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ABSTRACT

Epigenetics and metabolomics are rapidly growing areas of research, in part due to recent

advances in technology that have allowed for a wide coverage of the human genome.

Metabolites are small compounds present in cell and body fluids, and are involved in
biochemical processes of the cell. Quantitative trait loci associated with levels of individual
metabolites (mQTLs) have been identified from numerous metabolome GWAS. Here, I
analysed metabolite levels in twins with the aim of identifying genetic variants that influence
metabolomic traits (mQTLs) using two different metabolomics platforms, and consequently
compared the results to report stable metabolites on both technologies to ultimately enable

combining metabolite profiles across these two platforms.

DNA methylation is a biochemical process that is vital for mammalian development. It is
present throughout the genome and is the most extensively studied epigenetic mark. Previous
studies have explored the heritability of DNA methylation and have identified methylation
QTLs (meQTL). Here, I identified meQTLs with the goal of assesing the evidence of genetic
effects influence not only DNA methylation levels, but also variability by using MZ-twin

discordance as a measure of variance.

Epigenetic mechanisms and metabolomic profiles have both been shown to play a role in gene
expression and susceptibility for complex human disease. Here, I analysed the association
between type 2 diabetes and metabolomic and epigenetic datasets and combined the data to
identify connections between these levels of biological data at genetic variants linked to type 2

diabetes to gain more insight into the disease susceptibility and progression.

Overall, the results confirmed previous findings of strong genetic influences on metabolites and
extend current knowledge about genetic effects underlying several biochemical pathways.
Additionally, the results also showed genetic influences on DNA methylation, and give insights
into mechanisms by which genetic impacts epigenetic processes. Lastly, the findings show that
specific genetic susceptibility variants for type 2 diabetes can also impact epigenetic and

metabolomics profiles, and can help improve our understanding of the disease etiology.



to Mom & Dad

“Sevgili Anneme ve Babama”



ACKNOWLEDGEMENT

I would like to thank my Supervisor Dr. Jordana Bell for her support and guidance
throughout my study, and grand influence on me for the last four years. She was always
great at sharing knowledge, experiences and helping me to put things into perspective. I

am also thankful to her spending a lot of time to improve my writing.

In addition, I would like to thank Prof. Tim Spector for his assistance throughout my

study and giving me an opportunity to work with TwinsUK cohort.

I am also indebted to my friends for their help and advice during my project, most
notably Pei-Chien; Your friendship and your support in all things in academic and
personal mean more to me than I can ever tell you. I would like to thank to my other
friends; Abhishek, Juan, Leonie, Cristina, and Lisa. They were always ready to support
me. In addition, I am thankful to the staff of Department of Twin Research & Genetic

Epidemiology for their help.

To my family: your unwavering belief that I would succeed has been invaluable. “Sizi

seviyorum.”

Finally, the biggest ‘thank you’ must go to my husband Barbaros, who supports me in
too many ways to list here. You’re my inspiration. After supporting each other through

PhDs, I am sure everything will seem easy.



TABLE OF CONTENTS

ABSTRACT ...uuoiuiiinniiinsnniessnnicssssisssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssses 2
ACKNOWLEDGEMENT .....ccoinntiicnnnnniccssssnicsssssssscsssssssesssssssssssssssssssssssssssssssssssssssases 4
TABLE OF CONTENTS ...coitviticinnnneniccssssnsecsssnssesssssssssssssssssssssssssssssssassssssssssssssssassssss 5
TABLE OF TABLES ...ouuuiiiiiniiicnnnneiicnnssnniicsssssiesssssssssssssssssssssssssssssssssssssssssssssssassasss 9
TABLE OF FIGURES .......cconniiiiinnniiinnnnnniicsssnnicssssssssssssssssssssssssssssssasssssssssssssssssssasss 10
ABBREVATIONS ..tiiiiinnnniicsssnsicsssssssicssssssssssssssssssssssssssssssssssssssssssssssssssssssssassssssses 11
PUBLICATIONS RELATED TO THIS THESIS....uuuiiiiinniiinncnniicsssnniesssssssecssssanes 13
CHAPTER L....uuuiiiiiiiiniinsnninssiccsssicssssncssssisssssssssssssssssssssssssssssssssssossssssssssssssssssssssssses 15
INErOAUCTION...cciceeiiciiricirrncisnicssnticssurnsssssisssssesssssessssesssssssssssssssssosssssesssssesssssossssssssnsass 15
1.1 Exploring the genetic basis of complex phenotypes and disease.......ccecceeeervneeccsneeees 15
1.2 Twin Studies and heritability . . . . . cereessneessnnessnees 16
1.3 Genome-wide association studies..... . . . . cesssresssnstnssnnes 17
1.4 Metabolomics . . . . . . . cesennsteeeecssnnes 19
1.4.1 Metabolomics PIatfOrms ........ccecueeiiiieiiieeiie e 20

1.4.2 Metabolome wide association StUAIES.........cevveeruieiiiieriieeiie e 21

1.4.3 Genome-wide association studies with metabolomics...........cccevevvveriieriiencieeeieeeee, 21

1.5 Epigenetics .... . . . . . . ceessressssenesssnstnessansanes 22
1.5.1 DNA MEthYIation ....cccviiiiieiiieiiie ettt et eeeesee e e e sneeeenseesnneeenees 22

1.5.2 Platforms for detecting DNA methylation..........c.coccveriiieiiiiniieniiee e 23

1.5.3 DNA methylation heritability .........ccceciveriieiiieeiieeiiece e 25

1.5.4 Genetics of DNA methylation: Methylation Quantitative Trait Loci........ccccceeueennen. 26

1.5.5 Epigenome-wide association StUAICS ........c.eeeveeriieriiieriiieeiieeiieeree e 27

1.5.6 Environmental EPIZENETiCS ......ccevrruiiiriieeiieeeiieeieeeieesieeeieeeieeesiee et seeeessee e enes 28

1.6 Aims of the thesis....... . . . . . . cesennsteeeecssnnns 28




CHAPTER 2...uuireienenninnennenesssesnessesssssssessssssesssesssssssssssssssssessassssssasssasssssssassasss 31

Materials and Methods........ceuiiineeisecisnensennseensennsnensensssensseessecsessssesssesssseessssssacss 31
2.1 TwinsUK cohort ........ . . . . . cereessnressanessnnes 31
2.2 Genotype data in TwinsUK.. . . . . cereessneessnnessanes 31
2.3 Heritability .... . . . . . . cereessnressanessanesansssaaes 32
2.4 GWAS methods . . . . . . cereessnressnnessnnes 34
2.5 Metabolomics . . . . . . cereessnressanessnnes 34

