develop new
tools and a computational pipeline for effective analysis and interpretation of largescale DNA methylation data.
3. Establish reference methylomes from a homogenous tissue (neutrophils) for a
cohort of normal individuals.
4. Apply the computational pipeline to identify variably methylated regions between
the individuals in the cohort and understand the nature of variably methylated region
in human genome.

!
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Chapter(2:(Materials(and(Methods(
---------------------------------------------------------------------

!

2.1(Collection(and(extraction(of(DNA(from(participants(
2.1.1(Ethical(approval(
!
Human peripheral blood samples were collected from healthy individuals in
accordance with the guidelines and approval of the Multi-region Ethics Committee
(MEC/09/07/068). Informed consent was obtained from all the participants.

2.1.2(Recruitment(of(participants(
!
For the current study, 11 individuals (five male and six female) were recruited for
profiling DNA methylation patterns. In addition, a technical replicate was included in
the study. Details of the participants are described in Table 2.1.
Table 2.1. Details of the participants included in the study

Sample ID

Gender

Age

Origin

X9015

Male

26

Indian subcontinent

X9012

Male

29

South America

X9012_replicate

Male

29

South America

X9014

Male

31

United Kingdom

X9018

Male

33

Pacific islands

X9020

Male

34

Asia

Materials and Methods

Sample ID

Gender

Age

Origin

X9007

Female

25

Indian subcontinent

X9021

Female

28

Pacific islands

X9006

Female

31

Asia

X9016

Female

32

Western Europe

X9019

Female

33

Eastern Europe

X9010

Female

34

United Kingdom

2.1.3(Collection(and(Processing(of(blood(samples(
!
16 mL EDTA-anticoagulated blood was drawn from each participant. Within 15 min
of collection, the blood samples were processed as follows.

2.1.3.1(Neutrophil(isolation(
!
In a 50 mL plastic centrifuge (Falcon) tube, 16 mL of blood was diluted in 16 mL of
PBS and gently inverted to mix. With a transfer pipette, 4 mL of diluted blood was
carefully layered onto 3 mL of room temperature (RT) Ficoll-Paque PLUS (GE
Healthcare, catalogue number # 17-1440-02) in a 15 mL plastic centrifuge tube. A
total of 4 tubes were used, each containing 4 mL of diluted blood. The tubes were
centrifuged at 400 × g for 40 min (swing out rotor) at RT (18°C). The plasma layer
and the “mononuclear layer” (at plasma/Ficoll interface) were removed and discarded
with a transfer pipette. To lyse the red blood cells (RBCs), the sample volume was
made up to 14 mL with the addition of 0.17 M NH4Cl solution. The tubes were mixed
gently and incubated for 30 min at RT and then centrifuged at 300 x g for 10 min. The
supernatant was removed and discarded. The volume of the samples were again made
up to 14 mL with the addition of 0.17 M NH4Cl solution, mixed gently, and incubated
for 30 min at RT. The tubes were centrifuged at 300 × g for 10 min. The supernatant
was removed and discarded and the remaining pellet (some RBCs still visible in
pellet) was resuspended in 2 mL PBS.

!
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2.1.3.2(Assessment(of(neutrophil(enrichment(
!
The cell concentrations of the samples were determined using a Sysmex XE 2100
haematology automated analyser in the Southern Community Laboratory at Dunedin
Hospital. Cells were counted in whole blood (before neutrophil enrichment) and cell
suspensions (4 processed tubes after enrichment). An example of a XE 2100 analyser
cell counting output is shown in Chapter 3 (Figures 3.2 and 3.3).

2.1.4(DNA(extraction(from(isolated(neutrophils(
!
The enriched neutrophil cell suspensions were combined and centrifuged at 300 × g
for 10 min and the supernatant was discarded. The cell pellet was suspended in
200 µL PBS. In a 1.5 mL microcentrifuge tube, 20 µL proteinase K (10 mg/mL) was
pipetted and the 200 µL neutrophil cell suspension was added to the tube.
The “DNA Purification from Blood or Body Fluids” protocol from the QiAamp DNA
Mini and Blood Mini Handbook (QIAGEN, catalogue number #51104) was followed
for extracting DNA from cell suspension. 200 µL of Buffer AL was added to the
sample and mixed by pulse-vortexing for 15 seconds. Deviating from the
manufacturer’s protocol, the samples were incubated at 56°C for 3 hours to ensure
complete protein digestion. The tubes were briefly centrifuged to remove liquid from
the inside of the lid. Next, 200 µL absolute ethanol was added to the sample, and
mixed again by pulse-vortexing for 15 seconds. The mixture from this step was
applied to the QIAamp Mini spin column (in a 2 mL collection tube) and centrifuged
at 4800 × g for 1 min. The spin column was placed in a clean 2 mL collection tube
and the tube containing the filtrate was discarded. 500 µL buffer AW1 was added to
the tube and centrifuged at 4800 × g for 1 min. The spin column was placed in a clean
2 mL collection tube, and the tube containing the filtrate was discarded. Next, 500 µL
buffer AW2 was added to the tube carefully and centrifuged at 8400 × g for 3 min. To
minimise buffer AW2 carryover, the collection tube was discarded and the tubes were
centrifuged for an additional 1 min in a new collection tube. The spin column was
placed in a clean 1.5 mL microcentrifuge tube (Eppendorf) and 200 µL buffer AE was
added to the tube. The tube was incubated for 1 min at RT and then centrifuged at
4800 × g for 1 min. The eluate was again pipetted back into the spin column and then
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centrifuged at 4800 × g for 1 min to increase the DNA yield. We called this repeat
step a “double pass elution”.

2.2(Reduced(representation(library(preparation(for(sequencing(in(
Illumina(GAII(platform(
2.2.1(Quantification(and(MspI(digestion(
Prior to proceeding with the reduced representation bisulfite sequencing library
preparation, the concentration and quality of the DNA was assessed using 2 µL of the
sample in the nanodrop (ND 1000 spectrophotometer, Biolabs). A second round of
DNA purification was performed using Zymo Clean up and Concentrator kit (Zymo,
catalogue number # D4014). In a 1.5 mL microcentrifuge tube, 5 volumes of DNA
Binding Buffer were added to each volume of DNA sample and the tubes were mixed
briefly by vortexing. The mixture was transferred to a Zymo-Spin column in a
collection tube. The tube was centrifuged at 8400 × g for 30 seconds and the flowthrough was discarded. Next, 200 µL of wash buffer was added to the column
centrifuged at 8400 × g for 30 seconds and the flow-through was discarded. This wash
step was repeated. The column was transferred to a 1.5 mL microcentrifuge tube and
50 µL of elution buffer was directly added to the column. The tubes were centrifuged
at 8400 × g for 30 seconds to elute the DNA.
Initially, 5 µg of purified DNA was used for the library preparation and a digest was
set up as follows and incubated at 37°C overnight in a thermal cycler.
DNA sample
MspI (New England Biolabs, Ipswich, MA, 20 U/µL)
10 × NEB Buffer 4
MQ H2O

5.0 µg
6.0 µL (120 Units)
10% of the reaction volume
adjusted to produce final volume

The QIAEX II gel extraction kit (QIAGEN, catalogue number # 20021) was used to
purify the library. The digested sample was transferred in to a tube and 6 volumes of
!
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buffer QX1 were added to 1 volume of DNA sample. The tube was vortexed for 30
seconds. 10 µL of QIAEX II solution was added per tube and was incubated at RT for
10 min. The tube was mixed after every 2 min to keep QIAEX II in suspension. The
tube was then centrifuged at 8400 × g for 30 seconds and the supernatant removed.
The pellet was washed twice with 500 µL of buffer PE and left to air-dry for 15 min
until the pellet appeared white. Caution was taken to avoid over-drying of the pellet as
that decreases elution efficiency. Next, the pellet was resuspended in 30 µL of TE by
vortexing and incubated at RT for 5 min. The tube was then centrifuged at 8400 × g
for 30 seconds and the supernatant was transferred to a clean tube.

2.2.2(EndQrepair(
Repairing the ends of the digested library was performed by treating the digested
DNA with T4 DNA polymerase (New England Biolabs, catalogue number #
M0203L), T4 DNA ligase buffer (New England Biolabs, catalogue number #
M0202S) with 10 mM ATP (Roche, catalogue number # 11 140 965 001) 10 mM
dNTP mix (New England Biolabs, catalogue number # N0447S) Klenow enzyme
(New England Biolabs, catalogue number # M0210S) and T4 PNK (New England
Biolabs, catalogue number # M0201L) as follows:
!
DNA digest (from above)
MQ H2O
T4 DNA ligase buffer with 10mM ATP
10 mM dNTP mix
T4 DNA polymerase
Klenow enzyme
T4 PNK
Total volume

30 µL
45 µL
10 µL
4 µL
5 µL
1 µL
5 µL
100 µL

The reaction was incubated at 20°C for 30 min followed by a second incubation step
at 37°C for 10 min. The reaction was stopped by adding 1 µL of 0.5 M EDTA. The
QIAEX II gel extraction kit was used to purify the library (as described above) and
was eluted in 32 µL of elution buffer.
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2.2.3(Addition(of(A(base(
To prepare the DNA fragments for adaptor ligation, a Adenosine (A) base was added
to the 3’ end of each fragment in the library by treating the sample with Klenow exo
minus (New England Biolabs, catalogue number # M0212S) and 1 mM dATP (New
England Biolabs, catalogue number # N0446S) as follows:
Digested DNA (from above)
Klenow buffer
1 mM dATP
Klenow 3’ to 5’ exo minus
Total volume

32
5
10
3
50

µL
µL
µL
µL
µL

The reaction was incubated at 30° C for 10 min and then purified using the QIAEX II
gel extraction kit to elute in 12 µL of elution buffer.

2.2.4(Ligation(of(adaptors(
The Illumina early access methylation adaptor oligonucleotides (Illumina, catalogue
number # ME-100-0010) were ligated to the DNA samples from above with DNA
ligase (New England Biolabs, catalogue number # M2200L) as follows:
Digested DNA (from above)
Oligo mix (methylated adaptors, Illumina)
DNA ligase (NEB)
Ligase buffer (NEB)
Total volume

12 µL
7 µL
6 µL
25 µL
50 µL

The reaction was incubated overnight at 16°C in thermocycler and then purified using
QIAEX II gel extraction kit to elute in 12 µL of TE buffer.

2.2.5(SizeQselection(of(the(40Q220(bp(fragments(of(the(library
!
Previously made 3% (w/v) NuSieve GTG agarose1 gel (Lonza, catalogue # 50080)
was melted and slowly poured into the casting tray. The comb was inserted and left to
set for ~60 min. 0.5× TAE running buffer was poured over the gel and the comb was
removed. 2 µL of DNA loading buffer was added to the 12 µL DNA sample. Then the
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DNA sample (14 µL) was loaded in to the well. 8 µL of a 25 bp DNA ladder
(Invitrogen, catalogue number # 10597-011) was also loaded. The gel was
electrophoresed at 50 V for ~ 90 min (Mupid-exU, Takara). The DNA ladder lane was
excised and visualised under UV using a GelDoc imager (Bio-Rad) to determine the
4-220 bp region on the gel without exposing the sample DNA to UV. To account for
the length of the adaptors, fragment length of 150-330 bp were excised (see Chapters
3 and 5 for more description) from the gel using GEM blades. To avoid contamination
one blade is used to cut out only one slice of a gel.
From this step the libraries were divided into two parts. Low library (L): length of
150-230 bp (corresponds to the 40-120 bp original genomic length) and High library
(H): 230-330 bp (corresponds to the 120-220 bp original genomic length). Following
the instructions of the QIAEX II gel extraction kit, the libraries were purified from the
gel, eluting each library in 20 µL of elution buffer.
1

3% NuSieve agarose
100 mL of chilled 0.5× TAE buffer and a stir bar were added to a 250 mL Schott
bottle. 3 g of NuSieve GTG agarose powder was slowly sprinkled while the solution
was stirred rapidly. The solution was mixed for ~30 min and then microwaved for
several minutes until the agarose was fully dissolved. 2 µL of ethidium bromide was
added and swirled to mix.

2.2.6(Bisulfite(conversion(of(the(40Q120(bp(and(120Q220(bp(DNA(
fragments((
The Epitect kit for bisulfite conversion of DNA samples (Qiagen, catalogue number #
59104) was used to bisulfite convert the RRBS libraries. Two bisulfite reactions were
prepared in 200 µL PCR tubes as below. Each component was added in the order
listed.
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DNA solution
Bisulfite Mix
DNA Protect Buffer
Total Volume
!

20 µL
85 µL
35 µL
140 µL

The PCR tubes were closed and the bisulfite reactions were mixed thoroughly.
Deviating from the manufacturer’s protocol, the bisulfite DNA conversion reaction
was performed in the thermal cycler using the following program (Smith et al., 2009).
The protocol took 14 hours to complete.
!
Step
Denaturation
Incubation
Denaturation
Incubation
Denaturation
Incubation
6×
Hold

Time
5 min
25 min
5 min
85 min (1h 25 min)
5 min
175 min (2h 55 min)
5 min
90 min (1h 30 min)
indefinite

Temperature
99°C
60°C
99°C
60°C
99°C
60°C
95°C
60°C
20°C

Following the bisulfite conversion step, the PCR tubes containing the bisulfite
reactions were centrifuged briefly and then transferred to 1.5 mL microcentrifuge
tubes. 560 µL freshly prepared buffer BL containing 10 µg/mL carrier RNA was
added to the tubes, mixed by vortexing and then centrifuged briefly. The whole
mixture from this step was transferred to an EpiTect spin column. The columns were
centrifuged at 9000 × g for 1 min. The flow-through was discarded and the spin
columns were put back into the collection tube. 500 µL buffer BW (wash buffer) was
added to the spin columns, and centrifuged at 9000 × g for 1 min. The flow-through
was discarded and the spin columns were put back into the collection tube. Then,
500 µL buffer BD (desulfonation buffer) was added to the spin columns, and
incubated for 15 min at RT. The columns were centrifuged at 9000 × g for 1 min and
the flow-through was discarded. 500 µL buffer BW was added to the columns and
centrifuged at 9000 × g for 1 min and this step was repeated again. The spin columns
were placed into a new 2 mL collection tube, and centrifuged at 9000 × g for 1 min to
remove any residual liquid. Then, the columns were placed in clean 1.5 mL
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microcentrifuge tubes and 20 µL buffer EB was added to the centre of the membrane.
Purified DNA was eluted by centrifuging the columns for 1 min at 7200 × g.

2.2.7(Polymerase(Chain(reaction((PCR)(to(determine(optimal(cycle(
number(
!
To determine the minimal cycle number to amplify the libraries, PCR was performed.
Long primers were designed against the adaptor sequences. The adaptors were
methylated, so bisulfite conversion would have no effect on the adaptors.
Ref
Primer Sequence
number
name
60711623 PE 1.0 5’- CAA GCA GAA GAC GGC ATA CGA GAT CGG TCT
CGG CAT TCC TGC TGA ACC GCT CTT CCG ATC* T -3’
60711624 PE 2.0

5’- AAT GAT ACG GCG ACC ACC GAG ATC TAC ACT
CTT TCC CTA CAC GAC GCT CTT CCG ATC* T -3’

Annealing
Temp
65 °C
65 °C

* = phosphorothioate bond

A 9× PCR master-mix (for 10 µL reactions) was set up as follows in designated PCR
set-up area:
10× PCR buffer
MgCl2
dNTP stock
PE Primer 1.0 (9.95 µM)
PE Primer 2.0 (6.50 µM)
DMSO
FastStart Taq
MQ H2O
Total volume

9.0 µL
5.4 µL
4.5 µL
3.8 µL
6.35 µL
9.0 µL
2.4 µL
49.55 µL
90 µL

9 µL of PCR master mix was aliquoted into PCR strip tubes (×9) and 1 µL of DNA or
MQ H2O were added as follows:
PCR
PCR 1-4
PCR 5-8
PCR 9

!

Library
(1 µL each of Low library)
(1 µL each of High library)
(1 µL MQ H2O, negative control)
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The PCR reaction was run on the BioRad thermocycler using the following protocol:
Step and cycle
Enzyme activation
12, 15, 18 and 23
cycles (for each
library)
Final extension:
Hold at:

Temperature
94ºC
94ºC
65ºC
72ºC
72ºC
4ºC

Time
5 min
20 sec
30 sec
30 sec
7 min
indefinitely

At this tep there were, 4 samples for each (High and Low) library with 12, 15, 18, 23
cycles of amplification respectively. These samples were electrophoresed2 on a 4–
20% criterion precast TBE gradient gel (Bio-Rad, catalogue number # 345-0059) at
100 V for ~ 90 min. The gel was stained with SYBR green I nucleic acid stain
(Invitrogen, S7563, lot number-474358-2) for about 30 min and then visualised using
a GelDoc imager (Bio-Rad).
2

Gel electrophoresis

10 µL of a 25 bp ladder (Invitrogen, catalogue number# 10597-011) and the samples
(10 µL) were loaded into the wells and the running buffer used in this system was
TBE (1 X) buffer.

2.2.8(LargeQscale(amplification(of(the(library(
!
Inspection of the PCR gel revealed the minimum number of cycles needed to
successfully amplify the library. It was found that the minimum cycle number needed
to amplify, varied between libraries, so this step was performed for each library and
the minimum cycle number was determined. Following this step a large-scale
amplification reaction was set up.
A 30× PCR master-mix (each for 10 µL reactions) was set up as described in the
previous section (2.2.6). 9 µL of PCR master mix was aliquoted into PCR strip tubes
(×30) and DNA was added as follows:
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PCR 1-15 (1 µL of Low library in each tube)
PCR 16-30 (1 µL of High library in each tube)
Low and High libraries were amplified in following the reaction described in section
2.2.6 with the minimum cycle number.

2.2.9(Purification(and(second(round(of(size(selection(
!
Zymo Clean up and Concentrator kit (previously described) was used to purify the
amplified DNA libraries (High and Low), eluting in 25 µL of TE for each. Both the
libraries were again electrophoresed on 3% NuSieve GTG agarose gel and a second
round of size-selection were performed (described previously) following same
protocol and each library was eluted in 20 µL of elution buffer. The second round of
size selection removed any residual contamination in the libraries and the primers.

2.2.10(Quality(check(of(the(libraries(in(Bioanalyser(
!
To assess the quality of the library and presence of valid fragments in the library,
1 µL of the library was loaded on a high-sensitivity chip in an Agilent bioanalyser
machine. To do this, instructions of the Agilent high sensitivity DNA kit (catalogue
number # G2938-90320) were followed. Briefly, the chip priming station was set up
as instructed. Next, the gel-dye mix was prepared and centrifuged at 2240 × g for
10 min. 9 µL of the gel-dye mix was loaded in to the well marked G. The green ladder
and high-sensitivity ladder were loaded in to the designated wells. 1 µL of each
library was loaded in to the wells and the chip was run in the Agilent bioanalyser
machine for 30 min. The electronic migration of the gel and peaks of the library was
visualised with customised Agilent bioanalyser software.

2.2.11(Sequencing(in(Illumina(GAQII(Platform(
!
Once satisfactory results were obtained from the bioanalyser traces, the samples were
sent in dry ice to the Allan Wilson Centre for Genomic Service (AWCGS), Massey
University, Palmerston North and sequenced on an Illumina GAII platform. AWCGS
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repeated the bioanalyser analysis. The High and Low libraries were mixed in
equimolar ratio and were run in a single lane of a flow cell. The runs were singleended and the read length was 100 bp. Base-calling of the sequencing reads were
performed by AWCGS and they provided with FASTQ files containing sequencing
reads.

2.3(Reduced(representation(library(preparation(for(sequencing(in(
Illumina(HiSeq2000(platform(
!
In 2011, sequencing multiple libraries in one lane of a flow cell (multiplexing)
became possible. A new kit named TruSeq DNA sample preparation kit (Illumina)
was released for this purpose. Several modifications were made in the library
preparation from the protocols described in section 2.2 and in some cases it was
necessary to deviate from the protocols described in the TruSeq kit to make successful
RRBS libraries for multiplexed sequencing. In this section, this protocol will be
described highlighting the changes and modifications from the protocol described in
section 2.2 without repetition of the similar operations. The TruSeq DNA sample
preparation kit (Illumina, Set A, catalogue number # FC-121-1001 and SetB,
catalogue number # FC-121-1002) was used in this protocol. SetA and SetB have the
same composition except that they contain different adaptors to allow index multiple
libraries.

2.3.1(MspI(digestion(
!
The TruSeq protocol recommends 1 µg of input DNA, but we found that this amount
is too low to recover enough DNA material after the lengthy RRBS protocol; instead
we started with 3 µg of input DNA for digestion. 3 µg of purified DNA was used as
initial input for the library preparation and digest is set up as follows-
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DNA sample
MspI (New England Biolabs, Ipswich, MA, 20 U/µL)
10 × NEB Buffer 4
MQ H2O

3.0 µg
6.0 µL (120 Units)
10% of the reaction volume
adjusted to produce final volume

The digestion mix was incubated at 37°C overnight in a thermocycler (Bio-Rad).
QIAquick PCR purification kit (catalogue number # 28106) was used to purify the
samples. 5 volumes of buffer PB was added to 1 volume of the digested DNA reaction
and mixed and then loaded in to QIAquick column. The columns were centrifuged at
8400 × g for 1 min. The flow-through was discarded and the QIAquick column was
placed back in the same collection tube. 750 µL of buffer PE was added to the
columns and centrifuged for 1 min at 8400 × g. The columns were centrifuged again
to remove residual liquids. The samples were eluted in 50 µL of resuspension buffer
(RSB, Illumina, TruSeq DNA sample preparation kit).

2.3.2(EndQrepair(
!
To each tube (which now contains 50 µL of DNA) 10 µL of RSB (Illumina,TruSeq
DNA sample preparation kit) solution was added. Then 40 µL of End Repair Mix
(Illumina, TruSeq DNA sample preparation kit) was added to each sample and mixed
thoroughly. The samples were incubated in a PCR machine for 30 min at 30°C.
Following incubation the samples were purified using the QIAquick MinElute PCR
purification kit (catalogue number # 28006) and eluted in 17.5 µL of RSB buffer. The
MinElute purification kit follows same protocol as the QIAquick PCR purification kit
(catalogue number # 28106) but is more efficient for eluting in less volume.

2.3.3(Adenylation(of(3’(ends(
!
12.5 µL of A tailing mix (Illumina, TruSeq DNA sample preparation kit) was added
to the tubes and mixed thoroughly and the tubes were incubated in PCR machine for
30 min at 37°C. After the incubation adaptor ligation was performed immediately.
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2.3.4(Adaptor(ligation((
!
The adaptor ligation step was performed as followsDNA sample (from above)

30.0 µL

Resuspension buffer (RSB)
DNA ligase mix
Adapter index3
Total volume

2.5 µL
2.5 µL
2.5 µL
37.5 µL

The reactions were incubated for 10 min at 30°C. Following the incubation 5 µL of
stop ligase was added to the tubes to inactivate the ligation reaction. QIAquick
MinElute PCR purification kit (catalogue number # 28006) instructions were followed
to elute the samples in 15 µL of RSB buffer.
3

Adaptor index

Provided with the Illumina TruSeq DNA sample preparation kit. For multiplexing,
different adaptors were used for each library.

2.3.5(SizeQ(Selection(
!
Size-selection was performed as described in the section 2.2 with the following
changes;
i) Instead of selecting two fragments (Low and High) as described previously, a single
selection of 160-340 bp was made following the revised RRBS protocol from Gu and
colleagues (Gu et al., 2011).
ii) The excised gels were purified using the Qiaquick gel extraction kit (catalogue
number # 28704) which has same principle as the Qiaquick MinElute kit. The gel
slice was divided into 2 equal tubes (because the total size of the gel is large) and
instead of heating the gels at 50°C, they were melted by leaving in RT for 30 min. For
elution, 10 µL preheated buffer at 65°C was used and the eluates were combined at
the end to make a total volume of 20 µL per library.
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2.3.6(Bisulfite(conversion(of(the(sizeQselected(library(
Zymo EZ DNA MethylationTM (catalogue number # D5002) was used for bisulfite
conversion of DNA samples. 5 µL of M-dilution buffer and 25 µL of water was added
to the 20 µL DNA samples and mixed. The samples were incubated for 15 min at
37°C. 100 µL of CT conversion4 reagent was added to each tube and incubated for
18-20 hour at 50°C in a thermal cycler (the incubation time was longer than
manufacturer described, for more discussion see Chapter 5). Next, the samples were
further incubated for 15 min at 0°C (on ice). The samples were then purified in 18 µL
elution buffer following the instructions of the Zymo EZ DNA MethylationTM kit.
4

CT conversion reagent

750 µL water and 210 µL of M-dilution buffer was added to one tube of CT
conversion reagent. Then the tube was mixed for 2 hours on vortex. Special care was
taken to prevent the light exposure to the tube. CT conversion reagent was used
immediately after its preparation.

2.3.7(PCR(amplification(of(the(library
To determine the minimum cycle number to amplify the RRBS library PCR was
performed. A master mix of 25 µL was prepared for each library as followsPfu buffer (Agilent Technologies, catalogue number # 600414)
dNTP stock
Primer cocktail mix (provided with Illumina TruSeq TM kit)
DNA template
Pfu turbo Cx hotstar (Agilent Technologies, catalogue number # 600414)
MilliQ water
Total volume

2.5 µL
3.0 µL
3.0 µL
3.0 µL
1.2 µL
12.3 µL
25.0 µL

The mix was divided in 2 parts (12.0 µL each) and 2 PCR s were performed (15
cycles and 20 cycles) for each library following the reaction below (Gu et al., 2011).
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95ºC

2 min

95ºC
65ºC
72ºC

30 sec
30 sec
45 sec

72ºC
4ºC

7 min
hold

PCR 1
PCR 2

LibraryX
LibraryX

×n

n = 15
n = 20

Samples were electrophoresed in a 4-20% TBE gradient gel and visualised in a Geldoc imager.

2.3.8(LargeQscale(amplification(and(second(sizeQselection(
Large-scale amplification was performed similarly as described in 2.3.6 with the
minimum cycle number needed to amplify the library. The amplified libraries were
purified as described in section 2.2 and a second round of size-selection was
performed. The final libraries were eluted in 20 µL of elution buffer and stored at -22
°C until further processing.

2.3.9(Sequencing(on(Illumina(HiQSeq2000(
!
The samples were delivered to the New Zealand Genomic Limited (NZGL) facility
situated at the Department of Biochemistry (University of Otago). An Illumina
HiSeq2000 machine became available in August 2011. The bioanalyser and Qubit
quantification were performed by the NZGL facility. The high quality, clean libraries
were sequenced in a HiSeq2000 sequencer with v3 (version 3) chemistry. 4 to 5
RRBS libraries were multiplexed (indexed), in one lane of a flow cell and 100 bp,
paired-end sequencing runs were performed. Base-calling was performed by NZGL
using Real Time Analyser software and we further evaluated the approach of basecalling using Off line Base Caller (OLB) [see detail description in Chapter 5 and
published article (Chatterjee et al., 2012)]. After base-calling, FASTQ files containing
sequenced reads (100 bp length) were obtained.
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2.4(Computational(tools(and(resources(used(to(process(and(
analyse(RRBS(data(
To process and analyse the RRBS data several tools were used. Some of the tools
were publically available and the source code for them openly distributed. In some
cases novel programs were developed to facilitate the data analysis. I contributed to
developing the framework and logic of the programs, their purpose from a biological
point of view and checked the execution and output to ensure accurate
implementation. Dr. Peter Stockwell wrote the source code and implemented it and
applied the newly developed tools to the RRBS data. This section gives a brief
overview of the tools and the results generated are discussed in relevant sections.

2.4.1(Publicly(available(tools(
!
2.4.1.1(SolexaQA(
SolexaQA (Cox et al., 2010) was one of the tools used to evaluate the quality of the
sequenced data for the study. SolexaQA is a Perl application that uses the R statistics
package and the matrix2png program to generate a graphical representation of data
quality and is available in the public domain. The program samples sequenced reads
in the FASTQ file and averages the quality score for each cycle to generate a
graphical ‘heat-map’, that indicates the quality of the reads generated from a lane.
One axis represents the base positions and the other represents each individual tile in a
flow cell lane: the darker the colour of a box, the lower the quality of that tile for that
cycle. Tiles are a logical division of a flow cell lane into a series of physically discrete
regions (see heat map and description in Chapter 4)
SolexaQA also generates a plot of the quality of every tile along the reads, in which
the probability of bases being called in error is plotted against the read position.
SolexaQA further plots the distribution of read lengths where the X-axis represents
the length of contiguous sequence (with a base-calling error rate ≤ 5%) and the Y-axis
maps the proportion of all the reads. From these data we can work out the proportion
of reads with full length sequence. Together, these graphs provide an indication of the
quality of the run. Some examples of SolexaQA outputs are shown in Chapter 4.
!
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A problem was found with the earlier versions of SolexaQA. The program was
configured for Illumina GAII sequenced reads. However, for Illumina HiSeq
sequenced reads the program did not perform well, especially since the structure and
number of tiles were different in HiSeq2000 machines compared to GAII. Also, the
format of the sequenced reads was different in HiSeq2000. The authors of the tool did
not update the program with the change in sequencing platform and data format until
after data processing for our libraries were completed. Therefore, in the later part of
the project, for multiplexed libraries (sequenced on the HiSeq2000), we used FastQC
instead of SolexaQA.

2.4.1.2(FastQC(
!
FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was another
extensively used tool to evaluate the quality of the sequenced data for the study.
FastQC is a JAVA application and performs quality control checks on raw sequence
data coming from high throughput sequencing pipelines. FastQC is able to import
data from BAM, SAM or FastQ files and provides summary graphs and data and
exports the results to an HTML based permanent report folder. FastQC performs both
as a Graphical User Interface (GUI) and command line application. The later form
being performed for processing multiple FASTQ in this study.
FastQC includes 11 modules. The first one is a basic statistics module. An example of
the output of the basic module is shown in Figure 2.1. The basic statistics shown in
the figure was generated for one of the sequenced RRBS libraries (X9015). The other
FastQC analysis modules are 2) per base sequence quality, 3) per sequence quality
scores, 4) per base sequence content, 5) per base GC content, 6) per sequence GC
content, 7) per base N content, 8) sequence length distribution, 9) sequence
duplication levels, 10) overrepresented sequences and 11) Kmer content. Examples of
module 2, 3, 4, 7 and 8 are described in Chapter 4. FastQC has been actively updated
and maintained by Dr. Simon Andrews at the Babraham Institute, UK and the website
contains comprehensive documentation.

!
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Figure 2.1. Basic statistics as indicated by FastQC for X9015.

2.4.1.3(fastq_quality_trimmer and fastx_trimmer(
!
We used the program fastq_quality_trimmer (v 0.0.13) to perform dynamic trimming
of the original 100 bp and the 75 bp data sets to a Phred quality level of 30 (= 0.001
probability of a base call error as assessed by the Illumina base-calling pipeline). The
dynamic trimmed sequenced reads were used to perform comparison of alignment
softwares (results described in Chapter 4). fastq_quality_trimmer is a component of
FASTX-Toolkit. FASTX-Toolkit is a collection of command line tools for preprocessing short sequenced reads in FASTA/FASTQ file format. The program is
available as a public tool (http://hannonlab.cshl.edu/fastx_toolkit/). fastx_trimmer was
used to perform hard trimming of the sequenced reads (note: when performing hard
trimming on HiSeq data, rather than GAII data, an additional –Q 33 switch was
needed in the command).

2.4.1.4(Aligners(
In the current study three different alignment programs were used. Detailed analysis
of alignments and comparison between the programs are described in Chapter 4. We
intended to test a fourth aligner (BS-Seeker). However, BS-Seeker persistently
crashed and failed to perform alignment in our hands; hence alignment was not
performed using BS-Seeker.
!
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2.4.1.4.1(BSMAP(
!
BSMAP (Xi and Li, 2009) is a C++ application based on a modified version of the
SOAP aligner (Li et al., 2008) in which the reference genome is converted to a series
of typically octamer seeds on which hashing and fast lookup methods can be applied
to attain efficient performance. BSMAP generates C/T and G/A converted seeds for
the reference genome in which all the possible methylation patterns exist for each
seed. A bit-mapping strategy is applied within the program to highlight mismatches
from methylation and sequencing errors. Further processing permits a user-specified
degree of mismatching in each read and the algorithm expends significant effort in
resolving multiple or conflicting mapping of reads. BSMAP output was a list for each
read of its matching status (unmatched, uniquely or multiply matched) with suggested
methylation positions for unique matches.
Initially, we used BSMAP v1.02 and subsequently BSMAP v1.2. In some cases, we
have contrasted the performance of each version (see Chapter 4 for detailed results).

2.4.1.4.2(RMAPBS(
!
RMAPBS v2.05 (Smith et al., 2009) is a C++ application, based on the RMAP aligner
for mapping single-ended bisulfite reads. The RMAP algorithm uses an advanced
seed and hashing strategy, related to that for BSMAP, to locate partial matches for
reads while permitting mismatches and methylation. RMAPBS output was a Browser
Extensible Data (BED) format file giving the chromosome, position, the read
identifier, a quality parameter and the strand.

2.4.1.4.3(Bismark(
Bismark (Krueger and Andrews, 2011) v0.2.3 is a Perl application which works by
calling the Bowtie fragment aligner (Langmead et al., 2009). Genome files are preprocessed in a separate step to generate CT- and GA-converted index files, which are
then scanned with parallel invocations of Bowtie. By default Bismark will map all
reads, directional or non-directional against all four conversions, introducing possible
mismapping of directional reads. This distortion can be suppressed with recent
!
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versions (0.2.3 or later) of the Bismark package by using the --directional switch. The
output contained genomic and read sequences for each match from which methylated
CpGs were determined either with the script methylation_extractor or directly by the
SeqMonk visualisation application.
Earlier versions of Bismark produced a ‘native’ output file that could further be
processed with the distributed methylation_extractor program to generate CpG
methylation lists. From v0.6.7 Bismark generated SAM (Sequence Alignment/Map)
output files by default, while still optionally allowing the ‘native’ format. Later
versions of Bismark also gave the option to use the Bowtie2 aligner in place of
Bowtie1.
Methylation_extractor is a script that comes as part of the Bismark alignment program
and it reads the alignment results from Bismark output to produce methylation
information for individual cytosines. The script provides individual cytosine
methylation information in CpG and non-CpG (CHG and CHH) contexts and
produces output for each four possible strand in bisulfite sequencing experiments. For
the investigated libraries, the non-CpG methylation was negligible (see Chapters 3
and 5 for results). The protocol used for generating RRBS libraries was directional
(see Chapter 5 for more details), i.e., the reads were sequenced only from either
original top or original bottom strand (see Chapter 5 for more description). Therefore,
only CpG information from top and bottom strand was used for analysis. Figure 2.2
shows an example of a methylation extractor output file providing the methylation
status of single CpG sites.
Later, the processing of Bismark SAM files were directly performed using our inhouse diffmeth program in place of methylation extractor (see later in this chapter and
Chapter 6 for more details).

!
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Figure 2.2. Example of a methylation extractor file showing methylation information of individual
CpG sites. The first field of HWI-ST871… contains the details of the flow cell. The second field, shows
+ = for a methylated CpG site and - = for an unmethylated CpG site. The third field gives the
chromosome number. The fourth field gives the genomic position of the CpG site. The fifth field again
provides the methylation status of the base, where Z = a methylated CpG site and z = an unmethylated
CpG site.
!

2.4.1.4(SeqMonk(
!
SeqMonk was used to compare alignment patterns between the aligners (see Chapter
4). It is a graphical Java application, which is freely distributed for a wide range of
computer platforms (application for Windows, Linux, MacOS X and as Java source
code). SeqMonk is pre-configured with a significant set of genomic sequences and
their annotations and is configured to check those in use for any updates at each
invocation as well as checking for any updates to the application itself. When a
genome is loaded, either de novo or as a project, the displays are capable of showing
genes, mRNAs and exons but the displayed information is widely configurable
depending on requirements. Furthermore, SeqMonk feature table information was
used to identify proximal genes and CpG features of candidate variable regions
(described later). Detailed documentation of the program can be found at the
Babraham Institute website: http://www.bioinformatics.bbsrc.ac.uk/projects/seqmonk.
!

80!

Materials and Methods

2.4.1.5(methylKit(
!
methylKit is an R package for DNA methylation analysis and annotation from highthroughput bisulfite sequencing (Akalin et al., 2012). The analysis modules of this
package include coverage statistics of CpG bases, per base methylation statistics,
sample correlation and clustering and differential methylation analysis. Two types of
input file can be supplied to methylKit : 1) per base methylation scores from a text file
generated from a bisulfite-seq experiment and 2) SAM format alignment files (Li et
al., 2009) obtained from Bismark aligner. If a SAM file is supplied, methylKit first
processes the alignment file to get percentage methylation scores for each CpG
position and saves the output as a text file. The text file can subsequently be read and
further analysis can then be performed using specific command in R console.
We have processed SAM format files after alignment of the RRBS libraries by the
Bismark aligner. The methylKit requires the SAM file to be numerically sorted by
chromosome number. The analysis performed using methylKit is described in Chapter
6. methylKit expects the datasets to be provided in two categories. i.e., control versus
treatment. As this project aims to look at variable methylation patterns across
individuals, it was not possible to perform variable methylation analysis of multiple
samples using methylKit.

2.4.1.6(R(package(
!
R is a free software environment for statistical computing and graphics and RStudio is
a free and open source integrated development environment (IDE) for R. It compiles
and runs on a wide variety of UNIX platforms, Windows and MacOS. RStudio is
written in the C++ programming language and has a graphical user interface. To
perform analysis with the methylKit package, RStudio (version 0.97.312) was used
and the commands were typed in RStudio console to carry out analysis.
!

!

(
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2.4.1.7(Integrated(Genome(Viewer((
!
Integrated Genome Viewer (IGV) is a desktop application designed to enable
interactive exploration of large-scale genomic and epigenomic data sets (Robinson et
al., 2011). IGV is written in the Java programming language and supports all major
operating systems (Windows, Mac and Linux). Via a drop-down menu, it is possible
to load a genome of choice. IGV also enables visualization of several different
datasets together. Figure 2.3 shows the graphical interface of IGV and points out
some key features of the application (Thorvaldsdottir et al., 2012)
!

Figure 2.3. The IGV application window and some key features [From: Thorvaldsdottir et al., 2012]

For the present study, after the alignment by Bismark, SAM files were obtained and
numerically sorted by chromosome number and position. Before sorted SAM files
were imported in to IGV. Human genome GRCh37 (or hg19) was loaded as the
reference genome. The reads were visualised in bisulfite mode with only the CG track
on. Looking at the aligned reads in IGV, several observations were made on
methylated or unmethylated CpG sites and the alignment patterns of MspI fragmented
reads and these are described in Chapter 6.

!
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2.4.1.8(EpiExplorer(
!
EpiExplorer is a web server that enables an interactive way for exploring large-scale
genomic or epigenomic datasets for human and mouse genome (Halachev et al.,
2012). The input file to the EpiExplorer is a list of genomic regions in Browser
Extensible Data (BED) format with values for the chromosome, start and end of the
regions. Once the list of regions are uploaded and processed, the server allows
analysing the association of several genomic features with the user-specified genomic
regions. The server contains recently released ENCODE datasets for some features
(October, 2012 release). Some of the key features that can be analysed in EpiExplorer
webserver are: histone modifications (ENCODE), DNaseI hypersensitive sites
(ENCODE),

DNA

methylation

(ENCODE),

chromatin

state

segmentation,

transcription factor binding sites (ENCODE), lamina-associated domains, repeat
elements and conservation (46-way by PhastCons). More detailed explanations can be
found in the EpiExplorer publication and the webserver (http://epiexplorer.mpiinf.mpg.de/).
For the present study, the genomic regions showing variable methylation across
individuals were uploaded to the server and several features were analysed and the
results are described in Chapter 7. For comparison, we have also uploaded the
genomic locations of all the MspI digested fragments in the human genome within the
size range of 40-220 bp (the in silico reduced representation genome) and performed
analysis on the reduced representation genome to compare the features with variably
methylated fragments (iVMFs).
!

!

!
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2.4.2(InQhouse(developed(tools(
!
These programs have been written in the course of work on differential CpG
methylation of the human genome and represent a series of tools for preparing,
modifying and analysing these data. This work has focussed particularly on reduced
representation bisulfite sequencing (RRBS), but these software should, none-the-less,
have wider application. In this section the purpose of the tools are described briefly.
The names of the in-house developed tools are italicized in the description. Detailed
documentation

of

the

programs

can

be

found

here:

http://biochem.otago.ac.nz/research/databases-software/.

2.4.2.1(illum2fasta.awk(
The sequenced reads produced by Illumina is in FASTQ format. illum2fasta.awk is a
script which converts Illumina FASTQ read files into FASTA format. Conversion of
FASTQ format sequenced reads to FASTA format was required for performing
alignment using RMAPBS. The header lines are simplified in a way that reduces the
read IDs significantly in length but retains lane number, tile number and pixel
coordinates so that it remains possible to trace back to the original FASTQ reads. For
instance, the FASTQ lines:
@HWI-EAS209_0006_FC706VJ:1:1:1132:9986#0/1
CGGGTTTGGGTGGAGATTTTTTTTTTATGAAATATCGTTTTTGCGTGGTGTTTGGTTTTGTTTTTTTTT
TTGTGTTTTTTTTTTTTTGTTTTTTGTGTTT
+HWI-EAS209_0006_FC706VJ:1:1:1132:9986#0/1
ddbd_ccccc^ccR\L\Q]^caBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB
@HWI-EAS209_0006_FC706VJ:1:1:1134:20156#0/1
CGGCGTTGTTTATGTTGGTTGGGTTTGGTATGTGATTTAGTATTTTGTTTTTTTGGGTTGGGTTGGGGG
GGTTGGTTTTTTTTTGGTTTGTTGGGGTGTG
+HWI-EAS209_0006_FC706VJ:1:1:1134:20156#0/1
dddcddaddddRdddcddd`dd\dd`L`_LR\UZF`b`L^WTNa^BBBBBBBBBBBBBBBBBBBBBBBB
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB
Become:
>s1_1_1132_9986
CGGGTTTGGGTGGAGATTTTTTTTTTATGAAATATCGTTTTTGCGTGGTGTTTGGTTTTGTTTTTTTTT
TTGTGTTTTTTTTTTTTTGTTTTTTGTGTTT
>s1_1_1134_20156
CGGCGTTGTTTATGTTGGTTGGGTTTGGTATGTGATTTAGTATTTTGTTTTTTTGGGTTGGGTTGGGGG
GGTTGGTTTTTTTTTGGTTTGTTGGGGTGTG

!
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2.4.2.2(mk4to1lines.awk(
mk4to1lines.awk script was written to filter sequenced reads produced from bad tiles
during Illumina sequencing runs. Filtering was performed using Unix/Linux
commands. The process is easily reversed using the tr command. For instance, in an
experiment where it was necessary to eliminate tiles 1, 2, 3, 40, 63, 119 & 120 due to
air bubbles or inferior performance at flow cell extremes, a series of lines matching
the FASTQ header lines for that series of poor tiles is created:
FC706VJ:1:1:
FC706VJ:1:2:
FC706VJ:1:3:
FC706VJ:1:40:
FC706VJ:1:63:
FC706VJ:1:119:
FC706VJ:1:120:

and written to a text file (kill_tiles.txt for example). Then the complete reads for those
tiles could be deleted from the experiment by the following command:
awk -f mk4to1lines.awk s_1_sequence.txt | grep -v -f kill_tiles.txt |
\tr ";" "\n" > s_1_seq_filtered.txt

This step was performed only for sample X9015 and the quality plots are shown in
Chapter 4. This tool can be applied to filter sequenced reads from any tiles if needed
from Illumina GAII sequence reads. However, as we have not used this operation for
any other RRBS library, we did not modify the program to work with Illumina HiSeq
sequenced reads.

2.4.2.3(cleanadaptors(
To remove adaptor sequences from the sequenced reads, the cleanadaptors program
was developed. The program scans the reads, identifying sections, which show 75%
or higher matching with any of a series of adaptor sequences (the threshold is
adjustable) in the sequenced reads and then the program removes the adaptor
sequences from the sequenced reads. The output options include listing the source
data with adaptor matches indicated in the listing (-f), or having the reads trimmed to

!
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remove any adaptor sequences that achieve criteria for matching (-F). To trace the
operation of the program, match listings can show only sequenced reads that do match
(-H). Chapter 4 discusses the experiments performed using the cleanadaptors tool in
detail.
Initially, the tool was developed for Illumina GAII sequencing operations but it was
constantly updated and developed and later made compatible with HiSeq operations.
Additionally, a switch (-t) was also built into the program to remove the unmethylated
filled-in bases from the 3’ end of the sequenced reads. The effect of filled-in
unmethylated bases is discussed in Chapter 6.
cleanadaptors is one of the widely used and important tools developed during the
project: documentation of different versions of the tool, and operations that can be
performed using the tools can be found in the openly distributed program
documentation (Chatterjee et al., 2012).

2.4.2.4(rmapbsbed2cpg(
After alignment of the sequenced reads, the importing of RMAPBS and BSMAP
methylation data into SeqMonk was not automatic, as for Bismark, but was possible
by pre-processing the various output files into tab-delimited lists of methylated and
unmethylated CpG positions which were then imported as raw data. The
rmapbsbed2cpg program was written to convert the alignment file, so that the format
can be accepted by SeqMonk. The script converts RMAPBS output file (in BED file
format) or a BSMAP output file in to a tab-separated list of chromosome, position and
methylation status where:
chromosome is one of 1,2,3….22,X,Y, position is an integer and methylation status is
either + (for methylated CpG site) or – (for unmethylated CpG site). This form is
suitable for reading into SeqMonk [text (generic) format] or for other programs,
which are discussed later in this section (cnt_cpg_bins, scan_cpg_depth).
For RMAPBS, the format of the source files is as documented (Smith et al., 2008).
The format for BSMAP v1.02 is documented in the README.txt distributed with
!
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that program (Xi and Li, 2009), although the actual output is not wholly consistent
with their notes. Further, the output format has been changed in the other versions of
the program; additional codes have been written within rmapbsbed2cpg to cope with
these formats. Outputs from BSMAP v1.2 can also be processed with the script.