2.5.1 Metabolomics Data Platforms.........cocceeeeviiiiiniiniiniiieececieeeeceeeeeeeeeene 34
2.6 DNA methylation....... . . . . . cereessnressnnessnnes 40
2.6.1 DNA Methylation Data P1atfOrms ........cccceceeeiieiiieeiie et 40
2.6.2 Comparison of the Illumina 27k and Illumina 450k technology ..........ccccceevveennenns 41
2.7 Quality control data procedures for methylation and metabolomics...........ccueeeuueee.. 44
2.7.1 Identification Of OULHETS .....ccotiriiriirieiieeee et 45
2.7.2 Principal Component ANaLYSiS.......cccveveuierciieiiieiiieeiie et e eieeeieeseeeseeeeeeeeseaeeseneees 47
2.7.3 Correlation between Illumina 27k and [llumina 450K .........c.cceccevviiiiiienniieniieeiens 49
2.7.4 Further DNA methylation probe quality control............cccoeeevieriieiiireiie e 51

CHAPTER 3....ouuuririiiniinsniinsnnisssicssssnsssssissssssssssssssssssssssssssssssssssssssssssssssssssssssssssssses 53

MEtADOLILES ..ueeeuveerneciniiisnensnneisnecsunissnessuecssseessnsssaesssncsssesssnssssnsssassssesssnsssassssassssessassssaness 53
3.1 Introduction .. . . . . . . ceerseeessnnenessanes 53
3.2 Metabolite GWAS ..... . . . . . ceeesnesnessnesnae 54
3.3 Metabolon...... . . . . . . cersreeessaneenssnnanessanaanes 56

3301 MEhOAS . ... 56
3302 RESUIES .t et ettt s 58
3.4 Biocrates . . . . . . cesnreeessneesssananesanaanes 59
3401 MEROAS. ...ttt 60
342 RESUILS c.eniieeeet et ettt ettt st s 62
3.5 Comparison between Metabolon and Biocrates..... . ceessressssenessnstnsssansases 64
35T MEROAS . ...t s 66



RIS IR 1101 LR 69

3.6 Discussion and Conclusion .. . . . cereessaressanesssnesssnessnssssassssansanas 76
CHAPTER 4.....uuuirriiniinsnninssninssicssssicssssissssssssssssssssssssssssssssssssssssssssssssssssssssssssssssses 82
DNA Methylation........icoeicecincissricssnncssnicsssnissssnssssssesssssssssssesssssssssssssssssssssssssssssssssssss 82

4.1 Introduction .. . . . . . cereessneessanessnnes 82

4.1.1 DNA methylation Heritability .........ccccccireiiiiiiiiiiieie et 82
4.1.2 Genetics of DNA methylation: meQTLS ......ccciviiiieiiieiieeeeeee e 83
4.2 Methods . . . . . cesseeeessnneresssnseessananessansansannanes 89
4.2.1 Datasets & QO ......eeiiiiiiiee ettt et e e ettt e e e e e et e e e e e e ntrraeaeeeesntrraaaeeeaannnnns 89
R (<) 421 o 1 R UUPRUUSSPR &9
4.2.3 Genotyping and Genotype iMPULAtiON ..........cecueeeruieerieerieeeiiessieesieeeieeeeeeeseaeesneens &9
4.2.4 Estimating genetic impacts on trait VarianCe .........ceeeevreereeneenieenieeneeneenieeneeneenneens &9
4.2.5 Genetic aSSOCIAtION tESTINEZ .......eeiiierirerieeetieeteeeieeesteeeeeesreesbeeeaeesseeeseeesnaeesnseenes 91
4.2.6 MUILIPLE TESLING ...cuvieeiieeiieeiie ettt e teeetteetee et e e ente e st e sbeesnteesnseessaeeenneennseens 92
4.3 Results. . . . . . . . cesreeeessnnenessanes 93
4.3.1 meQTL results in 330 MZ twins in whole blood...........c.ccceevviiiiviiiieiiiiieeiee e, 93
4.3.2 Variance meQTL results in 330 MZ twins in whole blood ............c.cccevvveeiiiiiinnnnnn. 96
4.3.3 Do var meQTLs capture gene-environment interactions? ..........c..cceeeeveerveerueenneenns 98
4.3.4 Validation of var meQTLs in 459 unrelated individuals ...........cccoeeeeveiiiincnereannnen. 103
4.3.5 Tissue Specificity of genetic impacts on DNA methylation..........cccoeccveeeivenneennnn.. 103

4.4 Discussion and Conclusion .. . . . cereessaeessanessanesaresssnesssassnsanens 105
CHAPTER S....ouuuiiiriiiiniinnnninsnicsssncssssisssssisssssssssssssssssssssssssssssosssssossssssssssssssssssssssses 109
Metabolomic and epigenetic signatures of type 2 diabetes .......ccccceevverercercscnnresnnns 109

5.1 Introduction .. . . . . . cereessnnessanennne 109

5.2 Methods and Results . . . . . . cereessnnessanennne 110




5.2.2 Epigenetic variants are associated with T2D, and these also associate with metabolic

J o0 1 1SS 114

5.2.3 Bayesian NetWork ANaLYSIS ......cceecieerirerieeriierieesieesteesieesieeeeeeseeeesseeesnseesnseenns 117

5.3 Discussion and Conclusion .. . . . . . cereesnnessanennne 123
CHAPTER 6..uuucneeeennirinenniicninsnnensnensnncssessssesssessssssssesssssssssssssssssassssessssssssssssasssssssssss 126
Conclusions & Future Perspectives .......ceiccceicssnicssnnicsssrcssssncssssnssssnsssssssssssssssssses 126
APPENDICES ...cuuiiiiitintinsnenstecsssicssnisssesssessssessssssssesssessssessssssssssssasssssssssssssssssasssss 131
APPENDIX A Supplementary Tables for Chapter 3.........ccocveveeeseenseecsersseccsencnne 131
APPENDIX B Supplementary Tables for Chapter 5.........cccoccevvvveriviverincsercscerennns 141
REFERENCES .....coiintiintinninntennensnnisnensssssessssessessssssssissssssssessssssssssssassssssssase 156



TABLE OF TABLES

Table 2-1 Summary of the GenotyPe datasets .........cccevuieriierieriiierieeiee ettt sre et e e ebee s ens 32
Table 2-2 Summary of the datasets used for heritability analysis in this thesis .........ccccccevveriiiniiieneennnene 33
Table 2-3 Summary of the metabolomics dataSets .........coceerieriiieriieiieiie et 34
Table 2-4 Summary of the methylation datasetS.........cccuievierieriiieriiee et 40
Table 2-5 Ilumina 27k PCs nominally associated (P = 0.05) with known covariates ..........c.cccoccecueneennene 48
Table 2-6 [llumina 450k PCs nominally associated (P = 0.05) with known covariates ...........cc.ceevueenunenne 49
Table 3-1 Descriptive statistics for Metabolon and Biocrates TwinsUK datasets.............ccocceceencececncnnnene 53
Table 3-2 Top results from mGWAS analysis for TWinsUK .........cccccceiiiiiiiniiinienieieneecee e 63
Table 3-3 Significant MGWAS TESULLS ....cccuiiiiiiiiiiiie ettt sttt st esiee et e i eas 73
Table 3-4 mGWAS results at 7 loci associated with metabolites in both platforms..........ccceceeviieneennnne 73
Table 4-1 The 10 top-ranked CpG-sites with cis MEQTLS ......cccueeriiiiiiiiiiienie e 95
Table 4-2 Top 10 probes identified in cis var meQTL........cccueriiiiiiiriiiiiiieiieie e 98
Table 4-3 No-smoking specific var meQTLs: CpGs identified as var meQTLS ........cccccoceevircencnicncnnnns 99
Table 4-4 Top 10 probes identified in no-smoking specific var meQTL ..........cccccceeviinieiincinincencne. 100

Table 4-5 Number of probes identified in no-smoking specific var meQTL and gene-smoking interactions
analysis in Whole Blood ........cc.oiiiiiiiiiiiiiiiii ettt 102

Table 4-6 Ten top-ranked gene-smoking interaction results that were also no-smoking specific cis var

INEQTLS. .etiiiiiieeeite ettt ettt et e e ettt e e et e e e ta e e e tbee e taaeeeabaeeesaseeessaeessbeeaansseeentbaeesbaeeansseennraeas 102
Table 4-7 Top 10 var meQTLs were validated with 459 unrelated individuals .........cccccoceeviniinincenene. 103
Table 4-8 Number of probes identified in QTL analysis in adipose tissue with FDR 5% .......cc.cccccuee..... 104

Table 4-9 Overlap of probes identified in QTL analysis in adipose tissue versus whole blood results ... 105

Table 5-1 Top 10 metabolite-DIMPS in DIOOQ ........ooouieriiiiiiiiiiieecee e e 114
Table 5-2 9 probes found in T2D —DMPs in blo0d tISSUE ......eevvieriiriiieiiiiiienieeeee et 117
Table 5-3 10 models reported by Bayes NetWork.......cccueoviiiriiiiiiiiiiieiieeeec e 122



TABLE OF FIGURES

Figure 1-1 Published GWAS by APIIl 2016, ....ccoouiiieiiiieiiieiinieiieiicertcetcee et 18
Figure 2-1 ACE mMOdels fOr TWINS ..c..coiiriiiiiniiiiniiiii ettt ettt ettt sae st eanesaeeanens 33
Figure 2-2 Targeted and non-targeted metabolomics WOrkflow...........cceoiiiiiniiiiiniinininiiccneee 35
Figure 2-3 Design of the type I probes in IHumina 27K. .......cccoeceeriiiiiiiiiiniienieeese e 41
Figure 2-4 Design of the type II probes in ITumina 450K..........ccovoviriiiriiinieniiiienie e 43
Figure 2-5 Methylation beta distribution of 0ne SuUbJeCt..........cccccviriiririiiniieiiinieiiecceeceerc e 44
Figure 2-6 DNA methylation distribution in 57 individualS..........cccccoieiiiniiniiniiiiniincenccceee 45
Figure 2-7 Pearson pairwise correlation in DNA methylation profiles .........c..coccecevveninieniiiencnncninnnns 46
Figure 2-8 Heatmap of the Pearson pairwise correlation in DNA methylation profiles............c..cccccoeeein. 47
Figure 2-9 Variance distributed by the first 3 principal components on DNA methylation profiles.......... 48
Figure 2-10 Comparison of PCs from both datasets .........c..ccoccecieririiiniriiiniiniinieiinciceencceeneeeeseene 49
Figure 2-11 Correlation between probes that are present in both Illumina 27k and Illumina 450k ........... 51

Figure 3-1 Correlation of missingness of metabolites between batches of the TwinsUK Metabolon data.57

Figure 3-2 Adjustment fOr COVATIATES. ..c..cccuiriiriiriiiiiiteicitee ettt ettt sttt sae e e eanens 58
Figure 3-3 Chromosomal locations of the 145 loci identified in this study......c..cccceeceevirvenirieninncninnnns 59
Figure 3-4 Quality Control stages for Biocrates for TWinsUK ...........cc.ceceriiiiiniinninieninienciencccneenens 61
Figure 3-5 Biocrates mGWAS meta-analysis results across 7 cohorts of European descent. .................... 64
Figure 3-6 Forty-three overlapping metabolites from both platforms separated into 3 pathways.............. 68
Figure 3-7 Hierarchical cluster of the correlation across 43 overlapping metabolites .........c.cccoocueeveennnne 71
Figure 3-8 Seven loci reported with mQTLs and four loci reported with ratio mQTLs...........cc.cceceneenen. 76
Figure 4-1 QQplot of the top significant cis meQTLprobe, cg23097878......cccoceeviirveeniriiniiieneiieneenns 94
Figure 4-2 Genomic location of the most significantly associated SNP per CpG-site for cis meQTLs..... 95
Figure 4-3 Distribution of MAF at the most significantly associated SNP per CpG-site.........ccccvvevueennenne 96
Figure 4-4 Genomic location of most associated cis var meQTL SNPS.......cccccecevuiniininiiniiieniiicneenns 97
Figure 4-5 Distribution of MAF at the most-associated SNPs for var meQTLS, .......cccccoccevircencniincnnns 97
Figure 4-6 QQplot of top significant cis var meQTL ..........cccccociiriiiiiniiiiniiiicte e 97
Figure 5-1 Description of 42 metabolites associated with T2D case-control status..........cccccecceevereenenne. 111
Figure 5-2 QQplot of the T2D EWAS in 45 cases and 819 controls.........c..ceceeeevvenirciininciencenicneennenne. 117
Figure 5-3 Input for BN analysis ......c.cccoirieiiiiiniiiiiiic ettt s 120
Figure 5-4 BN structures of A) INDEP B) SMbMt C) SMtMBDb......c..cccervieniiniininiiniiniinieiencereneeee e 122

10



ABBREVATIONS

AIC: Aikake Information Criterion

BCAAs: Branched-Chain Amino Acids
BIC: Bayes Information Criterion

BMI: Body Mass Index

BMIQ: Beta Mixture Quantile Dilation

BN: Bayes Network

BP: Base Pair

CGI: CpG Islands

CpG: Cytosine-Phosphate-Guanine

DAG: Directed Acyclic Graph

ddNTP: dideoxynucleotides

DEXA: Dual-Energy X-Ray Absorptiometry
DMP: Differentially Methylated Positions
DMR: Differently Methylated Regions
DNA: Deoxyribonucleic Acid