2.4.2.5(bismmethex2list.awk(
After alignment of sequenced reads, the Bismark methylation_extractor program
produces CpG methylation information. The output file from methylation_extractor
contains lines ending in 'Z' for methylated CpG and 'z' for unmethylated CpG sites.
bismmethex2list.awk script converts 'Z' to + and 'z' to -. With the operation of the
bismmethex2list.awk script, a simple tab-delimited list of chromosome number,
position and methylation status (+ or -) is generated. This operation leaves the data in
a form which is consistent with outputs from the other aligners and, more importantly,
is amenable to further processing by scan_cpg_depth or bin_cnts programs.
Modifications to bismmethex2list.awk have been included to cope with the changes in
header lines from Illumina HiSeq2000 sequenced reads.

2.4.2.6(mkrrgenome(
To generate the reduced representation genome, the mkrrgenome tool has been
developed. The program scans FASTA format files from whole genome (GRCh37)
for MspI (C^CGG) cleavage sites and concatenates the fragments for each
chromosome, in the specified size range into a single contiguous FASTA sequence.
The desired fragment size is specified for the -M option as two comma-separated
values for the minimum and maximum values. For the present work, a reduced
representation genome of 40-220 bp fragment length was generated. The output file is
a FASTA file for each chromosome processed or optionally a list of the fragment
positions.

2.4.2.7(tidyrrnams.awk(
tidyrrnams.awk script was written to correct chromosome names from alignment
outputs against the reduced representation (RR) genome. In order to distinguish the

!
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names, the alignment output against RR genome have rr appended to them before the
chromosome number, instead of unmodified defaults (1,2….22,X,Y).
For example, RMAPBS alignment against the RR genome gives the output:
15rr 241793
241843
HWIEAS209_0006_FC706VJ:1:3:5446:13600#0/1
16rr 2800644
2800694
HWIEAS209_0006_FC706VJ:1:5:13647:7002#0/1
[...]

7

+

5

+

The incompatibility of the chromosome identifiers can complicate downstream
processing, hence tidyrrnams.awk script removed rr suffixes from the aligned output
file.

2.4.2.8(scan_cpg_depth(
scan_cpg_depth script scans for the read depth of CpG positions in the genome. The
program can also list reads that do not map to CpGs in order to track down problems.
Returned information is a raw list of CpG positions with the counts, statistics (mean,
median and mode and standard deviation of count distribution) or a histogram of
count frequencies.

2.4.2.9(bin_cnts(
bin_cnts tool takes CpG positions as generated by rmapbsbed2cpg or the Bismark
methylation_extractor programs and store the counts in a series of bins which can be
generated in a series of different ways by users. The program further aims to produce
figures for differential methylation by the method of Li, et al. (Li et al., 2010) and
contains procedures to assist with bin selection for that. RRBS based bin selection is
supported and the program output allows either the contents of such bins to be listed
or, optionally, for the counts which miss such bins to be shown, in order to indicate
when aligners are mapping reads outside expected RR regions (for these analyses the
bin was 40-220 bp).
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2.4.3(Computational(resource(
!
The mapping runs were performed on a Mac Pro with 64 bit duo quad core Intel Xeon
processors and with 22 Gb RAM running MacOS 10.6 and subsequently MacOS 10.7.
!

2.4.4(Reference(Genome(
The alignments were performed against the human reference genome GRCh 37 build.

2.4.5(Differential(methylation(analysis(package((
!
The differential methylation analysis package (DMAP) was a major development
during the course of the study. Although the pipeline has been primarily developed to
investigate variable methylation patterns across a cohort of normal individuals (as is
the aim of this project), several options have been developed additionally as part of
the package, which makes it possible to apply this package for analysis of whole
genome bisulfite sequencing data. Further, this package can be used for analysing
DNA methylation in any genome (successfully tested in the zebrafish genome).
!
2.4.5.1(Input(file(
!
DMAP contains two main programs. diffmeth: the input file for diffmeth is aligned
SAM file from Bismark alignment. Alternatively, if other aligners were used then the
files (BED file or text files) can be processed by rmapbscpg2 program to function
with diffmeth. The final output file from diffmeth can then be directly used in the
second major program of DMAP, identgeneloc, a program to identify proximal genes
and CpG features from feature table information.
!
(2.4.5.2(Fragment(based(analysis(
!
For the current analysis, variable methylation between individuals has been
investigated based on MspI digested fragments (see Chapter 6, unit of DNA
methylation analysis). To properly implement a fragment based analysis approach,
additional functions have been written on the diffmeth program to store information
for reads that mapped to the reverse strand of the genome (see Chapter 6 for
!
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description of adjacent MspI fragments and modifications needed for fragment based
approach). This operation can be performed using –N switch of diffmeth.
Although we used MspI fragment based bins for the current analysis, tiled windows of
any length (for e.g., 1000 bp window) can be chosen as the units of analysis instead of
fragments. Tiled-based analysis would be more applicable for whole genome bisulfite
sequencing.
!
2.4.5.3(Reference(methylomes(
!
The diffmeth can produce a reference methylome filtered by coverage. Reference
methylomes can be generated based on a user specified tiled window or fragments
(for RRBS). Table 2.2 shows example of a diffmeth output from a fragment-based
methylome. These are produced as tab delimited text files.
Table 2.2. MspI fragment based methylome for RRBS
#Chr
1
1
1
1
1
1
1
1
1
1
1

Start
863942
864313
870425
872518
873092
874638
875227
875309
877737
878185
879180

End
864129
864414
870572
872614
873166
874696
875308
875363
877866
878330
879369

Len
188
102
148
97
75
59
82
55
130
146
190

CpGs
7
3
4
2
4
4
2
3
13
11
8

+&-Hits
60+/1014+/508+/6723+/1044+/844+/1712+/2910+/960+/2164+/12072+/8-

Meth%
85.71
21.88
10.67
69.70
84.62
72.13
29.27
9.43
0.00
3.23
90.00

!
2.4.5.4(Statistical(tests(
!
The diffmeth gives option to perform either Pairwise Fisher's exact or Chi-square
statistical tests to identify differential methylation as appropriate. The Diffmeth
program will calculate pairwise Fisher’s exact values (which can be used for two
group or pairwise comparison, e.g., disease vs. control); however, for current analysis,
to investigate methylation across multiple samples, the chosen statistic was a single
Chi square (χ2) statistic for all samples which meet Chi square requirements of

!
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expected methylated and unmethylated counts

5.0 and which meet other criteria

such as coverage per fragment.
A step-by-step example is given below to show how the Chi square is calculated for
variable methylation analysis for 11 individuals. This example is for one fragment
(hypothetical), every valid fragment in the analysis was assigned a Chi square value in
similar fashion. From CpG methylation data for each fragment a contingency table
was created.
Table 2.3. An example 2 x 11 contingency table for a fragment

Person/
Methylation
Methylated
CpG count
Unmethylate
d CpG count

1

2

3

4

5

6

7

8

9

10

11

50

30

19

10

36

91

31

26

13

71

31

Total
counts
408

12

35

51

26

64

17

12

42

39

29

12

339

62

65

70

36

100

108 43

68

52

100 43

747

!
Chi square = Σ(O-E)2/E

Where E = Expected, O = observed

For Person 1 (as example):
E for methylation = 408 x 62 /747
= 33.86

(formula: row x column/ total observations)

E for unmethylation = 339 x 62 /747 (formula: row x column/ total observations)
= 28.13
Similarly this operation was performed for all 11 individuals.
Degrees of freedom = (11-1) x (2-1) = 10 (where all 11 individuals qualified for
analysis in a fragment).
χ2 = (50- 33.86)2/ 33.86 + (12- 28.13)2 /28.13 + …+ (31-23.49)2 /23.49 + (12-19.51)2
/19.51 = 150.06
!
For degrees of freedom of 10 with a p value of 0.001, the Chi square critical value is
29.6. Since, the derived Chi square value is > the critical value, the null hypothesis
will be rejected, i.e., this fragment will be considered as variably methylated between
11 individuals.

!
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Various thresholds can be applied to restrict the tests to fragments and samples, which
meet criteria for CpG number, adequate density of CpG mapping, fold-difference
and/or statistical significance. For whole genome bisulfite sequencing data, instead of
fragments, tiled windows of specified can be investigated in a similar way.
!
2.4.5.5(Variable(methylation(analysis(
!
After performing statistical analysis, diffmeth produces a list of candidate regions,
which showed variable methylation across investigated samples. The user can specify
statistics and p value cut off to filter for candidate regions after statistical analysis or
can have the program write all values, then filter later.

An example command:
diffmeth -N -F 2 -t 10 -X 40,220 -I 9 \ -g
/Volumes/Data2/HomoSapiens_genome/hs_ref_GRCh37/Homo_sapiens.GRCh37.6
5.dna.chromosome. \
-R ../X12/bismark_at3/X12_ad3tr85.fastq_bismark.sam \
-R ../X14/bismark_at3/X14_ad3tr90.fastq_bismark.sam \
-R ../X16_twinA/bismark_at3/X16_ad3tr80.fastq_bismark.sam \
-R ../X18/bismark_at3/X18_ad3tr85.fastq_bismark.sam \
-R ../X19/bismark_at3/X19_ad3tr80.fastq_bismark.sam \
-R ../X20/bismark_at3/X20_ad3tr80.fastq_bismark.sam \
-R ../X21/bismark_at3/X21_ad3tr80.fastq_bismark.sam \
-R ../X9006/fastq/bismark_at3/s6_ad3tr65.fastq_bismark.sam \
-R ../X9007/bismark_at3/X9007_ad3tr100.fastq_bismark.sam \
-R ../X9010/bismark_at3/X9010_ad3tr80_40.fastq_bismark.sam \
-R ../X9015/fastq/bismark_at3/s1_ad3tr75.fastq_bismark.sam

The above command performs a Chi-square analysis on 11 individuals from SAM
mapping files, requiring that at least 9 individuals out of 11 (-I 9) pass the criteria for
any given fragment to be included. The –N switch maps the initial CpG for any 3'
mapped fragments to the previous fragment if it is 40-220 bp or ignores the CpG if the
adjacent fragment is not included in the size range. It requires that at least 2 CpGs for
each fragment have 10 hits (coverage) and returns the Chi-square statistic for valid
fragments only (-F 2 -t 10).
Table 2.4 shows example of candidate inter-individual variably methylated fragments
(iVMFs) after a test has been performed on 11 RRBS samples for variable

!
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methylation using Chi-square statistic. Similar analyses can be performed using tiled
windows for whole genome bisulfite sequencing.
Table 2.4. Candidate regions after variable methylation analysis
#Chr
1
1
1
1
1
1
1
1
1
1
!

Start
10497
133165
662657
805467
839355
839435
839516
845376
845737
845847

End
10588
133216
662705
805521
839434
839515
839591
845429
845809
845934

Len
92
52
49
55
80
81
76
54
73
88

CpGs
8
3
5
10
4
4
4
5
5
5

+&-Hits
14639
3277
1988
9339
1716
1209
2719
2106
4102
1871

+-hits/CpG
Pr
1829.88 5.55112e-16
1092.33 0.0499136
397.60 0.0316198
933.90 2.22045e-16
429.00 2.8367e-06
302.25 0.00394971
679.75 1.44329e-15
421.20 0.116532
820.40 0.0610429
374.20 0.104839

Test
Chi_188.8381_9df
Chi_15.5125_8df
Chi_18.3217_9df
Chi_151.4682_10df
Chi_42.3495_9df
Chi_22.5785_8df
Chi_226.6835_10df
Chi_14.1663_9df
Chi_16.2913_9df
Chi_15.8221_10df

For the current analysis, the cut off p value for significance test of the fragments was
0.001. We then applied the Bonferroni correction to account for multiple testing
errors.
Bonferroni correction= cut off p value in χ2 test / number of fragments investigated.
P value in our study was 0.001. After multiple test corrections the adjusted p value cut
off for significant fragments was 1.54 x10-8 (see Chapter 6 for more details).

2.4.5.6(Investigation(of(single(CpG(sites(
If investigation of each CpG in a fragment or window is sought, diffmeth can produce
+ and – counts for each individual within a fragment or window. Figure 2.4 provides
an example of single CpG counts of a fragment for 11 samples in an analysis
produced by diffmeth. For several candidate fragments, single CpG methylation was
investigated using this analysis.

!
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Figure 2.4. Single CpG methylation counts for 10 individuals for a fragment.

2.4.5.7(Identification(of(proximal(genes(and(CpG(features(
From the output produced by diffmeth program within the DMAP, the second
program identgeneloc relates these fragments or regions to their proximal gene using
feature table information. The program looks for gene, mRNA and CDS information
and attempts to relate these for each gene. The start and end positions of fragments are
then compared with each gene in the sense of the gene and the closest gene returned.
Limits can be imposed on how far valid genes can lie from the fragment.
identgeneloc is a command-line program which reads genomic feature table
information and relates the candidate MspI fragments (or tiled windows) to annotated
features. The application uses code originally developed in another context by Dr.
Peter Stockwell (Jacobs et al., 2009) and is capable of parsing feature table
information from GenBank, EMBL, GTF, GFF3 and SeqMonk feature files, although
it works optimally with the latter. With SeqMonk feature files it is possible to look for
a biotype. For the current analysis we used biotype “protein coding”, i.e., we related
the inter-individual variably methylated fragments (iVMFs) to the nearest protein
coding genes only. Further, for fragments internal to the gene, an option is included to
return information on whether the fragment is located on exons, introns or intron/exon
boundaries.
!
An#example#command:#
identgeneloc
-Q
\
-p
/Volumes/Data2/SeqMonk_Genomes/Homo\
sapiens/GRCh37/ -s '.dat' \ -r 7smpl_lopr_diffmeth.txt -m -B gene -i
-K > 11smpl_lopr_geneloc_internal_k.txt

!
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The command uses SeqMonk feature table information (-Q switch) to find nearest
mRNA features (-m), no distance constraint is applied. Only mRNAs which contain
/biotype = "gene" will be used and an extra column will specify the relationship
between the fragments and intron/exon positions (-i) for fragments internal to the
mRNAs.
The program also provides CpG feature relation of the regions. Figure 2.5 provides an
example of output of identgeneloc program. This is a restricted output; identgeneloc
program contains several other features such as showing the length of nearest CpG
island and distance, TSS position. Negative values in Figure 2.5 imply that the
fragment is internal to the gene and positive value imply the fragment is upstream
from the start of the gene (discussed again in Chapter 8).

!

!

Figure 2.5. Output from gene locating operation in identgeneloc. The output is exported to an excel
file. Gene distance is calculated from the start of the gene. Negative values imply that the fragments is
internal to the gene and positive value imply the fragment is upstream from the start of the gene.

Figure 2.6 shows a simplified flow diagram of the differential methylation analysis
pipeline, which is described in detail above.

!
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Figure 2.6. Flow diagram of the differential methylation pipeline developed during this project.

2.4.6(Distribution(of(the(programs(
The software described in the previous sections was written to support this work.
Several

programs

cleanadaptors,

(rmapbsbed2cpg,
illum2fasta.awk,

bin_cnts,

scan_cpg_depth,

mk4to1lines.awk

mkrrgenome,

bismmethex2list.awk,

tidyrrnams.awk) were distributed as a shell archive (meth_progs_dist.shar) along with
the supplementary data in our published paper (Chatterjee et al., 2012). A test dataset
containing 5000 sequenced reads along with a reference sequence of chromosome 22
and a file (test_progs_readme.txt) describing the set, as a compressed shell archive
(meth_progs_readme.txt) were included in the supplementary data of the publication
and can be downloaded freely. The complete differential methylation analysis
package (DMAP), with detailed documentation is now available for free download
from Department of Biochemistry (University of Otago) website as shell archive file.
Link: http://biochem.otago.ac.nz/research/databases-software/. Although the programs
were developed on a MacOS X platform, the programs have been successfully
compiled with gcc and run on various Linux distributions.
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2.4.7(Gene(ontology(studies((
!
Gene ontology studies (results described in Chapter 8) of candidate genes (1298
genes) were performed using two online tools, i.e., DAVID and WebGestalt (Zhang et
al., 2005). Analysis of DAVID was performed following the published protocol for
the tool (Huang da et al., 2009) and the results were exported into an Excel
spreadsheet, ranked in order of p value. The top results with significant p values are
shown in Chapter 8. The complete list (Excel spreadsheets) of functional category and
protein family analysis performed using DAVID can be found in the supplementary
data provided with this thesis.
Analysis using the WebGestalt tool was performed from the same file of 1298 genes
following the parameters belowUser file: candidate_3_1298_names.txt,
Organism: Homo sapiens
Id Type: gene_symbol,
Ref Set: Entrezgene,
Significance Level: .001,
Statistics Test: Hypergeometric,
Multiple test correction: Bonferroni,
Minimum count of genes needed to qualify in a category: 5

Following the published protocol (Zhang et al., 2005) and with the above parameters,
analysis on pathways, disease and drug association was performed using WebGestalt.
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Chapter(3:(Preparation(of(Reduced(
Representation(Bisulfite(Sequencing(Library(
---------------------------------------------------------------------

!
!
Chapter Summary:
!
The principle of the reduced representation bisulfite sequencing library preparation is
briefly explained in this chapter. Reasons for performing each step are described
along with the associated results from the library preparation process.

The overall goal of the work was to detect inter-individual variation in DNA
methylation patterns within a cohort of normal individuals. To achieve the goal, the
first step was to establish a genome-wide methylation pattern for each individual.
Currently, sequencing based approaches are the preferred method for large-scale
DNA methylation analysis and the main reason being that sequencing dependent
methods are quantitative and can produce single-base resolution methylation data. At
the time of performing this study, whole-genome bisulfite sequencing was not a
plausible option because of the excessive cost involved. The technique of reduced
representation bisulfite sequencing (RRBS) was adopted for the present work. The
reduced representation bisulfite sequencing protocol was originally developed by
Alex Meissner and his colleagues at the Broad Institute of MIT and Harvard
(Meissner et al., 2008). The method enriches for functionally important CpG rich
regions of the genome by sequencing only 2.5% of the human genome. RRBS is cost
effective and allows large-scale, comparative analysis of DNA methylation. Figure
3.1 is a schematic showing the key steps involved in RRBS library preparation.
Individual steps involved in the RRBS library preparation, together with the rationale
and relevant results are discussed in the following sections.

!
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Figure 3.1. Flow diagram of RRBS library construction.

3.1(DNA(source(
!
The primary goal of this work was to identify variably methylated regions within a
cohort of normal individuals. For this purpose 10 individuals (five male and five
female) were recruited to participate in the study for profiling DNA methylation
patterns. Additionally, a monozygotic twin (MZ twins, female) pair was recruited in
the study. However, while studying inter-individual epigenetic variation, only one MZ
twin female was included as MZ twins represent same genetic profile to avoid overrepresentation.

!
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The age of all the recruited individuals was between 25 and 35. Based on the
information provided by the participants, they did not have any existing infection or
disease and were not taking any regular medication. The purpose of the study was not
to infer conclusions about any particular population or ethnicity but to profile
methylation pattern of a small cohort chosen from the population, findings from
which can then be used as a basis to explore specific and larger cohorts in future. The
participants did not represent any particular ethnicity or background; rather they
represent diverse ethnic, national and socio-economic background.
In Chapter 1, the tissue-specific effects of DNA methylation were discussed. A
sample containing multiple cell types will yield a mixed methylation profile.
Therefore, for differential methylation analysis it will be impossible to determine the
extent to which a particular cell type has contributed to the methylation profiles of the
individuals, unless a homogenous cell type is used for the study. Neutrophils were
chosen as the preferred cell type for this analysis. Neutrophils are the most abundant
population of nucleated cells in human peripheral blood. Neutrophils are non-invasive
and one of the most accessible cell types that can be easily isolated from humans.
Neutrophils constitute the majority of circulating leukocytes and provide the first line
of defence against inflammation by phagocytosis of cell debris, generating oxygenderived reactive agents and releasing proteolytic enzymes (St-Onge et al., 2009).
Abnormal activation of neutrophils is associated with several pathological conditions
such as sepsis, ischaemia, chronic obstructive pulmonary disease and rheumatoid
arthritis (de Boer et al., 2007; Lynch et al., 1985; Sawyer et al., 1989).
Peripheral blood samples were collected from the participants as described in Chapter
2 (section 2.1.3) and 300 µL of peripheral blood sample was kept separately for
counting cell composition. Remaining blood samples were processed within 15
minutes of collection to remove other cell types (for e.g., red blood cells) and enrich
for neutrophils. Following processing, the composition of each sample was checked
with an XE2100 Haematology Analyser (Southern Community Labs, Dunedin
hospital). Only the samples that showed > 90.0% neutrophils were processed further
for DNA isolation. Figure 3.2 shows an example of a whole blood cell count report of
a sample (X9010) before processing for neutrophil enrichment. Figure 3.3 shows the
blood cell composition of the same sample after the processing and enrichment steps
!
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were performed. The percentage of neutrophils increased from 37.2% in peripheral
blood before enrichment to 94.7% after the enrichment process.

Figure 3.2. Whole blood cell count of X9010 sample. 200 µL of peripheral blood was used to count
the cells in XE2100 Haematology Analyser. NEUT represents neutrophils.
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Figure 3.3. Blood cell count of X9010 sample after enrichment of neutrophils. 200 µL of cell
suspension (in PBS) was used to count the cells in XE2100 haematology analyser. NEUT represents
neutrophils.

Table 3.1 shows the percentage of neutrophil after enrichment for each sample. The
highest enrichment of neutrophils was achieved for the sample X9020 (97.2%), while
the lowest being X9018 (90.0%). All the other samples showed > 90.0 % isolation of
neutrophils.
Following the enrichment of neutrophils, DNA was extracted from the samples.
Quality of the DNA can critically affect the successful construction and quality of the
RRBS library. The DNA needed to be non-degraded, and RNA and protein free. High
concentrations of DNA were obtained from all the samples (Table 3.1). Nanodrop
(ND 1000 spectrophotometer, Biolabs) traces showed that all the samples have the
260/280 (optical density) ratios ranging from 1.81-1.89 indicating a high quality of
DNA preparation (Table 3.1).
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!

Table 3.1. Neutrophil isolation percentages and DNA concentrations of the sequenced samples
Amount of DNA

260/280 ratio on

(µg)

Nanodrop

96.0

38.5

1.81

X9006

96.5

27.4

1.83

X9010

94.7

43.0

1.87

X9007

97.0

26.5

1.89

X9017

94.0

49.2

1.87

X9019

96.0

34.5

1.87

X9020

97.1

40.9

1.88

X9014

92.0

20.6

1.89

X9016

96.5

66.2

1.86

X9018

90.0

50.0

1.87

X9012

95.5

68.0

1.87

X9021

97.4

50.0

1.88

Sample ID

Neutrophil isolation (%)

X9015

3.2(MethylationQinsensitive(digestion(with(MspI(
!
The first step in the library preparation was to digest the purified DNA with MspI
restriction enzyme. MspI recognises and cleaves the sequence C’CGG and it is a
methylation insensitive enzyme, i.e., the enzyme cuts at C’CGG sites irrespective of
the methylation status of the Cs. Digesting genomic DNA libraries with CpGcontaining restriction enzymes enables enrichment of regions with functional interest.
CpG dinucleotides do not occur frequently in the genome, with an average density of
one CpG site per 100 bp in mammalian genomes. Digesting the genomic DNA with
MspI ensured that each digested fragment would contain at least one CpG site for
investigation. MspI digestion was predicted to provide methylation information of
almost 90.0% of CpG islands in the mouse genome and in the original RRBS
protocol, Meissner et al. achieved excellent coverage of the selected regions
(Meissner et al., 2008; Smith et al., 2009). The enzymatic cleavage of genomic DNA
was the first enrichment step in preparing DNA library for methylation analysis.
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However, complete digestion of the DNA material was an absolute requirement for
unbiased coverage of the digested MspI fragments (Smith et al., 2009). The success of
MspI digestion was tested. Figure 3.4. shows an example of two samples for which 30
µL of digested DNA was electrophoresed and visualised in a gel. The consistent
pattern of migration of the DNA smear and the presence of distinct, redundant
microsatellite bands at the bottom among the samples shows complete digestion. In
case of incomplete digestion a more prevalent, high molecular weight smear at the top
of the gel would be visible.

Figure 3.4. MspI digested human genomic DNA for each of two samples. 1 µg MspI digested DNA
was loaded on to a 4-20% gradient polyacrylamide criterion TBE Gel (Bio-Rad). After 1 hour of
electrophoresis at 100 volts, the gel was stained by SYBR green (1:10,000).

3.3(End(repair(and(addition(of(A(base(
!
MspI digestion generated overhangs that were “blunt-ended” by treating with T4
DNA polymerase and Klenow enzyme. The 3' to 5' exonuclease activity of these two
enzymes removes 3' overhangs and the polymerase activity fills in the 5' overhangs
(Figure 3.5). A point to be noted here is that, for filling-in reactions, unmethylated
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cytosines were used. As MspI cleaves the DNA at CCGG sites, irrespective of its
methylation status, the site could either be methylated or unmethylated in the genome.
However, after the filling in reaction the site will contain unmethylated cytosines and
will not reflect the true genomic methylation status of the bases. The implications of
this fill-in reaction in subsequent analysis are described in Chapter 6 (section 6.5).

Figure 3.5. Mechanism of enzymatic digestion, end filling and A-tailing step in RRBS library
preparation. Blue colour represents filled-in unmethylated cytosines and red colour represents original
genomic cytosines.

Next, the libraries were treated with Klenow fragment (3' to 5' exo minus). Klenow
fragment (3´→ 5´ exo-) is an N-terminal truncation of DNA Polymerase I, which
retains polymerase activity, but has lost the 5´→ 3´ exonuclease activity. In this case
it preferentially adds an A base to the blunt phosphorylated 3’ end of the DNA
fragments and prepares the inserts to be ligated to the adaptors (Figure 3.5). The
Illumina adaptors have a single ‘T’ base overhang at their 3' end. Addition of an ‘A’
base to the 3' end of the fragments was necessary for efficient ligation of the adaptor
to the inserts.
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3.4(Adaptor(ligation(
!
Illumina adaptors were ligated to the DNA fragments as the adaptor attach to the flow
cell of the Illumina sequencer. The adaptors are Y-shaped and the two strands of the
adaptor have a small complimentary region (Figure 3.6) (Bentley et al., 2008). The
adaptor molecule has a 3' T-overhang on the double-stranded stem which facilitates
binding with the DNA fragment which contains a 3' A-protruding nucleotide (as a
result of A-tailing described in the previous section).

Figure 3.6. Schematic of ligation of adaptor molecule to an end-repaired plus A tailed fragment.
The yellow regions represent any DNA fragment [From: Bentley, et al., 2008].

The 3' T-overhang prevents self-ligation of the adaptors molecule. One
oligonucleotide of the Y shaped adapter ligates to 5'-ends of all DNA molecules,
another oligonucleotide to the 3'-end (Figure 3.6). Efficient ligation of the adaptor to
the fragments was an absolute requirement for successful library preparation.
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3.5(Size(Selection(
!
The libraries prepared for this study were reduced representation (RR) genome
libraries. Selection of the reduced representation genome was achieved by a size
selection of MspI digested DNA fragments after ligation of the Illumina adaptors. A
size-selection of 40-220 bp length fragments was performed by gel excision.
However, to minimise enrichment of redundant intergenic elements in the fragments
(Smith et al., 2009) and to avoid the amplification bias during the subsequent
polymerase chain reaction (PCR) reaction, two gel bands were cut from each sample
ranging between 40–120 and 120–220 bp instead of one single band of 40-220 bp. As
the adaptor ligation step was performed prior to size selection, the length of adaptors
was considered. The length of each adaptor was ~50 bp but because of their forked
structure they move slower than predicted during electrophoresis. Considering their
slow migration, to generate 40–120 and 120–220 bp MspI digested fragments, 150230 bp and 230-330 bp fragments were excised from the gel (see materials and
methods for details). In other words, instead of 100 bp, the combined length of the
adaptors was considered as 110 bp compensating for their slow migration in the gel.
The 150-330 bp gel band will contain 40-120 bp fragments and was named the low
molecular weight library (Low or L) and the 230-330 bp band contained 120-220 bp
fragments and was named the high molecular weight library (High or H). Figure 3.7
shows an example of a high and low molecular weight library electrophoresed in a 420.0% gradient gel. In 2011, a modified RRBS protocol was published by Meissner’s
group at Broad Institute, USA (Gu et al., 2011). According to the modified protocol a
single size selection of 150-330 bp fragments were performed instead of dividing then
in two parts based on sizes. Descriptions of libraries prepared following the updated
protocol (called as multiplexed protocol) are included in Chapter 5.
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Figure 3.7. A successful RRBS library (X9015) showing Low (150-230 bp) and High (230-330bp)
molecular weight libraries. Ladder: 25 bp DNA ladder (Invitrogen). Electrophoresis: 120 minutes at
100 volts.

Enzymatic digestion is the first enrichment step in the RRBS library preparation
method and size selection is the second enrichment step in the process. This step
enabled elimination of small redundant fragments and also the fragments which were
CpG poor, thereby enriching the library (Smith et al., 2009). In the original RRBS
description by Meissner et al ~ 90.0% of the annotated CpG islands were covered by
selecting a size range of 40-220 bp fragments in the mouse genome (Meissner et al.,
2008). The same method was applied to the present work on human RRBS libraries.

3.6(Bisulfite(conversion(
!
The adaptor ligated and size selected (150-230 bp and 230-330 bp) libraries were
treated with sodium bisulfite. This treatment converts the unmethylated cytosines to
uracils but methylated cytosines in the fragment remain unchanged (explained in
detail in Chapter 1, section 1.3.3). The method allows discrimination of methylated
and unmethylated cytosines by selectively converting unmethylated cytosines to
uracils (uracil becomes thymine after PCR reaction).
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Efficient bisulfite conversion is critical for DNA methylation analysis, as failure of
conversion will provide a false indication of methylation status. The conversion
efficiency could not be assessed until the libraries were sequenced and the sequenced
fragments were aligned to the reference genome. The alignment process and strategies
are described in Chapters 4 and 5 in detail. Briefly, the size selected and bisulfite
converted fragments were sequenced and sequenced fragments were aligned to the
reference human genome with the help of software called Bismark. After alignment,
Bismark provides a report indicating percentage of CpG and non-CpG methylation
(Figure 3.8) in the sequenced library.
Non-CpG methylation in the human genome is not as extensively studied as CpG
methylation and contains some contradictory findings. However, the majority of the
literature suggests that in the human genome overall, non-CpG methylation is
negligible except in embryonic stem cells (ESs). DNA methylation analysis of whole
human genome showed that in ES cells non-CpG methylation is almost 25.0% (i.e., in
25.0% cases, a methylated cytosine was followed by bases other than guanine),
whereas in fetal fibroblast cells non-CpG methylation is 0.02% (Lister et al., 2009).
RRBS studies on several cell types concluded that non-CpG methylation is observed
at a higher rate in pluripotent cells (6.0 to 11.0% of non-CpG methylation) but occurs
at much lower rate in other cell types (whole blood showed a non-CpG methylation of
3.2%) (Ziller et al., 2011). Based on this evidence, the percentage of non-CpG
methylation was considered as an indicator of successful bisulfite conversion.
Previously, several other genome-wide studies have used this approach to measure
bisulfite conversion efficiency (Meissner et al., 2008).
Figure 3.8 shows a Bismark report of a sequenced RRBS library (X9015) where the
total percentage of non-CpG methylation is 0.5%. This percentage is the summation
of the actual non-CpG methylation in the genome and incomplete bisulfite
conversion. Based on the literature discussed above, the decision was made that
samples exceeding 5.0% non-CpG methylation (as indicated by Bismark report) will
not be included for further methylation analysis.
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Figure 3.8. An example of Bismark report highlighting the non-CpG methylation (X9015).

Following the protocol described in this chapter, four RRBS libraries were prepared
and sequenced on the Illumina GAII platform (see Table 3.2). The bisulfite
conversion reaction for these four libraries were carried out according to published
protocol (Smith et al., 2009). Although the same treatment was applied to all the four
libraries, two of the libraries showed incomplete conversion. Figure 3.9 shows an
example of Bismark mapping report for X9010, where total non-CpG methylation
percentage was 33.7.
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Figure 3.9. An example of Bismark report highlighting the non-CpG methylation (X9010). 33.7%
total non-CpG methylation indicates incomplete bisulfite conversion.

The X9011 library showed a total non-CpG methylation percentage of 85.5% (Table
3.2). As a result of bisulfite conversion failure, sequenced data from these two
libraries (X9010 and X9011) were discarded. To counteract the problem of poor
conversion, a new protocol was used and these two libraries were successfully resequenced. The new protocol and details of the conversion rate is discussed in
Chapter 5.

3.7(Final(amplification(and(second(round(of(size(selection(
!
To generate enough DNA for sequencing, the library was amplified with the lowest
possible number of cycles. Excessive amplification of the libraries could increase the
prevalence of point mutations and increased amplification of short fragments (Smith
et al., 2009). A semi-quantitative PCR was performed for each library to assess the
minimum cycle number needed to amplify the library and then large-scale
amplification was done. Figure 3.10 shows an example of a semi-quantitative PCR
performed on the X9006 library. High and Low libraries were independently
amplified with 15 and 20 amplification cycles and visualised in a 4-20% gradient gel.
Based on the gel results, the final libraries (X9006, High and Low) were amplified
with 15 PCR cycles.
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Figure 3.10. A successful RRBS library showing Low (150-230 bp) and High (230-330bp)
molecular weight libraries. The numbers in the bracket (15 and 20) shows the cycle number used for
amplification. Ladder: 25 bp DNA ladder (Invitrogen). Electrophoresis: 120 minutes at 100 volts.

Then, a second round of gel size selection step was performed to remove primer
contamination. Table 3.2 shows the number of cycles used to amplify each of the
libraries. Each library were eluted in 20 µL volume and submitted to the Massey
University sequencing centre (Palmerston North, New Zealand).
Table 3.2. Details of the RRBS libraries sequenced in Illumina GAII platform
No of cycles
Sample ID

needed to
amplify

Machine and
run

X9015-Low

13

GAII, 100 bp,

X9015-High

16

X9006 –low

15

GAII, 100 bp,

X9006-High

15

Single end

X9010-Low

15

GAII, 100 bp,

X9010-High

16

Single end

X9011-Low

14

GAII, 100 bp,

X9011-High

16

Single end

Number of

Bisulfite

reads

conversion

obtained

#

18.5 million

Yes (97.9%)

Single end

Time
MayAugust,10

21.9 million

Yes (98.2%)

NovemberFeb,10-11

10.1 million

No (66.3%)

NovemberFeb,10-11

20.1 million

No (15.5%)

NovemberFeb,10-11

# Bisulfite conversion rate = 100 - % of non-CpG methylation.
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3.8(Quality(check(and(validation(of(the(library(
!
Sequencing the libraries on the Illumina platform was the most expensive part of this
method. Therefore, ensuring the quality of the library before sequencing was
important. A simple method could be to electrophorese a small aliquot of the library
in a gel and visualise the bands. However, a more quantitative approach was taken. A
high sensitivity DNA chip was used and 1 µL of the final library was run in the
Agilent 2100 bioanalyser. The Massey University sequencing centre performed the
bioanalyser analysis of the samples. The bioanalyser traces gave an accurate
description of the fragment size and any contamination (primer contamination or
adaptor dimer) in the library. Figures 3.11-3.12 show an example of one sequenced
library (both High and Low libraries) analysed in the bioanalyser.

Figure 3.11. Bioanalyser trace of X1015-low RRBS library. The Y-axis represents the fluorescence
unit and the peak along the X-axis represents length of the adaptor-ligated fragments (bp) in the library.
Fragment lengths correspond to 150-230 bp (adaptor modified). This run was performed at the Massey
University, New Zealand.
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Figure 3.12. Bioanalyser trace of X1015-high RRBS library. The Y-axis represents the fluorescence
unit and the peak along the X-axis represents length of the adaptor-ligated fragments (bp) in the library.
Fragment lengths correspond to 230-330 bp (adaptor modified). This run was performed at the Massey
University, New Zealand.

In addition, the DNA concentration of the final libraries were checked using a Qubit
DNA chip by the sequencing centre to ensure enough material is available for highthroughput sequencing. Qubit is an instrument used for detection and quantitation of
nucleic acids and proteins. Qubit uses fluorescence-based dye to specifically bind and
measure DNA, RNA or protein. For our libraries, Qubit dsDNA high-sensitivity chip
and reagents were used to measure the concentration of double stranded DNA in the
libraries. The sequencing centre required the DNA concentration of the final libraries
to be > 0.1 µg/mL. Table 3.3 shows the concentration of each sequenced library as
provided by the Massey University, New Zealand sequencing centre.
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Table 3.3. Qubit concentrations of the RRBS libraries sequenced in Illumina GAII Platform#
Sample

Concentration in the

Sample concentration

Qubit (ng/mL)$

(µg/mL)

X9015-High

20.1

4.0

X9015-Low

42.6

8.5

X9006-High

25.8

5.2

X9006-Low

66.8

13.4

X9010-High

0.9

0.2

X9010- Low

9.6

1.9

X9011-High

16.7

3.3

X9011- Low

7.5

1.5

# Each library was eluted in 20 µL volume. $ The libraries were diluted 200 fold and 1 µL of the diluted
library was used for Qubit measurement.

3.9(Sequencing((
!
Following the described method two successful RRBS libraries were successfully
generated and sequenced at the Massey University, Palmerston North, New Zealand.
Good quality reads were obtained from both the sequencing runs (Table 3.2). In
addition, 10 RRBS libraries were sequenced using a multiplexed library preparation
technique. The multiplexed library preparation needed modifications from the current
description (explained in detail in Chapter 5 with relevant results) but adheres to all
the basic principles of preparing RRBS libraries as described in the current chapter.
Summary and discussion points: This chapter describes the initial experiments and
optimization performed to sequence the first two reduced representation bisulfite
sequencing library in the Illumina GAII platform. The work described in this chapter
helped to establish the RRBS library preparation protocol in our laboratory. A
discussion on the origins of RRBS is included in Chapter 9 (9.2).
Contribution statement: I carried out the experiments described in this chapter and
prepared the library for sequencing.
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Chapter(4:(Establishment(of(Alignment(Strategies(
and(Comparison(of(Alignment(Programmes(
--------------------------------------------------------------------Chapter summary:
This chapter describes the experiments performed with the first obtained dataset
(X9015) to establish the strategies for the alignment of sequenced reads to the
reference genome, which were then successfully applied to other sequenced datasets
used in this study. A major part of the work described here has been published in the
journal Nucleic Acids Research. Reference: Chatterjee, A, Stockwell, P.A., Rodger,
E.J., Morison, I.M. (2012) Comparison of alignment software for genome-wide
bisulphite sequence data: Nucleic Acids Research, 40, e79.

After the sequencing of RRBS libraries, the next step was to align the sequenced
fragments (will be referred as sequenced read from now) to the reference human
genome. The first RRBS library sequenced in this study was X9015 which contained
~ 18.5 million sequenced reads. The reads were of 100 bp in length and was saved in
fastq format, an example of which is shown in Figure 4.1. Each sequenced read
contain four lines of information. The first line describes the details of the machine
and flow cell used for sequencing. The second line contains the sequenced bases
from the fragments (bold letters in Figure 4.1). The third line is a repeat of the first
line. The fourth line is the quality line; the character given for each base is a character
of the ASCII series that represents quality. A point to be noted is that X9015 library
was sequenced in Illumina GAII platform. A detailed description of scoring system of
the sequenced based in Illumina platform was described elsewhere (Cock et al.,
2010).

!
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Sequenced read: example1
@HWI-EAS209_0006_FC706VJ:1:1:1111:1857#0/1
CGGTTAATTTTTTGTATTTTTTTTTTTTAGTAGAGCCCGGGTTTTTTTGTGTTTGTTGG
GNTGTTTTCTTTTNTNTNTTTTGNTNTNCTTTNNNNNNNNN
+HWI-EAS209_0006_FC706VJ:1:1:1111:1857#0/1
VI[PUT^^ZZcd^`__ddadddc_bbbYOcVT\VYISFFYSZ\a^ScBBBBBBBBBBBBBBBBBBBBBBBBB
BBBBBBBBBBBBBBBBBBBBBBBBBBBB

Sequenced read: example2
@HWI-EAS209_0006_FC706VJ:1:1:1139:14977#0/1
TGGGGGGGGCGGGGTGGGGTTTTTTTTTGTTGTTTGTTTTTTTTGTTGTGGTTTTGG
GGGGGTTTTTGGGGGGGGGGGGCGGGGTTGGGGGGGAGGGGGG
+HWI-EAS209_0006_FC706VJ:1:1:1139:14977#0/1
aZ\H\_aY`Lab_`Vb[IXK`Y^IQ\`BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBB

Figure 4.1. Example of two raw sequenced reads from X9015 library.

Before proceeding to the alignment step, it was important to evaluate the quality of
the sequenced reads obtained from each RRBS library. The sequenced reads
contained sequencing errors. For example, in Figure 4.1 (example1) the last nine
bases of the sequenced reads are N, i.e., the sequencer could not produce a reliable
base call (A, T, G or C) for these nine bases, therefore produced N. When alignment
will be performed to the reference genome these N bases will cause mismatches and
eventually the sequenced read will fail to align to the reference genome. Therefore, it
is desirable to evaluate the quality of the reads and remove sequencing errors.
The RRBS libraries contain fragments of 40-220 bp and the sequencing performed for
the study were of 100 bp. Therefore, fragments which are shorter than 100 bp, will
sequence into the adaptors. Presence of adaptor sequences in a sequenced read is not
desirable for alignment and methylation interpretation and should be removed before
alignment process. The effect of adaptor contamination in sequenced reads is
described in detail in section 4.3.3.
RRBS libraries are bisulfite converted. Bisulfite modification method is widely used
to distinguish the methylated Cs from unmethylated Cs in the DNA strands. Since C
is converted to T, a T in the sequenced reads could be mapped or aligned against
either C or T in the reference genome but not vice versa, so the C to T mapping is
asymmetric (for details see Chapter 1). The C to T mapping gives rise to the
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possibility of more false-positive matches between the reads and the reference
genome and also increases the search space for finding unique matches; making
mapping bisulfite converted reads more challenging. At the time of this study, few
alignment programs were available to map the bisulfite converted sequenced reads to
the reference genome. So, it was important to investigate the different feature of the
aligners and choose the appropriate one for further analysis. Where speed and easy
extraction of data was an issue, specific codes or tools were necessary to develop for
smooth transition from aligning the sequenced reads and extracting methylation
information from them for downstream analysis.
The first obtained sequencing dataset (X9015) were selected to do different
computational tests and devise an effective bioinformatics pipeline to i) check for the
quality of the data and apply strategies to ensure only good quality data was processed
and to maximize the alignment efficiency ii) to compare alignment software’s to be
able to make an informed choice of the software used to align the sequenced reads iii)
convenient methylation extraction for further processing of the other samples
(Chatterjee et al., 2012) and iv) visualization of data. Each step in the analysis and the
results from different experiments and the establishment of a standard strategy for
further analysis are described in the following sections. The analysis and method
presented here were applied to all other sequenced RRBS library.

(4.1(Quality(check(of(the(sequenced(reads(
!

(4.1.1(Quality(checking:(SolexaQA(
Illumina platform uses sequence by synthesis chemistry to sequence the DNA
molecules and as a result of accumulation of errors; the base-calling is less accurate at
the end of the reads (3’ end) in Illumina platform. The low quality sequence at the end
of the reads can cause misalignment events and reduce mapping efficiency.
SolexaQA is software package (written in perl computer language) designed to assess
read quality generated by Illumina sequencing technology (Cox et al., 2010).
SolexaQA was run on the X9015 dataset as an example and the program generated
several quality plots, which are described in detail in Figure 4.2-4.3.
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Figure 4.2 is a heat map that provides an indication of the overall run quality.
Nucleotide positions 1-100 are plotted from left-to-right along the X-axis. Tiles are
subsections of a flow cell in Illumina sequencers and the Illumina GAII machines had
120 tiles in one flow cell. These tiles (1-120) are plotted from top-to-bottom along the
Y-axis. The depth of colour represents the uncertainty of base calls with black
equivalent to complete uncertainty. The two black square in tile 40 cycle 16 and tile
53 cycle 48 both show evidence of air bubbles while the poorer quality tiles at the top
and bottom of the display probably result from flow cell dynamic effects. A black
straight line is drawn to indicate the 75 bp positions in the reads.
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Figure 4.2. SolexaQA heat map display of run quality (X9015). 100 bp reads are displayed
horizontally, tiles vertically. The scale 0-0.75 indicates the degree of uncertainty of base calls. Note:
SolexaQA does not analyse all the sequenced reads in a library, the program analyses a portion of the
data as sample to provide description on overall run quality, by default 10,000 reads/tile are processed.
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Figure 4.3 is a line graph that provides similar information as figure 4.2 but the graph
also plots the probability of error by which a base is being called wrongly, per
nucleotide position for each tile along the read.

Figure 4.3. SolexaQA plot of read errors vs cycle number (X9015). Distribution of mean quality
(probability of error, Y-axis) at each nucleotide position (X-axis) for each tile individually (dotted black
lines) and the entire dataset combined (red circles). The two peaks (dotted black line) correspond to the
black squares in Figure 4.2 (tile 40 cycle 16 and tile 53 cycle 48).

Figure 4.2 and 4.3 together display that as the sequencing cycle progresses, the quality
of the base-calling in the sequenced reads decline.

!

121!

!