DZ: Dizygotic

eQTL: expression QTL

EGCUT: Estonian Genome Center of the Tartu University
ERF: Erasmus Rucphen Family

ESI: Electro Spray lonization

EWAS: Epigenome-Wide Association Studies
FDR: False Discovery Rate

FIA: Flow Injection Analysis

GC: Gas Chromatography

GWAS: Genome-Wide Association Studies
HDL: High-Density Lipoprotein

KORA: Cooperative Health Research in the Region of Augsburg
IFG: Impaired Fasting Glucose

INDEP: Independent

LCL: Lymphoblastoid Cell Lines

LD: Linkage Disequilibrium

LLS: The Leukemia & Lymphoma Society
LMER: Linear Mixed Effects Regression
MAF: Minor Allele Frequencies

MB: Metabolite

11



MEDIP: Methylated DNA Immunoprecipitation
meQTL: methylation QTL

mGWAS: Metabolome Genome-Wide Association Studies
MHC: Major Histocompatibility Complex

mQTL: metabolite QTL

MS: Mass Spectrometry

MT: Methylation

MWAS: Metabolome -Wide Association Studies
MZ: Monozygotic

NMR: Nuclear Magnetic Resonance

NTR: Netherlands Twin Register

PC: Principal Component

PCA: Principal Component Analysis

QIMR: Queensland Institute of Medical Research
QTL: Quantitative Trait Loci

RRBS: Reduced Representation Bisulfite sequencing
SNP: Single Nucleotide Polymorphisms

SWAN: Subset-quantile Within Array Normalization method
TwinsUK: Twins UK Registry

T1D: Type 1 Diabetes

T2D: Type 2 Diabetes

UPLC: Ultra Performance Liquid Chromatography
var meQTL: variance meQTL

WGBS: Whole Genome Bisulfite Sequencing

12



PUBLICATIONS RELATED TO THIS THESIS

Idil Yet, Cristina Menni, So-Youn Shin, Massimo Mangino, Nicole Soranzo, Jerzy
Adamski, Karsten Suhre, Tim D Spector, Gabi Kastenmiiller, and Jordana T Bell
(2016), Genetic influences on metabolite levels: a comparison across metabolomic
platforms, PloS one, 11 (4), e0153672

Idil Yet, Pei-Chien Tsai, Juan E Castillo-Fernandez, Elena Carnero-Montoro,
Jordana T Bell (2016), Genetic and environmental impacts on DNA methylation
levels in twins, Epigenomics, 8 (1), 105-117

Harmen H.M. Draisma, Rene Pool, Michael Kobl, Rick Jansen, Ann-Kristin
Petersen, Anika A.M. Vaarhorst, Idil Yet, Toomas Haller, Ayse Demirkan, Tonu
Esko, Gu Zhu, Stefan Bohringer, Marian Beekman, Jan Bert van Klinken, Werner
Ro"misch-Margll, Cornelia Prehn, Jerzy Adamski, Anton J.M. de Craen, Elisabeth
M. van Leeuwen, Najaf Amin, Harish Dharuri, Harm-Jan Westra, Lude Franke, Eco
J.C. de Geus, Jouke Jan Hottenga, Gonneke Willemsen, Anjali K. Henders, Grant
W. Montgomery, Dale R. Nyholt, John B. Whitfield, Brenda W. Penninx, Tim D.
Spector, Andres Metspalu, P. Eline Slagboom, Ko Willems van Dijk, Peter A.C.
Hoen, Konstantin Strauch, Nicholas G. Martin, Gert-Jan B. van Ommen, Thomas
Illig, Jordana T. Bell, Massimo Mangino, Karsten Suhre, Mark 1. McCarthy,
Christian Gieger, Aaron Isaacs, Cornelia M. van Duijn & Dorret I. Boomsma
(2015), Genome-wide association study identifies novel genetic variants
contributing to variation in blood metabolite levels, Nature Communications, 6,
7208.

Wei Yuan, Yudong Xia, Christopher G. Bell, Idil Yet, Teresa Ferreira, Kirsten J.
Ward, Fei Gao, A. Katrina Loomis, Craig L. Hyde, Honglong Wu, Hanlin Lu, Yuan
Liu, Kerrin S. Small, Ana Vinuela, Andrew P. Morris, Maria Berdasco, Manel

Esteller, M. Julia Brosnan, Panos Deloukas, Mark 1. McCarthy, Sally L. John,

13



Jordana T. Bell, Jun Wang & Tim D. Spector (2014), An integrated epigenomic
analysis for type 2 diabetes susceptibility loci in monozygotic twins, Nature
Communications, 5, 5719.

So-Youn Shin, Eric B Fauman, Ann-Kristin Petersen, Jan Krumsiek, Rita Santos,
Jie Huang, Matthias Arnold, Idil Erte, Vincenzo Forgetta, Tsun-Po Yang, Klaudia
Walter, Cristina Menni, Lu Chen, Louella Vasquez, Ana M Valdes, Craig L Hyde,
Vicky Wang, Daniel Ziemek, Phoebe Roberts, Li Xi, Elin Grundberg, The Multiple
Tissue Human Expression Resource (MuTHER) Consortium, Melanie
Waldenberger, J Brent Richards, Robert P Mohney, Michael V Milburn, Sally L
John, Jeff Trimmer, Fabian J Theis, John P Overington, Karsten Suhre, M Julia
Brosnan, Christian Gieger, Gabi Kastenmiiller, Tim D Spector & Nicole Soranzo
(2014), An atlas of genetic influences on human blood metabolites, Nature
Genetics, 46 (6), 543-50

Cristina Menni, Eric Fauman, Idil Erte, John R.B. Perry, Gabi Kastenmiiller, So-
Youn Shin, Ann-Kristin Petersen, Craig Hyde, Maria Psatha, Kirsten J. Ward, Wei
Yuan, Mike Milburn, Colin N.A. Palmer, Timothy M. Frayling, Jeff Trimmer,
Jordana T. Bell, Christian Gieger, Rob P. Mohney, Mary Julia Brosnan, Karsten
Suhre, Nicole Soranzo, and Tim D. Spector (2013), Biomarkers for type 2 diabetes
and impaired fasting glucose using a nontargeted metabolomics approach, Diabetes,

62 (12), 4270-6.