Establishment of Alignment Strategies and Comparison of Alignment Software’s

(4.1.2(Quality(checking:(FastQC(
FastQC program was made available by Dr. Simon Andrews from Babraham Institute
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to check the quality of
the sequencing runs. The program was used in parallel with SolexaQA to assess the
quality of the sequenced reads. SolexaQA gave quality plots for the sequenced reads
and FastQC provided more quantitative information on the sequencing run. The main
output of FastQC program is a quality score along the read (Figure 4.4). The X-axis
plots the sequencing cycle or positions in reads. The Y-axis on the graph shows the
Phred quality scores.
A Phred score of a base is:
Qphred = -10 log10(e)
Where e is the estimated probability of a base being wrong (Source: Illumina
CASAVA documentation version 1.8)

The higher the Phred score the better is the base call. The background of the graph
divides the Y-axis into very good quality calls (green, Phred score of 28 to 38), calls
of medium quality (orange, Phred score of 20 to 28), and calls of poor quality (red,
Phred score below 20). Similar to the SolexaQA heat map (Figure 4.2), the FastQC
per base plot indicates the quality of base call decreases as the sequencing cycle
progressed.
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Figures 4.4. Per base sequence quality as indicated by FastQC for X9015. For each position a
BoxWhisker type plot is drawn. The central red line is the median value. The yellow box represents the
inter-quartile range (25-75%). The upper and lower whiskers represent the 10% and 90% points. The
blue line represents the mean quality. The Y-axis on the graph shows the Phred quality scores.

FastQC generates per sequence quality score report, which allowed us to investigate if
a subset of sequenced read have universally low quality scores. The plot generated for
X9015 (Figure 4.5) indicates that the majority of the sequence reads are of high
quality, i.e., they are of Phred score of > 20.
FastQC also generates a graph showing length distribution of the sequenced reads.
Figure 4.6 (for X9015) shows that virtually all 18.5 million reads sequenced were of
100 bp in length.
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Figures 4.5. Per sequence quality score as indicated by FastQC for X9015. X-axis plots the Phred
score values from 2-36. And Y-axis plots the number of sequenced reads.

Figures 4.6. Sequence length distribution as indicated by FastQC for X9015. X-axis shows the
read length distribution and Y-axis plots the number of reads. 1.8E7 = 18 million reads.
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If the Illumina sequencer is unable to make a base call with sufficient confidence then
it will normally substitute an N rather than a conventional base call, i.e., A,T, G or C.
FastQC generates a graph indicating N content at each nucleotide position in the read.
Figure 4.7 shows an example of a graph generated from X9015 library. The flat line
in the figure shows that percentages of N base are negligible for the library. The
FastQC program raises a warning if any position shows an N content of >5%.

Figures 4.7. Per base N content as indicated by FastQC for X9015. The X-axis plots the sequencing
cycle or positions in reads. The Y-axis represents percentages of occurrence of N along the read.

Further, FastQC plot for the DNA base content (A, T, G and C) at each position of
sequenced reads was assessed. Figure 4.8 provides an example of the plot (for X9015
library). Sequenced reads in RRBS library are derived from MspI digested fragments
(the recognition motif of MspI is C’CGG). As a result the sequenced reads starts with
CGG (when the first C is methylated) or TGG (when the first C is unmethylated and
is converted to T after bisulfite conversion and PCR) and this feature is evident in the
plot, i.e., increased percentage of C, T and G bases in first three sequencing cycles.
From cycle four, the percentages of C base remains low compared to other three bases
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as RRBS libraries are bisulfite converted and the unmethylated cytosines are
converted to thymines.

Figures 4.8. Per base sequence content as indicated by FastQC (X9015). The X-axis plots the
sequencing cycle or positions in reads. The Y-axis represents percentages if the occurrence of the
bases along the read.

However, the plot indicates increased percentages of cytosines from cycle 50
onwards. RRBS libraries represents a size of range of 40-220 bp fragments and the
fragments are ligated with adaptors. The smaller fragments (40 bp-99 bp) will
sequence in to the adaptors as the sequenced reads are of 100 bp in length. The
Illumina adaptors contains methylated cytosines, so they will be unaffected by
bisulfite treatment. As a result an increased percentages of cytosine bases along the
read position was observed. Contamination of sequenced reads by adaptors and its
effects are described in detail in section 4.6.
Evaluating several parameters such as per base sequence quality, per sequence quality
scores, per base sequence content, per base N content, sequence length distribution as
described above gave reliable indication of the quality of the sequencing run and also
helped to identify any error in the sequencing run that might have occurred.
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(4.2(Trimming(and(filtering(sequenced(reads((
!
The various quality plots from SolexaQA and FastQC described above showed that
the quality of the base-calling decreases along the read position as the sequencing
cycle progress. In other words the probability that a base is being called wrongly
increased along the sequenced reads, so the 5’ end of the reads contains more reliable
base calls than the 3’ end of the reads. While performing alignment of the sequenced
reads to the reference genome, the wrongly called bases will result in to mismatches
and increased mismatches in sequenced reads will result in to decreased alignment
efficiency.
So, bases were removed from the sequenced reads in the library to a fixed length from
the 3’ end of the reads. Removal of bases from sequenced reads to a fixed length is
referred as hard trim. Trimming the reads discards some information while; on the
other hand, less reliable sequence towards the ends of reads may contribute to
misalignment or failure of alignment. Although the quality indicators discussed above
(SolexaQA and FastQC) allows for visualization and assessment of the read quality;
the trim length, in case of hard-trimming of the dataset is an arbitrary choice. FastQC
plot indicated that the inter-quartile range (25.0-75.0%) was below the Phred score of
20 from the 75 th sequencing cycle. The sequenced reads for the work described in
this chapter were of 100 bp lengths (X9015) but after evaluation of the quality plots,
they were hard-trimmed to 75 bp for further processing (a black straight line indicated
the 75 bp position in Figure 4.2). This step not only ensured improved average quality
of the sequence reads used for subsequent analysis but also reduced the rate of
mismatches during mapping with the reference genome which in turn improved
alignment efficiencies. Some tests were also performed with reads hard-trimmed to 60
bp. The effect of trimming datasets on alignment is discussed in the subsequent
sections.
The SolexaQA application also identified potential bad tiles (Figure 4.2, the black
dots). So, a filtering step was performed; the sequences generated from the tile 40 and
53 were eliminated to reduce the risk of artefacts from less reliable reads. This step
was performed using mk4to1lines.awk script (developed in-house). However, this
filtering step was not applicable to all sequenced libraries unless bad tiles were
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identified from the sequencing run. In other sequenced RRBS libraries we did not find
any bad tile, therefore this filtering step was not necessary for other datasets.

4.3(Comparison(of(mapping(with(different(aligners(
!
After the quality evaluation of the sequenced library, the next step was to perform
alignment of the sequenced reads to the reference genome. While investigating the
options available for alignment of genome-wide bisulfite converted sequenced reads,
two key aspects rapidly became apparent. Firstly, the computational resources
required for mapping millions of reads against the human genome were considerable.
Secondly, there was a dearth of software tools for many of the steps required to
complete the work.
At the time of this analysis, a standard tool or procedure for the alignment of
sequenced reads and investigate differential methylation patterns for genome-scale
datasets was not available. There were few bisulfite alignment program (for e.g.,
BISMA, BIQAnalyser) available but each of them were based on different algorithms
and majority of them suffered with speed and performance issues for larger datasets.
A specific example was the CokusAligner, which was just published, and the claim
was that it is a solution for whole genome mapping for short sequencing reads (Cokus
et al., 2008). The CokusAlign used a tree-based lookup method in which the genomic
sequence is pre-processed into a memory resident tree structure through which the
sequence data for each read causes a progressive traversal to establish a genomic
location. While this strategy worked effectively for 36 bp reads versus the
Arabidopsis thaliana genome, it did not scale well for longer reads or larger genomes.
Seed lookup methods had been employed in which the genome is pre-processed into a
series of hash values (seeds), which enable rapid indexing of oligomers from read
sequences to genomic positions.
Another newly released and very efficient short sequence aligner Bowtie (Langmead
et al., 2009) used the Burrows-Wheeler (BW) transformation to perform rapid
mapping of fragments to genomic positions. Although a moderately slow prior build
operation was required to generate BW transformed genomic sequences, subsequent
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use of this data was very rapid. The Bowtie authors distribute pre-built
BWtransformed files for a number of model genomes, although this facility was not
available for bisulfite converted genomes at the time of this analysis.
We decided to examine three alignment program (Bismark, BSMAP and RMAPBS)
which were able to map bisulfite sequenced data to the reference genome at singlebase resolution. For BSMAP, two different versions of the program (BSMAP v1.02
BSMAP v1.2) were used to compare their performance. BSMAP v1.02 was one of the
earlier versions of the program (9 th version, March 2010), which was available at the
beginning of this analysis, and BSMAP v1.2 was the 27 the version of the program
(April, 2011). Comparisons between all the aligners were made based on several
different parameters, such as unique and multiple alignment efficiency against the
reference genome, speed, computer cores needed for processing, and ease of
extracting methylation information from them (Chatterjee et al., 2012). Steps in this
analysis for which no tools or software was available or where speed was an issue in
processing data, we developed novel tools in-house to facilitate the analysis and
distributed them freely as part of the published article (Chatterjee et al., 2012).

4.3.1(Mapping(efficiency(and(speed(
!
4.3.1.1(Mapping(against(whole(human(genome(
!
Following trimming the sequenced reads (X9015) from 100 bp read length to 75 bp,
the sequenced reads were aligned to whole human genome (build GRCh37) using
different alignment programs. 42.2%, 58.9% and 65.1% of the sequenced reads were
uniquely aligned by using Bismark, BSMAP (v1.02) and RMAPBS respectively
(Table 4.1). The newer version of BSMAP (v1.2) found 55.5% unique alignment.
Bismark showed a multiple mapping percentage of 7.7. RMAPBS showed a higher
multiple mapping of 16.8%, whereas BSMAP v1.02 and BSMAP v1.2 showed 14.0%
and 10.9% multiple mapping against whole human genome (WG).
It was found that RMAPBS and Bismark were able to map the reads much faster than
BSMAP v1.02. Bismark had a speed of 1642 reads/sec and RMAPBS maps 119.6
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reads/sec.). Bismark was given 4 cores to run the alignment operation and it was the
fastest program in terms of speed to map the whole dataset. Despite being a singlethreaded application (i.e., using one CPU computer core), RMAPBS was relatively
fast in operation. BSMAP v1.02 mapped the reads with a speed of 5.6 reads/sec
taking 38 days when run on 6 CPU cores (Table 4.1). The performance of the newer
version of BSMAP (v1.2) was much faster than BSMAP v1.02 and the mapping was
completed in 22.2 hour with a speed of 231.2 reads/sec (Table 4.1).
Table 4.1. Comparison of mapping performance and speed of the different packages against
whole human genome (build GRCh37)
Programme

Number of
readsa,b

Uniquely
mapped
reads (%)

Multiple
mapping

Cores
used

CPU time
taken

Reads
/second

Bismark

18490898

42.2

7.7

4

3h 7min

1642

RMAPBS

18458028

65.1

16.8

1

42h 48min

119.6

BSMAP v1.02

18471799

58.9

14.0

6

38days

5.6

BSMAP v1.2

18490898

55.5

10.9

6

22.2 h

231.2

a

BSMAP v1.02 & RMAPBS rejected a proportion of lower quality reads. b the reads were hard trimmed
to 75 bp for this alignment.

4.3.1.2(Mapping(against(Reduced(Representation((RR)(Genome(
!
Instead of mapping the sequenced reads to the whole genome, an alternative option is
to map the reads against an MspI digested reduced representation (RR) genome.
There could be two reasons for performing mapping against RR genome. First, the
size-selection step of RRBS libraries involves uncertainty to a degree, i.e., while
manually cutting the gel bands (40-220 bp), it is possible to cut fragments higher or
lower than the specified size range of 40-220 bp. Further, the accuracy of sizeselection might vary between libraries. Therefore, it is possible that a small proportion
of the sequenced fragments will be outside the size range of 40-220 bp. If the
alignment is performed against an in silico reduced representation genome, then the
sequence reads from the fragments falling outside the size limits are unlikely to map
!
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correctly to it. Although this will cause the rejection of some otherwise valid sequence
data, alignment against the RR genome maximises consistency of the outputs from
different samples and could help to minimize experimental variation due to gel sizeselection. Second, RR genome is much smaller than the whole genome; therefore
alignment against RR genome will take lesser CPU time. This is particularly
advantageous while working with slow performance aligners like BSMAP v1.02 (see
more discussion in Chapter 9).
We opted to perform some analysis with reduced representation genome. For this
purpose, an in silico MspI digestion (CCGG recognition site) was carried out on the
GRCh37 build of whole human genome and from that, an in silico reduced
representation genome of 40-220 bp fragments were generated using in house
developed tool mkrrgenome. The total size of the insilico RR genome was 74 Mb
comprising of 647,626 MspI fragments and it contained a total of 4,068,947 CpG sites
representing 13.4% of the genomic total. This corresponds to a 5.7 fold enrichment of
CpGs. The RR genome represented 2.47% of the whole human genome.
Mapping of the sequenced reads against RR genome was performed with 75 bp
dataset after hard-trimming. Bismark showed comparable unique mapping efficiency
against RR genome (42.0%), to that of the whole genome. However, RMAPBS
showed unique mapping efficiency of 59.1% against the RR genome, which is 6.0%
less compared to the mapping against the whole genome. Both the versions of
BSMAP aligned 49.3% sequenced reads uniquely against the RR genome, i.e., a 9.6%
(for BSMAP v1.02) and 6.2% (for BSMAP v1.2) decrease in unique mapping
compared to the whole genome (Table 4.2).
The reduced representation genome is 42.5 times smaller than the full genome and as
a consequence alignment was much faster than for the whole genome. Bismark took
1.3 hours to map 18.5 million reads (read length = 75) against the reduced
representation genome and BSMAP v1.2 completed the run in 1.52 hours, whereas,
RMAPBS and BSMAP v1.02 completed the run in 8.65 hours and 19.37 hours
respectively (Table 4.2).
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Table 4.2. Comparison of mapping performance and speed of the different packages against
Reduced Representation (RR) Genome
Programme

Number of
readsa,b

Uniquely
mapped
reads (%)

Cores
used

CPU time
taken
(hours)

Reads
/second

Bismark

18490898

42.0

4

1.30

3951.0

RMAPBS

18458028

59.1

1

8.65

592.7

BSMAP v1.02

18471799

49.3

6

19.37

264.9

BSMAP v1.2

18490898

49.3

6

1.52

3379.2

a BSMAP

v1.02 & RMAPBS rejected a proportion of lower quality reads. Therefore the number of reads
processed by different aligners slightly varies. b the reads were hard trimmed to 75 bp for this
alignment.

An interesting observation was that, for the whole human genome BSMAP v1.2
mapped the reads ~42 times faster than BSMAP v1.02 (38 days to 22.2 hours).
However, for the reduced representation genome the speed up between the two
versions of the aligners was only ~12.7 times (19.37 hours to 1.52 hours), which
might seem counterintuitive. But in order to complete the mapping process the aligner
will take an essentially constant overhead time to process ~18.5 million reads
irrespective of the genome size. So, while the time taken to establish unique and
optimal mapping will be less for a reduced representation genome than for a full
genome, the invariant overhead for generating hash values (see BSMAP algorithm for
details of generating hash tables) (Xi and Li, 2009) for the reads will reduce the foldimprovement. Therefore, A further decrease in genome size will not decrease the
mapping time proportionately. In addition, Bismark and RMAPBS mapped the
sequenced reads against RR genome 2.4 and 4.95 times faster compared to the whole
genome. As the aligners still has to process ~18.5 million reads and establish optimal
mapping against the genome; 42.5 times smaller genome does not imply 42.5 times
faster mapping compared to whole genome.
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4.3.2(Effect(of(shortening(read(length(on(mapping(efficiency(
!
The quality plots from SolexaQA and FastQC indicated that the Illumina read quality
deteriorates as the sequencing cycle progress. Based on quality plots the 100 bp
sequenced reads were trimmed to 75 bp and mapping was performed as described in
the previous section. The effect trimming the reads to shorter lengths was investigated
further. When the 75 bp reads were further trimmed back to 60 bp length and aligned
against the whole genome; all three programs showed improved mapping efficiency, a
consequence of removing the poorer quality sequences from the ends of Illumina
reads. Bismark showed an increase of 12.1% in unique mapping when 75 bp reads
were trimmed to 60 bp (Table 4.3). RMAPBS showed an increase of 4.9% in unique
mapping, while BSMAP (v1.02) and BSMAP (v1.2) showed 5.1% and 9.5% increase
in mapping efficiency respectively, for the 60 bp dataset compared to the 75 bp one.
A similar trend was seen for alignments against the reduced representation genome.
Bismark, RMAPBS, BSMAP (v1.02) and BSMAP (v1.2) showed an increased
mapping of 11.2%, 4.9%, 9.5% and 9.4% respectively for the 60 bp sequenced reads
compared to 75 bp.
Table 4.3. Comparison of mapping against reduced representation genome and whole genome
with different read lengths
Programme

Read
Length

%
Uniquely
mapped
sequence
against RRa

Bismark

75

42.0

%
Uniquely
mapped
sequence
against whole
genomeb
42.2

60

53.2

54.3

75

59.1

65.1

60

64.0

65.2

75

49.3

58.9

60

58.8

64.0

75

49.3

55.5

60

58.7

65.0

RMAPBS

BSMAP v1.02

BSMAP v1.2

a RR,

!

reduced representation genome (40-220 bp); b whole human genome GRCh37.
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We then investigated whether further trimming of the sequenced reads improves the
mapping efficiency proportionately. To do this, the reads were further trimmed to 50,
40 and 36 bp lengths. This step would have removed the poor quality sequences from
the end of the reads and as shown in the quality plots from SolexaQA and FastQC,
these short length reads will represent higher quality base-calls. In addition, as the
library consists of 40-220 bp fragments; trimming the sequenced reads to 36, 40 and
50 bp will virtually remove all possible adaptor sequences from the sequenced reads.
For these tests, the alignments were performed against the RR genome to reduce CPU
time taken by the aligners, as BSMAP v1.02 will need 38 days to complete an
alignment against the whole genome.
The results showed that further trimming of the dataset didn’t improve mapping
efficiency significantly (Table 4.4). Bismark, RMAPBS, and BSMAP v1.02 showed
slightly decreased mapping efficiency for the 50 bp dataset compared to the 60 bp
dataset. For the 40 bp dataset, Bismark and RMAPBS showed negligible increase in
unique mapping percentages compared to 50 bp and on the other hand both the
versions of BSMAP showed slight decrease in mapping efficiency. For the 36 bp
sequenced reads, all the aligners showed decreased mapping efficiency compared to
the 40 bp dataset. These results imply that the reads were of sufficient quality up to 60
bp and further trimming did not show marked improvement on mapping efficiency.
The analysis provided evidence that shorter bisulfite reads are more challenging to
map and an increased proportion of the reads gave multiple alignments as short reads
are more likely to map in multiple positions in the genome, so although the quality of
the shorter sequenced reads might remain high but that does not improve unique
alignment.
In their original description of RRBS, Meissner et al.(Meissner et al., 2008) found a
significant proportion of RRBS reads did not align to the reference genome even after
allowing up to 6 mismatches in the mapping, this failure to align was attributed to
repetitive sequences and sequencing process artifacts. A reason could also be that
their read length was 36 bp, which will be more prone to multiple mapping in the
genome, therefore decreasing the efficiency of unique mapping as shown in the
current analysis. Our analysis showed that quality control and appropriate trimming of
the dataset improves the alignment efficiency significantly and provided evidence that
!
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longer, high quality reads map better than higher quality shorter counterparts (Table
4.4).
Table 4.4. Effect of sequence trimming on alignment efficiency (against RR genome)
Program

Total number of readsa

Uniquely mapped reads
(%)

Bismark

18490898

52.5

RMAPBS

18458028

62.5

BSMAP v1.02

18471799

58.2

BSMAP v1.2

18490898

59.5

Bismark

18490898

53.2

RMAPBS

18458028

62.9

BSMAP v1.02

18471799

59.1

BSMAP v1.2

18490898

58.0

Bismark

18490898

52.7

RMAPBS

18458028

62.6

BSMAP v1.02

18471799

54.0

BSMAP v1.2

18490898

57.1

50 bp dataset

40 bp dataset

36 bp dataset

a BSMAP

v1.02 & RMAPBS rejected a proportion of lower quality reads. Therefore the number of reads
processed by different aligners slightly varies.

4.3.3(Effect(of(adaptor(cleaning(and(dynamic(trimming(
!
The RRBS libraries contain fragments of 40-220 bp and the sequencing performed for
the study were of 100 bp. Therefore, fragments which are shorter than 100 bp, will
sequence in to the adaptors. Per base sequence content (Figure 4.8) showed increased
cytosine content after 40 sequencing cycle as a result of methylated adaptors. The
existence of adaptor sequences in the fragments was assessed. The 100 bp, 75 bp and
60 bp datasets contained 12.3%, 3.8%, and 1% of bases from the adaptor sequences
(Table 4.5). However, the spread of these bases across the sequenced reads were
much higher. For example, the 100 bp, 75 bp and 60 bp datasets contained 43.2%,
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19.4%, and 6.7% of the reads that contained adaptor sequences in them to variable
extents (Table 4.5).
Table 4.5. Percentage of contamination by adaptor sequences in the dataset
Dataset

Contamination
percentage (bp)
12.3

No of reads
containing adaptor
sequence
7987905

% of reads
containing adaptor
sequence
43.2

100 bp
75 bp

3.8

3583521

19.4

60 bp

1.0

1240640

6.7

Dynamic trimming is another measure, which can be performed against the Illumina
dataset for improved quality and mapping. Dynamic trimming removes the bases from
individual reads based on quality filter (Phred score of 30 or greater was set as the
standard quality), leaving variable number of bases on different reads. Dynamic
trimming was performed on the datasets independently of adaptor contamination
using publicly available tool fastq_quality_trimmer. The 100 bp dataset showed 12.9
% of based being trimmed as a result of dynamic trimming, while the percentage
trimming for 75 bp datasets was 6.9. However, the percentages of reads that were
affected by dynamic trimming was striking, 68.2% for the 100 bp dataset and 43.4%
for 75 bp dataset (Table 4.6).
Table 4.6. Percentage sequences trimmed by dynamic trimming$
Dataset

percentage (bp) of
the data trimmed by
dynamic trimming

No of dynamically
trimmed reads

% of dynamically
trimmed reads

100 bp

12.9

12599267

68.2

75 bp

6.9

8027626

43.4

$The

dynamic trimming were performed by fastq_quality_trimmer, a publicly available program
distributed as a part of the fastx toolkit (http://hannonlab.cshl.edu/fastx_toolkit/).

A UNIX based tool, cleanadaptor was developed in house to remove adaptor
sequences from the end of the sequenced reads. Figure 4.9 indicates, as a result of
bisulfite conversion, the percentages of cytosine bases were low along the read
position, in contrast to Figure 4.8, where the cytosine content increased after 40
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sequencing cycle, when methylated adaptor sequences were not removed from the
library.

Figures 4.9. Per base sequence content as indicated by FastQC after adaptor sequence removal
(X9015). The X-axis plots the sequencing cycle or positions in reads. The Y-axis represents
percentages if the occurrence of the bases along the read.

Furthermore, the effect of adaptor trimming and dynamic trimming on mapping was
performed independently to investigate which process has higher impact on unique
mapping to the genome. Dynamic trimming (performed by fastq_quality_trimmer) of
the dataset showed an improvement in mapping efficiency of 12.5% for the 100 bp
dataset and 12% increase for the 75 bp dataset with Bismark aligner (Table 4.7).
However, mapping efficiency was improved to a greater extent when adaptor
sequences were trimmed (performed by in-house developed cleanadaptor program)
especially with the longer reads. Adaptor trimmed dataset showed a significant
improvement of 27.9% in unique mapping for 100 bp dataset and an increase of 18.6
% for the 75 bp dataset. BSMAP (v1.2) showed similar trend as Bismark, dynamic
trimming showed an increased mapping of 12.5% and 12.0% for 100 bp and 75 bp
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dataset respectively, whereas adaptor trimming improved the mapping efficiency by
27.9% and 18.6% for 100 bp and 75 bp dataset respectively (Table 4.7).
Table 4.7. Effect of adaptor trimming and dynamic trimming on alignment efficiency (WG)
Program

Bismark

% unique alignment (100 bp dataset)
Before trim After
After
adaptor
dynamic
trim
trim
30.9
58.8
43.4

% unique alignment (75 bp dataset)
Before
After
After
trim
adaptor
dynamic
trim
trim
42.2
60.8
54.2

BSMAP v1.2

36.0

66.1

48.7

55.5

68.5

61.5

RMAPBS*$

44.3

71.0

-$

65.1

73.0

-$

*Note

that RMAPBS requires all reads to have the same length for mapping. Our program
cleanadaptors, trimmed the adaptor sequences from the reads and then padded them to full length with
‘N’s in order to perform the mapping. A consequence of this is that most were then rejected as being of
low quality and were eliminated from the alignment. Hence, only 10,917,041 reads were processed for
the 100 bp trimmed run and 15,786,663 for 75 bp trimmed. $As RMAPBS cannot map dynamically
trimmed reads, alignment was not performed.

An interesting corollary was that RMAPBS required all reads to be of the same length
and rejected the reads that were padded with ‘N’s to that length after adaptor
trimming. Consequently, RMAPBS could not align any reads that contained the
adaptor sequence. However, it was evident from the results that when RMAPBS
perform alignment with the rest of the reads (i.e., except the ones which had adaptor
sequences), the mapping percentage indeed increased by 26.7% for 100 bp datasets
and 7.9% for 75 bp dataset (Table 4.7). As RMAPBS do not accept variable read
length sequenced reads, mapping with dynamically trimmed reads was not performed.
Also, as shown in Table 4.1, BSMAP (v1.02) has extensive memory demand and took
more than a month to complete a single alignment; comparisons were not performed
for BSMAP (v1.02).
These results together strongly suggested that the trimming of adaptor sequences is an
important step for improving mapping efficiency, supporting the conclusion of Gu et
al (Gu et al., 2011). Additionally, it was concluded that adaptor trimming provided
much higher mapping results than dynamic trimming.
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4.4(Comparison(of(methylation(mapping(between(aligners(
!
After alignment of the sequenced reads, the mapping software quantifies CpG
methylation for each sample. The quantification of DNA methylation by the
alignment programs were compared. The methylation percentages and the number of
methylated CpG sites produced by different alignments are summarized in Table 4.8.
The CpG methylation produced by Bismark and RMAPBS was 44.8% and 36.9%
respectively (for 75 bp datasets) against the whole human genome. When aligned
against the reduced representation genome Bismark and RMAPBS gave 43.2% and
38.6% methylation respectively. For 60 bp dataset, Bismark and RMAPBS found
40.2% and 36.3% respectively methylation against the whole genome and for RR
genome the percentages were 39.4 and 36.1 respectively.
Initially, BSMAP v1.02 showed 18.6% methylation when mapped against the whole
genome (Table 4.8) and for the reduced representation genome it showed 15.0% CpG
methylation (data not shown). Detailed investigation of the reads from the aligned
output revealed that this anomaly is due to poorly documented trimming behaviour by
an option (-c) in the program. This had caused a 5’ single base truncation as well as a
10 bp 3’ truncation, causing misalignment of reads in further processing. As a result
the aligned files produced inaccurate and lower percentage of methylation. This
option has been omitted from the later version of BSMAP v1.2. Reanalysis of
BSMAP v1.02 without the –c switch against the RR genome indicated 42.1%
methylation for the 75 bp dataset and 38.0% for the 60 bp dataset. Alignments against
the full genome were not repeated because BSMAP v1.02 has extensive CPU time
demand as described previously. The newer release of BSMAP (v1.2) showed 42.9%
methylation for the 75 bp dataset and 38.7% for the 60 bp dataset when mapped
against the whole genome (Table 4.7). For the reduced representation genome it found
similar CpG methylation percentages as described for BSMAP v1.02.
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Table 4.8. Comparison of methylation mapping between different aligners
Aligners

Total
methylation
percentage
(WGa)

Methylated CpG
sites (WGa)

Total
methylation
percentage
(RRb)

Methylated
CpG sites (RRb)

Bismark

44.8

12646435

43.2

13184924

RMAPBS

36.9

8557383

38.6

17997752

BSMAP v1.02

18.6 **

6395684

42.1

16196332

BSMAP v1.2

42.9

11251307

42.1

16212461

Bismark

40.2

13227156

39.4

13579291

RMAPBS

36.3

16115692

36.1

15634090

BSMAP v1.02

12.3 **

3484013

38.0

15374907

BSMAP v1.2

38.7

16439913

38.0

15369712

75 bp dataset

60 bp dataset

a

whole human genome.
40-220 bp. ** see text.

b

RR is the reduced representation genome constructed in the size range of

Similar operations were performed for the other hard trimmed datasets, i.e., 50 bp, 40
bp and 36 bp datasets. The alignments were performed against RR genome for
convenient CPU time. The results are shown in detail in Table 4.9. With further hard
trimming of the sequenced reads, a small proportional drop in percentage of
methylation was observed in different datasets, but otherwise no marked difference
was found.
These results suggested that the overall methylation percentages decreased when 75
bp dataset were trimmed to 60 bp for all the aligners. The percent reductions for
BSMAP and Bismark were slightly higher than for RMAPBS. This decrease was
expected as these alignments were performed before cleaning the adaptor sequences
from the reads. As adaptor sequences contain methylated cytosines, trimming the
sequenced reads to shorter lengths decreased the methylation percentage in the
sample.
The different aligners did not show identical methylation percentage when alignments
were performed against same dataset. These differences could be attributed to the
number of reads they aligned, their ability to cope with reads harbouring sequencing
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errors and adapter contamination and which regions of the genome these sequenced
reads are aligned (for further discussion on the nature of the aligners, see discussion in
Chapter 9).
Table 4.9. Effect of sequence trimming on methylation percentage (against RR genome)
Program

Uniquely
mapped reads

Methylation
percentage

Methylated CpG
sites

Bismark

9707721

36.6

11238582

RMAPBS

11536267

34.7

12813410

BSMAP v1.02

10750587

35.3

13074829

BSMAP v1.2

11002084

35.4

13044161

Bismark

9837157

35.4

9635443

RMAPBS

11610099

33.4

10651296

BSMAP v1.02

10916833

34.7

10933808

BSMAP v1.2

10724720

34.8

10805047

Bismark

9744703

34.9

8824724

RMAPBS

11554725

32.9

9700349

BSMAP v1.02

9974771

34.1

9960586

BSMAP v1.2

10558302

34.2

9836729

50 bp dataset

40 bp dataset

36 bp dataset

4.5(Visualization(of(the(methylation(tracks((
SeqMonk is a graphical Java application for visualisation of methylation data,
developed by Dr. Simon Andrews at the Babraham Institute, UK. The aligned
sequence data for the three aligners were visualised and compared in SeqMonk. The
importing of RMAPBS and BSMAP methylation data into SeqMonk was not
automatic, as for Bismark, but was possible by pre-processing the output files with in
house developed rmapbsbed2cpg tool and import the files as raw data for
visualisation in SeqMonk. We did not perform any methylation analysis with
SeqMonk, rather have used the tool for quick visualisation of methylation pattern
produced by different aligners. Manual scroll through of the genome showed that
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extensively methylated and unmethylated CpGs are generally comparable between the
aligners across the genome. However, as discussed in the previous section, closer
examination revealed large differences between the outputs from the aligners in some
regions. Figure 4.10 shows CpG methylation tracks produced by three different
aligners in a 2.55 Mbp region of chromosome 1, a section chosen at random (in the
same dataset, i.e., X9015) which documents this behavior of the aligners.

Figure 4.10. SeqMonk display of differential methylation from different aligners. 75 bp trimmed
read data for 18x106 reads was aligned against the human genome (GRCh37) by Bismark v0.23,
RMAPBS v2.05 and BSMAP v1.2 and visualised. The methylation is displayed respectively from top to
bottom below the gene, mRNA and CDS panes. Methylated CpG positions are shown in the red panes
for each aligner and unmethylated CpGs are in the blue panes. The display is of a randomly selected
2.55 Mbp region of chromosome 1. The black boxes highlight regions of difference in methylation
pattern among aligners.

4.6(Strategies(derived(for(optimal(mapping(performance(
From the results obtained from the described experiments above, several conclusions
became apparent. Based on these analysis, strategies were devised to obtain highest
mapping efficiency and high quality data for further methylation analysis. Some of
the key aspects, which were applied in all other subsequent libraries, are described
here.
1) Sequencing of size-selected RRBS libraries (40-220 bp) can result in adaptor
sequence reads at the 3’ end of the shorter fragments. As the adaptors are methylated,
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these adaptor reads will interfere with alignment and possibly contribute to
misalignment events and false methylation calls. The results from the current analysis
suggested that for RRBS dataset, adaptor contamination has more striking effect on
mapping efficiency than dynamic trimming. So, removal of potential adaptor
contamination by in silico tools (we developed and used cleanadaptors) must be
performed.
2) It was important to evaluate the quality of the sequenced reads at first place. Based
on several quality indicators, decisions were taken to what extent hard trimming will
be performed to ensure quality. The choice of the extent of hard-trimming is arbitrary
to an extent but the quality plots will indicate from which sequencing cycle the overall
quality of the sequenced reads drop below an acceptable Phred score value. Phred
score of 20 or above was considered as good quality sequences.
3) After removal of adaptor sequences, an alternative option is to perform dynamic
trimming, instead of hard-trimming. We performed this analysis with all the
sequenced RRBS libraries and the results are described in Chapter 6 and discussed
further in Chapter 9. We opted to perform adaptor trimming + hard-trimming rather
than adaptor trimming + dynamic trimming.
4) It was found that excessive hard-trimming does not necessarily improve mapping
efficiency. It is likely that the shorter sequenced reads, the higher is the chances that
bisulfite converted reads will map multiply in the genome.
5) Based on different comparisons between aligners Bismark was chosen as the
preferred alignment program for the rest of the analysis. RMAPBS cannot accept
variable length sequenced reads, reducing its utility as an aligner to map adaptor
trimmed sequenced reads. BSMAP has higher CPU core demand (6 cores) and even
then, it took longer time to complete the alignment than that of Bismark. In addition,
Bismark provides ease of extracting methylation information (a brief report
summarizing the mapping, additional script called methylation extractor which
extracts the methylated CpG information) and automatic interface with SeqMonk
without any further processing. Further, Bismark’s algorithm is less biased towards
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mapping particular sequences to the genome compared to RMAPBS and BSMAP (see
more discussion in Chapter 9).
6) As discussed in section 4.3.1.2, alignment against the RR genome increases the
consistency of mapping outputs between samples and the operation is time efficient as
well. However, we performed alignment against whole genome at first place and then
the outputs from the runs was restricted by specifying a window range of 40-220 bp,
any mapping or information which falls beyond that size range were discarded.
Chapter 9 further discusses the reason for performing mapping against whole genome
and then restricting the outputs to a size range rather than mapping the sequenced
reads against the RR genome itself.
Based on these strategies a pipeline was proposed for effective alignment and analysis
of RRBS data for DNA methylation analysis at this stage of the research. The pipeline
is illustrated in Figure 4.11.
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Figure 4.11. Flow diagram of the alignment and analysis pipeline. The individual steps of the
bioinformatics pipeline for methylation analysis (from bisulfite sequencing data) is described.
Cleanadaptors, rmapbsbed2cpg and mkrrgenome (in bold) are our own in house developed programs.
SolexaQA.pl , FastQC and Seqmonk are freely available tools. The pipeline as written is for a single,
unindexed run: for indexed runs the pipeline would be applied to each indexed dataset separately.
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Summary and discussion points: In this chapter we performed several
computational experiments and compared the speed, efficiency, accuracy and ease of
extracting methylation information from the aligners available at this time of the
research (2010). We devised several strategies (such as trimming the adaptors) that
allowed us to obtain maximum alignment output and make an informed choice for
choosing appropriate aligners for DNA methylation analysis. We developed several
tools that will facilitate analysis and downstream processing of data. Based on these
results some observations were discussed in Chapter 9 (section 9.3), such as speed
and mapping differences, the possible biases that a program can introduce in the
analysis and the genome to be used for mapping RRBS reads.
Contribution statement: I designed the framework of the analysis and interpreted
the results. Dr. Peter Stockwell wrote the source code for the tools developed here.
Dr. Stockwell and I together implemented the codes for this analysis.
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Chapter Summary:
This chapter provides a roadmap of modifications and strategies implemented to
optimize multiplexing sequencing RRBS libraries. Specifically, the impact of bisulfite
conversion, improvements in library purification, PCR amplification, evaluation of
base-calling quality and data processing. The key findings from the present work has
been published. Reference: Chatterjee, A., et al. (2012) Technical considerations for
reduced representation bisulfite sequencing with multiplexed libraries, Journal of
Biomedicine & Biotechnology, 2012, 741542.

At the beginning of the project (December, 2009) the Illumina GAII platform was the
platform available but at the end of 2010, Illumina released the HiSeq 2000 machine
for high throughput sequencing. The principle of sequencing remained the same
(sequencing by synthesis) but HiSeq 2000 platform had capacity to generate ~200
million paired-end (PE) reads per lane compared to 20-30 million reads per lane in
GAII platform. This improvement occurred as a result of better imaging technology
and increased flow cell area, which allowed more reads to be sequenced. This
advance in the sequencing throughput allowed the sequencing of multiple RRBS
libraries in one lane of the sequencer, reducing the cost per sample. To perform
multiplexing sequencing, each RRBS library was ligated with adaptors, that contained
a unique 6 bp index sequence (Figure 5.1). Based on the unique index in sequenced
reads in the libraries, each of the samples were individually identified after the
sequencing run and then de-multiplexed during base-calling analysis to produce data
(sequenced reads) for each of the samples separately. This method is referred as
multiplexed or indexed sequencing process.
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Figure 5.1. Hypothetical MspI digested fragment ligated with barcoded adaptor. The sequence
shows digested DNA (cyan) end repaired (fuchsia pink) and 3’ adenine overhangs (red). Ligated
Illumina TruSeq adaptors (blue) with a unique 6 bp index (green).

Several modifications and manipulations to the method described in Chapter 3 were
implemented to enhance library preparation and sequencing results in an indexed
(multiplexed) environment. Key results, which are observations from one multiplexed
run where five libraries were sequenced in one lane of the flow cell, are described
here. Based on these results similar strategies were applied to other libraries, which
were sequenced successfully in subsequent multiplexed sequencing runs. The
sequencing operations described in this chapter were performed at the New Zealand
Genomic Limited facility (NZGL), at the University of Otago, Dunedin.

5.1(Purification(of(RRBS(libraries(
!
To prepare libraries for sequencing in HiSeq 2000 machines, Illumina released
TruSeq sample preparation kits (modified Illumina kit to prepare multiplexed
libraries). The TruSeq protocol recommended the use of AMPure beads for
purification of DNA libraries, i.e., after MspI digestion, end-repair and A-tailing steps
(see Chapter 3 for details of these steps). However, it was found that the purification
method was optimized for fragments >100 bp length. For the RRBS protocol,
retention of 40-220 bp fragments (before adaptor ligation step) is necessary. Figure
5.2 demonstrates that, as a result of this protocol, fragments shorter than 100 bp are
lost during the purification process, resulting in a much lower coverage of the shorter
MspI digested fragments (40-100 bp). Therefore, prior to the adaptor ligation step, it
remained desirable that DNA fragments were purified using columns designed to
retain DNA fragments within this size range rather than AMPure beads.

!
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Figure 5.2. Loss of smaller fragments (<100 bp) following AMPure bead purification. To verify
exclusion of <100 bp fragments, 5 µL of 25 bp DNA ladder (Invitrogen) was either left untreated (A) or
purified using AMPure beads (B) and separated on a 3% (w/v) NuSieve agarose gel.

After the adaptors are ligated to the fragments, the fragment sizes are modified to
160-340 bp in length. Therefore, AMPure magnetic beads could be used to purify
RRBS libraries following adaptor ligation step.

5.2(125(baseQpair(band(
!
The TruSeq protocol recommends performing the adaptor ligation step at a 2.5:1
adaptor to DNA ratio. This step resulted in a distinct band at 125 bp in all the
successful libraries following PCR amplification (Figure 5.4), which was not
observed in library preparations using the paired end sample preparation kit that
preceded the TruSeq protocol. Because the amplification step was downstream of the
gel size selection, it was concluded that the 125 bp band was a product of PCR
amplification. Although it was suspected that the 125 bp band was due to an adaptoradaptor dimerization, reducing the adaptor to DNA ratio did not eliminate these
bands. However, this issue was successfully bypassed by performing a second round

!
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of gel size selection following PCR amplification, removing the dimer from the final
library.

5.3(SizeQselection(of(40Q220(bp(fragments(
For the reduced representation of the genome 40-220 bp fragments were size-selected
for RRBS library preparation. In Chapter 3, we describe excision of two gel slices
based on molecular weight. “Low library” contained 40-120 bp fragments and “High
library” contained 120-220 bp fragments. However, in 2011, the modified RRBS
protocol from Meissner’s group at Broad Institute, USA was published (Gu et al.,
2011). The authors mentioned “In the current protocol, we excise only one gel slice
from each lane and prepare one 40–220-bp RRBS library for each sample. This
modification increases the number of libraries that can be prepared in parallel, reduces
the sequencing cost per sample and has no strong effect on the read distribution for
standard libraries”. Adopting the modified protocol, a single gel excision of 160-340
bp (after adaptor ligation) fragments was performed for the libraries sequenced in
multiplexed method described in this chapter. Figure 5.3 shows an example of sizeselection step carried out on three RRBS libraries.

Figure 5.3. Size-selection of three MspI digested, adaptor ligated RRBS libraries. A single band of
160-340 bp was excised from the 3% nusieve agarose gel. Electrophoresis: 90 minutes at 50 volts.
Ladder: 25 bp (Invitrogen).

!
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5.4(Amplification(
!
The TruSeq protocol aimed to streamline the library amplification workflow by
providing two master-mixed reagents, a PCR master mix and a PCR primer cocktail.
However, it was found that, in contrast to a normal genomic DNA library used as a
positive control, this protocol did not amplify bisulfite converted libraries at 20 or 30
cycles of PCR (Figure 5.4, lane 3 and lane 3’). The reason could be that the PCR
master mix in TruSeq kit did not have optimal proof reading activity for the uracil
bases in the bisulfite converted template. The protocol was improved by using the
TruSeq primer cocktail into the PCR protocol as described by Gu et al and smith et al
(Gu et al., 2011; Smith et al., 2009). PfuTurbo Cx DNA polymerase was used as the
amplifying enzyme. It has been proposed that a high frequency of uracils in bisulfite
converted DNA results in “uracil stalling” by the DNA polymerase (Smith et al.,
2009). PfuTurbo efficiently reads through uracils in the template strand, but its
enhanced proofreading activity prevents PCR-induced point mutations (Figure 5.4 and
Figure 5.5).

Figure 5.4. PCR optimizations of multiplexed RRBS library with different master mixes.
1, PfuTurbo master mix, 3 µL DNA template and 1.2 µL PfuTurbo Cx hotstar enzyme. 2, PfuTurbo
master mix, 1 µL DNA template and 0.5 µL Pfu Turbo Cx hotstar (Gu et al., 2011); 3, Illumina TruSeq
protocol, 4, PCR of size selected but not bisulfite converted library with PfuTurbo master mix. 1-4 = 20
cycles of PCR, 1’-4’ = similar PCR mix as 1-4 but amplified with 30 PCR cycles.

!

151!

Considerations and Improvements for Multiplexing Reduced Representation Bisulfite Sequencing Libraries!

Figure 5.5. Three RRBS libraries prepared by modified amplification protocol. Three different
RRBS libraries (X9012, X9014 and X9016) were amplified after bisulfite conversion with 15 and 20 PCR
cycles and electrophoresed in 3% nusieve gel for 90 minutes (50 volts). Ladder: 25 bp (Invitrogen).

Furthermore, Gu et al (2011) recommended 1 µL DNA template and 0.5 µL PfuTurbo
Cx hotstar enzyme to be added in 25 µL PCR master mix (lane 2 and 2’ in Figure
5.4). However, we have observed that increasing the DNA template and polymerase
enzyme (i.e., 3 µL DNA template and 1.2 µL PfuTurbo Cx hotstar enzyme in 25 µL
PCR master mix) yields better amplification results (lane 1 and 1’ in Figure 5.4).
Based on these results we decided to prepare PCR master mix of 25 µL by adding 3
µL DNA template and 1.2 µL PfuTurbo Cx hotstar enzyme to perform semiquantitative PCR for the samples. Figure 5.5 shows an example of three RRBS library
successfully generated by the modified protocol. Based on the gel results, the final
libraries were amplified using 15 PCR cycles (Figure 5.5). This section of the work
has been separately published as customer success story by Agilent Technologies,
USA (see supplementary information).

5.5(Bisulfite(conversion(
!
During the initial preparation of multiplexed RRBS libraries it was observed that the
bisulfite conversion rates of some of the libraries were poor. Sub-optimal conversion
rates of two libraries prepared for GAII sequencing application were explained
previously (Chapter 3). The literature suggested, “this appears particularly crucial for
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human genomic DNA, possibly because of different base composition compared with
mouse DNA” (Gu et al., 2011; Meissner et al., 2008). To address incomplete
conversion and to achieve a consistent C-to-U conversion rate of > 99%, two
consecutive rounds of bisulfite conversion were suggested (Gu et al., 2010).
However, while performing two rounds of bisulfite treatment on a DNA sample, we
found significant DNA loss from the library and the recovered material was not
enough for further processing and sequencing operations. Therefore, a modification
was introduced to the protocol. Instead of incubating the DNA with bisulfite
conversion reagents for 12 hours as recommended by the manufacturer, the incubation
time was increased to 20 hours, followed by purification. This modification enabled
avoidance of the two rounds of purification and yielded enough DNA for further
processing. The conversion rates were >97% for all the samples prepared by
following this protocol (Table 5.4). The conversion rates are calculated from nonCpG methylation percentages as described in Chapter 3. The non-CpG methylation
percentages are a summation of true non-CpG methylation in the genome and bisulfite
conversion failure. So, the actual bisulfite conversion rate could be higher than that
mentioned in Table 5.4, considering a small percentage could be true non-CpG
methylation.