14



CHAPTER 1

Introduction

Recent studies have explored the molecular links between metabolism and epigenetic
modifications implicated in a variety of diseases (Lu and Thompson 2012). Metabolism
is one of the major sources of methyl groups that are used to methylate DNA, a key
epigenetic process that influences chromatin structure and gene expression, and
ultimately normal development and diseases. Epigenetic mechanisms and metabolomic
profiles have both been shown to play a role in gene expression and have been
associated with several complex traits, including type 2 diabetes (T2D) (Katada et al.
2012). Here I describe both types of “-omic” profiles, that is, human metabolomics and
epigenomics data, giving a brief overview of relevant literature and recent findings in

each area, and lastly I summarise the aim of this thesis.
1.1 Exploring the genetic basis of complex phenotypes and disease

Complex diseases such as cardiovascular disease and T2D are an increasing global
health concern. According to the World Health Organisation, cardiovascular diseases
are the number one cause of death globally and almost 420 million people worldwide
suffer from T2D. A better understanding of the causes of complex diseases in
conjunction with an improvement of preventive medicine is one of the main aims of
epidemiological studies of the disease itself as well as related risk factors. Because a
genetic predisposition exists for most complex diseases, the identification of genes
involved in the disease etiology has been essential. To date, genome-wide association

studies (GWAS) have been one of the main approaches used to serve this purpose. In
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order to gain further insight into genetic and biochemical mechanisms underlying a
disease, part of this thesis expands the GWAS approach by considering metabolites and

methylation as intermediate phenotypes between genes and disease.
1.2 Twin Studies and heritability

The classic twin study aims to separate the phenotypic variance into genetic and
environmental components. One of the main aims of the twin design is to estimate how
much of the phenotypic variance is due to genetic effects (heritability), and how much
appears to be due to shared or unique environmental effects. Heritability of a trait within
a population is the proportion of observed variance in the trait between individuals
within a population that is due to genetic differences. Thus, the total variance of
phenotype (Equation 1-1) can be calculated as sum of the variances of individual
genetic and environmental effects, under the assumption that these variances can be

additive and are due to independent causes (Strachan ef al. 2011).

VPhenotype = VGenetic + VEnvironment (Equation 1-1)

The genetic variation can be due to additive genetic variance (Va) as well as non-
additive genetic variance that can be related to interactions between alleles at the same
locus (dominance, Vp) and/or at different loci (epistasis, Vi): Vg= Va4 + Vp + V1. Broad-
sense heritability (H?) takes into account the total genetic variation (Vg); Thus, H? can

be calculated as (Equation 1-2);

H2 = YGenetic (Equation 1-2)

VPhenotype

The narrow-sense heritability heritability (h?) takes into account only additive genetic

variance (V) and can be calculated as (Equation 1-3);

V, iti .
hz — _YAdditive (Equatlon 1'3)
VPhenotype
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and can be estimated by comparing correlations (r) between monozygotic (MZ) and

dizygotic (DZ) twins (Equation 1-4);
h? = 2(rwz — 1pz) (Equation 1-4)

The ACE model was proposed for calculating narrow-sense heritability (Neale et al.
1992). Three elements of the phenotypic variance (VP) are estimated in the classical
twins study (Neale et al. 1992): the additive genetic component (A), common
environment (C) and unique environment (E); which constitute the ACE components. In
this framework it is also possible to study non-additive genetic effects, for example,

evidence for dominant genetic effects (D) can be assessed in the ADE model.
1.3 Genome-wide association studies

Statistical tests for associations between a phenotype and genetic variants across the
genome, typically single nucleotide polymorphisms (SNPs) is referred to as Genome-
Wide Association Studies (GWAS). The idea underlying the GWAS approach is that a
number of common SNPs are causal for a complex disease and also that these causal
variants are in linkage disequilibrium (LD) with other common genetic variants, which
can serve as tags of the signal. These tags can help identify causal variants, which may
not even be profiled. The first GWAS was conducted in 2005 for investigating patients
with age-related macular degeneration and reported two SNPs with significantly
altered allele frequency compared to healthy controls (Klein et al. 2005). By 2016, a
total of 2,423 GWAS for more than 5,000 different traits were published (Hindorff ez al.
2009; Welter et al. 2014). The significant results of these GWAS and their location in
the genome are displayed in Figure 1-1. Although GWAS are a very popular method to
reveal novel risk variants, one drawback is the small effect size of SNPs detected to date

(de Bakker et al. 2008).

17



Figure 1-1 Published GWAS by April 2016. The GWAS Catalog contains 2,423 studies
and 16,617 unique SNP-trait associations (P < 5x10®). All traits are color-coded. Resource: The
NHGRI-EBI GWAS Catalog (Welter et al. 2014).

For many traits and diseases of interest, larger sample sizes are needed to detect
significant associations using the GWAS approach and this is typically achieved
through meta-analysis where multiple analysts carry out the same analysis in separate
cohorts and combine the results afterwards (Thompson et al. 2011; Zeggini and
Ioannidis 2009). For example, a recent genome-wide association meta-analysis of waist
and hip circumference-related traits in more than 200,000 individuals identified variants
in 49 loci (33 of them novel) associated with waist to hip ratio adjusted for body mass
index (BMI) and an additional 19 loci associated with related waist and hip

circumference measures (Shungin ef al. 2015).

Associations between genetic variations and various phenotypes have been reported in
numerous studies, but these variants typically can only explain a limited fragment of the
phenotypic diversity, leading many geneticists to raise the question of “where is the
missing heritability?”. The problem of the missing heritability is a widely discussed
topic, for example as discussed in a recent review by Eichler. ef al. (Eichler et al. 2010).

Some suspected reasons for missing heritability are undetected rare mutations which are

18



not tagged well by common SNPs, common variants with a low penetrance, other
genomic variations such as copy number variants, gene and gene-environment
interactions as well as incorrect heritability estimates (Maher 2008). It has been
suggested that some of the unexplained heritability might be explained by incomplete
LD between the analysed SNPs and the causal variants (Yang et al. 2010). Moreover,
larger samples, more precisely measured phenotypes, more densely genotyped SNPs as
well as advanced statistical methods might help to find the missing heritability. Finally,
epigenetic variation has also been proposed as an explanation for the large amount
of missing heritability in complex traits (Eichler et al. 2010; Manolio et al.
2009). Despite these drawbacks GWAS have successfully identified many genetic risk

variants to date for a number of complex traits and diseases.

1.4 Metabolomics

Metabolomics is the developing field of study for measuring compounds of a cell or
body fluid. It is assessed that the human metabolome, which is defined as the complete
set of small molecular weight molecules, covers more than 3,000 different metabolites
of various biochemical classes such as sugars, amino acids, lipids or carnitines (Koal
and Deigner 2010). Metabolites are the small molecular weight substances present in
cells within tissues and body fluids and are involved in biochemical processes of the
cell (Nicholson et al. 1999). Metabolomics analyses are predominantly performed on
blood and urine samples, as these are easy to obtain. The measurement of metabolites
reveals a view of the current state of cells. In addition to measuring levels of single
metabolites, ratios between metabolite concentrations can also be used to inform on
metabolic processes as well as in the search for biomarkers, for example, in a systematic
screens for genetic deficiencies in newborns (Maier et al. 2005). Analysis of
metabolites can reveal insight on functional variation in the cell and help to detect

connections between different diseases (Holmes ef al. 2008a).
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Changes in the organism are magnified in the metabolome compared to the genome.
Metabolomics is a promising tool in the search for biomarkers which help to detect
environmental exposures, diseases, to improve the disease prognosis, to develop
therapeutics or to evaluate drug toxicity (Nicholson and Lindon 2008). For example,
metabolomics plays a key role in the field of cancer diagnostics, especially when early
detection is difficult, such as for kidney cancer (Nagrath et al. 2011). The search for
metabolomics biomarkers is also underway in many diseases, with moderate success so

far (Barderas et al. 2011).

1.4.1 Metabolomics Platforms

There are two main strategies to measure metabolites, a non-targeted and a targeted
approach. Whilst the non-targeted approach aims to measure all metabolites in a sample,
the targeted approach focuses specifically on the quantification of selected metabolites.
The most often used high-throughput methods to measure metabolites are mass
spectrometry (MS) and nuclear magnetic resonance (NMR) spectroscopy (Malet-

Martino and Holzgrabe 2011).

MS has to be coupled to separation techniques, such as gas chromatography (GC) or
liquid chromatography (LC) and is more sensitive than NMR (Nicholson and Lindon
(2008). When using GC/MS, the analyte has to be stable and sometimes requires a
derivatisation step; transforming the chemical compound into aproduct. If a
derivatisation is not possible or if the metabolites are not stable, LC/MS can be applied
(Barderas et al. 2011). GC/MS can capture fatty acids, amino acids and sugars very
well. In some cases, tandem MS (MS/MS) is applied which consists of multiple MS
steps with a fragmentation step in between. The use of MS/MS facilitates the
identification of the measured molecules. In NMR, the analyte does not require any
treatment prior to analysis. On the other hand, MS is fast, accurate and cost- effective.

Altogether, the metabolomics methods developed to date have different strengths and
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weaknesses, and a single approach cannot capture the entire human metabolome -
instead, a combination of different measurement techniques is essential to gain the most

comprehensive insight into the metabolome.

1.4.2 Metabolome wide association studies

To date, GWAS have found associations between genotype variation and disease
phenotypes, and as extension to this approach, the metabolome wide association study
(MWANS) tests for systematic associations of metabolites with phenotypes and diseases
(Bictash et al. 2010; Holmes et al. 2008b). Examples of MWAS include analyses of
nutrition (Altmaier et al. 2011; Menni et al. 2013a), coffee consumption (Altmaier et al.
2009), type 2 diabetes (T2D) (Menni et al. 2013c¢), and aging and aging traits (Menni et
al. 2013b; Yu et al. 2012). MWAS results can give insights into the biochemical
mechanisms involved in disease susceptibility and progression, and can also be used as
biomarkers of environmental exposures, phenotypes, and diseases, as previously

discussed.

1.4.3 Genome-wide association studies with metabolomics

As metabolites are products of genetic as well as proteomic processes, metabolites are
very closely linked to genetics in contrast to most of the other phenotypes. The
examination of the genetic basis of metabolites can be conducted with metabolome
GWAS (mGWAS). Numerous mGWAS have also been conducted to date (Chasman et
al. 2009; Demirkan et al. 2012; Demirkan et al. 2015; Hicks et al. 2009; Illig et al.
2010; Kettunen ef al. 2012; Krumsiek et al. 2012; Lemaitre et al. 2011; Nicholson ef al.
2011; Raftler et al. 2013; Rhee et al. 2013; Ried et al. 2014; Rueedi et al. 2014; Suhre
et al. 2011a; Suhre et al. 2011b; Tanaka et al. 2009). The results are discussed in greater
detail in the introductory section to Chapter 3. There are several common themes that
arise from these multiple mGWAS. The first mnGWAS showed the power of considering

not only single metabolites but also metabolite ratios in the analysis (Gieger et al.
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2008). Whilst in some mGWAS all possible pair-wise metabolite ratios were analysed
in a hypothesis-free approach, others focused on biologically relevant metabolite ratios.
Targeted and non-targeted metabolomics are complementary in giving an improved
picture of the human metabolome and mGWAS of targeted and non-targeted platforms
given overlapping signals (Suhre et al. 2010). Moreover, as metabolomics technologies
are constantly improving and are currently (in 2016) able to measure even more
metabolites than previous panels, analyses of these metabolites will bring further
insights into the human metabolism and disease causing mechanisms (Kastenmuller et

al. 2015).
1.5 Epigenetics

The term “epigenetics” was first introduced by Waddington (1957) proposing a new
field that combined developmental biology and genetics comprising all processes in
unfolding of the genetic program for development. During the last decade, epigenetics
was redefined as heritable cellular modifications that are not caused by changes in the
DNA sequence (Holliday 1994; Richards 2006). This comprises a diverse range of
mechanisms of which DNA methylation and histone modifications are studied the most
at present. Epigenetic mechanisms can regulate gene expression and have impact on
phenotypes, linking epigenetic mechanisms to development and disease susceptibility

(Holliday and Pugh 1975).

1.5.1 DNA methylation

Compared to other epigenetic mechanism, DNA methylation has been the most widely
studied to date due to the availability of various techniques. It is considered as one of
the most stable epigenetic mechanism. Several factors are thought to influence DNA
methylation profiles: genetic variation, other epigenetic modifications, stochastic
changes, and environmental factors that arise during life (Lander et al. 2001). In

mammals, DNA methylation occurs mainly at cytosine-phosphate-guanine (CpG)
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dinucleotides throughout the genome (Cosgrove and Wolberger 2005). A large
proportion of CpGs typically fall into short regions of roughly 1 kb with a high CpG
frequency, referred to as CpG islands (CGls). CGI shores are regions that have lower
CpG density located at CGI borders (Lander et al. 2001; Venter et al. 2001). In
particular during early stages of development, most of the human genes related to
development were found to have a CGI in their promoter that tended to be unmethylated
across different tissue types (Antequera and Bird 1993; Larsen et al. 1992). DNA
methylation at CGI shores was observed to be up to 13 fold higher than levels at CGIs
across different cells and tissues, and highly variable (Doi et al. 2009). CGI shores are
enriched for functional signals, such as tissue-specificity in DNA methylation profiles
(Dot et al. 2009; Irizarry et al. 2009), methylation changes during reprogramming (Doi

et al. 2009), and gene expression changes linked to disease (Irizarry et al. 2009).