5.6(Bioanalyser(trace(
!
The quality of the prepared RRBS library was checked using Agilent bioanalyser
2100 machine as described in Chapter 3 (section 3.8). A high sensitivity DNA chip
was used and 1 µL of the final library was run in the machine. Figure 5.6 shows an
example of an electropherogram of a RRBS library. The peaks in the
electropherogram show the presence of 160-340 bp DNA fragments in the library.

!
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Figure 5.6. Representative Bioanalyzer electropherogram of a RRBS library. Each of the RRBS
libraries was run on an Agilent 2100 Bioanalyzer using the high sensitivity DNA kit to determine the
quality of the samples. The electropherogram displays a plot of fragment size (bp) versus fluorescence
intensity (fluorescence units, FU). Peaks at 35 bp and 10380 bp represent lower and upper markers.
The 160- 340 bp peaks represent the RRBS library.

5.7(Base(composition(of(RRBS(libraries(and(baseQcalling(during(
sequencing(
!
RRBS libraries were generated after digestion with the methylation insensitive
enzyme MspI. After digestion, Illumina adaptors were ligated to the fragments and
size selected. The size-selected fragments were then bisulfite converted. As a
consequence of bisulfite modification, four distinct DNA strands are created after
PCR amplification. These four strands are (i) (bisulfite) Watson or the original top
strand (ii) the reverse-complement of Watson (iii) (bisulfite) Crick or the original
bottom strand (iv) and the reverse complement of Crick. In shotgun sequencing, the
sequenced reads can be derived from any of these four strands. However, for the
method used here, the adaptors were ligated to MspI digested fragments prior to
bisulfite treatment. As the adaptors were ligated to only the MspI digested strand, i.e.,
the original top strand (OT) and the original bottom strand (OB), and the Illumina
sequencing proceeds in 5’ to 3’ direction, the sequenced reads were obtained
exclusively from these two strands. This protocol is referred as directional
sequencing.
The result of this protocol is that the reads will always start with CGG (when the first
C is methylated) or TGG (when the first C is unmethylated and is converted to T after
!
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bisulfite conversion and PCR) as they are derived from MspI digested fragments (the
recognition motif of MspI is C’CGG). This non-random base composition is a unique
property of RRBS libraries, which significantly differs from normal genomic libraries,
which are prepared after DNA shearing.
To perform base-calling, Illumina has a default software called the Real Time
Analyser (RTA) software which runs on the processor of the HiSeq2000. The
Illumina RTA algorithm uses the first 4 sequencing cycles to set internal standards for
fluorescence throughout the run, a system based on the assumption that a relatively
random distribution of bases will be found in at least two of those cycles. It was a
concern that MspI digestion and the bisulfite conversion together might confound the
scheme of RTA base-calling as all of the fragments begin with CGG or TGG.
The base composition features for the sequenced libraries are illustrated in Figure 5.7,
which shows the frequencies for each base channel over all machine cycles for two
lanes: 5.7A (lane 4) contained regular multiplexed human genomic libraries and 5.7B
(lane 8) contained multiplexed bisulfite converted libraries (note that the spikes
present at 100 cycles in both lanes correspond to the 6 bp index (barcode) sequence at
the beginning of the paired-end read). The initial forward read (the MspI digested,
adaptor ligated fragments) is termed as Read1 and the reverse read that is
complimentary to the Read1 is termed as Read2. The first sequencing primer binds to
the adaptors and sequence the Read1. Then, a second primer facilitates the sequencing
of a 6 bp index sequence. Finally, a third sequencing primer completes sequencing the
Read2, i.e., the complementary strand of Read1. So, Read1 is sequenced from either
the original top strand or original bottom strand and Read2 is the complementary to
OT, or complementary to OB.
The biased intensities for C and T in the RRBS samples are evident in Read1, as are
the corresponding A and G biases in Read2. Moreover, as the libraries were bisulfite
converted, the percentage of C base calls were low in Read1 and a low percentage of
the G base calls in Read2. This skewed base composition is a specific feature of
RRBS libraries as the non-RRBS genomic libraries have a normal distribution of all
four bases (Figure 5.7A). Therefore, it was important to evaluate the read quality for
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the RRBS lanes to check whether non-random base composition in the first three
bases caused suboptimal base-calling.

Figure 5.7. Comparison of base-calling between regular genomic libraries and RRBS libraries.
Relative intensities for each base channel are shown across the 200 cycles of a 100 bp paired-end
HiSeq 2000 sequencing run. A. Multiplexed human genomic libraries, lane 4. B. Multiplexed RRBS
libraries, lane 8.

5.8(Offline(base(caller((
!
To compensate for suboptimal base-calling and potentially reduced read quality due
to non-random base composition at the start of sequencing cycle, one could include an
internal standard (genomic DNA that can be expected to have random base
composition in the first 4 cycles) at a sufficiently high level in the same lane or, as a
subsequent operation, to set the standards from a lane containing clusters that are
expected to be random. Although the latter operation of using an alternative standard
lane is an option of the RTA system, this step was not performed at that time since it
was not necessarily obvious in advance which other lanes might contain appropriately
random samples or generate good quality sequence data. Running multiple samples on
the eight lanes of a HiSeq2000 flow cell makes it difficult to predict in advance which

!
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lanes are correctly loaded and will generate good clusters, hence it is more reliable to
wait to review the outcome of the run when it has ended. For that reason, post-run
standardization using a designated standard lane with the Illumina off-line basecalling application (OLB) was performed. OLB applies the same base-calling
algorithm as RTA. The OLB program was used to repeat the base-calling using the
intensity data derived from genomic libraries (Figure 5.6A) as the standard.
Comparisons of base-calling performed by RTA and OLB for each sample are shown
in Table 5.1. A point to be noted here is that the read numbers shown in Table 5.1 are
the raw reads which were obtained after base-calling and not the aligned reads. The
comparison of alignment between RTA and OLB derived reads are discussed later in
this chapter (section 5.9).
For Read1, OLB showed an increase ranging from 1.8% to 3.5% in the number of
sequenced bases retained after quality trimming to a Phred score of 30
(fastq_quality_trimmer –t 30) compared to RTA. In contrast, Read2 showed more
variable results with some libraries showing a decrease in the number of retained
sequenced bases; the difference in the retained sequenced bases ranged from -1.6% to
0.9%. Further, OLB showed an increase in the number of sequenced reads for both
Read1 and Read2 for all five RRBS libraries sequenced in one lane (Table 5.1). The
increase in the percentage of reads for OLB-derived data compared to RTA ranged
from 2.9% to 0.8%.
Table 5.1. Comparison between base-calling performed by RTA (Real Time Analyzer) and OLB
(Off-Line Base-caller) of multiplexed samples after quality trimming to a Phred score of 30
Sample ID

Number of
bases after
RTA

Number of
bases after
OLB

% change
(OLB vs
RTA)

Number of
reads after
RTA

Number of
reads after
OLB

% change
(OLB vs
RTA)

1

1520286198

1548285294

1.8

16377421

16503971

0.8

2

2282620124

2350814836

3.0

24702835

25201462

2.0

3

2753391480

2846632920

3.4

30043201

30847092

2.7

4

1280388372

1325584268

3.5

13754015

14152462

2.9

5

1837282806

1881566740

2.4

20849236

21178885

1.6

Read1

!
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Read2
1

1512562937

1503732114

-0.7

16377421

16503971

0.8

2

2214536843

2212529249

-0.1

24702835

25200712

2.0

3

2621636705

2631071280

0.4

30043201

30847092

2.7

4

1265479416

1276840465

0.9

13754015

14152462

2.9

5

1516530411

1492797800

-1.6

20849236

21178885

1.6

The overall quality of the sequencing reads generated by RTA and OLB were checked
with FASTQC (version 0.10). A point to be mentioned here is that the data shown in
Table 5.1 was after quality trimming with a Phred score cut-off 30; but the FASTQC
plots were generated with raw sequenced reads without any trimming. From the
FASTQC plots, it was found that the average Phred score value was marginally higher
for the reads derived from OLB than RTA (Figure 5.8). Figure 5.8 shows for the first
two bases in sequenced reads the median Phred quality score (red bar) is 32 for OLB
derived data, whereas for RTA derived data the median Phred score is below 32.
Similarly, for the 95-99 cycles of the sequenced reads the median (red bar) and mean
quality score (blue line) is lower for of RTA derived data than for OLB.

!
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!

Figure 5.8. Per base sequence quality of sample 2 as generated by FASTQC for the dataset obtained from RTA base-calling (A) and OLB base-calling (B). The
yellow box plots (red bar: median, box: interquartile ranges 25-75% and whisker: 10-90% percentile) show the base-calling Phred quality scores across all sequencing reads of
sample 2. The blue line indicates the mean quality score. The other samples had similar per-base sequence quality.

Considerations and Improvements for Multiplexing Reduced Representation Bisulfite Sequencing Libraries!

!

From one HiSeq flow cell lane, containing five RRBS library, a total of 320 Gb of raw
data was generated. A summary of the data generated for each library is shown in Table
5.2. Following base-calling by RTA, a total of 55.3 Gb of sequence was obtained from
the lane. Illumina CASAVA software (version 1.8.2) performed de-multiplexing step
based on the index adaptor sequence in the library. The de-multiplexing step enables
each sample to be recognized separately based on its 6 bp index. After de-multiplexing
of the libraries, 8.6, 12.9, 15.7, 7.2 and 10.9 Gb of uncompressed data were generated
for each of the five libraries sequenced (Table 5.2).
Table 5.2. Details of data generated for multiplexed RRBS libraries

!
Sample
ID

Compressed
sequence volume for
2 reads (Gb)2

Uncompressed
sequence volume for 2
reads (Gb)

Paired
end reads
(106)

1

3.30

8.6

32.8

2

4.99

12.9

49.4

6.06

15.7

60.0

4

2.78

7.2

27.5

5

4.21

10.9

41.7

3

Raw data
(Gb)1

320

After RTA
basecalling
(Gb)1

55.3

1 RTA

uses the cif files to perform the base-calling and produce .bcl files; the samples are not demutiplexed at this stage. 2 CASAVA performs the de-multiplexing and uses the .bcl files to generate
FASTQ files for each of the samples.

Furthermore, 32.8, 49.4, 60.0, 27.5 and 41.7 million paired-end sequence reads were
obtained for each of the five libraries leading to a total of 211.4 million paired-end reads
from one lane (42.28 million reads per sample at an average), which ensured high
coverage of CpG sites in the consequent aligned dataset.
!
While performing the de-multiplexing step, if the program (CASAVA version 1.8.2 in
this analysis) cannot find correct match for all the 6 base-pair index sequence, then the
sequenced read cannot be de-multiplexed and assigned to a particular library. These
sequenced reads are saved as undetermined indices. Although good number of reads for
each of the libraries was achieved in the current analysis, the read numbers varied
between samples (Table 5.2). This led to the investigation of the number of
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undetermined indices during base-calling. It was found that a total of 237.6 million
paired-end sequence reads were produced during the run, of which 211.4 million reads
was de-multiplexed successfully as mentioned above, whereas 26.4 million reads had
undetermined indices (for both Read1 and Read2). The percentage of reads with
undetermined indices was 10.9% of the total reads. The genomic DNA control lane used
by OLB had 5.5% undetermined reads. Also, in our subsequent sequencing runs it was
observed that the lane containing RRBS libraries has more undetermined indices
compared to genomic DNA library. This could suggest that the RRBS library
contributes to more misreads during the index sequence read cycles, perhaps through
more mispriming. The Illumina adaptors are methylated, so theoretically they should be
unaffected by bisulfite conversion. But if a small proportion of adaptors changes their
sequence composition due to bisulfite conversion, then the second sequencing primer
will fail to sequence the indices. Also, if one of the six index bases get bisulfite
converted, the sequenced read will be undetermined. We observed that the proportions
of undetermined reads are not identical in each library sequenced in a lane; therefore
variable numbers of sequenced reads were generated for each library.
Moreover, during multiplexed sequencing runs different libraries were pooled in
equimolar ratio for the cluster generation step. At the NZGL facility each sample is
made into a 2 nM working stock concentration then pooled in equal volumes. For five
RRBS libraries, 5 µL of each library were pooled, making a total volume of 25 µL. 10
µL from this pooled libraries was then denatured with NaOH and diluted to a
concentration of 8 pM. 120 µL of the final diluted sample is used in the Illumina cBot
machine for cluster generation. So, accurate quantification of each library could play an
important role in multiplexed runs to achieve similar sequencing yields for each indexed
sample.

5.9$Mapping$of$de/multiplexed$libraries$
!
After the sequenced reads were obtained from both RTA and OLB, the alignment of the
sequenced reads to the reference genome was compared. Some aspects of mapping
RRBS sequence reads from multiplexed runs are described below.

!
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5.9.1$Single/end$(SE)$or$paired/end$(PE)$mapping?$
!
Paired-end sequencing is by far the preferred method for most genome-wide studies
published. A general misconception is that, the paired-end reads yield methylation
results for both the forward and the reverse strand, i.e., - if the Read1 is sequenced from
the forward strand, then the Read2 is sequenced from the reverse strand in the genome.
In reality, a paired-end read results from amplification of either the original top strand,
or the original bottom strand by sequencing primers. As described in section 5.6, the
Read1 is sequenced from either the original top strand or original bottom strand and
Read2 is the complementary to either original top or bottom strand. As a result,
overlapping paired-end reads will yield identical methylation information for the same
strand. As a consequence, overlapping paired-end RRBS read might give a false
impression of ‘twice as many reads therefore twice as many methylation calls’ for a
region (Felix Krueger, 2011). However, these are potentially identical methylation calls
from the same strand. So, one needs to discard the redundant methylation calls in the
regions of overlapping paired-end reads to avoid false increase in coverage due to
identical methylation calls. For this reason, although we described paired-end
sequencing operations in this chapter for the completeness of the analysis, while
performing alignment, we opted for single-end (SE) mapping for all RRBS libraries
sequenced. For similar reasons other groups performing RRBS also opted for SE
mapping (Gu et al., 2010; Meissner et al., 2008).

5.9.2$Different$data$format$
!
Progressive refinements in the instruments and sequencing chemistry have extended the
lengths of reads and these changes have been accompanied by updates to the analytical
software. Consequently changes have been made in the header lines of the FASTQ
output files: the tile numbering has been changed and the quality codes have switched
from an Illumina-defined scheme to that of Sanger (Cock et al., 2010) in the HiSeq
sequencing platform compared to the GAII platform. Examples of FASTQ files from
the two different generations of machines, chemistry and software are shown in Figure
5.9. While these changes may seem minor, they posed issues with specific tools for
further analysis of the data, e.g., graphical quality checks according to tiles in SolexaQA
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(Cox et al., 2010), removal of adaptor sequences using cleanadaptors program or the
methylation analysis of CpG sites.

Figure 5.9. Different format of sequenced reads in different versions of sequencing machines.
a. Two reads from a run performed on GAII machines. b. Two reads from a run performed on HiSeq2000.
CASAVA 1.8.2 used with HiSeq2000 runs dispenses the repeated header line before the quality line in
contrast to GAII sequenced reads. The other change is that the header line is split and contains a read
number (Read 1 or Read 2) and the index is included in the sequences from the HiSeq2000 but not from
the GAII.

Differences in header lines between different files confounded programs used in
subsequent data processing. Hence, it became necessary to make changes in the scripts
that interface with programs or to introduce flexibility into programs or scripts so that
they work with the data generated from either sequencer. In this context, several codes
were rewritten in order to recognize the header lines from different versions of the
sequencing chemistry and perform the same operation for all the sequenced RRBS
dataset.

!
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5.9.3$Alignment$comparison$of$RTA$and$OLB$derived$sequenced$reads$
!
Previously (Chapter 4), a pipeline was described for the efficient processing and
alignment of RRBS data for methylation analysis (Chatterjee et al., 2012). Following a
similar strategy, the datasets were preprocessed and the reads were aligned against the
complete human reference genome (NCBI GRCh 37 build) using the bisulfite aligner
Bismark (Krueger and Andrews, 2011) and the mapping performance of both RTA and
OLB derived data were contrasted (Table 5.3).
Comparison of mapping between the RRBS libraries showed that increased numbers of
uniquely aligned sequenced reads were obtained for sample 1, 4 and 5 from the OLB
compared to RTA (Table 5.3). However, for sample 3 decreased mapping efficiency
was observed on the OLB data. This analysis suggested that it is worthwhile assessing
the benefits of running OLB for each sequencing run for libraries that have significantly
non-random base composition (e.g. RRBS). However, the choice of whether RTA or
OLB derived libraries are processed for further analysis is based on the extent of
improvement in the number of high quality reads retained and the mapping efficiency.
For example, for the current run, for samples 1, 4 and 5 OLB derived-data and for
sample 3, RTA derived data can be chosen for further analysis to maximize the number
of uniquely aligned sequenced reads. It is possible that for other multiplexing runs the
OLB derived data will show marked improvement in quality and mapping, if RTA fails
to perform at an optimal level. Therefore, it was concluded that, for each multiplexed
sequencing run comparing the output from OLB and RTA and then choosing the
samples with better mapping efficiency in combination from both process (i.e., OLB
and RTA) will maximize the data returned from an individual library after demultiplexing.
Table 5.3. Comparison of mapping performance between RTA and OLB datasets
Sample ID

!

RTA
Unique
Uniquely
mapping (%)
aligned reads

OLB
Unique
Uniquely
mapping (%) aligned reads

1

71.2

11513092

71.9

11681235

Change in
read
numbers
(OLB vs
RTA)
168143

2

59.4

13998639

58.3

13945432

-53207
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3

66.5

18785673

55.3

15940503

-2845170

4

71.4

9603345

71.9

9907812

304467

5

63.4

11296038

63.8

11508956

212918

The mapping runs were performed on a Mac Pro with 64 bit duo quad core Intel Xeon processors and with
22 Gb RAM running MacOS 10.6. The samples were mapped using Bismark v0.6.4 against the
GRCh37.65 build of the human genome.

5.10$Details$of$the$RRBS$libraries$sequenced$using$multiplexed$
method$
!
Following the strategy described above, a total of eleven libraries were sequenced in
Illumina HiSeq2000 platform and good quality data were obtained from them. The final
cycle number for amplification, the adaptor index used and the number of reads
obtained from each sample are described in Table 5.4. Bisulfite conversions were
checked using Bismark run report as described in Chapter 3.
Table 5.4. Details of the RRBS libraries sequenced by indexed (multiplexed run)1
Index2

No of cycles
needed to
amplify

No of reads
(in millions)

BS convert4,

Date

X9010

10

17

11+19.5 = 30.53

97.3%

August-October,11

X9007

2

18

9.5

99.6%

December,11

X9019

8

16

30.0

97.7%

February,12

X9020

10

18

20.8

98.4%

February,12

X9014

3

15

21.5

99.0%

June,12

X9016

8

15

97.7%

May,12

X9012

8

15

11.0+38.0 =
49.03
32.9

97.6%

June,12

X9018

10

15

45.7

98.1%

June,12

X9021

3

15

45.5

98.3%

May,12

X12_replicate

8

16

17.7

98.0%

July, 12

Sample ID

1 The

sequencing runs were 100 bp and paired end (HiSeq2000). Only the Read1 was used for mapping
purposes (SE mapping). 2 The numbers indicate the adaptor sequence used for the library from Illumina
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TruSeq genomic DNA library preparation kit. 3To recover enough number of reads these samples were
resequenced. 4These libraries were incubated for longer time (20 hours) for bisulfite conversion.

Summary and discussion points: The advancement in the throughput of sequencing
platforms made multiplexing of RRBS libraries inevitable. Here I describe the
modifications and improved strategies for preparing multiplexed RRBS libraries. In
addition, we evaluated the benefit of an alternate base calling system, i.e., the Offline
Base caller and compared the quality, the sequence and read output and the finally the
alignment efficiency with the default base caller (Real Time Analyser). After this work
the entire workflow (starting from library preparation to base calling to alignment) of
RRBS became streamlined in our laboratory, and others have successfully used this
workflow. Two critical aspects of this work (library preparation and base-calling) are
discussed in more detail in Chapter 9 (section 9.4).
Contribution statement: I performed the experiments described for streamlining the
multiplexed RRBS library preparation protocol. The comparison of RTA and OLB was
performed in collaboration with Dr. Peter Stockwell and I interpreted the results.
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Chapter$6:$Exploration$of$RRBS$data$and$
Documentation$of$a$Differential$Methylation$
Analysis$Pipeline$
---------------------------------------------------------------------

Chapter Summary:
After obtaining sequenced reads from all the RRBS libraries, alignments were performed.
Several analyses were then performed to understand the nature of the RRBS data, such as,
alignment, coverage, distribution of methylation, effect of fill-in reaction and overlapping
MspI fragments. Further, this chapter describes how processed reference methylomes for
the individuals were generated and the approaches taken to establish variable methylation
patterns between them. Work from this chapter resulted in two articles submitted for
publication, they are 1) Chatterjee, A., et al. Mapping the zebrafish brain methylome
using reduced representation sequencing (under revision, 2013) and 2) Stockwell, P.A.,
and Chatterjee, A. et al. DMAP: Differential methylation analysis package for RRBS and
WGBS data (under revision, 2013).

Strategies to evaluate the quality of the data, filtering the low quality sequence reads
and aligning the reads to the reference genome were described in Chapters 4 and 5.
Following the steps described in previous chapters, all the other RRBS libraries were
processed and aligned to the reference genome. Once the alignments were performed,
the next step was to explore different features of the RRBS data and devise a pipeline to
detect inter-individual DNA methylation variation between the individuals investigated.
However, to analyse, visualize and annotate differential methylation, adequate tool was
not available. Therefore, several tools were used in combination on the aligned
sequenced reads to obtain a good understanding of the nature of the reduced represented
bisulfite sequenced data, to alter the methodology of the analysis when required and to
apply strategies for identifying variable methylation patterns in the individuals
investigated. Further, novel tools (the DMAP package, see Chapter 2 for description)
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were developed in house to handle RRBS data, perform methylation analysis, perform
appropriate statistical tests and to identify variable methylation patterns between the
individuals.

6.1$Alignment$of$the$Sequenced$libraries$
!

6.1.1$Mapping$to$the$reference$genome$
!
A total of 344.1 million single-end reads were produced from 12 RRBS libraries
(including the X9012_replicate), giving rise to almost 34 billion base pair of DNA
sequence to be analyzed in this project. As described in the Chapters 4 and 5, the
alignments of the sequence reads were performed using the Bismark aligner.
The libraries were hard trimmed to variable lengths to maintain good quality towards
the 3’end of the sequenced reads. The X9006 dataset was trimmed to 65 bp since the
quality of the data dropped significantly after 65 cycles. X9007 showed high quality
base-calling till the 100th cycle, as a result, trimming was not necessary. From the
X9007 library, 9.5 million single-ended reads were obtained. The sample was resequenced twice to recover more reads; however inefficient cluster generation for
X9007 repeatedly resulted in low read numbers. A reason could be that the barcode of
the adaptor sequence was damaged; therefore the reads from them were not recognized
at the data processing stage. Additionally, it is possible that, although the quantification
step showed the presence of sufficient double stranded DNA in the prepared library, the
actual number of valid fragments (with adaptor ligated on both side) were low. The
library could not be re-prepared since it was not possible to get additional DNA from
the participant.
Details of read numbers and mapping efficiencies of the aligned libraries are shown in
Table 6.1. A small proportion of reads were discarded after quality check and adaptor
clean up steps (Table 6.1). The highest alignment efficiency was achieved for X9018,
where 67.8% of the reads mapped uniquely to the reference genome, whereas the lowest
unique mapping was 50.8%, for the sample X9007. The alignment efficiency improved
further when filled-in cytosines were removed from the sequenced reads (discussed in
section 6.5). The developers of the RRBS protocol (Meissner’s group) achieved unique
!
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mapping of 40.5% to 44.6% (Bock et al., 2010). However, with our improved strategies
and mapping criteria we achieved > 60% unique mapping for most of our samples (8
out of 12).
Table 6.1. Sequenced RRBS Library mapping summary#
Reads after Unique
Multiple
CpG
QC check mapping
mapping
methylation
and adaptor (%)
(%)
percentage in
cleaning
the sample
(millions)
X9015
18.5
75
18.4
60.8
13.0
37.7
X9006
21.9
65
21.7
55.2
21.7
38.2
X9010
31.1
75
30.9
58.9
21.3
34.1
X9007
9.5
100
9.1
50.8
8.9
32.0
X9019
30.0
80
28.3
66.5
17.0
29.6
X9020
20.8
80
17.9
63.4
14.6
27.6
X9014
21.5
90
18.7
64.1
19.0
24.7
X9012
32.9
85
31.3
67.3
17.8
31.5
X9018
45.7
85
43.8
67.8
14.5
34.1
X9016
49.0
80
45.6
67.4
19.2
32.9
X9021
45.5
80
43.1
67.8
18.6
27.5
X9012 _replicate
17.7
85
16.3
66.0
19.0
35.1
# The reads were mapped against the complete human genome GRCh37. The mapping runs were
performed on a Mac Pro with 64 bit duo quad core Intel Xeon processors and with 22Gb RAM running
MacOS 10.6 and later MacOS 10.7.
Sample ID

Sequenced
reads
(millions)

Length
after hard
trimming

The percentage of reads which mapped in multiple locations of the genome varied
between the samples. X9006 showed the highest multiple mapping of 21.8%, whereas
X9007 showed the lowest multiple mapping of 8.9%. These results revealed that the
percentage of multiply mapped reads is not always directly related to the percentage of
unique mapping, i.e., if the percentage of unique mapping is highest for a library
(among those investigated) then the percentage of multiple mapping will be lowest in
that library. Perhaps, the relative percentages of unique and multiple mapping reflect
four factors together: the proportion of fragments derived from repetitive regions of the
genome, sequencing errors, trimmed read length and the aligner’s ability to map them.
The Bismark summary reports after the alignment also showed the CpG methylation
percentages in the libraries. The percentages varied between the samples. X9006
showed the highest percent methylation of 38.2% and X9014 showed the lowest of
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24.7%. The average methylation percentage of the samples was 34.5% and the median
was 34.2%.

6.1.2$Re/visiting$hard$trim$vs.$dynamic$trim$
!
In Chapter 4, the concept of hard trim and dynamic trim was discussed. We showed that
removing adaptor sequences from the sequenced reads is a step that must be performed
for better alignment efficiency. After adaptor trimming, to further improve the average
quality of the sequenced reads; either hard trimming or dynamic trimming (based on
quality) can be performed. Based on the results from the X9015 library, we reasoned
that hard trimming provides better mapping efficiency than dynamic trimming. After
obtaining sequenced reads for all the RRBS libraries the aspect of hard trim vs. dynamic
trim was tested again.
To do this, first, the adaptor sequences were removed from all the libraries using the
cleanadaptors program. Second, the sequenced reads from the libraries were either
dynamically trimmed (with a Phred score cut off of 30) or hard trimmed. The extent of
hard trimming for the libraries was already described in Table 6.1. Third, the alignment
was performed independently on both datasets, i.e., i) adaptor trimming + hardtrimming and ii) adaptor trimming + dynamic trimming libraries. The results were
described in Table 6.2. For, the X9007 library the comparison was not performed as we
decided to use full length (100 bp) sequenced reads for the alignment as discussed
above.
The results showed that 7 out of 11 libraries had an increased mapping efficiency for
hard trimmed datasets compared to dynamic trimmed datasets. X9016 showed the
highest increase of 3.6% while X9014 showed a 0.5% increase. The increase in
mapping efficiency for the other 6 libraries ranged from 1.3% to 1.8% (median = 1.4).
Three libraries (X9015, X9010 and X9006) showed decreased mapping for the hard
trimmed data compared to dynamically trimmed. It was also observed that 10 out of 11
sequenced libraries showed increased multiple mapping with dynamically trimmed
datasets compared to hard trimmed datasets (median = 0.7). X9016 showed no change
in multiple mapping in both alignments (Figure 6.1). Since dynamic trimming results in
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shorter read lengths (the program can trim a sequenced read up to 4 bp in length),
multiple mapping increased for almost all the libraries.
These observations confirmed the results from Chapter 4; therefore, as a general
strategy, we performed adaptor trimming + hard-trimming combination rather than
adaptor trimming + dynamic trimming.
Table 6.2. Comparison of alignment efficiencies between hard trimmed and dynamically trimmed
libraries

13.3

Dynamic
trim
multiple
mapping
(%)
17.9

% change
in
dynamic
to hard
trim
4.6

-0.6

22.6

24.3

1.7

59.6

-1.1

22.1

23.6

1.5

72.4

72.4

0

15.4

15.4

0

X9019

67.4

66.0

1.4

17.5

17.7

0.2

X9020

64.2

62.9

1.3

14.8

15.3

0.5

X9014

64.7

64.2

0.5

20

20.7

0.7

X9012

68.8

67.4

1.4

17.9

18.5

0.6

X9018

70.4

68.6

1.8

15.3

16

0.7

X9016

69

65.4

3.6

18.4

18.4

0

X9021

66.6

65.3

1.3

19.4

20.1

0.7

Sample ID

Hard trim
unique
mapping (%)

Dynamic trim
unique
mapping (%)

% change
hard trim to
dynamic

Hard trim
multiple
mapping
(%)

X9015

60.7

66.7

-6.7

X9006

55.5

56.1

X9010

58.5

X9007

6.1.3$Bismark$SAM$file$
!
Following the alignment process, Bismark produced a SAM (short alignment map) file
containing several layers of information about the uniquely aligned sequenced reads.
For further analysis only uniquely aligned reads were used. An example of a typical
SAM file containing two uniquely aligned reads is shown in Figure 6.1. The annotations
in the figure indicate the information that is stored in the SAM file.

!
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Figure 6.1. A Bismark SAM output after alignment showing two reads. Red arrows annotate different fields in the read and the information returned by them. The SAM file
contains only uniquely aligned reads after alignment.
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6.2$Basic$Analysis$using$R$package$

!
methylKit is a R package designed specifically to analyze RRBS data (Akalin

2012). Some initial assessments on the RRBS data were performed using this p

to better understand the nature of the data, with respect to coverage, overall meth

distribution of CpG sites and some preliminary statistics. The package uses info

directly from the SAM file. After processing the SAM file, the program produces

text file for each sample with information about all CpG sites that are covered b
more sequenced reads. Figure 6.2 is a screenshot of a CpG text file for a RRBS

The file gives information on genomic position, the strand of the CpG sites, c
(number of sequenced reads per CpG) and methylation status of the CpG sites.

Figure 6.2. Example of CpG file produced by methylKit. The CpG text file lists out all the Cp
having coverage of 10 or more in a particular library. freqC = methylated, freqT = unmethylated.
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6.2.1$Methylation$Coverage$$
!
Read coverage per base information was plotted for all the samples from the CpG text
file, to reveal the CpG coverage obtained from sequencing; noting from Figure 6.2
above that sites having < 10 reads were excluded. For X9012, there were 2.5 million
CpG sites that had coverage ≥ 10 Figure 6.3 shows a representative histogram of the
CpG coverage for one of the libraries (X9012), the other libraries were similar. In
Figure 6.3, for X9012, 22.0% of the cytosines, corresponding to ~0.59 million CpG
sites, were covered by 10-15 sequenced reads. Similarly it can be derived from the
graph that for the 2.5 million CpG sites, the coverage in the ranged from 10 (log10 = 1)
to 250 (log10 = 2.4).
In RRBS experiments a single MspI fragment will be sequenced several times,
therefore, a single CpG site is expected to be covered by multiple sequenced reads.
However, libraries subjected to heavy PCR duplication will show a secondary peak at
the right hand side of the graph (Figure 6.3), since some fragments will be sequenced at
extremely high numbers due to amplification bias. As shown in the representative
Figure 6.3, there is no such secondary peak on the right. For X9012, the read coverage
for all the sequenced CpG bases ranged from 10 to 250. None of the other RRBS
libraries in this project showed secondary peak, indicating that the PCR-induced
amplification bias was minimal.
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Figure 6.3. CpG site coverage histogram of a RRBS library (X9012). The Y-axis represents the
number or frequency of CpG sites and X-axis log 10 values corresponding to the number of reads. The
numbers on the bars denote the percentage of CpG site contained in the respective bins. In X-axis, 1 = 10
reads (log10 10), 1.5 = 31 reads (log10 31), 2 = 100 reads (log10 100), 2.4= 250 reads (log10 2.4), 2.5 = 317
reads (log10 2.5), 4 = 10000 reads (log10 4).

6.2.2$Methylation$distribution$per$base$
!
Next, the percent methylation of CpG bases was plotted for the RRBS libraries to
illustrate the overall distribution and modality of CpG methylation. Figure 6.4 shows a
representative histogram (from library X9012) of percentage methylation per CpG base,
the other libraries showed similar histograms.
The Figure shows that ~1.17 million (see Y-axis) CpGs (43.5% of the total CpGs) are
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completely unmethylated (i.e., < 5% methylation) and ~ 0.45 million (17.1% of the
total) CpG sites have > 95.0% methylation. In a cell a CpG base is either methylated or
unmethylated, so in a RRBS library where many cells are looked at once a bimodal
distribution (i.e., hypo-methylation and hyper-methylation) of methylation is expected.
RRBS libraries typically enrich for CpG islands and since CpG islands are largely
unmethylated in the human genome, we would expect a higher proportion of
unmethylated CpGs over methylated. The bimodal distribution of methylation levels
were similar to previously published bisulfite conversion based studies (Deng et al.,
2009; Laurent et al., 2010; Zhang et al., 2009).

Figure 6.4. CpG site methylation histogram of a RRBS library (X9012). The numbers on the bars
denote the percentage of CpG sites contained in the respective bins.
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6.2.3$Quartile$distribution$of$CpG$methylation$$
!
The methylKit package also provides some descriptive statistics of the methylation
distribution of the libraries. Table 6.3 shows the quartile distribution of CpG
methylation in the X9012 library and the percentile distribution of CpG methylation is
shown in Table 6.3. As previously described (in section 6.2.2) the distribution of overall
CpG methylation patterns from Table 6.3 again reflects a bimodal methylation
distribution of CpG sites (i.e., the CpG sites sequenced are either methylated or
unmethylated), where a large proportion of the CpG sites were unmethylated.
Table 6.3. Methylation per quartile in a representative sample (X9012)
Minimum

1st Quartile

Median

Mean

3rd Quartile

Maximum

0.0

0.0

9.2

35.6

90.0

100.0

6.3$Bias$due$to$filledCin$cytosine$bases$
!
As described in Chapter 3 (section 3.3), the MspI cut sites were filled-in to prepare the
fragments for ligation to the adaptors. The cut sites can be filled in with either
methylated or unmethylated cytosines. However, in either case, the cytosine might not
retain the original genomic methylation state. For the current project, unmethylated
cytosines were used for filling-in reaction (Figure 6.5). After sequencing and alignment
of the RRBS libraries the affect of filled-in cytosine bases on the alignment efficiency
and methylation percentage were assessed.
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Figure 6.5. RRBS workflow and fill in process. Cytosines in blue retain the original genomic methylation
state, whereas cytosines in red are introduced experimentally during the fragment end-repair reaction. For
the present work unmethylated cytosines were used during the fill-in process. [Image courtesy: Dr. Felix
Krueger, Babraham Institute, Cambridge, UK).

After the adapters are attached, the fragments are treated with sodium bisulfite, which
converts unmethylated cytosines into uracil. At the 5’ end, the first three bases of each
read is either CGG or TGG, depending on its methylation status. However, the filled- in
CG at the 3’ end of the read will always be unmethylated. The length of the sequenced
read was 100 bp, therefore the filled-in unmethylated base will be included in the
analysis for shorter fragments (length between 40-100 bp). However, reads obtained
from the fragments, which were >100 bp in length will not contain this filled-in
cytosine.
Figure 6.6 shows an example of mapped reads and the methylation status of CpG sites
in a randomly selected region of 703 bp of chromosome 1 (X9012 library). After
alignment, the SAM file containing unique reads were sorted according to chromosome
number and imported in to the Integrated Genome Viewer (Thorvaldsdottir et al., 2012)
(see Chapter 2 for details) and CpG methylation in the sequenced reads was visualized.
Prevalence of unmethylated CpG sites can be observed at the 3’ end of the mapped
sequenced reads. Since these cytosines were incorporated during the library preparation
process and do not reflect biological methylation status of the CpG bases in the genome,
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their inclusion for further analysis would introduce a bias in the interpretation of the
methylation status of regions covered by short fragments. Therefore, it was important to
remove such filled-in bases from the sequenced reads for subsequent analysis.
In order to achieve that, sequenced reads from all the libraries were re-processed from
the raw FASTQ sequence file. The cleanadaptor program was modified with additional
functionality to remove the three filled-in bases from the 3’ end of the sequenced reads.
The re-processed files were again aligned with Bismark version 0.7.6 to the reference
genome.

Figure 6.6. Mapped reads and CpG methylation status of a 703 base pair region at chromosome 1
(984255-984958). Mapped reads from Sample X9012 were processed and visualized in Integrated
Genome Viewer (IGV) with the CG track on. The track shows CpGs and their methylation status in the
sequenced reads. Cytosines in blue = unmethylated. Cytosines in red = methylated. The arrows at the end
of the reads represent the direction of the reads. Reference genome used: hg19. The red oval on the right
shows the unmethylated CpG sites from some sequenced reads as an example. The image is an
expanded mode view from IGV tool. The dotted line in the middle is the default screen divider of IGV.

Following the re-alignment, comparison of reads before removal of filled-in bases
(Figure 6.6) and after removal (Figure 6.7) confirmed that the unmethylated bases from
the 3’ end of the reads were successfully removed. Further, Figure 6.8 shows a zoomed-
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in view of a 49 bp region within the 703 bp region. This view allowed closer
examination of the mapped reads and enabled the reference sequence in the genome to
be visible. The image demonstrates the absence of filled-in bases from the 3’ end of the
reads (indicated by the red arrows) and provides a visual example of how they aligned
to the genome.

Figure 6.7. Mapped reads and CpG methylation status of a 703 bp region on chromosome 1
(984255-984958) after trimming the three filled-in bases. Mapped reads from Sample X9012 were
processed and visualized in Integrated Genome Viewer (IGV) with the CG track on. The track shows
CpGs and their methylation status. Cytosines in blue = unmethylated. Cytosines in red = methylated. The
arrows at the end of the sequenced reads denote the 3’ end and indicate the orientation of mapping.
Reference genome used: hg19. The image is an expanded mode view from IGV tool. The dotted line in
the middle is the default screen divider of IGV.
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Figure 6.8. Mapped reads and CpG methylation status of a 49 bp region at chromosome 1 (984341984388) after trimming the three filled-in bases. Mapped reads from Sample X9012 were processed
and visualized in Integrated Genome Viewer (IGV) with the CG track on. The track shows CpGs and their
methylation status. Cytosines in blue = unmethylated. Cytosines in red = methylated. The arrows at the
end of the sequenced reads denote the 3’ end and indicate the orientation of mapping. The sequence
panel at the bottom shows sequence in the reference genome sequence (hg19) for the region. The red
arrows indicate the CpG sites, which have now been removed from the 3’ end of the aligned sequenced
reads. The image is an expanded mode view from IGV tool. The dotted line in the middle is the default
screen divider of IGV.

Interestingly, comparison of Figure 6.6 and Figure 6.7 also reflects how these
unmethylated bases at the 3’ end of the reads could affect mapping, as the mapping
pattern before and after removal of the bases is not identical. Before removal of the
filled-in bases some sequenced reads mapped to the reverse strand of the genome (red
circle in Figure 6.6), after removal of the filled-in bases, these reads did not align, rather
a new group of reads aligned at the same location but in the forward direction.
The difference made by the removal of filled-in bases in mapping efficiency and CpG
methylation percentages were assessed. Table 6.1 shows the percentages of mapping
achieved for each library before trimming the three filled-in bases. Figure 6.9 shows the
comparison of unique mapping efficiency before and after trimming the unmethylated
cytosines.
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Figure 6.9. Comparison of mapping efficiencies before and after trimming of the unmethylated
filled-in bases.

Figure 6.9 demonstrates that for most of the libraries the mapping efficiency has
increased slightly after trimming the filled-in bases, the exception being X9015 and
X9006 where the differences were negligible before and after trim. A marked increase
in mapping efficiency was observed for sample X9007 (from 50.8% to 72.4%).
Comparisons of CpG methylation percentages in the libraries before and after trimming
were also performed (Figure 6.10). When filled-in unmethylated cytosines were
removed, the expectation was that the CpG methylation percentages of the libraries
would show an increase. In fact all the libraries showed an increase in percentage CpG
methylation after trimming, ranging from 1.9% to 2.8%.

Figure 6.10. Comparison of total methylation percentages in the libraries before and after trimming
of the filled-in bases.

!

182!

!

Exploration of RRBS data and Documentation of a Differential Methylation Analysis Pipeline

6.4$Generating$neutrophil$methylomes$for$individuals$
The word methylome refers to the map of DNA methylation in a genome (Pelizzola and
Ecker, 2010). We performed bisulfite sequencing of 12 reduced representation human
genomes from which we generated 12 methylomes for neutrophil.

6.4.1$Unit$of$analysis$for$generating$methylome$
There are several ways by which DNA methylation analysis or annotation of
methylomes can be performed. Since RRBS provides data for each CpG site included in
the library, a common method is to generate a single base resolution DNA methylation
profile. In this method, CpG sites are filtered according to certain user-specified
coverage criteria and then the DNA methylation status of each sequenced CpG site is
investigated (see more in section 6.10.2). Another widely used approach is to divide the
genome into tiling windows and then describe the DNA methylation status per window.
For example, the whole genome can be divided in 1000 bp (or any length) windows and
filtered according to CpG coverage. A DNA methylation score can then be assigned to
each window for subsequent analysis.
We adopted a new approach of investigating DNA methylation patterns based on MspIdigested fragments. This approach is conceptually similar to the tiling window approach
but instead of fixed length windows, MspI digested fragments of 40-220 bp lengths
were used as the units of analysis (see section 6.4.3).

6.4.2$Single$CpG$methylome$
!
Single CpG methylomes could be generated using the methylKit package. After
alignment by Bismark, the SAM file containing uniquely aligned reads from each
library was processed with methylKit and a CpG text file was generated for each
sample. By default the methylKit package stores information about CpG sites that were
covered by at least 10 sequenced reads, however, users can specify other criteria. The
example output has been shown in Figure 6.2. The text files contain the single CpG
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methylome for the samples. A simple search of the text file will retrieve the methylation
status of any CpG in the genome, if it was sequenced 10 or more times.

6.4.3$MspI$fragment$based$methylome$
!
We aimed to generate methylation information for each individual based on the MspI
fragments contained in the reduced representation genome (RR). Generating a reduced
representation genome in silico (Chapter 4) allowed us to have the list of MspI digested
fragments in the size range of 40-220 bp. After alignment, the differential methylation
analysis package was used to retrieve information about each CpG site, its genomic
position and methylation status. This information was used to calculate coverage and
methylation status for each fragment. Then based on a cut off coverage, fragments with
lower sequencing coverage were discarded and a final list of fragments and their
methylation status was produced for each individual. Results from experiments on
coverage criteria are described below.

6.4.3.1$Filtering$based$on$average$coverage$=$10$
Initially, the fragments were filtered with an average cut off coverage ≥ 10 per CpG site
in a fragment (coverage = total count of “+” or “–” divided by the number of CpG site
in the fragment). So, if a fragment contained 5 CpG sites, then the fragment needed to
have a total of 50 counts (+ or -) to meet the cut off. This criterion does not take account
of the coverage at individual CpG sites but instead uses the average coverage of CpG
sites derived from total counts for the whole fragment.
After generating the list of fragments meeting the above coverage criteria for each
individual, the length distribution of those fragments was examined. For convenience,
the 40-220 bp reduced represented genome was divided in to four equal bins of 45 bp.
Table 6.4-6.5 shows the number of fragments passing this coverage criteria and the
distribution of fragments in those four bins for each individual and compares the
distribution with the in silico MspI-digested reduced representation genome.
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Table 6.4. Qualified fragments with average coverage of ≥10 in the samples
Total number of Number of CpG
Sample
fragment
sites#
X9012
259587
1463470
X9014
128330
664947
X9018
296022
1607030
X9019
248747
1366909
X9020
150710
825135
X9021
253141
1371486
X9006
159608
821219
X9007
98335
589327
X9010
242033
1374259
X9015
212866
1220009
X9016
255218
1360289
# Number of CpG sites contained within the qualified fragments

Table 6.5. Length distributions of fragments with average coverage of ≥10#
Genomes or Length distributions of 40-220 bp genome
samples
40-84
85-129
130-174
175-220
RR Genome 261496
130583
144163
111384
X9012
144774
81925
30899
1994
X9014
114500
13412
254
163
X9018
145031
90398
58902
1691
X9019
150290
77512
20198
747
X9020
110059
37626
2850
174
X9021
159829
77995
14797
520
X9006
129054
27424
2418
712
X9007
44704
45260
7658
713
X9010
150808
68653
20644
1928
X9015
96549
59541
34928
21848
X9016
150859
77271
25967
1122
#RR genome is divided in four bins and number of qualified fragments per bin was calculated and plotted
for each individual. The number of fragments in each bin for RR genome was calculated from our in silico
digested genome.

Table 6.5 indicates that the longer fragments (e.g., 175-220 bp) were preferentially lost
during filtering by coverage. Longer fragments usually contain more CpG sites in them
as reduced representation with MspI enriches for CpG rich regions in the genome. Thus,
longer fragments will need to have higher counts (coverage) to meet the cut off.
However, the maximum length of sequenced reads was 100 bp. As a result, even if
!
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several sequenced reads maps to a longer fragment, they will not cover the entire
fragment (so, all the CpG sites present in the fragment will not be covered by sequenced
reads) and they will be lost during filtering.