DNA methylation is an essential epigenetic mechanism that plays important roles
during development, in the regulation of transcription, genomic imprinting, X-
chromosome inactivation, and maintenance of chromosomal and genome stability (Bird
2002; Li et al. 1992; Reik 2007). DNA methylation also plays a regulatory role in gene
expression, where methylation in the gene promoter is typically linked with absence or
low levels of expression of the gene (Ball et al. 2009; Gutierrez-Arcelus et al. 2013;
Holliday and Pugh 1975). However, DNA methylation can be both positively and
negatively correlated with gene expression, depending on the position of the CpG site

(Gutierrez-Arcelus et al. 2013) within the gene promoter and body.

1.5.2 Platforms for detecting DNA methylation

DNA methylation is one of the widely studied epigenetic mechanisms and numerous
techniques have been developed for its detection. Presently, the most widely methods
are based on bisulfite conversion followed by array hybridization or sequencing (Laird

2010). One such example is the Illumina Infinium HumanMethylation27k BeadChip
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(Illumina 27k) (Bibikova et al. 2009; Steemers and Gunderson 2007), which assays
DNA methylation levels at approximately 27,000 CpG sites in prometer-specific
regions. A newer version of this array is the Illumina Infintum HumanMethylation450
BeadChip (Illumina 450k), which covers a wider range of approximately 450,000 CpG
sites across the genome. Recently, Infinium MethylationEPIC BeadChip (Illumina
EPIC) is launched as an wupdated version of the Illumina Infinium
HumanMethylation450 BeadChip, featuring 850,000 CpGs in enhancer regions, gene
bodies, promoters and CpG islands (Moran et al. 2016). Additionally, bisulfite
conversion approaches followed by sequencing are an alternative to array-based
methods. These include Whole Genome Bisulfite Sequencing (WGBS) (Cokus et al.
2008; Lister et al. 2008; Lister et al. 2009) and Reduced Representation Bisulfite
sequencing (RRBS) (Meissner et al. 2008). WGBS is currently seen as the gold
standard, however, it is relatively costly for large-scale experimental analysis and
specific regions of the genome can be difficult to sequence with WGBS. Targeted
enrichment bisulfite sequencing methods are also currently being developed where only
selected genomic regions undergo bisulfite sequencing, and these typically span 2-5
million CpG sites. Another approach to detecting DNA methylation can be based on
pull-down approaches, such as methylated DNA immuno-precipitation (MeDIP)
(Weber et al. 2005; Weber et al. 2007). MeDIP-sequencing enables a genome-wide
DNA methylome characterization and provides access to dense CpG regions of the
genome and repetitive elements with potential regulatory effects (Ward et al. 2013).
Sequencing-based methods eliminate some of the limitations of the array compositions
on the other hand, selecting fragment-size, sequencing bias and performance can all

impact coverage limitations and errors in measurement (Laird 2010).
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1.5.3 DNA methylation heritability

There is evidence that genetics can impact DNA methylation profiles at a proportion of
CpG-sites across the genome, despite developmental reprogramming of DNA
methylation profiles. Reprogramming of the methylome occurs during the germ cell
stage and pre-implantation during development (Reik et al. 2001; Reik and Walter
2001a). In the first stage, highly methylated germ cells lose much of their methylation
memory in a first major wave of de-methylation, and in the fertilization stage, the germ
cells undergo a second de-methylation phase when most of the methylation is erased
and followed by de novo methylation (Reik et al. 2001; Reik and Walter 2001Db).
Primary reports in support of genetic effects on DNA methylation come from familial
clustering of epigenetic variation reported at numerous loci (Bird 2002; Reik et al.
2001). One longitudinal study reported familial clustering of DNA methylation patterns
over time in more than 200 individuals from two separate cohorts (Bjornsson et al.
2008). They observed that DNA methylation changes in individuals of older age were

more similar within families, suggesting an effect of genotype on methylation patterns.

The majority of studies that have explored DNA methylation heritability to date have
been based on the twin design (Bell and Spector 2011), with some exceptions (McRae
et al. 2014). Numerous twin studies have been conducted to understand the regulation
of DNA methylation (Bell et al. 2012; Bell and Saffery 2012; Gervin et al. 2011;
Gordon et al. 2012; Grundberg et al. 2013; Heijmans et al. 2007; Javierre et al. 2010;
Kaminsky et al. 2009; Kuratomi et al. 2008; Wong et al. 2010) and these studies have
observed the effect of genetic and environmental factors on DNA methylation at
particular genes (Heijmans et al. 2007; Wong et al. 2010) or throughout the genome
(Javierre et al. 2010; Kaminsky et al. 2009; Kuratomi et al. 2008). The results are
discussed in greater detail in the introductory section to Chapter 4. Overall, many

studies have studied DNA methylation profiles in MZ and DZ twins, reporting
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similarity between MZ twins compared to DZ twins, and implying that genetic effects
contribute to DNA methylation levels in particular regions of genome. Although the
heritability of individual CpGs can range between 0% and 100%, the average reported

methylation heritability at all profiled CpGs across the genome is low to moderate.

1.5.4 Genetics of DNA methylation: Methylation Quantitative Trait Loci

To explore genetic impacts on DNA methylation levels further, a number of studies
have examined the association between genetic variation at particular loci and DNA
methylation patterns across the genome. Genetic loci, at which such associations are
identified, are referred to as methylation quantitative trait loci (meQTLs). Evidence for
meQTLs has been explored on a genome-wide scale using high-throughput DNA
methylation analyses, identifying local (cis) and distal (¢rans) associations of genetic
variants with methylation levels in multiple samples, across a number of cells, tissues,
and ages (Banovich et al. 2014; Bell et al. 2011; Bell et al. 2012; Drong et al. 2013;
Fraser et al. 2012; Gamazon et al. 2013; Gibbs et al. 2010; Grundberg et al. 2013;
Gutierrez-Arcelus et al. 2013; Shi et al. 2014; Smith et al. 2014; van Eijk et al. 2012;
Wagner et al. 2014; Zhang et al. 2010). The results are discussed in greater detail in the
introductory section to Chapter 4. Additionally, a number of meQTL studies have also
explored the overlap and direction of association of meQTLs and expression QTLs
(eQTLs), reporting variability in the extent of overlap ranging between 4.8-25%
(Banovich et al. 2014; Gibbs et al. 2010). Most recently, Banovich et al. reported
almost 14,000 meQTLs in lymphoblastoid cell lines (LCLs). Interestingly, almost half
of the overlapping meQTLs and eQTLs in LCLs showed positive correlation between
methylation and gene expression levels. As discussed in section 1.5.1 both positive and
negative correlations between methylation and gene expression levels have been
reported and the relationship between methylation and gene expression depends in part

on the genomic context of the CpG-site. The Banovich et al. meQTLs and eQTLs in
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LCLs that showed positive correlation between methylation and gene expression levels
were located at CpG-sites that were more distant from TSS of genes, suggesting that
DNA methylation in more distal regulatory elements may be more likely to have an

activating effect on expression (Banovich ef al. 2014).