6.4.3.2$Filtering$based$on$coverage$of$at$least$two$CpG$sites$in$a$fragment$
To overcome the issue of losing longer fragments in RR libraries, the coverage criterion
was reconsidered and changed. The revised criterion was that if a fragment has at least
two CpG sites covered by 10 or more piece of information (counts), then it would be
included for further analysis. Recently, Meissner’s group applied the same strategy on
1000 bp tiling windows for filtering RRBS data (Bock et al., 2012).
The number of fragments passing this revised coverage criterion and the distribution of
fragments in the in silico MspI digested reduced representation genome of 40-220 bp is
shown in Tables 6.6 and 6.7. Comparison with Table 6.4 and 6.5 revealed that the
number of fragments passing the criterion was higher than the average coverage criteria.
Further, the number of longer fragments significantly increased with the revised
coverage criterion. This change in coverage criterion enabled us to generate more
inclusive methylomes and include more fragments to be included for further analysis
Table 6.6. Qualified fragments with at least two CpGs with coverage of ≥ 10 in the samples

Sample
X9012
X9014
X9018
X9019
X9020
X9021
X9006
X9007
X9010
X9015
X9016

!

Total number
of fragment
307712
142108
347536
295926
176249
295312
178622
115141
283363
271871
302622

Number of
CpG sites#
1996825
864623
2138975
1866592
1134616
1826860
1125614
827385
1918256
1888801
1848742
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Table 6.7. Length distributions of fragments with at least two CpGs with coverage of ≥10#
Genomes or Length distributions of 40-220 bp genome
samples
40-84
85-129
130-174
175-220
RR Genome 261496
130583
144163
111384
X9012
164761
89230
48389
5332
X9014
124381
16914
489
325
X9018
168825
100606
74756
3349
X9019
172464
86565
34276
2621
X9020
123474
46259
6036
481
X9021
182502
86521
24889
1219
X9006
136340
36678
4742
861
X9007
62728
38800
12041
1572
X9010
164437
75777
36611
6538
X9015
106986
71976
49289
43620
X9016
174261
87248
38402
2711
# The RR genome is divided into four bins and number of qualified fragments per bin was calculated for
each individual. The number of fragments in each bin for the RR genome was calculated from our in silico
digested genome.

6.5$Skewed$coverage$in$the$adjacent$MspI$fragments$
!
To implement a fragment-based approach, the adjacent MspI fragments posed a
problem in terms of skewed coverage in the adjacent sites due to sequenced reads
mapping to the reverse strand. We demonstrate this aspect of mapping using examples
from our two sequenced RRBS libraries (sample IDs: X9012 and X9012_replicate) and
explain the modifications made to the differential methylation analysis package to
overcome the issue.

6.5.1$Adjacent$MspI$fragments$
!
The MspI enzyme cuts the genome at CCGG recognition sites, irrespective of the
methylation status of the CGs. It is likely that in CG rich regions of the genome, there
will be several digested fragments that will lie next to each other, i.e., adjacent
fragments cleaved by MspI. Indeed, several adjacent fragments were present in the
library. Figure 6.11 provides a visual example of uniquely aligned sequenced reads (for
X9012 library) in a region of chromosome 4 where several MspI digested fragment
within the size range of 40-220 bp lies contiguously to each other.
!
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Figure 6.11. CpG methylation status of a 284 bp region showing adjacent MspI fragments of
chromosome 4 (81952355-81952637). Mapped reads from Sample X9012 were processed and
visualized in the Integrated Genome Viewer (IGV) with the CG track on. The track shows CpGs and their
methylation status. Cytosines in blue = unmethylated. Cytosines in red = methylated. The arrows at the
end of the sequenced reads denote the 3’ end and indicate the orientation of mapping. MspI recognition
sites are indicated with red arrows and lengths of individual fragments are shown in red circles. The image
is an expanded mode view from the GV application.

A simulation was performed on the MspI digested reduced representation genome to
assess the extent of overlapping at adjacent MspI fragments within the size range of 40220 bp. The number of digested fragments decreased from ~ 0.6 million to 0.4 million
after joining adjacent fragments together. A region in chromosome 12 showed the
longest region (7731 bp in the size range of 40-220 bp) of adjacent MspI fragments.

6.5.2$Coverage$bias$due$to$overlapping$reads$at$adjacent$MspI$fragments$
!
After the alignment, it was possible to calculate coverage information for each CpG site
in all sequenced fragments. This step was performed using our in-house differential
methylation analysis package (see Chapter 2 for details). The program uses information
from methylation_extractor output and generates the total number of sequenced “+”
(methylated CpG) and “–” (unmethylated CpG) counts for each CpG site (examples in
Table 6.8). For example, if a fragment has five CpG sites in it, from the uniquely
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aligned reads of a library, the program will generate the total number of “+” and “–”
counts for each of those five CpG sites. Accurate calculation of coverage information
or, in other words counts per CpG site, in a fragment was an important step in the
analysis. In sequencing-based methylation analysis approaches, a common step is to
filter the regions of the genome based on a coverage threshold, reduce the sampling
error and enhance the precision of the methylation values. The higher the number of
counts per CpG (or methylation information per CpG site) in a fragment, the greater is
the reliability of the methylation status derived from it.
The differential methylation analysis package was able to derive single CpG site
information (counts) for each fragment for all the individuals. Investigation of the single
CpG sites in the fragments revealed that for the adjacent MspI fragments (described in
the section above), the first CpG site (an MspI site), which is the junction of two
neighboring fragments, has higher coverage (or counts of + and -) than the other CpG
sites in the fragment. Table 6.7 shows single CpG site information for four fragments
generated from two RRBS libraries (X9012 and X9012_replicate) as an example. These
fragments contain adjacent MspI fragments. The Table shows the chromosome,
genomic position and length (in base pairs) of the fragments and the “+” and “-” counts
per CpG site within those fragments. The first CpG site (in italics in Table 6.8) has
much higher counts (+ or -) compared to the other CpGs in the fragments.
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Table 6.8. Single CpG methylation status of four fragments generated from two libraries
1) Chromosome1 1388479 (start)-1388674 (end) Length = 196 CpG site = 8
X9012#

1388479:34+32-*
1388637:2+0X9012_replicate

1388479:15+451388637:0+0-

1388499:9+01388643:2+0-

1388524:8+1388651:2+0-

1388499:0+01388643:0+0-

1388524:0+01388651:0+0-

1388540:8+11388668:2+01388540:0+01388668:0+0-

2) Chromosome4 81952135 start)- 81952301(end) Length = 167 CpG site = 17
X9012

81952135:45+5981952172:0+1881952198:0+1881952220:1+1481952293:0+15-

81952146:0+1881952186:0+1881952205:0+1881952255:0+14-

81952149:0+1881952189:0+1881952207:0+1881952266:0+15-

81952146:0+881952186:0+881952205:0+881952255:0+5-

81952149:0+881952189:0+881952207:0+881952266:0+5-

81952151:0+1881952193:0+1881952218:0+3381952285:0+15-

X9012_replicate

81952135:120+11981952172:0+781952198:0+881952220:0+581952293:0+5-

3) Chromosome6 41900232(start)-41900345(end) Length = 114
X9012

41900232:101+36-

81952151:0+881952193:0+881952218:0+1381952285:0+5CpG site = 4

41900244:40+1-

41900292:86+1-

41900303:80+8-

41900244:28+2-

41900292:59+2-

41900303:57+4-

X9012_replicate

41900232:231+122-

4) Chromosome7 5586279(start)-5586322(end) Length = 44 CpG site = 3
X9012

5586279:86+58X9012_replicate

5586279:20+2-

5586282:57+0-

5586320:16+25-

5586282:19+0-

5586320:16+0-

# Base resolution information of each CpG site present in the fragments was provided for both RRBS
librararies (X9012 and X9012_replicate). *methylation information for an individual site. “+” = methylated,
“-” = unmethylated. For example, if at one site (1388499:9+0-), all the counts are + then that will indicate,
the site is completely methylated for that individual.

6.5.3$Reasons$for$skewed$coverage$at$first$CpG$site$
!
Visualization of the alignment pattern of the sequenced reads to the adjacent MspI
fragments provided an explanation for this behavior. It was evident that the extra counts
!
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for the first CpG site (the CGG site, Figure 6.12) came from the adjacent sequenced
reads which mapped in the reverse direction at the adjoining MspI site. Figure 6.12
shows uniquely mapped reads for a 268 bp region in chromosome 4 (X9012 sample).
The region contained two MspI fragments next to each other and Figure 6.13 provides a
zoomed-in view of the junction of the two adjacent MspI fragments. A sequenced read
derived from the MspI digested fragment could map to either the forward or reverse
strand of the reference genome. In the case of adjacent fragments, when a read mapped
in the reverse direction, the first CpG site (an MspI site) in those reads was counted
under the next fragment. For example, 24 sequenced reads mapped to the reverse strand
in fragment 1 (highlighted in the black box in Figure 6.12). The reads contained 4 CpG
sites but the first CpG site in these reads (highlighted in the pink box in Figure 6.13)
will be counted under fragment 2 and the other three CpG sites will be counted under
fragment 1.

Figure 6.12. Read mapping pattern of a 268 bp region of chromosome 4 (95090853-95091120).
Mapped reads from Sample X9012 were processed and visualized in the Integrated Genome Viewer (IGV)
with the CG track on. The track shows CpGs and their methylation status. Cytosines in blue =
unmethylated. Cytosines in red = methylated. The arrows at the end of the sequenced reads denote the 3’
end and indicate the orientation of mapping. Reference genome used: hg19. The image is an expanded
mode view from IGV application. The dotted line in the middle is the default screen divider of IGV.
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Figure 6.13. Zoomed in view of read mapping pattern of a 73 bp region of chromosome 4
(95090920-95090992). Mapped reads from Sample X9012 was processed and visualized in Integrated
Genome Viewer (IGV) with the CG track on. The track shows CpGs and their methylation status.
Cytosines in blue = unmethylated. Cytosines in red = methylated. The arrows at the end of the sequenced
reads denote the 3’ end and indicate the orientation of mapping. Reference genome used: hg19. The
image is an expanded mode view from IGV application. The dotted line in the middle is the default screen
divider of IGV.

A point to be noted here is that the filled in cytosine bases (the last CpG site of the
fragment) at the 3’ end of the reads were removed from the analysis as described
previously. As a result, the 3’ end of the reads, which could overlap with the next
fragment, will not be seen. However, the 5’ end of the reads mapping in reverse
direction will still overlap at the junction of two adjacent MspI fragment and lead to
extra coverage at the start of the adjacent fragments as described. The extra counts at
the start of the overlapping fragments introduced artifacts in the analysis. It was
observed that several fragments had higher coverage on the first CpG site (as a result of
read overlap) but had very few or no reads mapped to the other CpG sites in the
fragment.
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6.5.4 Modification$and$correction$in$the$fragment$based$approach$
!
One option to address the skewed coverage at the first CpG site would have been to join
the adjacent MspI fragments together and investigate them as a single region. However,
all the individuals might not have same coverage in the continuous region, i.e., it is
possible that some individuals might not have any read mapped to a particular fragment.
Therefore, instead of using methylation_extractor for deriving single CpG information,
we modified the functionally of Differential methylation analysis package (DMAP) for
finding single CpG information for each fragment. The modified program works with
Bismark SAM files (with the –N switch) directly in order to retain information onto
which strand a sequenced read was mapped. Then for the reverse strand mapped reads,
the program worked out the fragment to which these reads were mapped and
accumulated the CpG information for that fragment, including the first CpG site of the
read and not for the succeeding adjacent fragment. Although, in the reference genome
the last CpG site of an MspI fragment and the first CpG site of the adjacent fragment is
the same but after this correction, CpG information from the overlapping reads was
counted separately under two fragments if they are next to each other.
Table 6.9 shows the total counts for two adjacent MspI fragments before and after
correction. In case 1, before correction, the 52 bp fragment had a total count of 184
(166+ and 18-) that actually came from the sequenced reads that mapped in the reverse
strand to the 92 bp fragment which is adjacent to the 52 bp fragment and, apart from
these, no other reads were mapped to the 52 bp fragment. Obviously, after correction
the count for the 52 bp fragment was = 0 and the 184 count was now included under the
92 bp fragment. Therefore, after correction the 52 bp fragment will be discarded in the
subsequent analysis.!
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Table 6.9. CpG methylation status and coverage of two adjacent fragments (before and after
correction) from sample X9012
Adjacent

Start/ end / length

Total counts (before

Total counts (after

correction)#

correction)

10497/10588/92

1484+/369-

1650+/387-

10589/10640/52

166+/18-

0 (no count)

662609/662656/48

23+/2-

48+/2-

662657/662705/49

176+/29-

151+/29-

fragments
Case 1 (chr1)

Case 2 (chr1)

# += methylated, - = unmethylated. Gives counts of total methylated and unmethylated CpG sites mapped
the fragments.

In case 2, a 48 bp and a 49 bp MspI fragment lie next to each other (Table 6.9). Before
correction, the 48 bp fragment had count of 23+/2-; because the reads from the first
CpG site were counted (25+0-, highlighted in the black box in Figure 6.14) under the
next fragment, i.e., the 49 bp fragment. After correction, the 25+ counts were placed
under the 48 bp fragment. As a result the total count for the 48 bp fragment increased
from 23+/2- to 48+/2- and the counts for the 49 bp fragment decreased from 176+/29to 151+/29-.
The correction for counting coverage information for fragments helped to remove the
fragments that showed coverage only because of the overlapping reads and enabled
inclusion of the fragments, which had sufficient reads mapped to them.
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Figure 6.14. Two adjacent fragments (48 bp and 49 bp length) and pattern of mapped reads. CpG
methylation status of a 99 bp region at chromosome 1 (662609-662707). Mapped reads from Sample
X9012 were processed and visualized in Integrated Genome Viewer (IGV) with the CG track on. The track
shows CpGs and their methylation status. Cytosines in blue = unmethylated. Cytosines in red =
methylated. The arrows at the end of the sequenced reads denote the 3’ end and indicate the orientation
of mapping. Reference genome used: hg19. The image is an expanded mode view from IGV application.
The dotted line in the middle is the default screen divider of IGV. MspI recognition sites are indicated in
red ovals.

6.6$NonCMspI$reads$
!
The preparation of RRBS libraries involved digestion of the genomic DNA with MspI.
Illumina adaptors were then ligated to the digested fragments, so theoretically, no
sequenced read should map to regions of the reference genome that are not flanked by
an MspI restriction sites, i.e., - a CCGG recognition site. However, visualization of
reads revealed that some uniquely mapped reads do not have an MspI start site. Figure
6.15 shows an example of a mapped read (in the black box), which correctly mapped to
the genome but does not have an MspI site at the start.
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Figure 6.15. Example of a mapped non-MspI read. CpG methylation status of a 196 bp region at
chromosome 1 (1388383-1388578). Mapped reads from Sample X9012 was processed and visualized in
Integrated Genome Viewer (IGV) with the CG track on. The track shows CpGs and their methylation
status. Cytosines in blue = unmethylated. Cytosines in red = methylated. The arrows at the end of the
sequenced reads denote the 3’ end and indicate the orientation of mapping. Reference genome used:
hg19. The image is an expanded mode view from IGV application. The dotted line in the middle is the
default screen divider of IGV. MspI recognition site was indicated in red oval.

Recently similar observations were reported where, even after mapping, non-MspI reads
comprised up to 29.0% of the total mapped reads (Akalin et al., 2012). We assessed the
prevalence of non-MspI reads in each library before and after alignment. The results are
summarized in Table 6.10. Before alignment the percentage of non-MspI reads ranged
from 4.1% (X9006) to 30.3% (X9020) with a median of 8.1%. After alignment, the
percentage of non-MspI reads ranged from 3.3% (X9006) to 23.8% (X9007) with a
median of 5.6%. The percentages of non-MspI reads decreased after unique alignment
compared to the percentages in the raw data for the libraries, except for X9015. The
technical replicate libraries showed noticeable differences in non-MspI reads (discussed
further in Chapter 9).

!

196!

!

Exploration of RRBS data and Documentation of a Differential Methylation Analysis Pipeline

Table 6.10. Details of non-MspI start reads in the sequenced libraries
Raw reads after
QC and adaptor
clean up#

NonMspI
reads#

Percentages
of non-MspI
reads

Uniquely
aligned
reads#

X9015

18.4

1.2

6.7

11.2

Uniquely
aligned
Non-MspI
reads#
0.8

X9006

21.7

0.9

4.1

12.0

0.4

3.3

X9010

30.9

2.7

8.9

18.1

0.9

5.2

X9007

9.1

2.3

25.1

6.6

1.6

23.8

X9019

28.3

2.5

8.8

19.1

1.0

5.4

X9020

17.8

5.4

30.3

11.4

2.6

22.8

X9014

18.7

1.3

7.1

12.1

0.4

3.6

X9012

31.3

1.9

6.1

21.5

1.0

4.8

X9018

43.0

2.6

6.1

30.3

1.5

4.9

X9016

45.6

3.9

8.5

31.5

2.3

7.3

X9021

43.0

3.3

7.7

28.6

1.6

5.7

X9012_replicate

16.3

3.4

20.8

11.0

1.8

16.3

Sample ID

Percentages
of non-MspI
reads
7.3

# counts are in millions.

6.7$Analysis$of$technical$replicates$
As described previously, for the present study, 12 RRBS libraries were sequenced from
12 individuals. In addition, a technical replicate library of X9012 sample was obtained.
The technical replicate library was prepared with the same DNA material as X9012
(same DNA extraction) and the same TruSeq kit used for X9012. These two libraries
were sequenced in different flow cells. The reason for including a technical replicate
library was to assess the extent to which technical artifacts affect DNA methylation
quantification.
For this analysis, X9012 and X9012_replicate libraries were processed in the methylKit
package and only CpG sites that were covered by at least 10 sequenced reads in both the
samples were included in the calculation of Pearson's correlation coefficient (r). We
observed very high positive correlation between X9012 and X9012_replicate samples
(Pearson’s correlation coefficient= 0.98). Figure 6.16 shows the scatter plot of single
CpG sites (covered by 10 or more reads) in X9012 and X9012_replicate samples and
the Pearson correlation.
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Figure 6.16. Scatter plots of CpG methylation for sample X9012 and X9012_replicate. Lower left is
the scatter plot of CpG methylation values for each sample. The number on upper right denotes pair-wise
CpG base Pearson’s correlation score for X9012 and X9012_replicate samples. The histograms show the
frequency of CpG methylation as previously shown in Figure 6.4. Note: The X and Y axis scales of the
scatter plot in lower left was modified to 0.0-1.0 by methylKit program, instead of 0-100 percent
methylation as shown in Figure 6.4. In this plot 0.0 represents complete unmethylation (0%) and 1.0
represents complete methylation (100%).

Further, The similarities of methylation levels between the replicate samples were
investigated. From the two libraries, 1.3 million CpG sites were in common (covered by
10 or more reads). Upon differential methylation analysis of these 1.3 million sites, we
found only 96 CpG sites (0.007%) showing a methylation difference of ≥ 50% (see
more in Chapter 9, section 9.5.1).

6.8.$Investigating$interCindividual$variation$
Once the RRBS libraries were sequenced, the sequenced reads were aligned to the
reference genome and methylation information was extracted for each individual, the
next step was to interrogate the inter-individual variation in DNA methylation between
the individuals. For the current study, 11 individuals were sequenced for interindividual variation analysis.

!

198!

!

Exploration of RRBS data and Documentation of a Differential Methylation Analysis Pipeline

6.8.1$The$unit$for$interCindividual$methylation$analysis$
Differential methylation patterns between individuals (or inter-individual variability in
methylation) could be investigated in several ways as described in section 6.4. One of
the approaches could be to analyse each CpG site (with adequate coverage) in the
individuals and then identify differentially methylated bases between the individuals.
However, in the RRBS protocol ~ four million CpG sites are investigated (and bisulfite
conversion was efficient but not 100% consistent among the individuals). Therefore,
investigating almost 4 million CpG bases in 11 individuals, might accentuate the
contribution of technical artifacts in the analysis, i.e., in this process some differentially
methylated CpG sites will be a result of technical artifacts rather than biological
variation among individuals. In addition, the stochastic variation at single sites is
greater that that of a contig of sites. Furthermore, the relatively small coverage per site
will increase the sampling based variation (see more in Chapter 8).
RRBS libraries are generated from MspI digested fragments, so for the current work a
fragment based approach was adopted for inter-individual variation analysis, i.e., for
each individual sequenced MspI fragments were investigated and the aim was to
identify inter-individual variably methylated fragments (iVMFs). This approach is
similar to tiling window comparisons (as described in section 6.4.1), except in this case,
40-220 bp MspI fragments were analysed for methylation differences instead of a fixed
length window.

6.8.2$Finding$common$fragments$between$individuals$
In section 6.4.3.2, we described how a list of MspI fragments (of 40-220 bp length) was
generated for each individual. To perform variable methylation analysis between these
individuals, it was necessary to filter the fragments further to include those that were
common among the individuals investigated. This step was performed with our
differential methylation analysis package.
A list of fragments, which were common in at least n-2 individuals, i.e., 9 individuals
out of 11 was generated. The reasons for including fragments that were common in 9
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individuals instead of all 11 are i) it is possible that a fragment will not have the same
coverage for all individuals as the number of reads obtained and the mapping efficiency
of the sequenced reads would vary between individuals. If the criteria for inclusion of
fragments were not relaxed from n (11 in this project) individuals to n-2 individuals (9
in this project), then that might lead to exclusion of an excessive number of fragments.
ii) It is also possible that of the 11 individuals investigated, one or two might have a
polymorphism at an MspI site, therefore for those individuals that particular fragment
will not be sequenced but for other individuals the fragment will be sequenced.
A total of 64,934 fragments were found to be common in at least 9 individuals. Note
that these fragments were already filtered based on coverage and their size range was
from 40-220 bp.

6.8.3$Identifying$interCindividual$variably$methylated$fragments$(iVMFs)$
To identify variably methylated fragments among the individuals, a Chi-square
distribution test was performed on the 64,934 common fragments described above. The
function of performing Chi-square was built into the differential methylation analysis
package. A detailed step-by-step description of how the Chi-square test was performed
on each fragment can be found in Chapter 2. For statistical significance testing, the cut
off p value was set at 0.001 with n-1 degrees of freedom, where n is the number of
individuals investigated in the Chi-square test. However, in the current analysis we
investigated 64,934 fragments. As a result, to control for the family wise error rate, the
Bonferroni correction was applied. After Bonferroni correction the cut off p value for
significance was set at 1.54 x 10-8 (see more discussion on statistical tests in Chapter 9).
After the statistical test, we found 14489 fragments that showed significant variable
methylation among the individuals (p value of <=1.54 x 10-8) and these were termed as
iVMFs. Analysis and further characterization of these iVMFs is described in Chapters 7
and 8. Based on the analysis we described here, a pipeline was proposed to identify
variably methylated regions across samples: a simplified flow diagram of the pipeline is
depicted in Figure 6.17.
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Figure 6.17. Proposed pipeline to identify inter-individual variably methylated fragments (iVMFs).

Summary and discussion points: This chapter describes exploration of the nature of
the DNA methylation data using almost 350 million reads derived from 11 individuals.
It describes the development of a pipeline to detect inter-individual variation and the
computational modifications needed to implement the novel approach of using MspI
fragments as unit of analysis. The key conclusions derived from this analysis are
discussed in detail (Chapter 9, section 9.5). They are: assessment of technical replicates;
units of DNA methylation analysis; effect of non- MspI reads; statistical approaches to
identify variable methylation pattern; and the application of this pipeline in other largescale DNA methylation analysis.
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Contribution statement: I performed the analysis described here using the R package.
I contributed in developing the logic and implementing the differential methylation
pipeline in biological context, while Dr. Peter Stockwell wrote the source code of the
tools.
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Chapter$7:$Characterization$of$iVMFsC1$
--------------------------------------------------------------------Chapter Summary:
!
This chapter describes the distribution of the iVMFs in the genome (chromosomes,
genes and CpG features). Further, genomic coordinates of iVMFs were overlapped with
recently released ENCODE data. The overlap of iVMFs with several genomic and
epigenomic features and their enrichment in these features were compared with in silico
MspI digested RR genome and whole genome where applicable.
!
!
As described in Chapter 6, after corrections for multiple comparisons (Bonferroni
correction with a p cut off of 1.54 x 10-8) the number of inter-individual variably
methylated fragment (iVMFs) was 14489. The number of CpG sites included in the
iVMFs were 104578 which was 2.6% of the in silico MspI digested RR genome (40220 bp fragments) and 0.35% of the whole genome (assuming whole human genome
has 30 million CpG sites).

7.1$Chromosome$wise$plot$of$RR$vs$iVMFs.$
!
We sought to determine the distribution of iVMFs in all chromosomes and compare
their distribution with the in silico RR genome fragments. A chromosome wise
distribution of iVMFs and in silico MspI digested RR genome (40-220 bp fragments)
was plotted (Figure 7.1). For most of the chromosomes (17 out of 24), the percentage of
iVMFs was slightly less than the RR genome. The decrease in the percentage of iVMFs
compared to the RR genome was highest for chromosome 1, where, 8.6% of the RR
genome fragments were on chromosome 1, compared to 6.8% of the iVMFs. However,
for chromosome 8, 18, 19, 20 and 21 percentage of the iVMFs was marginally higher
than the RR genome. The figure also shows that neither the distribution of RR genome
nor the iVMFs follows the actual length of chromosomes. This can be explained by the
prevalence of MspI cut sites within the size range of 40-220 bp and from the
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distribution of RR genome fragments, it is evident that prevalence of MspI recognition
site does not strictly follow the genomic length of the chromosomes.
Chromosome X showed noticable increase in iVMFs compared to the RR genome.
11.0% of the iVMFs were from chromosome X, whereas the RR genome contained
only 3.6% of the fragments in chromosome X. In our cohort of 11 individuals, six were
female. Allele-specific promoter methylation of the inactive X chromosome (Xi) to
maintain the silenced Xi state in females has been described in the introduction chapter.
Global analysis of human X chromosomes showed that the active X chromosome (Xa)
has shown more than two times allele-specific methylation compared to the Xi. The
heavy methylation of Xa was concentrated around bodies of the genes and spanned
multiple neighbouring CpG sites (Hellman and Chess, 2007). Further, comparison of
male and female revealed more complete methylation of X chromosome in males. The
authors stated that “the sites that are gene-body Xa-methylated in females are among the
most highly methylated sites in males, highlighted even on the almost-complete
methylation background of the male X chromosome” (Hellman and Chess, 2007).

Figure 7.1. Chromosome wise fragment distribution of iVMFs and RR genome. The percentages of
fragments from iVMFs and in silico RR genome was calculated and plotted together.

!
!
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Therefore, as a result of differential methylation profiles on X chromosomes in male
and female, the number of fragments showing variable methylation in this study was
much higher than the in silico RR genome. This result was expected and was reassuring,
showing that the statistical test applied for identifying iVMFs was able to identify
methylation variation between the subjects. However, for further analysis and
characterization, the iVMFs coming from X chromosome were excluded to avoid sexspecific affects.
Ideally, there should not be any iVMFs from Y chromosome; while performing variable
methylation analysis, we specified the parameter that for a fragment to be tested for
variability at least n-2 individuals (i.e., 9 individuals in this study) should meet the
coverage criteria. The number of males in this analysis was five; therefore fragments
from Y chromosome should automatically be discarded. However, 0.32% of the iVMFs
came from Y chromosome. To address this, the SAM alignment file containing
uniquely aligned reads were investigated and the uniquely aligned reads for Y
chromosome were listed. In fact it was observed that for every individual, irrespective
of gender, a small proportion (ranging from 0.12% to 0.99%) of the sequenced reads
mapped uniquely to the Y chromosome (Table 7.1). Some reads obviously share
sequence similarity with chromosome Y. This is a mapping artifact and the 47 iVMFs
that aligned to chromosome Y were excluded from further analysis. After the removal
of the fragments from X and Y chromosome there were 12851 iVMFs . Supplementary
information of the thesis contains an Excel spreadsheet with information about the
12851 iVMFs discussed here (folder name: S2-List of iVMFs).
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Table 7.1. Unique mapping on chromosome Y for 11 individuals
Sample ID

Sex

Total number of
uniquely aligned
reads
11173464

Number of
uniquely aligned
reads on chr Y
110864

% of unique
alignment on
chr Y
0.99%

X9015

Male

X9006

Female

12021048

48453

0.40%

X9010

Female

18130203

56692

0.31%

X9007

Female

6578151

8011

0.12%

X9019

Female

19049782

38735

0.20%

X9020

Male

11452393

30876

0.27%

X9014

Male

12112746

49743

0.41%

X9012

Male

21505172

63957

0.30%

X9018

Male

30270670

75110

0.25%

X9016

Female

31466998

79395

0.25%

X9021

Female

28711071

57487

0.20%

$
7.2$Genomic$distribution$of$iVMFs$
!
The next step was to explore the distribution of iVMFs in the genomic elements, such as
transcription start site, promoter, body of the genes and in CpG islands. Our in house
identgeneloc program was able to take the genomic coordinates of iVMFs as input file
and then relate the fragments to the nearest protein coding gene and provide distances
from the transcription start site (TSS) and association of iVMFs with other genomic
features. It was found that more than half of the iVMFs reside inside the gene body, i.e.,
exon, introns and boundaries. Further, it was noticed that a large fraction of the iVMFs
was distant from a protein coding gene. Out of 12851 fragments, 4779 were distant (>10
kb from TSS) fragments. A breakdown of each feature is described in the following
sections.

7.2.1$Transcription$start$site$(TSS)$,$promoters$and$iVMFs$
!
The distribution of iVMFs relative to the distance from the transcription start site of the
protein coding genes was examined (Figure 7.2). 1600 iVMFs reside within 10 kb of a
transcription start site and 1256 iVMFs were within the distance of 5 kb from a
transcription start site of a protein coding gene. A small fraction (1.5%, i.e., 189
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iVMFs) overlapped the transcription start site of protein coding genes. As mentioned
earlier, 37.0% of the iVMFs (4779) were 10 kb or further apart from the TSS.

Figure 7.2. Distribution of iVMFs relative to the distance with TSS. Each bin showed in the figure was
exclusive, i.e., for TSS 2000, the fragments belong to TSS200 were not counted. Start of the gene was
regarded as the TSS position.

$
We then defined the core promoter as regions 2 kb upstream of the transcriptional start
site (Lister et al., 2009). However, the iVMFs which overlapped with TSS were also
included in the list of core promoter associated iVMFs. 998 iVMFs (7.8% of all the
iVMFs) were within the proximal promoters of protein coding genes. We then extended
the definition of the promoter and defined them as regions 5 kb upstream of the
transcriptional start site. 1256 (9.8% of all the iVMFs) fragments were located within
the 5 kb region.

7.2.2$Gene$body$associated$iVMFs$$$$
!
Next, the distribution of iVMFs in the body (such as exons, introns) of protein coding
genes was looked at. It was observed that 50.3% of the iVMFs (6467) reside inside the
bodies of a protein coding genes. The identgeneloc program was able to locate these
fragments in the gene body using feature table information from SeqMonk program. Of
!
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the 6467 gene-body-associated iVMFs, 62.9% were in introns and 28.0% were in exons
of protein coding genes. A small proportion of the iVMFs were found to be in
exon_intron and intron_exon boundaries (Figure 7.3). Interestingly, 6 iVMFs spanned
en entire exon of a gene, i.e., exon containing iVMFs (see Chapter 8 for detailed
description of these fragments).

Figure 7.3. Distribution of iVMFs in the gene body. The numbers on the top of the bars indicate the
number of iVMFs associated with each feature.

7.3$CpG$features$
We sought to determine the distribution of iVMFs within the CpG features, i.e., CpG
islands, CpG island shore and CpG island shelf. For this analysis, we listed the positions
(start and end) of CpG islands (CGI) from the SeqMonk feature table information and
defined these regions as CGI cores. CGI shores were defined as regions flanking 2 kb
either side of the core CGI and CGI shelves were defined as regions flanking 2 kb either
side of the CGI shore (Heyn et al., 2012; Pan et al., 2012).
65.3% of the iVMFs were located within CpG features. It was found that 23.0%, 41.0%
and 1.3% of the iVMFs were within CGI cores, CGI shores and CGI shelves
respectively. Very few fragments overlapped with more than one feature, i.e., between
CGI core and shore or shore and shelf. 33.7% iVMFs were outside the CpG features,
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i.e., they were greater than 4 kb from both sides of the core CGIs (Figure 7.4). See more
discussion in Chapter 9.

Figure 7.4. Distribution of iVMFs within CpG features. The numbers on the top of the bars indicate the
number of iVMFs associated with each feature.

7.4$Genomic$and$epigenomic$features$of$iVMFs$$
!
Recently, as part of the ENCODE project (http://www.genome.gov/10005107) several
genome-wide datasets were released on several gene regulatory elements. In Chapter 2,
we described the EpiExplorer tool, which hosts large-scale data generated from
epigenome mapping consortia, and the ENCODE project for nine different cell lines.
The cell lines are- GM12878, H1hESC, HepG2, HMEC, HSMM, HUVEC, K562,
NHEK and NHLF. The tool allow users to upload lists of candidate genomic locations
from their experiments (for us it is the genomic coordinates of iVMFs) and compare
genomic and epigenomic features of the uploaded regions by overlapping them with the
available datasets (Halachev et al., 2012). Our work is on human neutrophil cell type;
the K562 cells were most closely related to neutrophils among the nine cell type data
available in the server. Therefore, we uploaded the genomic co-ordinates of the iVMFs
in the EpiExplorer and overlapped the iVMF locations with available data from K562
data and compared the enrichment of iVMFs in several genomic features. EpiExplorer
also allows comparison of the features with combined data available from all the nine
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cell lines. When comparison is made between candidate regions (iVMFs in our case)
with the combined data for all the cell lines, the analysis is termed as “any tissue”. We
performed “any tissue” analysis as well to show the differences between “any tissue”
and K562 cell lines.
Comparison of the features of iVMFs with the whole genome was possible and is a
common practice in genome-wide studies. However, we performed reduced
representation (RR) of the genome and therefore, we reasoned that comparing the
features of iVMFs with the insilico RR genome (based on MspI fragments of 40-220
bp) is more appropriate. In this section, the features of iVMFs will be described and will
be compared with the RR genome in K562 cells. Comparison with the whole genome
and “any tissue” is also included wherever applicable. A point to be noted is that the
percent of overlapping regions showed in this section will differ between “any tissue”
and K562 cell analysis. For “any tissue” the percent overlap will be higher than K562 as
the number of regions in “any tissue” is a summation of all the available features from
nine different cell lines. For this analysis, only the regions (or fragments), which
showed strong overlap, i.e., 50% or more overlap with the features were counted.
The K562 cell line is a human chronic myelogenous leukemia (CML) cell line (Lozzio
and Lozzio, 1975). K562 cell was reported to have similar characteristic features as the
progenitor cells of monocytes, erythrocytes, granulocytes (Lozzio et al., 1981).
Therefore, globally, the DNA element features of K562 cell are likely to be similar to
those of neutrophils. However, K562 is a cancer cell line and it will have some aberrant
gene expression and DNA methylation patterns compared to neutrophils. So K562 cell
line is not a 100% surrogate of neutrophils and it is possible that some transcription
factor expression, histone marks and regulatory elements will differ from what can be
seen in neutrophil. Therefore, for the analysis described in this section we did not
perform any statistical tests to test for significant enrichment of iVMFs in features. The
aim of this analysis was to compare and provide the trends of enrichment/depletion of
iVMFs with certain DNA elements compared to the RR and whole genome. We
considered this analysis as a platform for hypothesis generation.
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7.4.1$Promoters$
!
We investigated the enrichment of variable fragments in the promoter regions of genes.
Comparative analysis of the promoter regions in “any tissue” revealed that iVMFs were
enriched in active, weak and poised promoters (Figure 7.5, upper panel). 25.6%, 32.0%
and 24.7% of the iVMFs showed strong overlap with active, weak and poised promoters
respectively, which was higher compared to the RR genome. 16.1%; 17.3%; 11.4% of
the fragments in RR genome overlapped with active, weak and poised promoters
respectively. RR genome was enriched in promoters compared to the whole genome
(1.4%; 2.4%; 1.1% of the regions in whole genome overlapped with active, weak and
poised promoters respectively).
!

!
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Figure 7.5. Overlap of regions in whole genome, RR genome and iVMFs with promoters. Overlaying
RR genome and iVMFs with ENCODE data (release October, 2012). The upper panel shows overlap in
“any tissue” and the lower panel shows overlap with only K562 cells. EpiExplorer defines promoter as a
region of -5 kb to +1 kb with respect to the transcription start site.

For K562 cells, iVMFs showed enriched overlap with active and weak promoters
compared to the whole and RR genome (Figure 7.5, lower panel). Overall, the percent
overlap of iVMFs was highest for active promoters in K562 cells. However, for the
poised promoter the percentage of iVMF overlap was decreased in K562 cells compared
to the active and weak promoters. For poised promoters, 1.7% iVMFs showed strong
overlap, whereas RR genome showed an overlap of 0.8%. These results were not
surprising as in differentiated cells the presence of poised promoters are less frequent.

7.4.2$Regulatory$elements$
Next, we sought to determine whether regulatory elements, such as enhancer, were
more likely to be variable. Analysis of regulatory elements showed that compared to the
RR genome, the iVMFs were enriched for strong enhancers and insulators. The trend of
increased enrichment was similar for both “any tissue” and K562 cells (Figure 7.6). For
weak enhancers, no marked change was observed between whole genome, RR genome
and iVMFs in the percent of overlapped regions. In fact for K562 cells, iVMFs were
less frequent in weak enhancers than expected. These results indicate a dichotomy in
iVMFs, i.e., strong enhancers and insulators are more likely to be variable, whereas the
weak enhancers are less likely.
!
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Figure 7.6. Overlap of regions in whole genome, RR genome and iVMFs with regulatory elements.
Overlaying RR genome and iVMFs with ENCODE data (release October, 2012). The upper panel shows
overlap in “any tissue” and the lower panel shows overlap with only K562 cells. EpiExplorer generated the
list of enhancer and insulators by computationally integrating ChIP-seq data from different human cell
types plus input using a Hidden Markov Model (HMM).

7.4.3$DNase$I$hypersensitive$sites$
DNase I hypersensitive sites are generally associated with transcriptionally active
regions of the genome (Crawford et al., 2006). We wanted to investigate if active
regions of the genome are more likely to variable. We observed that for “any tissue”
and for K562 cells, respectively iVMFs had enriched overlapping (35.2%; 6.0% of
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iVMFs) with DNase I sites compared the RR genome (18.8%; 3.3%). Analysis of the
whole genome showed 5.2% and 0.7% of the regions overlapped with “any tissue” and
K652 cells respectively.

This suggests that iVMFs are comparatively enriched in

transcriptionally active regions.

Figure 7.7. Overlap of regions in whole genome, RR genome and iVMFs with DNaseI sites in K562
cells and “any tissue”. Overlaying RR genome and iVMFs with ENCODE data (release October, 2012).
Regions with strong overlap (50.0% or more) with the DNase I hypersensitive sites were considered for
the analysis. EpiExplorer generated the list of DNaseI hypersensitive zones (HotSpots) and hypersensitive
sites (Peaks) based on the sequencing tag density (signal) from different human cell types.

7.4.4$Transcription$factor$binding$
To continue the analysis of the distribution of variably methylated fragments, we sought
to investigate whether they overlap more frequently with transcription factors (TF). The
EpiEplorer server contained data for 34 transcription factor binding elements. The
iVMFs was overlayed with the available data for “any tissue” and K562. In “any
tissue”, iVMFs showed increased overlap with Pol2b, Pol2 and CTCF. For these three
transcription factors the percentage of overlap for iVMFs were 63.5%, 32.9% and
54.9% respectively which was higher than that in the RR genome (57.3%; 20.4%;
43.0%). iVMFs also showed notable overlap with few other transcription factors and
showed enrichment compared to the RR genome. For example for TAF1, GABP, YY1,
Max and EGR1, 22.0%, 16.5%, 16.0%, 15.6%, 13.4% iVMFs showed overlaps
indicating an enrichment compared to the RR genome for which the overlap was 13.0%,
!
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7.1%, 9.7%, 8.8% and 7.9% respectively. Figure 7.8 shows the comparison of overlaps
between the RR genome and iVMFs in “any tissue” for 34 transcription factors.
For K562 cells, similar data was available for only 21 transcription factors and the
comparison of overlap between iVMFs and RR genome is shown in Figure 7.9. For
K652, iVMFs showed greater overlap with Pol2b (40.62%), Pol2 (16.6%) and CTCF
(21.8%) than that in the (32.1%, 10.7%, 14.1% overlap for Pol2b, Pol2 and CTCF
respectively). Further, as in “any tissue”, iVMFs showed enrichment for TAF1, GABP,
YY1, Max and EGR1 in K562 cells compared to the RR genome (Figure 7.9).
These findings were interesting as Pol2b, Pol2 are subunits of RNA polymerase II and
play key roles in initiation and elongation of transcription. CTCF is a zinc finger
transcription factor which functions as an insulator and is thought to prevent the spread
of inactive heterochromatin chromatin in the genome. Recently it has been suggested
that site-specific occupancy of CTCF pauses RNA polymerase II activity and that the
interaction of CTCF and RNA polymerase II plays a role in alternate splicing (Shukla et
al., 2011) (see more discussions in Chapter 9).

Figure 7.8. Comparison of overlap with transcription factors between RR genome and iVMFs (“any
tissue”). Regions with strong overlap (50% or more) with transcription factors s were considered.
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Figure 7.9. Comparison of overlap with transcription factors between RR genome and iVMFs
(K562). Regions with strong overlap (50% or more) with transcription factors s were considered.

7.4.5$Histone$modification$marks$
Next, the enrichment of several histone modification marks in the variable fragments
and comparisons with the RR genome was performed. The EpiExplorer contains ChipSeq data for 12 histone modification marks. Among these 12 histone marks, H2AZ is a
sequence variant of Histone H2A (marker of promoter and active transcription), two of
them were repressive (H3K9me3 and H3K27me3) mark and the nine modifications are
considered as marker of active chromatin. H3K36me3 and H3K79me2 are associated
with transcriptional elongation and considered as active marks. The iVMFs and RR
genome fragments were overlayed with the data available for these modifications and
the extent of strong overlap was calculated. It was observed that in many cases, one
iVMF or RR genome fragment was marked by multiple histone marks. The comparison
of overlaps between RR, whole genome and iVMFs with the 12 histone marks is
described in Table 7.2. The active marks, repressive marks and the histone variant are
indicated by green, red and blue colour respectively.
In “any tissue”, iVMFs showed an increased overlap for all the 12 marks compared to
the RR genome. The highest overlap of iVMFs were observed for H4K20me1 (85.0%
of the iVMFs) and H3K27me3 (82.2% of the iVMFs) marks. The highest enrichment
was observed for H3K4me2 (a marker of promoters and enhancers, often associated
!
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with CpG islands) and H3K4me3 (a marker of active and poised promoters) where, the
iVMFs showed 21.1% and 19.9% greater overlap with these marks compared to the RR
genome. Further, the iVMFs showed increased overlap with H3K9ac (marks
transcriptional initiation and open chromatin structure) and H3K4me1 (associated with
enhancers and gene body) marks compared to the RR genome. For histone variant
H2AZ, iVMFs showed 12.9% greater overlap compared to the RR genome (Table 7.2).
iVMFs also showed increased overlap with the repressive marks of H3K9me3 (marks
silenced heterochromatin) and H3K27me3 (marks promoters silenced by polycomb
proteins).
!
Table 7.2. Comparison of strong overlap with histone modification mark between RR genome,
iVMFs and whole genome
Histone
Mark

Percentages of overlapped regions
(“any tissue”)

Whole
genome

RR
genome

iVMFs

70.8

%
change
(iVMFs
to RR)
+14.9

6.0

19.0

25.9

%
change
(iVMFs
to RR)
+6.9

55.8

65.6

+9.8

4.7

17.2

23.6

+6.4

38.6

60.8

74.5

+14.7

10.5

21.3

25.3

+4.0

H3K4me2

27.5

50.8

71.9

+21.1

4.4

20.3

30.5

+10.2

H3K4me3

21.8

45.0

64.9

+19.9

4.8

19.0

27.5

+8.5

H3K9me1

47.1

64.5

67.9

+3.4

24.1

40.1

46.1

+6.0

H3K9me3

59.6

49.6

55.6

+6.0

29.9

19.7

20.3

+0.6

H3K27me3

58.6

70.7

82.2

+11.5

20.7

32.5

40.1

+7.6

H3K36me3

43.9

60.8

62.4

+1.60

16.1

26.2

25.3

-1.10

H3K79me2

22.3

39.7

43.6

+3.9

8.7

19.8

22.5

+2.7

H4K20me1

60.6

78.4

85.0

+6.6

25.0

46.7

55.7

+9.0

H2AZ

46.8

53.0

65.9

+12.9

11.1

24.9

34.0

+9.1

!

Whole
genome

RR
genome

iVMFs

H3K9ac

30.4

55.9

H3K27ac

34.3

H3K4me1

Percentages of overlapped regions (K562)
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For K562 cells, H4K20me1 (55.7% of the iVMFs) and H3K9me1 (46.1% of the
iVMFs) showed highest percent overlap in iVMFs followed by H3K27me3 (40.1% of
the iVMFs). The highest enrichment was for H3K4me2 (10.2%), consistent with the
observation on “any tissue”. However, in contrast to the “any tissue”, for K562 cells,
next highest enrichment was for H2AZ (9.1%) and H4K20me1 (9.0%). For, H3K36me3
(a marker of RNA polymerase II elongation regions) iVMFs showed negative
enrichment compared to the RR genome. For the two repressive marks, iVMFs showed
an increased overlap with H3K27me3 (7.6%) but for H3K9me3 the enrichment was
negligible (0.6%) compared to the RR genome.
Overall, the results suggest that iVMFs are enriched in active histone marks and histone
variants. Additionally, they are also enriched for specific repressive marks (e.g.,
H3K27me3). As it was observed that iVMFs are enriched for strong enhancers as well
as insulators, these results seems reasonable, indicating that iVMFs are enriched mainly
in active regions of the genome but a subset of iVMFs are associated with insulators
and repressive marks. Higher percentage of overlap with several histone can be
explained by the fact that many iVMFs were marked by several different histone marks.

7.4.6$LaminaCassociated$domain$
We sought to determine that whether lamina-associated domains were more enriched
with variable fragments compared to the RR genome. In the eukaryotic nucleus,
intermediate filaments and membrane-associated proteins create a network called the
nuclear lamina, which provides mechanical support to the nucleus, contributes to the
spatial organization of chromosomes and has regulatory roles during replication
(Guelen et al., 2008). Overlap of iVMFs and RR genome with lamina-associated
domains was possible only for “any tissue” and not for K562. iVMFs showed higher
overlap (8.7% of the iVMFs) with lamina-associated domains compared the RR genome
(4.3% of the fragments overlapped) (Figure 7.10). Interestingly, it was observed that
compared to the whole genome (7.1% of the regions), RR genome overlaps less
frequently with lamina-associated domain. In a seminal work by Bass Van Steensel’s
group generated whole genome map of lamina-associated domains (LAD) in human
fibroblast cells and suggested that LADs are associated with low gene-expression levels
(Guelen et al., 2008). Further, the authors stated “the borders of LADs are demarcated
!
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by the insulator protein CTCF, by promoters that are oriented away from LADs, or by
CpG islands” (Guelen et al., 2008). We have also noticed that iVMFs strongly overlaps
with CTCF (section 7.4.4). Subsets of iVMFs, which are associated with CTCF and
may be other insulator proteins, are probably also present in the boundaries of laminaassociated domains.
!

!

Figure 7.10. Overlap of regions in whole genome, RR genome and iVMFs with lamina-associated
domains in “any tissue”. Overlaying RR genome and iVMFs with ENCODE data (release October,
2012). Regions with strong overlap (50.0% or more) with the lamina-associated domains were counted for
the analysis. EpiExplorer uses high-resolution map of genome-nuclear lamina interactions from mouse
embryonic stem cells during the differentiation of lineage-committed neural progenitor cells into terminally
differentiated astrocytes as well as from mouse embryonic fibroblasts.

!
!

7.4.7$Conservation$
!
Next, we wanted to investigate whether the conserved regions in the genome are likely
to show increased variability. Overlap of iVMFs and RR genome with conserved
regions were possible only for “any tissue” and not for K562. Based on whole genome
alignment of several species EpiExplorer provides a list of conserved regions in the
genomes. Overlaying the RR genome and the iVMFs with these regions revealed that
iVMFs are highly enriched in conserved regions compared to the RR genome. For
conserved regions, 18.2% of the iVMFs and 9.4% of fragments from the RR genome
showed overlap. For whole genome, only 3.8% of the regions overlapped with
conserved region (Figure 7. 11).
!
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Figure 7.11. Overlap of regions in whole genome, RR genome and iVMFs with conserved regions.
Overlaying the RR genome and iVMFs with ENCODE data (release October, 2012). EpiExplorer
generated the list of conserved regions by the phastCons program and phylogenetic hidden Markov model
(phylo-HMM) based on a whole-genome alignment of vertebrates and placental mammal subset of
species. Regions with strong overlap (50.0% or more) with the conserved regions were counted for the
analysis.

!

7.4.8$Repetitive$element$
!
Next, we assessed the overlap of iVMFs in repetitive elements compared to the RR
genome. Overlap of iVMFs and RR genome with repetitive element was possible only
for “any tissue”. Analysis of repetitive elements showed that compared to the RR
genome, iVMFs showed less overlap with SINE and any repeat elements (Figure 7.12).
For LINE elements, 2.2% of the iVMFs showed strong overlap compared to 2.9% in the
RR genome. However, for low terminal repeats (LTR), iVMFs showed increased
overlap (5.7% of iVMFs) compared to the RR genome (4.6% of the fragments). Further,
a slight increase in overlap was observed for iVMFs in satellite, simple repeats and low
complexity repeats compared to RR as well as the whole genome.
These results suggest that iVMFs are less frequent in repetitive elements compared to
the RR genome. However, iVMFs showed slightly increased overlap compared to the
RR genome for some repeat elements such as LTRs. These results suggest that iVMFs
are less enriched in the repetitive elements compared to the RR genome. However,
preferential mapping could also be another reason for less overlap of iVMFs in the
!
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repetitive elements, i.e., sequence reads does not map well in repetitive regions,
therefore iVMFs has less presence of repetitive regions in them.
!

!

Figure 7.12. Overlap of regions in whole genome, RR genome and iVMFs with repetitive elements.
Overlaying the RR genome and iVMFs with ENCODE data (release October, 2012). EpiExplorer
generated the repeat element data by using RepeatMasker program (UCSC). RepeatMasker uses the
RepBase library of repeats from the Genetic Information Research Institute (GIRI). Regions with strong
overlap (50.0% or more) were counted for the analysis.

7.4.9$Transcriptional elongation, transcriptional transition and
polycomb repressed regions$
!
The EpiExplorer server also provided the opportunity to explore other features such as
the overlap of iVMFs and the RR genome with regions of transcriptional elongation,
transcriptional transition and polycomb repressed proteins. For these features,
percentage of strong overlap was calculated for the whole genome, RR genome and
iVMFs (Figure 7.13). For both “any tissue” and K562 cells, iVMFs showed decreased
overlap with transcriptional elongation (11.1% and 2.1% in “any tissue” and K562
respectively) compared to the RR genome (15.1% and 4.3% in “any tissue” and K562
respectively). For transcriptional transition the percentage of overlapped regions
between iVMFs and RR genome was similar for both “any tissue” and K562 cells.
However, for Polycomb repressed regions iVMFs showed increased overlap (39.6% and
16.7% in “any tissue” and K562 respectively) compared to the RR genome (29.7% and
14.1% in “any tissue” and K562 respectively). The increase in percentage overlap was
much higher in case of “any tissue” compared to K562 cells, showing tissue-specific
effects of profiling polycomb repressed regions. Enrichment of iVMFs in polycomb
repressed regions is consistent with the previous results in this chapter, where iVMFs
!
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also showed an enrichment for H3K27me3 histone mark which is often associated with
promoters silenced by Polycomb proteins.
!

Figure 7.13. Overlap of regions in whole genome, RR genome and iVMFs with transcriptional
elongation, transition and Polycomb repressed proteins.

7.4.10$CpG$density$comparison$in$iVMFs$and$RR$genome$
The distribution of iVMFs in CpG features that were discussed previously in this
chapter, were derived from our own computational script. EpiExplorer tool also gave an
opportunity to graphically compare the frequency of CpG sites in iVMFs and the RR

!
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genome. The graphical comparison as produced by the EpiExplorer server is shown in
Figures 7.14-15.

Figure 7.14. Comparison of frequency of CpGs in the fragments from iVMFs and RR genome.
Current selection = iVMFs and control set = RR genome. The X-axis represents a score of CpG sites in
the iVMFs (12851 fragments) and RR genome (647626 fragments). The Y-axis shows the percentage of
fragments falling in the frequency indicated on the X-axis. For calculating CpG frequency, the DNA
sequence patterns were measured in each of the selected regions by EpiExplorer.

Figure 7.15. Comparison of observed CpG s in iVMFs and RR genome. Current selection = iVMFs
and control set = RR genome. The X-axis shows the number of observed CpG sites in the iVMFs (12851
fragments) and RR genome (647626 fragments). The Y-axis shows the percentage of fragments falling in
the number indicated on the X-axis. For calculating CpG frequency, the DNA sequence patterns were
measured in each of the selected regions by EpiExplorer.

For the, iVMFs the frequency score of CpG sites ranged from 0 to 0.285, whereas for
RR genome this range was from 0 to 0.309. However, as seen in Figure 7.14 iVMFs
were more frequent in CG dense fragments compared to the RR genome. Figure 7.15

!
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shows similar results variable fragments contained more CpG sites compared to the
fragments in the RR genome.

7.4.11$summary$of$“any$tissue”$analysis$of$iVMFs$and$RR$genome$with$a$
bubble$chart$
After performing the analysis on different features it was possible to generate a
summary diagram (referred as a bubble chart) of genomic and epigenomic features of
iVMFs and RR genome in EpiExplorer. This diagram could be created for only “any
tissue” analysis. Each bubble in the chart represents an element or feature, the X-axis of
the chart represents the percentage of overlap of a feature in the genome (genomic
coverage) and Y-axis represents the percentage of overlap of that feature in the
candidate dataset (epigenomic coverage). Therefore, it provides an opportunity to
visualise enrichment of a feature in the candidate datasets (e,g., for our study iVMFs)
compared to the whole genome. Figure 7.16 shows bubble chart for RR genome (upper
panel) and iVMFs (lower panel).
Comparison of both the charts shows upregulation or more epigenomic enrichment (Yaxis) of transcription factor binding in iVMFs compared to the RR genome (section
7.4.4) with a high overlap of Pol2b and CTCF (green arrow in lower panel of Figure
7.16). As discussed in section 7.4.5, overall, histone modification marks were enriched
in iVMFs compared to the RR genome with highest overlap for H4K20me1 and
H3K27me3 (purple round in Figure 7.16). It was also observed from the bubble chart
that the iVMFs are more enriched for CpG island (highlighted in black round circle,
Figure 7.16, lower panel) compared to the RR genome. Further, the chart also shows
that the abundance of repetitive elements is less in iVMFs compared to the RR genome.

!
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Figure 7.16. Summary bubble chart of RR genome and iVMFs of genomic and epigenomic
annotations (“any tissue”). This chart is created with EpiExplorer bubble chart feature. The purple
rounds on upper and lower panel represents H4K20me1 and H3K27me3 marks. The black circle in the
lower panel represents CpG island.

!
!
!
!
!
!
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Summary and discussion points: Using the pipeline described in Chapter 6, 12851
autosomal variably methylated fragments (iVMFs) were identified. The distribution of
the fragments (by chromosome, in CpG features, in relation to protein-coding genes)
was investigated. The iVMF data were overlapped with K562 cell line data retrived
from the ENCODE project and the iVMFs were found to be more prevalent in active
regions of the genome such as DNase hypersensitive sites, enhancers and active histone
marks. iVMFs also showed increased overlap with CTCF and Pol II b sites. These
results raised several points for discussion such as the possible role of iVMFs that
overlap with CpG features, enhancers and transcription factor binding sites and the
potential link between variable DNA methylation in gene bodies, CTCF and Pol II b.
These points are discussed in Chapter 9 (section 9.6).
Contribution statement: I carried out the entire analysis and interpretation described in
this chapter. Dr. Peter Stockwell helped by running the pipeline on the datasets and by
manipulating some file formats.
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Chapter$8:$Characterization$of$iVMFsC2$
!

---------------------------------------------------------------------

Chapter Summary:
!
This chapter will describe the iVMF-associated genes to be variably methylated.
Further, we describe a list of candidate genes and generate several candidates, which
could potentially be explored in future studies. As an example we showed DNA
methylation distribution of some of the top candidate genes. Finally, with gene ontology
studies we describe the function of the top candidate genes.
!
As described in Chapter 7, after removing the inter-individual variably methylated
fragments (iVMFs) from the X and Y chromosomes, there were 12851 autosomal
iVMFs remained to be investigated further. The first step was to investigate the
distribution of iVMFs in relation to the protein coding genes. For this analysis, the list
of the genomic coordinates of the iVMFs were provided as an input file to our in-house
developed identgeneloc program to relate the fragments to the nearest protein coding
gene. The information about protein coding genes was obtained from SeqMonk feature
table. The SeqMonk feature table contains a “biotype”, where it is possible to specify if
one is interested in only protein coding, microRNAs, pseudogenes etc. We specified
protein-coding genes. In this approach each iVMF will be associated with one proteincoding gene. Identgeneloc showed that 12851 iVMFs were associated with 6353 protein
coding genes in the human genome (out of 22000 protein coding gene in the whole
genome). In many cases, several iVMFs were associated with one gene. According to
this approach, 28.9% of the protein-coding genes showed variability.

!
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8.1$Comparison$and$overlap$with$previous$genomeCwide$studies$
!
As discussed in the introductory Chapter (section 1.2.1.4), Waterland and colleagues
identified five metastable epiallele genes (BOLA3, FLJ20433, PAX8, SLITRK1, and
ZFYVE28) while performing DNA methylation analysis of peripheral blood leukocytes
of rural Gambian children conceived in the different seasons (Waterland et al., 2010). In
our study, two of the five genes (PAX8, ZFYVE28) were associated with iVMFs. For
PAX8, we found seven gene body iVMFs (1 in exon and 6 in introns). The variable
nature of ZFYVE28 gene (zinc finger, FYVE domain containing 28) was further
confirmed by Harris et al. (described later). In our study, nine iVMFs (all of them in
introns) were associated with ZFYVE28 providing further evidence that ZFYVE28
shows significant inter-individual variability in normal individuals (summary of
overlapping genes are shown in the boxes below).
!
Feinberg et al. profiled the DNA methylation status of whole blood from 74 normal
individuals and identified 227 regions showing significant inter-individual variability
(Feinberg et al., 2010). When we overlayed our list of genes associated with iVMFs
with that of Feinberg et al. we found 65 genes were common between both (28.6%).
Given that 28.9% of the protein coding genes were associated with iVMFs, the
observed overlap between our findings and that of Feinbergs was expected. Recently
Harris et al., using HumanMethylation450 BeadChip identified 1776 CpG sites
(associated with 1013 genes) as metastable epialleles in peripheral blood leukocyte and
colonic mucosal DNA from normal individuals (Harris et al., 2013). 424 of 1013
(41.8%) genes from their list were also in our gene list. This observed overlap of 41.8%
is higher than the expected overlap of 28.9%. When we compared the list of Harris et al
with that of Feinberg et al. only 15 genes (6.6%) were in common. When we
overlapped our list with these two lists, we found 9 genes in common between all three
studies (Harris, Feinberg and our study).
The differences in the number of overlapping genes could be attributed to the mixed cell
type used in the previous studies and as well as the platform used for DNA methylation
investigation. Nevertheless, it was reassuring that with our approach, we could confirm
the variable status of some genes. These genes could be considered as strong candidates
for inter-individual DNA methylation variation in normal individuals.
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Common variably methylated genes between Waterland et al and our findings (2 out of 5 genes)
PAX8, ZFYVE28

Common variably methylated genes between Harris et al and our findings (424 out of 1013 genes)
ABCA1, ACBD5, ACBD6, ACOT1, ACOT11, ADAMTS14, ADARB2, ADPRHL1, ADRA1B, AGRN, AGTR1, AHCY,
AHRR, AIFM2, AK7, AKAP12, AKR7A3, ALOX5, ANAPC4, ANGPTL6, ANKRD33, APC2, APEH, AQP11,
ARRDC2, ART1, ASCC3, ASGR2, ATHL1, ATP10A, AXL, B3GNT3, BAI1, BANF2, BCL11A, BCL11B, BEND5,
BIN1, BOLL, BOP1, BRSK2, BTNL9, C10orf25, C10orf47, C18orf1, C19orf77, C1QTNF8, C1orf170, C1orf229,
C1orf65, C1orf86, C21orf119, C21orf128, C21orf56, C22orf26, C22orf40, C2orf27B, C6orf105, C6orf123, C6orf127,
C6orf145, C6orf204, C7orf50, C8orf47, C8orf73, C9orf129, C9orf171, CACHD1, CACNA1S, CAMTA1, CCBE1,
CCDC102A, CCDC127, CCDC144NL, CCDC33,CCDC66,CD70, CDC42EP4, CDH23, CELSR3, CEP170, CES1,
CHN2,CHST11,CHTF18, CNKSR3, CNST, COL23A1, COL6A2, CPLX1, CPT1C, CREB3L4, CRIP2, CRTAC1,
CSNK1D, CTBP2, CTU1, CUX2, CYP21A2,CYP2E1, CYTH2, DAB1, DCUN1D4, DDHD1, DFFB, DFNA5, DIP2C,
DLGAP4, DLL1, DNAJB13, DOC2B, DOK7, DOM3Z, DPEP3, DPF1, DPP10, DPP6, EBF3, EDARADD, EEF1A2,
EEF2K, EFHD2, EHD2, EPHA8, ERRFI1, ESPN, ESYT3, EVPL, EXD3, FAM151A, FAM171A2, FAM27A, FAM27L,
FAM49A, FAM59B, FAM83H. FAM90A1, FAT3, FBLN7, FCGR3A, FGF12, FGFR2, FOXK1, FRG2C, FRMD4A,
FSCN2, FSHR, FUCA1, GALNT6, GALNT8, GALNT9, GATA2, GCC1, GCK, GFI1, GFPT2, GIMAP8, GIP,
GLB1L2, GLI3, GLT1D1, GPC5, GPR123, GPR124, GPR133, GPR77, GPR78, GRIN1, GSTM5, GYG1, HAL,
HEY1, HIC1, HLA-DQB2, HLA-G, HLF, HS3ST3B1, HS6ST1, HSD11B2, HSPD1, IFITM5, IFT140, IGF2BP1, IL15,
IL17C, IMPDH1, INF2, IQSEC1, IRF1, ITPKB, JAKMIP3, JPH3, KBTBD11, KCNA3, KCNAB2, KCNE1, KCNG1,
KCNH2, KCNK1, KCNK15, KCNMB3, KIAA0146, KIAA1875, KIF19, KIF26B, KIRREL3, KLF15, KLHL35, KNDC1,
KRT27, KSR1, L3MBTL4, LAMA1, LHX6, LINGO3, LMO4, LMTK3, LPIN3, LRRC1, LRRC14, LRRC27, LRRC4B,
LYAR, MAD1L1, MAFK, MAGI2, MAN2B1, MAP2K3, MAPK9, MAST4, MDGA1, MEST, MEX3B, MGMT, MOGAT3,
MRGPRE, MRPS23, MSLN, MTHFD1L, MTNR1B, MUC12, MX2, MXD4, MYH14, MYT1L, NANOS2, NCOR2,
NEUROG1, NHP2L1, NIPA2, NLRP11, NLRP4, NMRAL1, NOP14, NOVA2, NPAS3, NPFFR2, NR4A3, NRG3,
NRXN2, NTNG2, NUBP2, ODZ4, OLIG1, OPCML, OR4F5, PANX2, PARD6G, PARVB, PAX7, PCBP3, PCDHA1,
PCDHGA11, PDAP1, PDE9A, PDGFD, PDXK, PEX10, PF4, PGS1, PHACTR1, PHF21B, PIK3R1, PITPNA,
PIWIL1, PLA2G4C, PLCL2, POMC, POU2AF1, PPAP2C, PPL, PPP1R3B, PPP2R2A, PRB2, PRDM16, PRKCZ,
PRR19, PRSS50, PTCH1, PTDSS2, PTH1R, PTPN20B, PTPRN2, PTPRS, RAB26, RAMP1, RARRES2,
RASGEF1C, RASL11B, RBPJL, RFPL2, RGPD3, RGPD8, RHBDL1, RHOBTB1, RNF169, RNF213, ROR2,
RPH3AL, RPTOR, RREB1, RTKN, RUNX3, RXFP3, S100A1, SCARA3, SCOC, SDK1, SECTM1, SEMA3C,
SEPHS2, SEPT9, SH3BP2, SHANK2, SIGLEC15, SIRT5, SLC29A4, SLC2A1, SLC2A9, SLC35F3, SLC37A1,
SLC45A4, SLC6A12, SLC6A13, SLC6A18, SLC6A19, SLC6A5, SMTNL2, SNAPC5, SOX18, SP4, SPEG, SPNS2,
SPTBN4, SQRDL, STAC, STK32C, STX2, SYTL1, TBC1D9B, TBR1, TCEA2, TCERG1L, TCF25, TCF7, TFAP2E,
TH, THBD, TIFAB, TMC5, TMC8, TMEM185B, TMEM45B, TNFSF9, TNIP2, TNXB, TOX, TP53I11, TPM1,
TRAPPC9, TRIM27, TRIM31, TRPM5, TTC22, TTLL10, TTLL8, TTYH3, TUSC1, TXNRD2, U2AF1, UBE2I,
UNC13A, UNC5B, URB1, USP29, VARS2, VENTX, VPS53, VWA1, VWCE, VWF, WDR20, WDR27, WNK4, WRB,
ZBTB22, ZC3H12D, ZCCHC3, ZFYVE28, ZKSCAN3, ZNF138, ZNF141, ZNF257, ZNF263, ZNF266, ZNF323,
ZNF385A, ZNF429, ZNF485, ZNF506, ZNF541, ZNF714, ZNF83, ZNF98

Common variably methylated genes between Feinberg et al and our findings (65 out of 227 genes)
AMZ1, ARHGEF3, BCL11B, CHD2, CSMD3, DBH, DISP2, DOK6, DUOXA2, DYRK1B, EDNRB, ELL2, ERICH1,
FBXO31, FCER2, FGFR1OP, FZD10, GAS7, GPR123, GPRIN3, GRIN1, HIST1H3B, HIST1H4F, HOXA1, HOXA5,
HSPA12B, INSIG2, INTS10, LBX1, LEF1, LEMD3, LSP1, LYPD5, MAD1L1, MEST, MMP9, MON1B, MYF6, NDN,
NEDD9, NFIC, NXN, OR1F1, PPP1R13L, PRIMA1, PTPRN2, RASA3, REG3G, RFC5, RIMS1, RPH3AL, SIX2,
SLC12A7, SORCS1, TACSTD2, TBX1, TNFSF9, TNRC6C, TPD52, TRIM31, TRIM36, ZFAND2A, ZFP36L1,
ZFPM1, ZNF568
Common variably methylated genes between Harris et al and Feinberg et al (15 genes)
ARPP-21, BCL11B, BCOR, GPR123, GPR85, GRIN1, KIAA1009, MAD1L1, MEST, MOG, NDUFA3, PTPRN2,
RPH3AL, TNFSF9, TRIM31

Common variably methylated genes between Waterland et al, Harris et al and our findings (1 gene)
ZFYVE28
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Common variably methylated genes between Harris et al, Feinberg et al and our findings (9 genes)
BCL11B, GPR123, GRIN1, MAD1L1, MEST, PTPRN2, RPH3AL, TNFSF9, TRIM31

!

8.2$Identification$of$candidate$variable$genes$$
!

8.2.1$Approach$for$choosing$candidates$
!
There were several approaches by which candidate variable genes could have been
identified. As described in Chapter 7, 1256 iVMFs (9.8% of the iVMFs) were
associated with promoters (defined as regions 5 kb upstream of the transcriptional start
site). One approach would have been to investigate the genes for which promoters were
associated with the iVMFs and consider them as candidates. Promoter-associated
methylation differences are likely to be of more biological relevance. However, recent
studies have shown that the methylation profile of distant or gene body CpG sites could
be important for regulating genome organisation and gene expression (see more
discussion in Chapter 9). Therefore focussing on only promoter-associated genes might
obscure other important features of iVMFs.
Another approach for ranking candidate iVMFs and associated genes would have been
by their statistical significance (by p value). We have observed 3300 fragments that had
a p value of 0 (computationally calculated). However, the iVMFs were already
identified by stringent p value cut off and multiple test corrections (p cut off of 1.54 x
10-8). Therefore, we reasoned that further ranking based on p value would not provide
any additional insight.
As described in the introduction of this chapter, with our identgeneloc program each
iVMF was assigned to its nearest protein coding gene (12851 iVMFs were associated
with 6353 protein coding genes). It was found that several genes were associated with
multiple iVMFs. Each of these fragments were separately filtered for coverage and
independently tested with Chi-square statistic for variability (as described in Chapter 2
and Chapter 6). Therefore, the preferred approach for identifying candidate genes was
to assign a frequency of iVMFs with the genes, i.e., assigning the number of iVMFs
associated with each gene. We then ranked the genes based on the number of iVMFs
associated with them.
!
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!
It was found that 13 genes were associated with 20 or more IVMFs (Table 8.1). Ten of
the 13 genes were novel, i.e., these genes not reported by Waterland et al., Feinberg et
al., or Harris et al. 70 genes (56 of them were novel) had 10-20 associated iVMFs.
Further, 397 genes (330 were novel) were associated with 5-10 iVMF. Out of 6353
genes, 1280 of them were associated with ≥ 3 iVMFs, whereas 3712 genes had only one
iVMF related to them.
!
Table 8.1. Frequency distribution of iVMFs with candidate genes
Number of iVMFs
Number of genes
Number of novel
associated
genes#
30-35
2
1
25-30
3
2
20-25
8
7
15-20
17
12
10-15
53
44
5-10
397
330
4
299
257
3
519
466
2
1342
1249
1
3712
3500
# These genes did not appear in Feinberg, Harris or Waterland’s list of metastable genes.

8.2.2$List$of$candidates$
!
Based on the iVMF frequency associated with the genes we have compiled a list of our
top candidates. We have chosen the genes that have at least 10 associated iVMFs. A
total of 83 genes were associated with ≥ 10 iVMFs. Further, the distribution of the
iVMFs in relation to the candidate genes (upstream or in gene body and distance from
transcription start site) was investigated. The top 83 candidate genes and relative
locations of the associated fragments are described in Table 8.2.
Of these 83 top candidate genes 17 of them (marked in bold in Table 8.2) were reported
as variably methylated in previous studies (see section 8.1). A point to be noted here is
that the identgeneloc program that identified the proximal genes for a fragment assigns
the closest gene name for each fragment without any restriction of distance being
imposed. Therefore, a gene that is in a gene poor region can be associated with many
fragments that will lie far upstream from the gene. For example, CNTN3 (contactin 3)
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has 15 fragments associated with it, but they are upstream and are 1146-1151 kb apart
from the start of the gene. Although within the scope of the present study, we cannot
determine the possible effect or role of these fragments on the nearest gene, but these
distant fragments might play a role in combination with other regulatory elements,
therefore we did not eliminate these genes from our list of candidates and this aspect
will warrant further exploration in future studies.
In addition, the density of iVMFs (for example, number of iVMFs per kb), either
upstream of a gene or in the gene body will depend on the number of fragments
investigated in that region. If the body or the upstream region of a gene is CG rich and
contains high number of MspI fragments, then the number of investigated fragments is
likely to be higher. Therefore, the number of iVMFs found in that region is expected to
be higher as well. The list of candidate genes based on iVMF frequency should be
considered as a preliminary exploratory list. Other approaches of ranking variable genes
and taking into account other factors (such as the density of iVMFs compared to the
fragments investigated in the same region) will remain a subject of future research.
Supplementary information provided with the thesis contains a folder (name:!S4-List of
candidates) with different lists of candidate genes with different iVMF frequency. A file
(.doc) on the top level describes each file in the folder.
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Table 8.2. Top candidate variably methylated genes based on high frequency of associated iVMFs

!
Gene name

Chromosome

Number of
iVMFs

Gene body
iVMF

Upstream iVMF

FBRSL1
ERICH1
SYT10
PTPRN2
CR381653.1
FAM182B
SALL3
AC233263.1
AC145676.2
LINC00273
GNAS
DLGAP2
GPR123
EBF3
COL18A1
ANKRD30BL
GALNT9
WDR60
CDH4
NKX1-1
FAM120B
CTDP1
PRDM16
CTA-299D3.8
CNTN3
CROCC
ADARB2
AC131097.4
CASZ1
RASA3
ZBED4
SPACA7
VSTM2B
GNG7
RPTOR
PPP2R2D
FAM43A
FRG2C
ZNF727
TMEM185B

12
8
12
7
21
20
18
2
7
16
20
8
10
10
21
2
12
7
20
4
6
18
1
22
3
1
10
2
1
13
22
13
19
19
17
10
3
3
7
2

35
33
26
25
26
24
22
22
22
21
21
20
20
18
18
18
18
17
17
16
16
16
16
15
15
15
15
15
15
15
14
14
13
13
13
12
12
12
12
12

11
13
0
25
0
9
0
0
0
6
20
8
10
2
16
11
18
4
15
1
0
0
15
0
0
4
12
3
12
15
0
0
0
13
13
3
3
0
0
2

24
20
26
0
26
15
22
22
22
15
1
12
10
16
2
7
0
13
2
15
16
16
1
15
15
11
3
12
3
0
14
14
13
0
0
9
9
12
12
10

!

Distances of
upstream iVMFs
from TSS
4.9-143 kb
22.9-1897 kb
129 bp-912 kb
NA
212-640 kb
339-341 kb
1-751 kb
1096-1624 kb
1.6-290 kb
968 bp-697 kb
22 kb
18-336 kb
31-99 kb
225-414 kb
147.6-147.7 kb
186 bp- 95 kb
NA
285-603 Kb
23 bp to 189 kb
- 22 bp to 169 kb
9.8 kb to 150 kb
41 to 148 kb
6385 bp
28- 634 kb
1146-1151 Kb
194- 203 kb
36-339 kb
- 31 bp to 309 kb
7.8 - 33.5 kb
NA
15-584 kb
21-260 kb
89-1851 kb
NA
NA
151-984 kb
348-547 kb
5.3-521 kb
8.1-478 kb
160-373 kb
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FAM150B
FAM20C
AC133561.2
CACNA1A
TMEM18
GPC1
RNF170
IRX4
HAAO
KIAA0125
FAM92B
HEATR2
TPTE
LPCAT1
C17orf97
PPP1R26
MRPL36
NCOR2
GDF7
FAM83H
JPH3
C16orf91
ZFPM1
DHX32
B4GALNT4
RP3-377D14.1
B3GAT1
PFKP
ZMIZ1
KIAA0182
ESYT2
NUDT1
MAFK
AC134312.1
MIR4763
STK32C
KCNG2
DUX4L7
TERT
ARHGEF10
C22orf34
TSNARE1
PRKAR1B

!

2
7
16
19
2
2
8
5
2
14
16
7
21
5
17
9
5
12
2
8
16
16
16
10
11
1
11
10
10
16
7
7
7
16
22
10
18
4
5
8
22
8
7

12
12
12
12
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
11
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

0
6
0
12
0
5
1
1
0
0
0
6
1
3
0
0
1
7
10
10
9
3
9
8
11
0
1
6
8
2
0
1
1
0
2
7
3
0
8
10
10
10
10

12
6
12
0
11
6
10
10
11
11
10
5
10
8
11
11
10
4
1
1
2
8
2
3
0
10
9
4
2
8
10
9
9
10
8
3
7
10
2
0
0
0
0

1.1-347 kb
14.98-127 kb
39-181 kb
NA
52-947 kb
367 bp- 625 kb
349-379 kb
648 bp - 374 kb
12-308 kb
4.7- 288 kb
22-269 kb
23.21-23.28 kb
77-140 kb
27-110 kb
28-88 kb
108 bp- 129 kb
26-75 kb
25-88 kb
43 kb
27 kb
9.9-25 kb
1.2-4.5 kb
3.4-6.3 kb
23-278 bp
NA
603-1528 kb
59-664 kb
1.2-565 kb
174-216 kb
17-199 kb
127-175
9.7-172 kb
21-170 kb
209 bp-168 kb
17-164 kb
134-158 kb
55-78 kb
48-56
498-721 bp
NA
NA
NA
NA
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8.3$Candidate$subsets$of$iVMFs$based$on$genomic$and$epigenomic$
feature$$
!
In Chapter 7, the overlap and enrichment of iVMFs with genomic and epigenomic
features were described for “any tissue” and K562 cells. From the overlap analysis in
the EpiExplorer tool, the iVMFs, that strongly overlapped (≥ 50%) with a feature
(regulatory elements, Histone marks, CTCF and Polymerase II binding etc.) in K562
cells has been filtered and exported in a bed format text file for visualising in UCSC
genome browser. Table 8.3 describes the 21 different subsets of iVMFs that were
created for visualization.
!
Table 8.3. List of candidate iVMF subsets based on genomic and epigenomic features

!
Features
Conservation
Lamina-associated domains
DNAseI hypersensitive spot
Insulator
Strong enhancer
Strong enhancer+DNAseI
CTCF
Pol2
Pol2b
H3K9ac
H3K27ac
H3K4me1
H3K4me2
H3K4me3
H3K9me1
H3K9me3
H3K27me3
H3K36me3
H3K79me2
H4K20me1
H2AZ

Number of overlapped iVMFs
2371
1125
782
376
392
77
2803
2136
5221
3326
2713
1708
3925
3534
5924
2612
5155
3250
2893
7164
4376

% of total iVMFs
18.4
8.8
6.1
2.9
3.1
0.6
21.8
16.6
40.6
25.9
21.1
13.3
30.5
27.5
46.1
20.3
40.1
25.3
22.5
55.7
34.1.0

!
These lists will serve as a resource for additional exploration of candidate genes. For
example, while investigating distant upstream fragments it is possible to check from
these subsets whether any of them overlapped with insulators or strong enhancers or if
any DNAseI hypersensitive sites are associated with those fragments. Further, while
investigating gene body associated iVMFs, visualization whether Pol2 or Pol2b or
CTCF overlapped with the fragments is possible.

!
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The BED text files for the lists described in Table 8.3 are included in the supplementary
information provided with the thesis for further exploration and visualization (folder
name: S3-iVMFs_subsets_tracks). A file (.doc) on the top level describes each file in
the folder. In addition, I have imported these data in to the UCSC genome browser as a
custom track, which can be visualised if wished using this link below (bold).
http://genome.ucsc.edu/cgibin/hgTracks?hgS_doOtherUser=submit&hgS_otherUserName=aniruddha&hgS_otherUserSession
Name=iVMFs_human_aniruddha

These tracks are not in public domain and are confidential. Figure 8.1 provides an
example of visualisation of these tracks. Twenty-one tracks (as described in Table 8.3)
were exported in to the UCSC and dense view of entire chromosome 1 is shown.

Figure 8.1. Example of subset iVMF visualization as custom tracks in UCSC genome browser.

!
!
!

!
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8.4$Methylation$pattern$of$candidate$iVMFs$(examples)$
From the top candidate genes listed above (Table 8.2), the methylation patterns of 11
individuals for 10 of the genes are described in this section. The example genes shown
here were chosen based on several parameters (number of iVMF-associated, presence of
iVMF in gene body and upstream, presence of CpG islands in the iVMFs, presence of
enhancers or insulators etc.) to provide a representative view of the variable methylation
pattern in the fragments.

8.4.1$FBRSL1$
!
FBRSL1 (fibrosin-like 1) is a poorly characterised gene. It has been shown that a 36
amino acid peptide derived from the sequence of FBRSL1 stimulates fibroblast growth
in vitro, and could function as fibrogenic lymphokine stimulating several other
biological activities such as wound healing, epithelialization and collagen matrix
formation (Prakash and Robbins, 1998; Prakash and Robbins, 2001). Fibrosin was
reported as a fibrogenic cytokine, produced in response to alcohol-induced liver injury
and shown to modulate expression of myofibroblasts (Prakash et al., 1999; Prakash et
al., 2007). 35 iVMFs were associated with FBRSL1, 24 of them residing upstream from
the start of gene, while 11 of them were in the gene body (Table 8.4).
The distances shown in the Tables in this section was not relative to TSS at position 0.
The identgeneloc program subtracts the genomic coordinates of the iVMFs from start of
the gene to provide relative distance, therefore, iVMFs which were upstream from TSS
were represented as positive distance and the iVMFs which were in the gene body was
represented as negative distance and this is opposite to the usual representation of the
distances of regions from the gene.
Table 8.4. Details of associated iVMFs (35) with FBRSL1 gene (chromosome 12)
iVMFs
1
2
3
4

!

Start

End

132922095
132930014
132956279
132961690

132922193
132930090
132956356
132961762

Length
99
77
78
73

No of
CpG site
10
7
7
4

Distance
from gene#
143945
136048
109782
104376

Gene
relation
upstream
upstream
upstream
upstream

p value
0
2.22E-14
2.12E-09
0
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5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

132969574
132973852
132973913
132974035
132974336
132975134
132976828
132976894
132991215
133000154
133000245
133018262
133019854
133021145
133033755
133051092
133052175
133057193
133058596
133061070
133071903
133084805
133084958
133086169
133086493
133086565
133086850
133100405
133144799
133150920
133158652

132969630
132973912
132974005
132974095
132974396
132975186
132976893
132976977
132991273
133000244
133000312
133018327
133019916
133021225
133033818
133051160
133052260
133057248
133058642
133061154
133071951
133084872
133085032
133086225
133086564
133086623
133086904
133100504
133144876
133150983
133158733

57
61
93
61
61
53
66
84
59
91
68
66
63
81
64
69
86
56
47
85
49
68
75
57
72
59
55
100
78
64
82

3
5
3
4
2
5
8
4
3
10
5
7
6
5
7
6
6
3
6
4
5
5
7
5
7
6
5
6
5
5
5

96508
92226
92133
92043
91742
90952
89245
89161
74865
65894
65826
47811
46222
44913
32320
14978
13878
8890
7496
4984
-5813
-18734
-18894
-20087
-20426
-20485
-20766
-34366
-78738
-84845
-92595

upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
on_intron
on_exon
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_exon
on_exon

0
1.78E-15
0
1.33E-15
7.77E-16
2.22E-16
0
4.04E-09
9.99E-16
1.14E-09
0
4.44E-16
1.44E-15
5.88E-15
3.33E-16
3.33E-16
3.55E-15
5.55E-16
0
7.77E-16
9.99E-16
0
1.11E-16
0
5.55E-16
0
9.99E-16
3.48E-11
5.55E-16
2.88E-09
0

!
!
!
The methylation percentages for the 11 individuals in 35 iVMFs were shown in a heat
map (Figure 8.2). UPS in the heat map represents the upstream fragments and the
number with the fragments corresponds to the numbers shown in Table 8.4. The
fragments, UPS 1-3, 5-9, 11-12, 14-18, 20-23, 25 and Exon35 fragments were either in
core CpG island or in CpG island shores. Differences in the percentage methylation can
be observed for this gene, in upstream fragments, as well as gene body-associated
fragments. In particular UPS2 (methylation ranging from 38.7% to 72.4%), UPS6
(12.3% to 75.0%), UPS13 (20.5% to 71.3%), UPS14 (36.5% to 91.1%), UPS20 (14.3%

!
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to 96.8%), UPS21 (22.3% to 93.1%), Exon26 (47.3% to 94.8%), Intron32 (35.4% to
97.1%), Exon35 (49.5% to 93.5%) showed bimodal distribution of methylation between
individuals. It was observed that in some fragments, individuals were variably
hypomethylated (defined as less than 50% in this section) whereas for other fragments,
the individuals showed variable levels of hypermethylation (>50% methylation). A note
here is that UPS21 overlapped with an enhancer (from subsets in section 8.3) and
UPS13 and Intron32 overlapped with insulators.
!

!
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Figure 8.2. Heat map of 35 iVMFs associated with FBRSL1. X-axis = iVMF1-35 and Y-axis = 11 individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values
inside the cell represent methylation percentage. Blank cells = Individuals did not qualify coverage for these fragments; therefore values for these cells were missing. This plot was generated
using “gplot” package in R Studio software (version 15.2).
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8.4.2%SYT10%
!
SYT10 (Synaptotagmin 10) is a membrane family protein, highly expressed in neural
and endocrine cells (Zhao et al., 2003). Gene expression studies of the hippocampus
region showed SYT10 could be involved in immune-dependent memory performance
and the circadian timing system in animals (Husse et al., 2011; Ron-Harel et al.,
2008). Recently, it was shown that SYT10 controls the Ca (2+)-dependent exocytosis
of secretory vesicles and it may play role in exocytosis and vesicular trafficking of
neurons (Cao et al., 2011). 26 upstream iVMFs were associated with the SYT10 gene,
UPS26 is a promoter-associated iVMF and the rest of the fragments lie far upstream
from the start of the gene. Upstream of SYT10 is a gene dessert and the next protein
coding gene upstream is KIF21A (39687030-39837192), which is 6.09 Mb from
SYT10. Therefore we observed several upstream iVMF associated with SYT10 gene
(Table 8.5). Interestingly strong enhancers overlapped with six of these upstream
iVMFs (iVMF5 and iVMF13-17).
Table 8.5. Details of associated iVMFs (26) with SYT10 gene (chromosome 12)

!

iVMFs

Start

End

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

34504832
34503404
34502200
34502094
34498937
34497681
34495125
34495006
34494923
34494852
34494122
34490936
34489824
34489771
34489070
34489001
34488917
34488362
34488309
34487386

34504895
34503474
34502268
34502199
34499003
34497741
34495193
34495093
34495005
34494922
34494191
34491023
34489893
34489823
34489160
34489069
34489000
34488467
34488361
34487463

Leng
th
64
71
69
106
67
61
69
88
83
71
70
88
70
53
91
69
84
106
53
78

No of
CpG site
4
5
7
7
8
7
6
6
6
6
9
7
7
4
6
7
8
6
6
6

Distance
from gene
912079
910651
909447
909341
906184
904928
902372
902253
902170
902099
901369
898183
897071
897018
896317
896248
896164
895609
895556
894633

Gene
relation
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream

p value
0
6.57E-14
6.21E-11
1.02E-12
0
5.55E-16
2.22E-12
7.93E-11
7.22E-13
3.34E-14
1.55E-15
4.88E-15
4.88E-10
1.56E-13
6.87E-10
0
4.93E-09
1.01E-10
9.19E-10
7.77E-16
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21
22
23
24
25
26

34487316
34487126
34372524
34371654
34364485
33592882

34487385
34487213
34372567
34371776
34364553
33592922

70
88
44
123
69
41

5
6
6
16
5
9

894563
894373
779771
778901
771732
129

upstream
upstream
upstream
upstream
upstream
upstream

1.32E-10
3.42E-13
2.22E-16
1.33E-15
1.21E-09
0

The methylation percentages for the 11 individuals in 26 iVMFs are shown in a heat
map (Figure 8.3). For some fragments the range of methylation spanned both sides of
50% (hypo and hyper). For example, UPS12, UPS17 and UPS18 showed methylation
ranging from 40.9% to 80%, 36.2% to 67.9% and 33.5% to 71.0%. On the other hand,
some fragments showed methylation between either 0-50% or 50-100% in the
individuals. For example, UPS26 (promoter-associated) showed range of methylation
from 2.3% to 21.7% and UPS20 from 65.3% to 89.5% methylation.
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Figure 8.3. Heat map of 26 iVMFs associated with SYT10. X-axis = iVMF1-26 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).
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8.4.3%PTPRN2%
!
PTPRN2 (protein tyrosine phosphatase, receptor type, N polypeptide 2) is a signal
molecule and belongs to the tyrosine phosphatase protein family. PTPRN2 is involved
in biological processes such as cellular growth and differentiation and regulation of
cell cycle (Smith et al., 1996). Hypermethylation of DNA in a specific locus of this
gene has been observed in atypical adenomatous hyperplasia (Selamat et al., 2011)
and variable levels of H3K4me3 mark on PTPRN2 have been detected in patients
with IgA Nephropathy (Qi et al., 2012). Further, as discussed above, PTPRN2 is one
of the genes that was shown to be variably methylated in normal individuals by two
independent studies (by Feinberg’s group and Harris and colleagues). 25 iVMFs were
found in the gene body (introns) of PTPRN2 (Table 8.6). PTPRN2 contains 13
different alternative transcripts (source: Gene card).
Table 8.6. Details of associated iVMFs (25) with PTPRN2 gene (chromosome 7)!

!

iVMFs

Start

End

Length

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

157935968
157934892
157927401
157860489
157857152
157826453
157824775
157812466
157795379
157780067
157697628
157689298
157668107
157605841
157581981
157550738
157533150
157504375
157481658
157478566
157457634
157451228
157427249

157936026
157934988
157927464
157860561
157857206
157826534
157824914
157812566
157795451
157780160
157697696
157689361
157668185
157605910
157582042
157550839
157533199
157504440
157481703
157478641
157457714
157451291
157427294

59
97
64
73
55
82
140
101
73
94
69
64
79
70
62
102
50
66
46
76
81
64
46

!

No of
CpG site
3
7
3
6
4
4
6
9
5
6
5
5
4
5
4
17
7
4
7
7
4
7
5

Distance
from gene
-444511
-445587
-453078
-519990
-523327
-554026
-555704
-568013
-585100
-600412
-682851
-691181
-712372
-774638
-798498
-829741
-847329
-876104
-898821
-901913
-922845
-929251
-953230

Gene
relation
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron

p value
0
4.44E-16
0
1.09E-10
5.55E-16
5.55E-16
1.22E-08
6.18E-10
6.48E-09
1.55E-10
2.34E-10
7.42E-12
1.39E-10
3.31E-09
0
6.66E-16
0
4.44E-16
2.22E-16
7.07E-09
0
1.61E-09
2.66E-15
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!
24
25

157369903
157337009

157369971
157337080

69
72

6
4

-1010576
-1043470

on_intron
on_intron

0
5.55E-16

!
!
!
The DNA methylation pattern of the 25 intron-associated fragments in 11 individuals
for PTPRN2 is shown in Figure 8.4. The majority of the iVMFs were
hypermethylated in individuals and the methylation ranged from 57.0% (S11 in
Intron25) to 98.5% (S4 in Intron1). However, introns 13, 19 and 20 showed variable
levels of hypomethylation (varied from 1.0% to 37.9% methylation in these 3
fragments between individuals). Intron5 and Intron7 had a higher range of
methylation between individuals, with the methylation percentage varying from
15.8% to 72.4% and 36.4% to 76.1%. Intron 13, which is associated with an insulator,
showed variable methylation of 10.1% to 37.9% between the individuals. Out of the
25 iVMFs, two (iVMF 13 and 18) of them reside in a CpG island shore and three of
them (iVMF16, 19 and 20) were within a core CpG island and iVMF13 was
associated with DNAse hypersensitive sites.
!
!

!
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Figure 8.4. Heat map of 25 iVMFs associated with PTPRN2. X-axis = iVMF1-25 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).
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8.4.4%SALL3%
!
SALL3 (sal like 3) is a zinc-finger protein that is evolutionarily conserved in several
species. SALL3 was shown to bind to DNA methyltransferase 3 alpha (DNMT3A)
resulting in a reduction of DNMT3A-mediated CpG island methylation (Shikauchi et
al., 2009). Aberrant methylation and silencing of the SALL3 gene was shown to be a
feature of hepatocellular carcinoma (Yang et al., 2012) and placentomegaly (Ohgane
et al., 2004). Further, SALL3 was reported as a methylation biomarker for early
detection of bladder cancer (Yu et al., 2007). 22 upstream iVMFs were associated
with SALL3 including one in the promoter of the gene (Table 8.7).
!
Table 8.7. Details of associated iVMFs (22) with SALL3 gene (chromosome 18)

!

iVMFs
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

!
!
!

Start
75989056
75989229
76069561
76150915
76189910
76190623
76266177
76266243
76322683
76446189
76447410
76481748
76489143
76522927
76529182
76574878
76616748
76625959
76628190
76686037
76724958
76739229

End
75989135
75989285
76069616
76150980
76189962
76190721
76266242
76266327
76322768
76446276
76447470
76481826
76489183
76522997
76529233
76574972
76616848
76626025
76628315
76686119
76725019
76739274

Length

No of
CpG site

80
57
56
66
53
99
66
85
86
88
61
79
41
71
52
95
101
67
126
83
62
46

9
5
11
6
7
13
4
11
9
5
3
10
5
4
4
5
8
3
4
9
4
9

Distance
from
gene
751141
750991
670660
589296
550314
549555
474034
473949
417508
294000
292806
258450
251093
217279
211043
165304
123428
114251
111961
54157
15257
1002

Gene
relation

p value

Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream
Upstream

0
5.55E-16
1.78E-15
0
5.00E-15
5.55E-16
0
2.89E-15
2.00E-15
3.06E-10
2.81E-13
0
3.33E-16
1.54E-13
1.19E-10
0
3.56E-11
5.55E-16
9.80E-09
9.74E-12
2.47E-09
2.33E-15
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!

Methylation profiles of the 22 SALL3 associated iVMFs are shown in Figure 8.5. The
promoter-associated iVMF (UPS22) showed 0% to 14.9% methylation between
individuals and remained hypomethylated. UPS3 (38% to 90.2%), UPS7 (40% to
86.9%), UPS8 (41.0% to 86.3%), UPS9 (46.3% to 91.9%), UPS16 (20.4% to 68.4%)
and UPS19 (29.3% to 75.1%) showed high range of variable methylation between
individuals. For UPS12, the methylation percentage ranged from 10.3% to 43.4%.
UPS3-9, UPS17, 19 and UPS21-22 were located within a CpG island core or shore.
From the subset tracks we did not find any enhancers or insulators overlapping
upstream iVMFs of SALL3.
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Figure 8.5. Heat map of 22 iVMFs associated with SALL3. X-axis = iVMF1-25 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).
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8.4.5%DLGAP2%
!
DLGAP2 (discs, large Drosophila homolog-associated protein 2) is a kinase family
protein and is normally expressed in submembrane domains. DLGAP2 was shown to
have role in the organisation of synapse and neuronal cell signalling (Ranta et al.,
2000). Recently, in rat models it was shown that increased site-specific DNA
methylation reduced the expression of DLGAP2 in post-traumatic stress disorder
compared to the controls (Chertkow-Deutsher et al., 2010). Twelve upstream and
eight gene body iVMFs were associated with this gene (Table 8.8).
!
Table 8.8. Details of associated iVMFs (20) with DLGAP2 gene (chromosome 8)

!

iVMFs

Start

End

Length

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

1113339
1137538
1137579
1244228
1250601
1284088
1287319
1321446
1321499
1416368
1431126
1431230
1496930
1497006
1497065
1497229
1532024
1579090
1642851
1649614

1113384
1137578
1137660
1244285
1250694
1284151
1287396
1321498
1321572
1416438
1431176
1431284
1497005
1497064
1497184
1497296
1532107
1579149
1642910
1649701

46
41
82
58
94
64
78
53
74
71
51
55
76
59
120
68
84
60
60
88

No of
CpG
site
8
7
8
7
6
6
6
8
11
5
6
7
11
10
17
11
5
8
6
14

Distance
from gene

Gene
relation

p value

336148
311954
311872
205247
198838
165381
162136
128034
127960
33094
18356
18248
-47473
-47532
-47652
-47764
-82575
-129617
-193378
-200169

upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
on_exon
on_exon
on_exon
on_exon
on_intron
on_intron
on_intron
on_exon

7.77E-16
6.88E-15
6.32E-10
1.37E-11
0
0
2.70E-11
0
8.88E-16
1.12E-13
2.22E-16
6.66E-16
7.77E-16
1.22E-15
9.99E-16
0
1.55E-15
0
5.48E-11
2.58E-13

!
!
The Methylation profiles of 20 DLGAP2-associated iVMFs are shown in Figure 8.6.
For DLGAP2, UPS1 (ranging from 47.8% to 79.1%), UPS8 (8.6 % to 76.8%) and
UPS9 (14.8% to 85.1%) showed high range of methylation variation between the
individuals investigated. For UPS12, methylation levels were between 22.1% to
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!

45.0%. Exon20 (DNAase hypersensitive spot, CTCF and PolII binding site) remained
almost completely unmethylated in all individuals (0% to 5.5% methylation). The
other iVMFs (upstream and gene body-associated) showed variable methylation
levels usually >50%. UPS1-3, UPS8-9, UPS11-12, Exon13-16, Intron18 and Intron20
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Figure 8.6. Heat map of 20 iVMFs associated with DLGAP2. X-axis = iVMF1-20 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).
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8.4.6%CDH4%
!
CDH4 belongs to the calcium-dependent Cadherin superfamily of proteins and has
been shown to have a role in several biological process such as cell-cell recognition,
morphogenesis, cell migration and proliferation (Etzrodt et al., 2009). DNA
methylation analysis of CDH4 in human primary tumors revealed that in 78% of
colorectal and 95% of gastric carcinomas, the gene is heavily methylated. In addition,
hypermethylation of CDH4 was detected from peripheral blood of patients (Miotto et
al., 2004). Studies in a nasopharyngeal carcinoma cell line showed promoter
hypermethylation and a potential role of CDH4 as a tumor suppressor gene (Du et al.,
2011). 17 iVMFs were associated (2 upstream and 15 in introns) with the CDH4 gene
(Table 8.9).
!
Table 8.9. Details of associated iVMFs (17) with CDH4 gene (chromosome 20)

!

iVMFs

Start

End

Length

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

59638185
59827442
59874263
59893249
59906659
59927814
60076643
60097756
60226466
60238663
60268068
60405420
60457849
60459706
60471657
60481572
60500526

59638249
59827537
59874332
59893335
59906738
59927886
60076713
60097828
60226529
60238741
60268147
60405496
60457912
60459777
60471769
60481765
60500594

65
96
70
87
80
73
71
73
64
79
80
77
64
72
113
194
69

No of
CpG site
4
23
6
5
3
5
4
10
6
4
4
3
4
4
4
6
4

Distance
from gene
189311
23
-46772
-65775
-79178
-100326
-249153
-270268
-398969
-411181
-440587
-577936
-630352
-632217
-644209
-654205
-673034

Gene
relation
upstream
upstream
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron

p value
1.27E-13
9.99E-16
8.01E-12
2.36E-11
5.55E-16
2.22E-16
1.31E-13
2.32E-13
1.73E-10
3.33E-16
1.11E-15
4.51E-13
2.22E-16
6.23E-09
1.26E-08
9.66E-11
0

!
!
!
The DNA methylation pattern of the 17 iVMFs for CDH4 is shown in Figure 8.7. Out
of these 17 fragments, only the promoter-associated UPS2 was within a CpG island,
and showed 0.5% to 7.9% methylation. The other iVMFs were outside CpG islands
and shores. Although not in CpG islands (also not associated with DNAse
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hypersensitive, CTCF or PolII subunits), Intron4 and Intron6 showed 19.3% to 49.2%
and 8.5% to 51.4% methylation between the individuals and were hypomethylated (050% methylation) in most individuals. Intron5 showed variability in methylation from
51.5% to 91.5% between individuals. UPS1 and other intronic iVMFs showed
variable methylation as well but were mostly hypermethylated (>50% methylation).
Intron17 was associated with a DNAse hypersensitive site.
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Figure 8.7. Heat map of 17 iVMFs associated with CDH4. X-axis = iVMF1-17 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).

!
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8.4.7%NKX1:1%
NKX1-1 is a homeobox protein. Homeobox family proteins are important for
development and abnormalities in the expression of the homeobox genes were
implicated in several human syndromes (Moretti et al., 1994). The entire gene of
NKX1-1 resides within a 5.5 kb CpG island (chr4: 1396292-1401730). 16 iVMFs
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were associated with NKX1-1 (Table 8.10), out of which, 12 iVMFs were far
upstream (> 5 kb from the start of the gene), two were promoter-associated (13 and
14), one iVMF overlapped the transcription start site (15) and one was within an
intron (16).
!
Table 8.10. Details of associated iVMFs (16) with NKX1-1 gene (chromosome 4)

!

iVMFs

Start

End

Length

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1569029
1558674
1555618
1538038
1522977
1514275
1513208
1497305
1491029
1421572
1421250
1409058
1401598
1400436
1400096
1399634

1569127
1558735
1555675
1538097
1523021
1514335
1513253
1497358
1491095
1421617
1421341
1409118
1401651
1400541
1400232
1399722

99
62
58
60
45
61
46
54
67
46
92
61
54
106
137
89

No of
CpG site
9
6
4
5
7
4
4
6
5
3
4
8
12
22
20
11

Distance
from gene
168911
158556
155500
137920
122859
114157
113090
97187
90911
21454
21132
8940
1480
318
-22
-484

Gene
relation
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
on_intron

p value
2.22E-16
5.55E-16
6.34E-10
0
0
2.33E-15
2.00E-15
2.22E-16
3.29E-09
1.95E-14
1.11E-15
0
3.33E-16
6.40E-09
7.44E-14
0

!
The DNA methylation pattern of the 16 iVMFs for NKX1-1 is shown in Figure 8.8.
The promoter, transcription start site and intronic fragments (i.e., iVMF13-16) were
within CpG islands and had low levels of methylation (values ranging from 2.6% to
22.5% for the four fragments in all the individuals). UPS6 (within a CpG island)
showed high range of methylation varying from 25.7% to 82.2%. UPS5 (also within
CpG island and DNAse hyper sensitive site) showed 4.4% to 34.9% methylation.
Also note that UPS1-3 were located within CpG island shores.
!
!
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Figure 8.8. Heat map of 16 iVMFs associated with NKX1-1. X-axis = iVMF1-16 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).

8.4.8%PPP1R26%
!
PPP1R26 (protein phosphatase 1, regulatory subunit 26, also knows as KIAA0649)
was shown to interact with structurally unrelated regulatory proteins (Hendrickx et
al., 2009). PPP1R26 is expressed in multiple human tissues and cell lines. Further,
PPP1R26 was shown to have oncogenic potential. In nude mice fibroblasts,
exogenous expression of the gene caused tumour formation (Yang et al., 2005).
Eleven iVMFs were associated with the PPP1R26 gene (chromosome 9: 138371648138380739). All 11 iVMFs were upstream of the gene and the closest iVMF was 108

!

253!

Characterization of iVMFs-2

!

bp from the start of the gene (iVMF11) and the most distant one was located 129582
bp from the gene start (iVMF1). Four iVMFs (iVMF4-8) overlapped with enhancers.
Table 8.11. Details of associated iVMFs (11) with PPP1R26 gene (chromosome 9)
iVMFs

Start

End

Length

1
2
3
4
5
6
7
8
9
10
11

138242013
138303150
138304560
138333428
138360756
138360833
138360951
138366030
138368614
138371197
138371492

138242067
138303217
138304649
138333495
138360832
138360950
138361043
138366097
138368690
138371270
138371541

55
68
90
68
77
118
93
68
77
74
50

No of
CpG site
3
6
15
4
3
5
5
4
4
12
6

Distance
from gene
129582
68432
67000
38154
10817
10699
10606
5552
2959
379
108

Gene
relation
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream
upstream

p value
1.07E-10
0
2.98E-11
3.99E-10
1.81E-13
1.12E-09
8.75E-12
1.78E-15
2.58E-09
8.46E-10
5.03E-09

!
The methylation patterns of 11 iVMFs associated with PPP1R26 are shown in the
heat map below (Figure 8.9). UPS10 and UPS11 was in close proximity with the start
of the gene and for these two fragments methylation between individuals varied from
0.15% to 3.1% and 0% to 10.9% respectively. Although, 67 kb upstream of the gene,
iVMF3 showed variability of 0% to 5.7% methylation between individuals, i.e.,
overall unmethylated. Interestingly, UPS3, UPS10 and UPS11 were associated with
CpG islands. Additionally, UPS3, UPS6 and UPS7 were associated with DNAase
hotspots. UPS5 and UPS7 showed methylation ranging from 34.3% (S3) to 72.2%
(S2) and 22.2% (S11) to 75.6% (S8) respectively.
!
!
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Figure 8.9. Heat map of 11 iVMFs associated with PPP1R26. X-axis = iVMF1-11 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).

!
!

8.4.9%DHX32%
!
DHX32 (also known as DDX32 and DHLP1) are dead box proteins that were
implicated in alteration of RNA secondary structure such as translation initiation,
nuclear and mitochondrial splicing, and ribosome and spliceosome assembly. DHX32
has a possible role in regulating T-cell apoptosis in response to certain stimuli (Alli et
al., 2007) and was down-regulated in acute lymphoblastic leukaemia (Abdelhaleem,
2002). An alternate transcript (lacking exon 4) of the gene is present is many cell
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types. Eleven iVMFs were associated with this fragment (three upstream and eight on
intron of the gene) (Table 8.12).
!
Table 8.12. Details of associated iVMFs (10) with DHX32 gene (chromosome 10)
iVMFs
1
2
3
4
5
6
7
8
9
10
11

Start

End

127585282
127585196
127585027
127584829
127584770
127584720
127584600
127584530
127584386
127584341
127584276

127585426
127585236
127585118
127584966
127584809
127584769
127584705
127584599
127584518
127584385
127584340

Length
145
41
92
138
40
50
106
70
133
45
65

No of
CpG site
17
3
13
27
6
11
15
9
18
4
6

Distance
from gene
278
192
23
-175
-234
-284
-404
-474
-618
-663
-728

Gene relation
upstream
upstream
upstream
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron
on_intron

p value
0
5.55E-16
3.00E-15
2.00E-15
0
2.22E-16
0
0
0
0
7.77E-16

Interestingly, these 11 fragments were within a region of 1104 bp and contained
within one CpG island. Figure 8.10 shows an 1150 bp region containing the 11
iVMFs (black track on top). iVMF3, 10 and 11 overlapped with DNAase hotspots
(blue track) and iVMF1-3 overlapped with CTCF (red track, third from top). All the
iVMFs overlapped with subunits of RNA polymerase (purple tracks at the bottom).
Overlap of the iVMFs with active (green) and repressive (red) histone modification
marks are also shown.
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Figure 8.10. UCSC custom track view of 127584276-127585426 region containing 11 iVMFs in
DHX32. We have used SeqMonk feature table (based on Ensembl annotation) to define the start and
end of the gene. In the case of DHX32, according to Ensembl annotation, the start and end of the gene
is 127524906-127585005; however, UCSC annotation defines it as 127524909-127569884. The gene
FANK1 has same annotation in both (127585108-127698161) UCSC and Ensembl. Therefore, in this
track (UCSC) iVMF1 and 2 overlaps with FANK1 gene.

DNA methylation percentages for 11 individuals in the 11 DHX32 associated iVMFs
are shown in Figure 8.11. Promoter associated fragment, UPS3 showed variable
methylation ranging from 2.8% to 53.5%. Introns6-10 showed methylation ranging
from 21.2% (S1 in Intron8) to 69.7% (S2 in Intron7). For Intron5 and Intron11,
variation in methylation between individuals ranged from 2.5% to 17.7% and 4.3% to
19.5% respectively, i.e., the fragments remained hypomethylated in individuals (<
50% methylation). This is also an example where individuals showed notable
methylation differences across a single CpG island. For example, the methylation
percentage varied from 6.1% to 62.6% (S1), 4.3% to 69.7% (S2), 14.9% to 71.9%
(S8) and 7.7% to 64.6% (S9) for individuals in the different fragments within this
CpG island.
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Figure 8.11. Heat map of 11 iVMFs associated with DHX32. X-axis = iVMF1-11 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).

8.4.10%TERT%gene%
!
TERT (telomerase reverse transcriptase) is repressed during cellular replication that
results in shortening telomere length. Overexpression of the TERT gene has been
implicated in many human diseases. Recently, differential methylation at the TERT
promoter has been implicated in type of cancers and the gene is considered as
potential epigenetic biomarker for several tumours such as brain tumours, cervical
and gastric cancers (Castelo-Branco et al., 2013; Jiang et al., 2012; Wang et al.,
2010). For, TERT, two promoter-associated, six intron-associated and two exon!
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associated iVMFs were found (Table 8.13). Out of these 10 iVMFs, all, except
iVMF9 were located within CpG features (i.e., either in a core CpG island or in a
CpG island shore).
Table 8.13. Details of associated iVMFs (10) with TERT gene (chromosome 10)
No of
Distance
Gene
iVMFs
Start
End
Length
CpG site from gene
relation
1
1295904
1295964
61
8
721
upstream
2
1295681
1295770
90
14
498
upstream
3
1291082
1291165
84
8
-4101
on_intron
4
1290368
1290409
42
4
-4815
on_intron
5
1283715
1283775
61
5
-11468
on_intron
6
1283608
1283653
46
5
-11575
on_intron
7
1283045
1283105
61
4
-12138
on_exon
8
1282984
1283044
61
4
-12199
on_exon
9
1265318
1265377
60
3
-29865
on_intron
10

1253689

1253787

99

7

-41494

on_exon

p value
1.07E-10
0
2.98E-11
3.99E-10
1.81E-13
1.12E-09
8.75E-12
1.78E-15
8.46E-10
5.03E-09

!
!
!
CpG methylation of the 10 TERT-associated fragments is shown in Figure 8.12.
UPS1 (promoter-associated) showed methylation ranging from 25.8% to 64.9%,
whereas UPS2 (also promoter-associated) showed 7.1% to 21.7% methylation.
Intron9 fragment showed 57.1% to 89.8% methylation. Overall, the gene bodyassociated fragments showed low range of methylation variation and usually showed
high levels of methylation, i.e., 50-100% in the individuals.
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Figure 8.12. Heat map of 10 iVMFs associated with TERT. X-axis = iVMF1-11 and Y-axis = 11
individuals. Methylation scale = white (0% methylation) to red (100% methylation). Values inside the cell
represent methylation percentage. Blank cells = Individuals did not qualify coverage for these
fragments; therefore values for these cells were missing. This plot was generated using “gplot” package
in R Studio software (version 15.2).
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8.5%Exon%containing%iVMFs%
!
Among the 6467 gene body-associated iVMFs, six of them spanned an entire exon, i.e.,
they overlap with two introns on either side (Table 8.14). Among these six iVMFs, two
of them (on SSBP4 and SLC9A8) showed overlap with both CTCF and RNA
polymerase II subunits and two of them overlapped with RNA polymerase II subunits
alone (KRTCAP3 and PRRT4). It was interesting to note that SSBP4, SLC9A8,
KRTCAP3, GPT and ABCA7 have 14, 5, 4, 5 and 11 alternative splice patterns
respectively (source: Gene cards which uses Alternative Splicing Database and splice
patterns database for alternate splicing information) [See more discussion in Chapter 9
on alternate splicing and DNA methylation].
Table 8.14. Details of exon containing iVMFs

!

Distance
from
gene#
0
ABCA7
-24155
19
1064147
1064258
112
9
3.89E-15
KRTCAP3
-81
21
27665237
27665315
79
11
6.66E-16
PRRT4
-142
71
128001596 128001702 107
17
2
3.33E-16
GPT
-2979
8
145731220 145731336 117
17
3
2.22E-16
SSBP4
-14222
19
18544367
18544444
78
9
3
8.74E-10
SLC9A8
-251
20
48429394
48429502
109
9
1 Pol2 or Pol2b overlap. 2 CTCF overlap. 3 both CTCF and Pol2 or Pol2b overlap. # - Sign indicates they
are inside the gene body. Distances are calculated from the start of the gene. Green colour = iVMFs that
are in CpG islands. Red = iVMFs outside CpG features.
Chromos
ome

Start

End

Length

No of CpG
site

p value

Gene

!
!
We decided to plot the percentage methylation of the whole fragment and single CpG
methylation within the fragments for two of these fragments to provide an idea of how
methylation pattern varied between in the whole fragment and on single CpG sites.

8.5.1%KRTCAP3%
For the KRTCAP3 gene-associated iVMF, the methylation between individuals varied
from 7.1% to 73.1% (Figure 8.13). This fragment is contained within a CpG island and
marked by active histone modification marks. Additionally, this iVMF overlapped
conserved regions.

!
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Figure 8.13. Methylation levels between individuals in KRTCAP3-associated iVMF (chr2: 2766523727665315). S1-S11 represents 11 individuals in the study.

This fragment is 79 bp in length and contained 11 CpG sites. Methylation levels in each
of these CpG sites for each individual are shown in Figure 8.14. Between the
individuals, single CpG sites showed marked differences in methylation. For example,
in CpG 11 (genomic position: 27665316), individuals S2 and S6 showed methylation of
74.3% (covered by 39 sequenced reads) and 81.3% (covered by 16 sequenced reads)
respectively. On the other hand, individuals S9 and S11 showed methylation of 29.6%
(covered by 71 sequenced reads) and 5.9% (covered by 17 sequenced reads)
respectively for the same site. Further, within same individuals the methylation of the
11 CpG sites showed high range of variation (Figure 8.14). For example, methylation in
S6 ranged from 25.0% to 81.3%, in S2 from 27.2% to 74.3% and in S1 from 13.0% to
42.8% between the 11 CpG sites.

!
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Figure 8.14. Single CpG methylation patterns between individuals in KRTCAP3-associated iVMF
(chr2: 27665237-27665315).

!
!

8.5.2%SLC9A8
!
SLC9A8-associated iVMF (at chromosome 20), showed methylation ranging from 0%
to 6.8% (Figure 8.15). This iVMF is within a CpG island and overlap CTCF and RNA
polymerase II subunits and marked by an active histone modification mark.
!

!

Figure 8.15. Methylation levels between individuals in SLC9A8-associated iVMF (chr20: 48,429,39448,429,502). S1-S11 represents 11 individuals in the study.
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This fragment is 109 bp in length and contained 9 CpGs. Methylation percentages in
each of these CpG sites are shown in Figure 8.16. For this fragment, the CpG
methylation between the individuals was consistent from CpG 2 to CpG 7 (mostly
unmethylated). However, CpG 1, CpG 8 and CpG 9 showed marked differences in
methylation between individuals.
Interestingly, CpG9 in Individual S1 showed 100% methylation where as the other CpG
sites for this individual (CpG1-8) were hypomethylated (0% to 34.0% methylation).
Examination of the sequenced reads revealed that although CpG1-8 in S1 were covered
by 50 sequenced reads, only one sequenced read mapped to CpG9 and it was
methylated at that site. Detailed investigation of single CpG site coverage in many
fragments revealed more instances where the other CpG sites received coverage of 10 or
higher but the terminal CpGs (either at the start or at the end) has lower coverage. This
event can happen when several sequenced reads map in one direction, to one end of a
fragment but fewer reads map from the opposite direction. This observation also
provided further support to our idea that investigating single CpGs for variable
methylation analysis between individuals will increase the noise and introduce false
discovery in the analysis when millions of CpG sites are investigated (discussed in
Chapter 6, in unit of DNA methylation analysis section).
Although we did not show data here for the other four iVMFs described in Table 8.14,
we observed variability as shown in the examples above but interestingly, three out of
these four (green colour in Table 8.14) were within CpG islands and overall the
individuals show low levels of methylation in these iVMFs. However, the iVMFs
outside CpG features tend to show high levels of methylation (see more discussion in
Chapter 9).

!
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Figure 8.16. Single CpG methylation patterns between individuals in SLC9A8-associated iVMF
(chr20: 48,429,394-48,429,502).!

!
!

8.6%More%examples%from%DNMT:associated%iVMFs%
!
It was found that three iVMFs were associated with DNA methyltransferase 3A
(DNMT3A) and one iVMF was associated with DNA methyltransferase 3L DNMT3L.
All four DNMT-associated iVMFs were found in the introns of these genes. DNMTs
are key players in the DNA methylation mechanism in an organism. DNMT3A is
involved in de novo methylation (Xie et al., 1999), whereas in addition to de novo
methylation, DNMT3L was also thought to play role in establishing imprinting and
transcriptional repression via interaction with histone deacetylase 1 (Aapola et al., 2000;
Aapola et al., 2002).
!
Table 8.15. Details of DNMT-associated iVMFs

!

Chromos
ome

Start

End

Length

21

25564810

25564885

22

25536862

21

25475367

!

p value

Gene

Distance
from gene#

76

No of
CpG
site
12

5.55E-16

DNMT3A

-648

25536964

103

6

2.22E-16

DNMT3A

-28596

25475412

46

7

2.89E-15

DNMT3A

-142
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213

45670869

45670968

100

5

0

DNMT3L

-11229

# - Sign indicates they are inside the gene body. Distances are calculated from the start of the gene. 1
DNAse hotspot, Pol2 or Pol2b overlap, 2 Pol2 or Pol2b overlap 3 both CTCF and Pol2 or Pol2b overlap.

Figure 8.17 shows the methylation of individuals for all three iVMFs associated with
DNMT3A. For iVMF1, the methylation percentage ranged from 0% to 28.4%, whereas
for iVMF2 and iVMF3 the range of methylation between individuals was 52.3% to
97.8% and 0% to 25.9% respectively. An interesting observation was that iVMF1 and
iVMF3 (which showed overall low levels of methylation in the individuals) were
associated with DNAse hypersensitive hotspots and were in a CpG island shore and a
core CpG island respectively. However, iVMF2 that showed higher overall methylation
levels was outside CpG features and did not have DNAse hypersensitive hotspots
associated with it.
!
!

!

Figure 8.17. Methylation pattern between individuals in three DNMTA-associated iVMFs. iVMF1 =
chr2: 25564810-25564885, iVMF2 = chr2: 25536862-25536964, iVMF3 = chr2: 25475367-25475412

Figure 8.18 shows a single CpG methylation plot of iVMF1 (chr2: 2556481025564885) for the individuals. iVMF1 contained 12 CpG sites and was 79 bp in length.
The Figure depicts that for CpG10 and CpG11, all the individuals were unmethylated
(ranging from 0% to 6.3%), however, CpG3 and CpG5 showed a high range of

!
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difference in the methylation between individuals. For CpG3 the methylation varied
from 0% (S11) to 84.4% (S4) and for CpG5 the range of methylation was from 0% (S8)
to 61.9% (S2). Further, as shown before, some individuals showed marked intraindividual differences in adjacent CpG methylation, for e.g., in S4 the methylation level
varied from 84.4% to 0% between the 11 CpG sites in the fragment.

Figure 8.18. Single CpG methylation levels between individuals in iVMF1 of DNMT3A: chr2:
25564810-25564885

!
The methylation patterns of the iVMF located in the intron of DNMT3L were plotted.
For this iVMF, the percentage methylation of the fragment varied from 15.3% to 89.4%
for the 11 individuals (Figure 8.19). Single CpG site methylation plots are also
presented for this fragment (Figure 8.20 and Table 8.16). Consistent with the examples
discussed above, striking methylation differences in some adjacent CpG sites were
observed between individuals and within the same individuals.

!
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Figure 8.19. Methylation levels between individuals in DNMT3L-associated iVMF: chr21: 4567086945670968. X-axis represents 9 individuals qualified for the fragment.

Figure 8.20. Single CpG methylation methylation levels between individuals in DNMT3L-associated
iVMF: chr21: 45670869-45670968.

In this example, several individual showed 100% methylation in some CpG sites (Table
8.16). The numbers of sequenced reads covering these CpG sites are indicated in the
superscript in Table 8.16. In few CpG sites, this observation came from 1 or 2
sequenced reads, as is the case in Figure 8.16. However, for this fragment the
hypermethylation of some CpGs in individuals seems more consistent (i.e. usually the

!
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CpG sites showed methylation of >50% and was covered by more than 10 sequenced
reads).
Table 8.16. Single CpG methylation values for DNMT3L-associated iVMF (chr21: 4567086945670968)

!

Individuals
CpG1
CpG2
S1
42.8
75.8
S2
18.18
69.2
S3
23.3
64.2
S4
31.5
83.8
S5
45.5
76.77
S7
30.4
67.6
S8
7.73
69
S9
57.14
10010
S10
25.7
72.9
NR= No sequenced reads at this sites.

CpG3
1001
66.67
61.5
54.16
87.7
54.5
02
90
NR

CpG4
1001
1002
10026
91.6
87.5
100
NR
10010
NR

CpG5
1001
1002
88.4
83.3
1008
88.9
NR
1003
NR

8.7%Gene%ontology%for%functional%significance%
!
Finally, we sought to determine the functional roles of genes that were associated with
iVMFs. After assigning the frequency of iVMF association to the protein-coding genes
(as described in section 8.2.2), it was found that 1298 genes were associated with at
least 3 iVMFs. We decided to perform a gene ontology (GO) study with the list of 1298
genes to understand the biological functions, enrichment of pathways and disease
associations of iVMF-associated genes. This analysis was performed using two tools in
combination, DAVID (Huang da et al., 2009) and WebGestalt (Zhang et al., 2005). In
this section key results are described.
!
For this analysis, the complete list of protein-coding genes was used as a background.
The rationale behind using the complete list of genes was that RRBS provides
information about almost 18000 protein-coding genes in the human genome (Meissner
et al., 2008; Smith et al., 2009). For the candidate gene list, top 1298 genes were used.
An alternative strategy could be to use only the genes where iVMFs overlap with
promoters, given that they are more likely to have a direct effect on gene expression.
However, an iVMF, which is distant from the start of the gene, can also have influence
on gene expression if they are involved in regulatory function (enhancers, insulators).
Therefore, analysis was not performed on particular subsets of iVMFs (such as
!
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promoters) but we rather wanted to be inclusive in our approach (see section 9.6.8 for
more discussion).
!

8.7.1%GO%functional%categories%
The GO functional category study was performed using DAVID. This tool provides
options to look at functions of a gene list in three modules. The top five functions for
each module (biological, molecular and cellular) with their GO terms are described in
Table 8.17. From the biological and molecular functions it is evident that broadly the
variable genes are involved in regulation of transcription, neuron function and different
metal ion binding activities. In the cellular module, the candidate genes were largely
enriched in plasma membranes and extracellular matrix.
!

Table 8.17. Top five functions of candidates in three GO categories
Function

Number of
genes

p value

Fold
enrichment

Gene ontology (GO): Category –Biological
GO:0006355~ Regulation of
172
1.12E-09
1.55
transcription, DNA-dependent
GO:0051252~ Regulation of
174
1.95E-09
1.54
RNA metabolic process
GO:0006350~ Transcription
195
2.29E-09
1.49
GO:0030182~ Neuron
differentiation
GO:0045449~ Regulation of
transcription
GO:0003677~DNA binding

!

2.01E-06
3.50E-06
4.11E-06

60

1.40E-08

2.19

2.51E-05

227

1.67E-08

1.40

2.99E-05

Gene ontology (GO): Category –Molecular
210
2.69E-09
1.45

4.18E-06

GO:0003700~transcription
factor activity
GO:0030528~transcription
regulator activity
GO:0043565~sequence-specific
DNA binding
GO:0046872~metal ion binding
GO:0005886~plasma
membrane
GO:0044459~plasma
membrane part
GO:0014701~junctional
sarcoplasmic reticulum

FDR

107

4.44E-09

1.77

6.90E-06

147

1.39E-08

1.57

2.16E-05

74

2.59E-08

1.97

4.03E-05

317

2.36E-06

1.24

0.003

Gene ontology (GO): Category –Cellular
269
2.03E-04
1.20

0.290

166

4.99E-04

1.27

0.712

4

0.001

13.49

2.67

270!

Characterization of iVMFs-2

!
membrane
GO:0031012~extracellular
matrix
GO:0005578~proteinaceous
extracellular matrix

34

0.004

1.66

6.17

32

0.004

1.68

6.53

Similar biological function analysis was performed using WebGestalt tool and the
program generated a directed acyclic graph (DAG) showing the relationship between
the listed genes. Similar to DAVID, this analysis showed enrichment of cellular
developmental process, e.g., generation and development of neurons, anatomical
structure development. Further, enrichment was shown for binding to nucleic acids,
regulating transcription and ion channel activity. To correct for the multiple
comparison, Bonferroni corrections were applied and the adjusted p values after
correction are shown in this sections below.

8.7.2%Pathway%analysis%
!
Two pathway analyses (KEGG and Wikipathways) were performed with the candidate
gene list using WebGestalt tool (see Chapter 2 for criteria used in WebGestalt analysis).
In KEGG (Kyoto Encyclopedia of Genes and Genomes) analysis, the significant
pathways that meet the stringent statistical criteria are shown below in Table 8.18.
Cancer associated pathways, focal adhesion, tight junction and calcium signaling
pathways showed significant enrichment in the candidate gene list.
!

Table 8.18. KEGG pathway analysis of the 1298 candidate genes
Pathway

Observed
gene count

Expected
gene count

Fold enrichment

Adjusted p
value

Pathways in cancer

33

9.12

3.62

2.21e-08

Basal cell carcinoma

11

1.54

7.15

2.53e-05

Tight junction

16

3.69

4.33

8.03e-05

Focal adhesion

20

5.60

3.57

8.55e-05

Wnt signaling pathway

17

4.20

4.05

9.63e-05

!
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Protein digestion and
absorption

12

2.27

5.29

0.0002

Melanogenesis

13

2.83

4.60

0.0004

Calcium signaling pathway

17

4.95

3.43

0.0009

In Wikipathway analysis (Kelder et al., 2012) we found that Wnt signalling and calcium
regulation appeared as significant pathways, consistent with KEGG pathway analysis.
Additionally, SIDS susceptibility (Sudden Infant Death Syndrome) and androgen
receptor signalling pathways showed significant enrichment of the candidate genes
(Table 8.19).
!

Table 8.19. Wiki pathway analysis of the 1298 candidate genes

!
Pathway

Observed
gene count

Expected
gene count

Fold enrichment

Adjusted p
value

Wnt Signaling Pathway
and Pluripotency

16

2.57

6.21

1.65e-07

Wnt Signaling Pathway

11

1.68

6.55

2.31e-05

SIDS Susceptibility
Pathways

10

1.85

5.41

0.0004

Calcium Regulation in the
Cardiac Cell

15

4.17

3.60

0.0008

Androgen receptor
signaling pathway

11

2.38

4.62

9.63e-05

!

8.7.3%Disease%enrichment%%
Analysis of enrichment for disease-associated genes with WebGestalt showed
significant enrichment for different types of cancers, neurological conditions and
psychiatric disorders

(schizophrenia, bipolar disorder, autistic disorder, mental

retardation) and musculoskeletal diseases. The top five categories of enrichment (ranked
according to p value) are shown in Table 8.20. The disease association analysis was in
concordance with functional and pathway analysis as variably methylated genes were
involved in neuron function, ion channel activity and cancer pathways.

!

272!

Characterization of iVMFs-2

!
Table 8.20. Disease enrichment analysis of the 1298 candidate genes**

!
Disease

Observed
gene count

Expected
gene count

Fold enrichment

Adjusted p
value

Congenital Abnormalities

63

18

3.50

5.85e-15

Neoplasms

65

28.9

2.72

3.06e-10

Musculoskeletal Diseases

45

12.93

3.48

3.43e-10

Syndrome

55

18.3

3.00

3.96e-10

Carcinoma

48

14.61

4.62

4.83e-10

** WebGestalt uses GLAD4U database for this analysis ((Jourquin et al., 2012).

8.7.4%Protein%and%gene%family%association%
!
The DAVID tool provided an option to perform protein superfamily and gene family
associations from the gene list. In the protein superfamily analysis, cadherin and
serine/threonine protein phosphatase family of proteins showed significant enrichment
with the variable genes (data not shown). In the gene family analysis, the top two gene
families that showed significant enrichments were HOX and EGF. Interestingly, in the
gene ontology analysis performed by Feinberg et al (which identified 227 variable
methylated regions), the HOX gene family (all four clusters) was the most enriched
category among variable candidate genes (Feinberg et al., 2010).

!
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Summary and discussion points: We compared the iVMF associated genes found in
this study with some of previously published study. Then, we generated a ranked list of
variably methylated genes by assigning the frequency of iVMFs associated with each
gene. Further, methylation pattern of the iVMFs associated with the top 10 variable
genes were plotted for each individual to show the distribution and variability of DNA
methylation in the iVMFs in the individuals. A gene ontology study was performed
using the top 1298 genes to investigate the enrichment of function and diseaseassociation of variably methylated genes. Some important observations from these
analyses are discussed in Chapter 9 (section 9.6-9.8). They are: contribution of possible
genetic variation in RRBS data; stochastic variation in some CpG sites; the role of
variation in adjacent CpGs; possible role of gene body methylation variation; possible
effect of variable methylation in iVMFs in an individual; implications of the gene
ontology study.
Contribution statement: I have carried out the entire analysis and interpretation
described in this chapter.

Dr. Peter Stockwell helped by manipulating some file

formats.
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Chapter%9:%Discussion%of%results%and%future%
directions%
--------------------------------------------------------------------9.1%Inter:individual%DNA%methylation%variation%
Methylation of DNA molecules, which is prevalent in all vertebrates, is a fundamental
mechanism for regulating gene function (Bock et al., 2012; Elango and Yi, 2008).
DNA methylation has a crucial role in gene silencing, tissue differentiation, genomic
imprinting, X chromosome inactivation, phenotypic plasticity, and disease susceptibility
(Carrel and Willard, 2005; Chatterjee and Morison, 2011; Igarashi et al., 2008; Rollins
et al., 2006; Suzuki and Bird, 2008). Aberrant DNA methylation has been associated
with human diseases including cancer (Bird et al., 1995; Bird, 1986).
Although, the role of DNA methylation is well recognised in the disease context,
documentation of variable DNA methylation patterns in healthy individuals is limited. It
has been proposed that environmentally induced variation in DNA methylation is
responsible for adult disease such as cardiovascular disease. Recently, in healthy
individuals, variation in DNA methylation patterns was hypothesised to alter an
individual’s susceptibility to common diseases (Bjornsson et al., 2004; Petronis, 2010;
Portela and Esteller, 2010; Rakyan et al., 2011; Relton and Davey Smith, 2010;
Toperoff et al., 2012) and response to drug treatments (Ivanov et al., 2012). Apart from
better understanding of altered disease susceptibility, variable DNA methylation in
healthy, adult individuals could explain phenotypic variation (Bock et al., 2008). The
impact of epigenetic variation (epipolymorphism) in modulating gene expression and
phenotypic traits has been demonstrated in model organisms (Peaston and Whitelaw,
2006; Wong et al., 2005).
Further, detailed understanding of inter-individual variation in normal populations is
necessary from a practical clinical point of view. For more confident detection of
aberrant methylation in diseased patients, it is crucial to know the range of methylation
that a healthy individual could exhibit. For robust DNA methylation biomarker
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development it is important to choose sites (CpGs), which show minimal variability in
healthy individuals and significant variation between patient and controls (Bock et al.,
2008; Mikeska et al., 2007).
Previously some attempts have been made to investigate inter-individual variation in
DNA methylation (Feinberg et al., 2010; Jacoby et al., 2012; Wang et al., 2012), but
these studies were limited by the use of low-resolution technology and mixed cell types
in the samples. This PhD study was initiated by the observation that, to date, there is no
study available on investigating inter-individual DNA methylation variation in healthy
individuals in a homogenous cell population.
During the research for this project, we became the first group in New Zealand to
perform genome-wide methylation sequencing (project started in 2009). Therefore, help
and expertise was not available locally. Legitimate analysis of the massive volume of
sequencing data was more challenging than appeared. Together with Dr. Peter
Stockwell, step-by-step development of the methylation pipeline was a necessary and
challenging experience. With the advancement of next-generation sequencing
technologies, revising and adapting to strategies for data analysis was needed during the
course of this study. It is pleasing that the development from this work has already
benefited other projects and has been successfully applied for methylation profiling of
other species (zebrafish). Further, the technical development during the project was
applied to an interesting biological question: to what extent and where does the interindividual epigenetic variation exist in the human neutrophil genome.

9.2%Origin%of%Reduced%representation%bisulfite%sequencing%(RRBS)%%
Reduced representation bisulfite sequencing (RRBS) provided an alternative technology
to whole genome bisulfite sequencing to investigate genome-wide methylation patterns
in the individuals. Eleven individuals were sequenced using RRBS. These individuals
were selected from a diverse genetic background, as we did not aim to perform a
population study based on any particular feature; rather we wanted to use this research
as a discovery platform, the findings from which can be used to explore specific cohorts
in the future. The number of sequenced individuals was limited to 11 because of the
cost ($2500 per library on average). Additionally, RRBS provided more than 30 million
!
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sequenced reads on average, per individual, which was challenging to process and
analyse and therefore the massive volume of data limited the option of increasing the
sample size.
DNA methylation profiling of individuals was performed on purified neutrophils.
Humans have more than 200 cell types in the body and each cell type has its own
epigenetic signature. Therefore, it was important to study a single, homogenous cell
type for detecting inter-individual DNA methylation variation. The RRBS libraries were
prepared from samples that showed more than 90% purity (neutrophil content) after
enrichment.

9.3%Establishment%of%alignment%strategy%and%comparison%of%aligners%
Several experiments were carried out on the first sequenced library (X9015) to increase
the average quality of the sequenced reads and increase alignment efficiency. Different
alignment programs, their performance and the nature of mapping the sequenced reads
were explored to make an informed decision about the choice of alignment program.
The results suggested that assessment of the quality of sequenced library, trimming the
sequenced reads based on quality and removal of adaptor sequences from the reads
considerably improved the mapping efficiency. At this time, there was no freely
available tool that could perform removal of adaptor sequences from RRBS data;
therefore, we developed and freely distributed the first Cleanadaptor tool to facilitate
data analysis. Later, the Trim Galore tool was released (12.03.2012) from Babraham
institute to perform similar operation as cleanadaptors.
(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/).

This

section

discusses several aspects of establishing alignment strategy in the lights of our results.

9.3.1%Speed%differences%between%alignment%programs%
!
The time taken to complete the alignment of the same library differed significantly
between the alignment programs and the estimates provided for the alignment
completion time in the published protocol of the aligners did not match with our results.
Published descriptions of the alignment programs were based on much smaller data
sets. For example, RMAPBS used human chromosome 6 for evaluation of the program
!
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(Smith et al., 2008; Xi and Li, 2009). Chromosome 6 contains only ~ 6% of the total
DNA of the human genome. Similarly, BSMAP performance was compared with
several other aligners using 2.9 million, 31 bp reads against the Arabidopsis thaliana
genome (119 Mb) (Xi and Li, 2009). The time taken to map one lane of sequenced
reads against the whole genome is much greater than had been implied (Chen et al.,
2010). The statistics described with the example data in the programs differed
significantly from our real time data. The number of reads, the read length of the
sequences and the size of the reference genome had a pivotal role to play in determining
the overall mapping speed. The aligning algorithm of the program also had a significant
effect. The slower performance of earlier BSMAP versions (e.g. v1.02, see Table 1) has
been noted by others on a synthetic, smaller data set (106 simulated reads aligned to
human chromosome 21) (Chen et al., 2010) and can be explained by the nature of the
program. The seeding/hashing and the bitwise masking (a unique feature of BSMAP)
confer considerable efficiency together with multithreading but, despite these, the
extensive alignment optimizing steps made the older version of the aligner slower. In
contrast, the seeding method employed by RMAPBS conferred substantially greater
efficiency, yet returned bisulfite alignments of comparable quality, as noted elsewhere
(12). The top performer is the BW Transform of the BowTie aligner called by Bismark
(Krueger and Andrews, 2011) in which the significant time expended in the preprocessing step was generously compensated by the notably superior performance of the
algorithm (Chatterjee et al., 2012).

9.3.2%Mapping%differences%between%alignment%programs%
!
Ideally, all aligners would create exactly the same mapping for the same sequenced
reads, but we observed that different aligners mapped the same sequenced library
differently. The underlying differences in their strategies for locating, extending and
making their optimized choices could generate variant results. The manner in which
aligners manage the C-T mapping asymmetry provides an additional source to
understand mapping differences. BSMAP and RMAPBS allow both Cs and Ts of reads
to map to genomic cytosines, whereas Bismark converts all residual Cs in the read and
all genomic Cs into Ts for mapping. This can enable BSMAP and RMAPBS to achieve
higher mapping efficiencies (as observed in our results) but can introduce a bias by
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increasing the unique mapping for more highly methylated reads compared to those less
methylated where the higher proportion of Ts makes multiple mapping more probable.
In contrast, Bismark will generate multiple mappings of reads irrespective of their
methylation status and therefore will not bias for more highly methylated reads. This
might result in reduced mapping efficiency but avoids mapping bias based on
methylation status of the reads (Chatterjee et al., 2012).

9.3.3%Choice%of%alignment%program%
!
The failure of RMAPBS to align variable lengths of sequenced reads reduces its value
as an aligner for RRBS protocols, since it loses the information from shorter reads. For
our data, the newer version of BSMAP (v1.2) showed improved performance, since it
performs over 40 times faster than the older version. However, the outputs from
BSMAP and RMAPBS required further downstream processing in order to obtain
unique matches and to generate CpG methylation data. On the basis of speed,
reasonable performance, ease of extracting methylation data, interfacing to other tools
(e.g., SeqMonk) and relatively unbiased nature of mapping as discussed above, we
chose Bismark as our preferred alignment program for the current study.

9.3.4%Is%it%best%to%align%the%sequenced%reads%against%the%reduced%
representation%genome%or%whole%genome?%
Our comparison of mapping sequenced reads against reduced representation (RR)
genome and whole genome showed the mapping efficiency decreased slightly for the
RR genome compared to the whole genome. For obvious reasons the mapping against
RR genome was faster. We choose to perform mapping against the whole human
genome and then restrict the output to 40-220 bp fragments to bring consistency to
investigated fragments between the samples.
During the early days of next generation methylation sequencing data analysis, the
available alignment programs were inefficient in mapping the sequenced reads against
large genomes and needed substantial computational resources. Therefore, alignment
against the RR genome was an alternative option to reduce the CPU time taken to
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complete mapping. However, with the development of improved and fast alignment
programs such as Bismark (Krueger and Andrews, 2011), BatMeth (Lim et al., 2012)
and PASS-bis (Campagna et al., 2013), using RR genome as a reference no longer gives
substantial computational advantage.
Further, recently it has been shown that mapping against RR genome could increase
false unique mapping, i.e., a sequenced read which will map multiply to the whole
genome and therefore be discarded in the subsequent analysis might map uniquely
against RR genome (Akalin et al., 2012) (Figure 9.1). This false unique mapping could
introduce artifacts in the downstream analysis.

Figure 9.1 Alignment of a RRBS sequenced reads against the RR genome and the whole genome A
sequenced read aligned to a unique genomic location using the MspI fragmented RR genome (forward
strand, chr1: 876391–876441). However the same sequenced read aligned multiply against whole
genome (from: Akalin et al., 2012).

9.4.%Multiplexing%RRBS%libraries%
!
Advancement in the Illumina sequencing platform increased the capacity from 20-30
million sequenced reads per lane (GAII) to ~200 million reads per lane (HiSeq 2000)
during the latter half of the project (2011). Multiplexed sequencing of reduced
representation genomes permitted considerable cost savings, yet provided ample
coverage of the regions investigated. The advancement in technology allowed multiple
samples to be combined into a single sequencing reaction and then individually
identified and de-multiplexed during base-calling analysis.
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9.4.1%Improving%library%preparation%
!

The TruSeq kit released by Illumina for multiplexing purposes was not sufficient to
prepare bisulfite converted reduced representation libraries and the main reason for that
was the polymerase enzyme provided with the kit was not suitable for reading uracil
and amplifying bisulfite-converted DNA template. After considerable experimentation,
we replaced the standard polymerase enzyme with the uracil proof reading enzyme Pfu
Cx and altered the composition of PCR master mix and PCR conditions to successfully
amplify bisulfite-converted libraries. The use of Pfu Cx for RRBS library preparation
was previously reported (Smith et al., 2009).
In our initial RRBS libraries, we observed variable bisulfite conversion rates (Qiagen
epitect kit was used following the published protocol from Smith et al, 2009). The
published protocol recommended two rounds of bisulfite conversion to ensure complete
conversion. However, we found two round of conversion lead to excessive DNA loss
and failure to amplify the libraries even after 18 cycles of PCR. Therefore, we increased
the incubation time of the conversion process to 18-20 hours and purified the libraries
after one round of incubation (EZ DNA methylation kit, Zymo). For all the libraries,
consistent conversion was obtained following this protocol.

9.4.2%Base:calling%of%multiplexed%RRBS%libraries%
RRBS libraries contain CGG/TGG at the start of each fragment as a result of MspI
digestion. The effect of this non-random base composition at the start of the fragment
on the base-calling operation (see Chapter 5 for details) was assessed by deriving data
from the Illumina Real Time Analyser (RTA) and the offline base caller (OLB). The
average quality of the sequenced reads was slightly higher for the OLB derived reads
compared to RTA. The unique mapping efficiency was marginally higher in OLB
derived data in three out of five samples investigated in the sequencing run. Although,
for the analysis shown (Chapter 5) for our libraries, OLB did not make a significant
difference to the data quality and unique mapping. However, we have observed for
other libraries (during sequencing operations of other projects at NZGL facility) where
the base compositions were more non-random (e.g., the first 10 bases of the library was
a primer sequence), the OLB operation made considerable improvement to the quality
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of the sequenced reads (personal communication from Dr. Peter Stockwell). Therefore,
assessing the benefit of using OLB for RRBS sequencing data was suggested.
At the time of performing multiplexing sequencing and the associated base-calling
operations, published protocols were not available in the RRBS context; therefore we
developed our own workflow (Chatterjee et al., 2012). In late 2012, a protocol for
multiplexing RRBS libraries was published by Meissner’s group (Boyle et al., 2012).
The advantage of their published protocol is that it is a gel-free method and successful
libraries can be made with a low amount of input DNA (100 ng or more). However,
while sequencing, the first three bases of the reads were skipped (referred as dark
sequencing) to avoid the nonrandom base composition at the start of the DNA
fragments. MspI digested sequenced reads contain a CpG site at the 5’ end of the read
(the first 3 bases) and one at the 3’ end (this one will be filled-in; therefore for analysis
this CpG site needs to be removed). Therefore, with the dark sequencing method, many
sequenced reads will not contain even one informative CpG site and this is a major
limitation of the described protocol.

9.5.%Exploration%of%RRBS%data%and%differential%methylation%analysis%%%
Once sequenced reads were aligned for all of the individuals, several features of RRBS
data were explored. Comparative assessment of dynamic trimming vs. adaptor trimming
was performed. Coverage of CpG sites and overall methylation distribution of CpG
sites were analysed using the R package, methylKit. The effect of unmethylated filledin cytosine bases on methylation percentage and mapping efficiency was assessed.
Visualization of the sequenced reads revealed that overlapping sequenced reads in
adjacent MspI fragments caused erroneous counts of methylation information for the
fragments. The start of the adjacent fragment showed falsely high coverage due to read
overlap. With the help of Dr. Peter Stockwell, modifications were made in the
differential methylation analysis package to account for the overlapping reads and to
associate the coverage information (“+” and “–” counts) with the appropriate fragments.
We have introduced the fragment-based unit of DNA methylation analysis and this
approach is not reported in literature yet.

!

282!

Discussion of Results and Future Directions!

9.5.1%Technical%replicates%
The technical replicates (X9012 and X9012_replicate) showed a Pearson’s correlation
coefficient of 0.98 demonstrating high reproducibility of RRBS data. Individual CpG
analysis revealed only 0.007% CpG sites were differentially methylated between the
replicate libraries (≥ 50% difference in methylation in these sites). This could be due to
inconsistent bisulfite conversion between the samples, sequencing errors or some
technical variation introduced during the lengthy protocol of RRBS library preparation.
Nevertheless, the data showed high reproducibility between technical libraries. Other
groups have reported reproducibility of RRBS libraries for methylation analysis (Bock
et al., 2012; Gertz et al., 2011; Wang et al., 2012).

9.5.2.%Unit%of%DNA%methylation%analysis%
As discussed in Chapter 6, there were several ways to investigate DNA methylation
patterns genome-wide. We did not perform inter-individual methylation analysis of
every CpG site as the number of pieces of information per site would be less than that
for a fragment-based or fixed window-based analysis. When the amount of information
per unit is less, the analysis would be affected by larger sampling variation (see Chapter
6 and Chapter 8).
Use of a fixed or sliding window (typically of 1000 bp length as performed by Meissner
and colleagues) is a common approach (Bock et al., 2012). However, for RRBS data
where only 2.5% of the genome is sequenced many windows of 1000 bp length are
empty, i.e., they do not have any sequenced reads mapped to them. Further, we
reasoned that if a small fragment (40 bp for example) is variable across the individuals,
using a 1000 bp or longer window might dilute this variation. So, we adopted a
fragment-based approach when detecting variably methylated fragments.

9.5.3%Non:MspI%reads%
As RRBS libraries were prepared with MspI digested fragments, theoretically every
sequenced fragment should have an MspI start site. However, we found the existence of
sequenced reads without an MspI start site. Ten out of 13 libraries showed 3.2% to
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7.3% non-MspI sequenced reads. Recently, Akalin et al. reported 29% non-MspI
sequenced reads in their data RRBS (Akalin et al., 2012). They suggested that these
fragments were likely to be produced due to either non-specific activity of the
restriction enzyme, partially degraded DNA, or sequence difference between the
libraries and the reference genome. An interesting observation was the difference in
percentages of non-MspI start reads between the replicate libraries (X9012 and X9012
replicate). After unique alignment, the X9012 replicate library showed 11.4% higher
prevalence of non-MspI start reads than the X9012 library. This shows the difference is
not due to sequence difference between samples and the reference genome but possibly
due to non-specific MspI activity and degradation of some DNA fragments that could
occur anywhere in the genome. Restricting the output to the 40-220 bp RR genome
might reduce non-MspI derived variation between the libraries to an extent.

9.5.4%Statistical%test%to%identify%inter:individual%variably%methylated%
fragments%(iVMFs)%
Two statistical tests were incorporated in our in-house differential methylation analysis
package (DMAP). They are Fisher's Exact and Chi-square statistics. Fisher's Exact is a
widely used statistical method in epigenetics study where differential methylation is
assessed over a sliding or fixed window on a pairwise basis and by applying folddifferences in methylation between the groups (Li et al., 2010). For the current analysis,
in which 11 individuals were involved, application of Fisher's Exact meant the output
would contain 55 different pairwise tests and the p values for all possible pairs among
11 individuals. For a given MspI fragment, pairwise Fisher’s Exact tests can be
performed between multiple samples and the lowest probability taken to indicate the
extent differential methylation, although this may obscure a number of insignificant
differences between other samples. For two group or pairwise comparison, e.g., disease
vs. control, Fisher's Exact is a good approach. To investigate methylation across
multiple samples, however, the preferred statistics was a single Chi-square statistic for
all samples that meet Chi-square requirements of expected counts ≥ 5.0. The test
computed the observed and expected counts of methylated (+) and unmethylated (-)
CpG sites for each fragment in a 2 x 11 contingency table and produced a single p value
for each fragment (see Chapter 2 for detailed example table). Various thresholds can be
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applied to restrict the tests to fragments and samples that meet criteria for CpG number,
adequate density of CpG mapping and statistical significance (threshold p values).
In a Chi-square test it is possible that different patterns of methylation variation might
be scored as significant. In an ideal scenario, 11 individuals will show different
methylation counts from each other and therefore a fragment will qualify as iVMF.
However, it is possible that in some cases one or two individual will contribute
substantially to the overall probability of the fragment, i.e., out of 11 individuals, nine
of them might show similar methylation counts, whereas two individuals might have
dissimilar methylation. We did not want to exclude this possibility as this might reflect
rare vs common phenotypic variation.
Further, investigation of the methylation percentage (see heat maps in Chapter 8) for
some fragments, showed a low range of variability (for example, for fragment UPS10
upstream of the PPP1R26 gene, the range of methylation was 0.2% to 3.1%). Although
the variability is small in absolute terms, there is a 15.5 fold difference between the
lowest and highest. For example, in the case above, S4 (3.1% methylation) had 41 + and
1288 - counts, whereas S11 (0.2% methylation) has 1 + and 462 - counts for the
fragment.
After performing the Chi-square test, a Bonferroni correction was applied for multiple
comparison to derive a cut-off p value for filtering iVMFs (at a significance level of
0.001, the adjusted p value cut off after Bonferroni correction was 1.54 x10-8). A
general criticism of Bonferroni correction is that the test is extremely stringent and only
controls for Type I errors (false positives), therefore increasing the number of false
negatives. Several other methods (such as False Discovery rate and Holms method)
have been applied in biological statistics to address this issue. Table 9.1 shows a
comparative example of commonly used multiple test correction methods (note this
table was based on simulated values not on real data to show the nature of different
multiple correction tests). The comparison reveals that the number of significant
observations was least when Bonferroni was applied compared to Holms and FDR
method.
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Table 9.1. Comparisons of common multiple correction tests
Test number (i)

Bonferroni

Holm

(ordered)

(α/n)

i+1)

1

0.002

0.00625*

0.00625*

0.00625*

0.05*

2

0.004

0.00625*

0.00714*

0.01250*

0.05*

3

0.007

0.00625

0.00833*

0.01875*

0.05*

4

0.01

0.00625

0.01000*

0.02500*

0.05*

5

0.02

0.00625

0.01250

0.03125*

0.05*

6

0.03

0.00625

0.01667

0.03750*

0.05*

7

0.05

0.00625

0.02500

0.04375

0.05*

8

0.08

0.00625

0.05

0.05000

0.05

2

4

6

7

Number of significant

p

value

(α/(n-

FDR (iα/n)

Unadjusted
α = 0.05

Expected Type I
0.05
0.05
<0.3(0.075)
0.4
errors#
*Statistically significant. # Type I error means false positive, i.e., when the observation was not significant
and the null hypothesis is true but erroneously null hypothesis is rejected. (Courtesy: Dr. Mik Black)

!
!

While performing a very large number of tests, the stringency of the Bonferroni
correction could result in an extremely low adjusted p value and consequently the
number of significant observations derived from the experiments will be low. Thus,
application of Bonferroni correction could lead to the loss of many fragments that
would have been classified as variable if other correction tests (such as False Discovery
Rate) were applied. However, we found that even after applying stringent Bonferroni
correction (as described in Chapter 6), a large number of fragments showed significant
DNA methylation variation between the individuals. Therefore, we reasoned that we
would apply this stringent multiple correction method to minimise false positives. We
might have got more significant fragments by using less stringent criteria or less
stringent test, but at this stage of the research we decided to select only the highly
significant ones. A post-hoc analysis of the variable fragments that can be obtained by
more relaxed correction criteria will remain a subject of future research.
The Chi-square test was chosen in advance as the distribution of methylation (e.g.,
normal, bimodal or trimodal) was not known. This test was chosen in consultation with
statistician Dr. Mik Black and Dr. Peter Stockwell at the Department of Biochemistry as
an appropriate statistical test to detect variability in methylation across individuals. Now
!
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that we have several datasets, additional analyses and simulation of the data will inform
subsequent choices of statistical tests.

9.5.5%Development%of%differential%methylation%analysis%package%for%
epigenomics%studies%%
The original protocol of RRBS was described in mice embryonic stem cells in 2008.
However, the authors did not reveal the analysis strategies and customised tools for
interpreting differential methylation using RRBS that could be adapted by other groups
intending to perform RRBS method. It was stated “Sequence reads from bisulfitetreated Solexa libraries were identified using standard Illumina base-calling software
and then analysed using a custom computational pipeline” (Meissner et al., 2008).
Therefore, an independent pipeline development was needed to complete the current
work. Differential methylation analysis package was a major development during the
course of this study (Stockwell P., et al., manuscript under revision). The use of the
package in this project has been explained in relevant chapters. Apart from identifying
inter-individual DNA methylation variation as described in this work, additional options
and tools have been included in the package, which will facilitate other large-scale
epigenomics studies (for example, disease vs. control methylation analysis). Although,
the tool has been developed primarily for RRBS data, it has the capacity to perform
similar analysis for whole genome bisulfite sequencing data and can be adapted for
other genomes. To date, we have successfully tested the tool in zebrafish genome
(Chatterjee A., et al., manuscript under revision).

9.6%Inter:individual%Variably%Methylated%Fragments%(iVMFs)%
It was found that 64934 RRBS fragments (containing 432957 CpG sites, which is
10.8% of the RR genome and ~ 1.44% of the whole genome) passed the coverage
criteria and were common between at least nine (n-2) individuals. After the statistical
tests and corrections for multiple comparisons (Bonferroni correction with a p cut off of
1.54 x 10-8) the number of inter-individual variably methylated fragment (iVMFs) was
14489 (containing 104578 CpG sites, which is 2.61% of the RR genome and 0.35% of
the whole genome). After the removal of the fragments from the X chromosome (to
avoid sex-specific effects) there were 12851 iVMFs.
!
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Even after applying stringent multiple test corrections, the total number of iVMFs
(14489) is 22.3% of all the investigated fragments and the number of CpG sites
contained in them (104578) is 24% of the total fragment CpG sites. The extent of interindividual DNA methylation variation in the human genome is not well known and it is
possible that variable methylation is more frequent than that is reported in the past.
However, the high number of iVMFs could also reflect a problem in the statistical
methods used to determine variability. For example, it is possible that the Chi-square
tests were biased by individuals who had much higher counts of methylation
information than others.

9.6.1%CpG%features%
!
It was found that 23% and 41% of the iVMFs were located within CpG island cores and
CpG island shores respectively. Higher prevalence of iVMFs in CpG island shores was
intriguing, as recent studies have shown CpG island shores as crucial elements where
DNA methylation status was highly variable between diseased and matched normal
tissues. Furthermore, differential methylation of CpG island shores is tissue specific,
and the methylation status of shores correlates strongly with gene expression (Doi et al.,
2009; Irizarry et al., 2009). These observations warrant further investigation of the
functional roles for DNA methylation outside core CpG islands in normal individuals.
Further, there is a technical aspect involved in the analysis of CpG islands. There are
multiple methods for defining CpG islands, and as mentioned by Saxanov et al,
definitions of CpG islands are based on “ad hoc thresholds” (Saxonov et al., 2006). For
humans, Takai and Jones’ method of predicting CpG island, which is widely used,
states the minimum length of CpG island should be 500 bp (Takai and Jones, 2002),
whereas, for example, Gardiner and Frommer defined a minimum 200 bp stretch of
CpG rich DNA (Gardiner-Garden and Frommer, 1987). Within the SeqMonk feature
table (based on Ensembl annotation) the length of the shortest CpG island in human is
399 bp. The definition of CpG islands also affects the distribution of mapped CpGs
within different CpG features, i.e., if CpG islands are defined as short regions, then
more sequenced CpGs will fall outside the defined CpG islands. As the definition of

!

288!

Discussion of Results and Future Directions!

CpG islands is arbitrary, inclusion of different CpG features (including shore and shelf)
provided a more comprehensive view of iVMF distribution in the genome.

9.6.2.%Adjacent%CpG%sites%
It is a general assumption that DNA methylation at adjacent CpG sites is fairly similar
(Bock et al., 2010; Harris et al., 2010). However, we have shown several examples
(Chapter 8) where adjacent CpG sites showed significant inter- and intra-individual
variation. Reports in the past suggested that adjacent CpG sites could show aberrant
methylation in disease (Robertson et al., 1996); however, in our cohort the individuals
were healthy without any existing conditions. Technical noise, such as bisulfite
conversion failure could explain the different methylation at adjacent CpG sites.
Therefore we looked at the single CpG information and found the variable CpG sites
were covered by >10 sequenced reads and the difference in methylation was consistent
between individuals. Although, we cannot draw firm conclusions about the biological
affect of different methylation at adjacent CpG sites, the methylation status of these
CpG sites could, for example, regulate binding of transcription factors. In fact, a report
suggested that hypermethylation of adjacent CpG sites around the consensus of Sp1
binding sites reduced the Sp1/Sp3 transcription factor binding, leading to reduced
p21Cip1 promoter activity (Zhu et al., 2003).
Differences in methylation at adjacent CpG sites in the recognition sequences could
regulate binding of insulating element such as CTCF. For example, it has been shown
that within the recognition sequence of CTCF, methylation of one CpG (position 1)
inhibits binding of CTCF (Renda et al., 2007). A second CpG site at position 11 of
CTCF recognition sequence was shown to be more common in the motif, and have a
higher rate of C-T transitions at vertebrate-conserved binding sites (Kim et al., 2007).
Genome-wide studies revealed that 29% of CTCF recognition sequences contain a CpG
site at positions 1 and/or 11, and in 52% cases a CpG is contained elsewhere in the
recognition sequence (Wang et al., 2012). The extent of methylation variability and
effect of that on CTCF binding at these nearby CpG sites needs further investigation.
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9.6.3%Variable%methylation%at%enhancers%%
It is a general assumption that promoter-associated methylation differences are likely to
be of biological relevance as promoter methylation status can exert a direct affect on
gene expression (Zilberman, 2007). However, regions outside the promoters could be
equally important as they can regulate gene expression, especially if they are associated
with regulatory elements (enhancers, insulators or non-coding RNA) and can participate
in long-range interactions and transcription factor binding (Marsman and Horsfield,
2012). An accepted model of enhancer activity is that enhancers are brought into close
proximity with promoters by formation of chromatin loops and this interaction recruits
transcription factors.
We found 392 iVMFs that overlapped with strong enhancers in K562 cells (Chapter 7),
of which 77 were associated with DNAse hypersensitive sites. Enhancer regions were
shown to have significantly variable levels of methylation (Stadler et al., 2011). In
terms of function, the activity of enhancers was shown to be inversely correlated with
DNA methylation status (Lister et al., 2009; Wiench et al., 2011). For example,
demethylation of specific CpG sites was shown to activate a distal regulatory enhancer
that regulates the expression of glucocorticoid receptor gene (Wiench et al., 2011).
Question: Are the variably methylated enhancers, especially those in transcriptionally
active regions (e.g., the 77 enhancers associated with DNAse hotspots), involved in the
differential regulation of expression of a small subsets of genes? Testing the effect of
variable methylation in enhancers (performed by Chip-Seq and chromatin conformation
capture techniques) between individuals is beyond the scope of the study: future studies
on gene expression in these individuals might shed further light on this (see section
9.9.1).

9.6.4%Variable%methylation%at%transcription%factor%binding%sites%
!
Several reports have suggested that transcription factor binding sites (TFBS) are
consistently unmethylated to maintain the interaction between transcription factors and
their target sequences (Lister et al., 2009; Siegfried et al., 1999; Straussman et al.,
2009). However, a recent search of 25,000 TFBS (164 motifs) showed notable
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variability in DNA methylation between TFBS and showed a two-way relationship
between DNA methylation of TFBS and gene expression. Some TFBS (e.g., SP1)
showed low levels of methylation with high expression, whereas, for others, higher
methylation facilitated higher expression (e.g., RP58) (Chen et al., 2011). The variable
methylation state of a subset of transcription factor binding sites has been described by
others (Teng et al., 2012). Recently published reports on ENCODE data also supported
the observation that, although the majority of TFBS show low levels of methylation,
some TFBS shows high levels of methylation at their binding sites (Dunham et al.,
2012).
The present work showed enrichment of several TFBS among iVMFs. The variable
nature of methylation in TFBS between individuals could affect binding capacity of
transcription factors to their targets and may result in either increased or decreased gene
expression, depending on the methylation status.

9.6.5%Gene%body%methylation%variation%
We found that 51% of the inter-individual variably methylated fragments were
associated with gene bodies (Chapter 7). The gene-body is highly methylated (Aran et
al., 2011; Lister et al., 2009) and higher gene-body methylation is thought to serve as a
repressive mechanism for nonspecific intragenic transcription to allow efficient
transcriptional elongation (Bird, 1995). Further, many genes contain transposable
elements in their transcription unit and DNA methylation is hypothesised to prevent
transcription of these elements (Yoder et al., 1997). This hypothesis is an extension of
the classical idea that higher DNA methylation is generally repressive.
Recent genome-wide studies have called in to question the previous notions of gene
body methylation. It has been suggested that specific histone modifications mark the
gene bodies of different classes of genes based on CpG density and methylation status
(Hahn et al., 2011) and that gene body methylation can affect Polymerase II occupancy
and chromatin structure (Lorincz et al., 2004). A meta-analysis on gene body
methylation showed that the highest levels of gene-body methylation could be found in
genes that are expressed at medium level, whereas lowly and highly expressed genes
have low levels of gene body methylation (Jjingo et al., 2012). Further the study
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showed that the highly expressed genes are most frequently associated with intragenic
transcription contradicting previous notions. It has been proposed that the level of gene
body methylation is determined by accessibility to DNA methyltransferases (Jjingo et
al., 2012).
Furthermore, genome-wide analysis suggested that the DNA methylation status of gene
bodies could alter nucleosome occupancy and could induce variability in the regulation
of gene expression (Choi and Kim, 2008; Choi and Kim, 2009; Ha et al., 2011; Tirosh
and Barkai, 2008). In this context, variability in gene body DNA methylation amongst
normal individuals is intriguing, in that it provides a mechanism through which
phenotype variation could occur. Additionally, gene body methylation was thought to
be conserved between species. Therefore from a evolutionary point of view, further
investigation of variable gene body methylation could provide a better understanding on
the divergence of DNA methylation between species (Huh et al., 2013). Gene body
methylation is an interesting epigenetic phenomenon to explore and the functional role
of gene body methylation and its variability remains to be determined.

9.6.6%Potential%link%between%variable%methylation,%CTCF,%Pol%II%and%
alternate%splicing%
We found that 21.8% of the iVMFs strongly overlapped CTCF binding sites in K652
cells and that more than 50% of the iVMFs were associated with polymerase II binding
sites. These findings are particularly interesting in light of some recent studies. CD45 is
a lymphocyte transmembrane tyrosine phosphatase for which inclusion levels of exons
4-6 in the mRNA correlate with lymphocyte development. It was known that a
ribonucleoprotein (hRNPLL) is responsible for excluding exons 4 and 6 but not exon 5
while splicing (Kornblihtt, 2012). Shukla et al., showed that exon 5 of CD45 harbours a
CTCF binding site and that the binding of CTCF to the site is positively correlated with
the inclusion of exon 5 in the spiced transcript. Further, CTCF binding at CD45 exon 5
was inversely correlated with the DNA methylation status of the site and removal of the
methylation mark (by inhibiting DNMT1) was shown to increase CTCF binding to exon
5. Based on this evidence it was proposed that CTCF binds to exon 5 in the absence of
DNA methylation and causes a temporary pause to RNA polymerase II elongation. This
transient pause of polymerase II facilitates recognition of exon 5 resulting in increased
inclusion of exon 5 in the mature mRNA (Shukla et al., 2011). This work provided two
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key ideas. First, apart from preventing the spread of heterochromatin between genes, the
insulator element CTCF can also play a regulatory role inside genes. Second, intragenic
DNA methylation can have roles in splicing and regulating exon usage of mRNA by
influencing CTCF binding and Pol II activity (Kornblihtt, 2012).
In a more recent effort by the ENCODE consortium, methylation profiles of 6,707
CTCF binding sites were assessed in 13 cell types using RRBS. The report stated “we
found that methylation was substantially more variable at variable CTCF sites than at
constitutive ones” (Dunham et al., 2012). It has been shown that 98% of the CTCF sites
were unmethylated (<50% methylation) in at least one cell type and 47% of the sites
were methylated (>50% methylation) in at least one cell type, demonstrating striking
variation in methylation levels of CTCF in different cells types. Further analysis with
linear regression analysis showed that 4,099 (61%) of CTCF sites shows variable levels
of CTCF binding in the 13 cell types tested (Dunham et al., 2012; Wang et al., 2012).
Although the authors concluded an overall inverse association of methylation with
CTCF occupancy it is clear from the available data that a universal relationship between
CTCF binding and DNA methylation status does not exist. Binding of CTCF is fairly
variable, could be cell-type specific and will probably depend on the context of the
gene.
Questions: This evidence and our results on iVMFs raised further research questions:
1) Does the presence of variably methylated fragments in gene bodies and the
enrichment of CTCF and RNA polymerase II binding sites in iVMFs suggest that
variable DNA methylation could play a role in regulating mRNA splicing to generate
alternate transcripts and regulate levels of different transcript in normal individuals?
2) What is the functional role of variable DNA methylation within gene bodies in
normal individuals and is there a general mechanism of variable DNA methylation and
altered gene transcription that could lead to phenotypic variation?
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9.6.7%Effect%of%variable%fragments%in%individuals%
!
DNA methylation has been seen as a repressive mechanism for a long time and the
evidence in favour of this general model came from promoter hypermethylation which
causes silencing of tumour suppressor genes in cancer (Bird and Wolffe, 1999). Largescale profiling of cancer samples, however, showed global hypomethylation and sitespecific hypermethylation in patients. Further, it has been shown that a 1% decrease in
methylation at the FTO locus in normal individuals increases the risk of Type II
diabetes mellitus by 6.1% (Toperoff et al., 2012). Although, the documentation of the
effect of inter-individual DNA methylation variation in normal individual (in a disease
context) is very limited, this preliminary evidence suggests that both decreased and
increased methylation, could have an effect at a specific locus or gene in increasing the
risk of disease or altering the phenotype.
The methylation heat map (Chapter 8) of iVMFs showed that, although statistically
significant, for some fragments the % methylation varied to a lesser extent. Some
iVMFs (mainly in promoters and some in upstream and gene bodies) showed low levels
of methylation (e.g., DLGAP2, exon 20 where methylation varied from 0% to 5.5%)
whereas other iVMFs showed higher levels of methylation (e.g., TERT gene, intron4
where methylation varied from 81.5% to 97.2%). However, for some iVMFs the
variability was large (e.g., in the DLGAP2 gene, for UPS8 methylation ranged from
8.8% to 76.8%). Based on the current knowledge of methylation biology, the fragments
where some individuals are hypomethylated and some hypermethylated, are more likely
to have effect on gene expression and can be candidates for further assessment.
Question: Of the 12851 autosomal iVMFs, how many could cause an effect on gene
expression and be associated with disease predisposition and phenotype in normal
individuals?

9.6.8%Gene%ontology%studies%
There were a large number of genes that were associated with 3 or more iVMFs (1298
protein coding gene). The gene ontology analysis was performed using the 1298 genes
as list of candidates. The rationale of including 1298 genes was described in section 8.7.
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However, there could be alternative strategies to perform subsequent analysis. To
generate candidate gene list more stringent filters can be applied, i.e., possibly taking
the genes with 10 or more iVMFs. Another approach could be generating specific
subsets based on the location of iVMFs in relation to the genes. Separate gene list
associated with promoter, gene body and distant iVMFs can be created to perform
several gene ontology studies to investigate if district pattern emerges for these subsets.
Our analysis showed that at molecular level, variably methylated genes were mainly
involved with transcription of DNA and the disease association showed that they were
enriched with neurological disorders such as schizophrenia and pathway analysis
showed their association with different types of carcinomas. The finding that variable
genes in this study were disproportionately involved in neuron function and
neurological disorder is intriguing as this observation came from methylation profiling
of neutrophils.
Brain is probably the most complex vertebrate organ, and it has been repeatedly shown
that epigenetic events have roles in memory formation and learning (Iwamoto et al.,
2011; Lubin et al., 2008), brain development (Ma et al., 2010), early life stress
(Iwamoto et al., 2011), neurodegeneration (Migliore and Coppede, 2009), neurological
and neuropsychiatric disorders (Mill et al., 2008; Samaco and Neul, 2011) and
establishment of neuronal identity (Guo et al., 2012). In the context of the present study,
as discussed in the introduction chapter, if the early origin of epigenetic variation is true
then the majority of the changes detected in neutrophils could also be observed in brain.
In fact some recent studies on brain and blood of patients with neurological disorder
suggested that peripheral blood could be a good surrogate of brain for methylation
studies for identification of differential methylation (Liu et al., 2013). A new study
which particularly evaluated the similarity of abnormal methylation pattern in
schizophrenia (SZ) patients concludes “together with recent studies showing highly
correlated patterns of DNA methylation across the brain and blood, support the
hypothesis that a common epigenetic dysregulation may be operative in the brain and
peripheral tissues of SZ patients” (Auta et al., 2013). Although the literature shows
favorable evidence for the likelihood of finding similar variable methylation pattern in
brain, independent study need to performed in brain tissues of normal individuals to be
able to confirm the validity of the iVMFs we found in the current analysis.
!
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9.7%Genetic%vs.%epigenetic%variation%
It has been established by many studies that genetic variation (polymorphism) can
influence DNA methylation status but as discussed in the introductory chapter (section
1.2.3.3) there is no consensus on the extent to which genetic polymorphism (e.g., SNPs)
influences DNA methylation in an individual. A note here is that these studies of
association between methylation and SNPs were performed to quantify allele specific
methylation (ASM) variation only. However, recent reports suggested that the number
of methylated CpG sites affected by SNPs is small. Hellman et al. reported that
common SNPs are present in only 10% of the regions that have a difference in DNA
methylation between the two alleles in related and unrelated individuals (Hellman and
Chess, 2010). Using a different approach, a RRBS study of a three-generation family
showed that, among all investigated CpG sites (~ 1 million with 10 or more sequenced
reads), less than 1% of the CpG sites were involved with ASM events (Gertz et al.,
2011). Further, ASM events were found mainly in intergenic regions and outside CpG
islands and showed low levels of evolutionary conservation (Gertz et al., 2011). One
recent analysis in 105 African children further showed that the identified variable CpG
sites were distant from a known SNP (Wang et al., 2012).
In our RRBS experiment the methylation profile of any fragment was expected to be
derived from both alleles (ideally 50% from each allele). Therefore, the methylation
profile of fragment is a mean of methylation of both alleles. If there is allele-specific
methylation bias, then we will not be able to detect it with our method. Genetic vs.
epigenetic variation comparison is not possible when methylation information of two
alleles are mixed. Additionally, alignment of bisulfite treated sequenced reads will
ignore C to T SNPs in forward strand reads and G to A SNPs in reverse strand reads,
because a C to T match in forward strand reads will be treated as an unmethylated. C to
T and G to A SNPs consists 30% of all human SNPs (Gertz et al., 2011).
MspI cuts the genome at C’CGG sites, so if an individual has a SNP in the recognition
site, then the fragment will be missed for that individual. If as a result of a
polymorphism, an MspI site has been created, the consequent fragment will not be
included in the inter-individual analysis. Nevertheless, evidence of similar DNA
methylation patterns in genetically related individuals compared to the unrelated ones
suggest a genetic component to epigenetic variation in a normal population (Gertz et al.,
!
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2011). A proportion of iVMFs found in this study could be associated with genetic
variation; however distinguishing the genetic and epigenetic variation in identified
iVMFs is beyond the scope of the present study and will remain a subject for future
research.

9.8%Questions%beyond%inter:individual%variation%
!
Development of a methylation analysis pipeline and investigating inter-individual DNA
methylation variation was the objective of this study. However, while examining the
methylation pattern of iVMFs, some additional aspects became apparent. It was
observed that some fragments, which were far upstream from a protein coding gene or
within the gene body, remained hypomethylated like promoters (for example PPP1R26,
UPS3 and Intron 13,19, 20 in PTPRN2). We did not find any consistent association of
the methylation status of these fragments with the presence of CpG islands; i.e., in some
cases CpG island-associated fragments showed high levels of methylation, whereas for
other CpG islands the fragments were lowly methylated. However, in many occasions
in spite of being within a CpG island they remained hypermethylated. Methylation of
CpG islands outside the promoters is not well documented.
Our observations suggested an additional layer of regulation of CpG islands outside the
promoter region and raised further questions:
1) What is the role and distribution of methylation in CpG islands outside the gene
promoters? Our data showed a bimodal distribution outside promoters (methylated in
some CpG islands and unmethylated in others) outside promoters.
2) How is the methylation of CpG islands outside the promoters functionally associated
with other factors such as CTCF binding, transcription factor binding, regulatory
element and DNAse hypersensitive sites? A systematic description of methylation of
non-promoter CpG islands in normal individuals might clarify the function of this
methylation.
It has also been shown that exons tend to be more methylated than introns and that
sharp transitions in methylation status occurs at exon-intron boundaries (Choi, 2010;
!
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Laurent et al., 2010). It was hypothesised that higher methylation at exons facilitates
transcriptional elongation and associated with higher expression as discussed in section
9.6.5 (Choi, 2010). However, we observed that the assumption of higher methylation at
exons is not always true. From the examples examined in this study, several introns
were more methylated than exons. Therefore, it appears that higher methylation of
exons is not consistent. A recent study showed that the methylation status of intron and
exons depends on GC architecture and might not be consistent throughout the gene
body (Gelfman et al., 2013). These observations suggest the need for further
investigation and detailed description of the methylation status in exons and introns in
humans.

9.9%Future%directions%
9.9.1%RNA:Seq%to%understand%methylome:transcriptome%relation%
To understand the association between variation in DNA methylation and phenotypic
plasticity and disease susceptibility in normal individuals, three levels of information
are required. First, genome-wide, high-resolution maps of DNA methylation in healthy
individuals, from which variably methylated regions can be quantitatively detected.
Second, genome-wide expression data (transcriptome) for the individuals, which will
enable comparison of the DNA methylation profile with gene expression levels and
determination of the association of variable methylation with gene expression. Finally,
selection of candidate variable regions based on epigenomic and transcriptomic data
that can be validated with functional assays. These regions will provide opportunities to
explore phenotype-specific or disease-specific cohorts to document the association of
“epipolymorphism” (Landan et al., 2012) with phenotypic plasticity and disease.
In this project, the first of these three steps has been performed. A genome-wide
methylation map of healthy individuals has been generated and variable methylation
patterns have been detected between individuals. To understand the functional
consequence of the DNA methylation variation it will be important to perform whole
genome gene expression profiling (using RNA sequencing technology) in neutrophils of
these healthy individuals for whom DNA methylation analysis has already been
performed. RNA-Seq is a powerful platform for generating whole genome expression
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profiles and it can detect alternate splicing and isoforms (Wang et al., 2009).
Performing RNA-Seq will enable identification of differentially expressed genes in
these individuals. Then comparisons can be made between the DNA methylation
patterns in the individuals with their gene expression levels to identify candidate regions
where differential DNA methylation might modulate expression.
Further, integrative investigation of the methylome-trancriptome will provide better
insights into some of the questions raised above. For example, it will be possible to
measure the association between gene-body methylation variation and CTCF or Pol II
binding and its effect on altering splicing patterns and levels of transcript in individuals.
This analysis will help to strengthen the selection of candidate genes or regions based
on their methylation-transcription relationship and will provide a basis for exploration
of the candidate genes in cohorts to document phenotypic association with altered DNA
methylation.
The second of the three steps described above has already been initiated. With our
collaborators at the Genome Institute of Singapore, we have planned to perform RNASeq experiments on six individuals from our cohort of 11.
Once strong candidate genes are identified, DNA methylation can be quantified and qRTPCR (for gene expression) can be performed in other cohorts to replicate the findings
from large-scale sequencing-based analysis. Further, it will be possible to manipulate
candidate genes to test the function of DNA methylation; e.g., in an animal model, a
candidate gene can be methylated to test whether the possible phenotypic consequences
are recapitulated.

9.9.2%Enhanced%genome%sequencing%%
!
We performed reduced representation of the genome in 11 individuals representing
2.5% of the genome. At the start of the project (2009), the cost of sequencing one
RRBS library was $2500 (NZD) and a whole genome bisulfite sequencing (WGBS)
would have cost $30000 with 10 fold average coverage. Therefore, WGBS was not a
plausible method for this study. However, with the progressive improvement in the
sequencing output, WGBS will now cost $6500 with a 10 fold average coverage at the
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NZGL facility. This five-fold reduction in sequencing cost in three years is very
promising, suggesting in the near future, WGBS will cost even less. Similarly, the cost
of library preparation has substantially reduced. The cost of preparing a methylation
sequencing library in 2009 was approximately $900, whereas now it can be prepared at
a cost of $300. Taken together, we can presume that WGBS will become a more
frequently used method for epigenomic profiling.
WGBS will provide the opportunity to examine DNA methylation of gene bodies and at
distal regions in greater detail as WGBS can provide information from all 30 million
CpG sites in the genome. Further, the distribution of iVMFs in CpG features might
change if WGBS is applied, i.e., the variable regions might also be enriched in CpG
poor regions.
Currently Illumina is probably the most widely used sequencing platform for large-scale
epigenetics and genetics studies. However, a few bench top sequencers have been
released in the last two years to enable high throughput sequencing for small
laboratories, as the size and cost of these machines are significantly lower compared to
Illumina HiSeq or Roche sequencers. The notable examples are the Ion personal
genome machine (by Ion torrent) and MiSeq (Illumina). These sequencers are limited in
throughput but have the advantage of longer read length (compared to HiSeq) and quick
turnaround time suitable for performing targeted sequencing. At the moment, however,
the bench top sequencers are not widely used for epigeneomics studies but they might
be useful in future to selectively sequence regions of interest.
In addition to the advances in second generation sequencing (generally referred as next
generation sequencing), there has been significant improvement in third generation
sequencers. Third generation sequencers have advantages over second-generation
sequencing. For example, PCR amplification is not required, saving cost and time of
library preparation and minimising amplification bias that occurs in some application
involving PCR. For some sequencing methods (e.g., SMRT) the signal is monitored in
real time while the enzyme adds each nucleotide to the strand during sequencing.
Example of third generation sequencers include: 1) Single-molecule real-time (SMRT)
and PacBio RS (based on fluorescence signal) from Pacific Biosciences which directly
capture the sequencing signal in a movie format from a modified enzymatic reaction
!
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and can provide reads up to 1300 bp length; 2) Oxford nanopore which can sequence a
thread of DNA molecule by changes in electric current as it transits through a alphahaemolysin pore (Liu et al., 2012).

Single DNA molecule sequencing holds the

potential to reveal more epigenetic modifications and provide deeper insight into
complex phenotypic traits in individuals.
!

9.9.3%The%sixth%base%in%the%genome:%hydroxymethylcytosine%
In 2009, two seminal papers described a new modified DNA base called 5hydroxymethylcytosine (5hmC). They reported that members of the TET (Ten-eleven
translocation) protein family can convert 5-methylcytosine (5mC) into 5hmC and
reported elevated levels of 5hmC in ES cells and Purkinje neurons (Kriaucionis and
Heintz, 2009; Tahiliani et al., 2009). Base-pair resolution profiling of 5hmC was
established in 2012 and initial studies suggested that 5hmC is enriched mainly at CpGpoor distal regulatory enhancers, CTCF-binding sites and DNase I hypersensitive sites.
It was suggested that 5hmC is linked with demethylation at transcription factor-binding
sites (Yu et al., 2012). Another report on mice embryonic stem cells showed that some
CpG islands could contain high levels (3.3%) of 5hmC. In addition, high levels of
5hmC were found in CpG islands that are associated with transcriptional regulators and
LINE1 elements suggesting a possible role for 5hmC in epigenetic reprogramming
(Booth et al., 2012). More recent work showed the overall distribution of 5hmC in mice
embryonic stem cells (Sun et al., 2013). The authors reported the presence of 12.2
million 5hmC sites in the genome and showed that 47.9% and 45.9% of 5hmC sites
were located in intergenic and intragenic regions respectively and that only 4.4% of
5hmC was in promoters (defined as up to 5 kb upstream from the TSS) (Sun et al.,
2013).
A known limitation of bisulfite sequencing based methods such as RRBS is that they no
dot distinguish difference between 5mC and 5hmC. This So far, studies have indicated
the presence of 5hmC in human and mouse brain and embryonic stem cells (Kriukiene
et al., 2012). Determining the status of potential demethylating mechanisms such as
5hmC in adult blood cell types, such as neutrophils is warranted to understand the
extent to which measurement of 5mC is influenced by 5hmC in bisulfite based analysis
such as the current study.!
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9.9.4%Summary%of%possible%future%works%
!
In summary, some key work that would enhance the value of the obtained data is
outlined:
i) Assignment of a more robust denominator to the iVMFs per gene. One of the
approaches could be to correct the frequency of iVMFs associated per gene (as
described in Chapter 8) is to take the number of MspI fragments investigated per gene
in consideration. This step might reduce the frequency bias of iVMFs due to the higher
or lower number of fragments investigated per gene by the RRBS method.
ii) Assess the number of CpG sites (residing in the iVMF regions) that overlaps with
known SNPs. This step will help to estimate the possible contribution of genetic
polymorphism to epigenetic variation in the current study.
iii) As we now have better idea about the distribution of variable methylation across
individuals, it will now be possible to perform statistical modelling of the methylation
data. This analysis will allow us to evaluate if Chi-Square is the best statistic to be
identify variable methylation and also will be helpful for future power calculations.
iv) Perform RNA-Seq analysis for the same participants to assess whether DNA
methylation variation causes variable gene expression as well. This will help to identify
stronger candidate for epipolymorphim showing correlation in gene expression and
DNA methylation. This work will also help to investigate the possible mechanisms by
which DNA methylation could alter splicing patterns and or exon usage.
v) Using the methylome-transcriptome data to identify candidate regions for exploration
in larger cohorts. For example, if epigenetic variation was detected in the promoter of a
growth, fat metabolism or diabetes pathway gene and the expression profile indicates
variable levels of expression, we could examine the association of the methylation with
the relevant phenotype in a larger cohort to demonstrate the consequences of
epipolymorphism.
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9.10%Conclusion%
In this PhD project, massively parallel methylation sequencing was performed on DNA
from 11 healthy individuals (in a homogenous cell type neutrophils) using reduced
representation bisulfite sequencing (RRBS) technology (Chatterjee et al., 2012; Gu et
al., 2011; Meissner et al., 2008). As part of the project, we have established a robust
bioinformatic pipeline to analyse large scale epigenomic data (Chatterjee et al., 2012).
This pipeline could be efficiently applied to other large-scale epigenetic analyses. We
have successfully mapped 344 million sequenced reads and analysed the DNA
methylation signatures of the individuals. From the high quality methylation
information available from the fragments we were able to detect 12851 autosomal Interindividual Variably Methylated Fragments (iVMFs) associated with 6353 protein
coding genes.!
In addition, preliminary characterisation the variably methylated regions has been
performed. Almost 51% of the variably methylated fragments were found to be present
in gene bodies, i.e., exons, introns and exon-intron boundary and overall 64% of them
reside within CpG islands and CpG island shores. Integrating our results with the
recently released ENCODE data revealed that variably methylated fragments strongly
overlap with RNA polymerase II, CTCF binding sites and showed enrichment of DNase
hypersensitive regions and strong enhancers.
To the best of our knowledge, this is the first study to provide genome-wide, singlenucleotide resolution DNA methylation profiles in a homogenous, human cell type to
document

inter-individual

variation

in

methylation.

This

work

provides

a

comprehensive resource for future studies aiming to understand the nature and
mechanism of variable phenotypic traits and altered disease susceptibility due to
variable DNA methylation pattern in normal individuals.
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Supplementary%information%
---------------------------------------------------------------------

!
The supplementary information of the thesis is provided as electronic material in a CD.
Each folder in the CD contains a .doc file (name: Description). The .doc file describes
the content of the folders. Following are the brief description of the supplementary
information, which can be found in the CD provided with the thesis:
S1-Literature_variation
An Excel spreadsheet providing a summary of DNA methylation variation reported in
the literature.
S2-List of iVMFs
An Excel spreadsheet (name-11iVMFs_noXY) containing detailed information on
12851 autosomal iVMFs identified in the present study.
S3-iVMFs_subsets_tracks
This folder contains 21 files (with genomic co-ordinates, in bed format, which can be
directly uploaded to UCSC) of different features with which the iVMFs showed strong
overlap.
S4-List of candidate genes
This folder has five text files containing information about candidate genes associated
with iVMFs.
S5-Publications&manuscripts
This folder includes the published and submitted manuscripts and the related
supplementary documents derived from the current work. The unpublished manuscripts
and materials are confidential.
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