Overall, meQTLs were identified in numerous tissues and cell types and might increase
our knowledge of the genetic component of gene regulation (Bell et al. 2011). The
meQTL results identified to date suggests that genetic variation can have an effect on
the methylome with implications for tissue specificity, tissue shared effects, and shared

impacts across multiple gene regulatory processes.

1.5.5 Epigenome-wide association studies

To date most studies of human diseases have focused on genetic and environmental risk
factors. More recent work has also underlined a role for epigenetic processes underlying
disease susceptibility, where epigenetic mechanisms may mediate some of the effect of
genetic and environmental risk factors towards disease. Epigenome-wide association
studies (EWAS) aim to systematically investigate the association of epigenetic changes
with disease, where changes may either occur prior to disease or as a consequence of the
phenotype (Rakyan et al. 2011a). Two of the most common EWAS study designs are
the case-control and disease-discordant twin design. The aim of disease-discordant twin
analyses is to identify non-genetic, that is potential environmentally driven or
stochastic, epigenetic changes present in the case but not the control twin. These have
been applied to a large number of traits, with some interesting findings. The case-
control design identified thousands of differently methylated regions (DMR) in
rheumatoid arthritis (Liu et al. 2013) and schizophrenia (Kinoshita et al. 2013). Recent
EWAS in disease-discordant twins have been presented for bipolar disorder (Dempster
et al. 2011), systemic lupus erythematosus (Javierre et al. 2010), T1D (Rakyan et al.

2011b), and T2D (Nitert et al. 2012). Overall, their findings not only identify disease-
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associated DNA methylation markers, but also suggest that epigenetic changes may be

important clinical indicators of disease.

1.5.6 Environmental Epigenetics

Environmental epigenetics is a rapidly growing area of research, focusing mainly on the
association between DNA methylation changes and environmental exposures. It is now
becoming clear that the dynamic changes in DNA methylation patterns are partway due
to environmental exposures (Szyf 2013). To date, numerous environmental factors have
been discovered that influence DNA methylation. For example, direct tobacco smoking
and maternal smoking have strong effects on methylation changes and smoking-related
differential methylation sites have been replicated in multiple populations and across
tissues (Besingi and Johansson 2014; Breitling et al. 2011; Buro-Auriemma et al. 2013;
Dogan et al. 2014; Elliott et al. 2014; Guida et al. 2015; Harlid et al. 2014; Joubert et
al. 2012; Markunas et al. 2014; Monick et al. 2012; Philibert et al. 2013; Shenker et al.
2013; Sun et al. 2013; Suter et al. 2011; Szyf 2013; Wan et al. 2012; Zeilinger et al.
2013; Zhang et al. 2014) . Together these studies have associated DNA methylation
changes to exposure to smoking, whether during early development or during adult life.
Additionally, other environmental exposures, such as sun exposure, dietary and
nutrition intake, season of birth, alcohol consumption, and physical activities have also
been connected to methylation levels using genome-wide approaches (Amarasekera et
al. 2014; Breton et al. 2014; Dominguez-Salas et al. 2014; Ivorra et al. 2015; Lee et al.
2015; Philibert ef al. 2012; Richmond et al. 2015; Ronn et al. 2013; Thapar et al. 2012;

Voisin et al. 2015; Zhang et al. 2013; Zhao et al. 2013).

1.6 Aims of the thesis

In the first part of my study, my research question was to assess if GWAS of blood
metabolites as functional intermediate phenotypes can give results that help to

understand the role of genetic variants in dissecting human metabolic and disease
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pathways. I explored human metabolomic profiles and evaluated the human genetic
component of metabolite levels. I analysed metabolite levels in twins and identified
many genetic variants that influence metabolomic traits. I also compared findings across
metabolomics platforms to find stable and robust metabolites that may be combined or

used for replication in future studies.

In the second part of my study, my research question was to test if genetic effects can
influence both DNA methylation levels and DNA methylation variability. I investigated
DNA methylation profiles in twin using whole blood and adipose tissue, and tested

genetic influences on DNA methylation profiles.

The third part of my study aimed to link metabolomic and epigenetic datasets to T2D. I
aimed to address four specific hypotheses in this section: (1) Metabolomic profiles that
are characteristic of T2D associate with epigenetic variants. I performed an association
study of metabolic profiles in T2D and tested whether the T2D-associated metabolites
also associate with DNA methylation changes genome-wide. (2) Epigenetic variants are
associated with T2D, and these may also be associated with metabolic profiles. I
performed an EWAS of DNA methylation changes in T2D, comparing DNA
methylation levels to T2D, to identify differentially methylated positions in T2D (T2D-
DMPs). I then tested whether the T2D-DMPs also associate with metabolic profiles. (3)
T2D genetic susceptibility effects are mediated via intermediate phenotypes, such as
epigenetic changes or metabolic profiles. I compared the list of 81 T2D GWAS signals
that have been published to date against the genetic variants that contribute to
metabolomic and epigenetic profiles identified from the first two parts of my thesis. (4)
Integrating genetic, epigenetic, and metabolic profiles associated with T2D can help to
understand biological mechanisms underlying T2D. I fit Bayesian networks to the peak
T2D-GWAS, T2D-metabolite, and T2D-DMPs results and pair-wise associations, to

gain more insight into T2D susceptibility and progression.
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In Summary, I initially explored the genetic basis of metabolomic and epigenetic
datasets on their own (Chapter 3 and Chapter 4). I subsequently combined these results
to better understand the relationship between the genetic basis of epigenomics and

metabolomics in the context of genetic variants associated with T2D (Chapter 5).
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CHAPTER 2

Materials and Methods

This chapter provides an overview of the data used in this thesis, starting with an
overview of the cohort and genetic data, and then focusing on the metabolomics and
methylation datasets that [ have analysed. I provide a brief description of Metabolomics
platforms and Illumina methylation arrays, and quality control procedures that I adopted

through the thesis.
2.1 TwinsUK cohort

TwinsUK is the UK's largest cohort of adult twins. The registry started in 1992 and
contains about 13,000 same-sex twin volunteers from all over the United Kingdom
(Moayyeri et al. 2012). Twins from this cohort were shown to be comparable to

singletons in terms of disease-related and lifestyle characteristics (Andrew et al. 2001).

Twins participate in regular clinical visits, during which questionnaire data are
collected, a series of phenotypic tests are performed, and biological samples are also
collected. Phenotype test examples include body mass index (BMI), Dual-energy X-ray
absorptiometry (DEXA) scans, hearing tests, and vision tests. Biological samples
examples include blood, urine, and tissue biopsies. Participation in the registry is

voluntary and informed consent is obtained for all research projects.
2.2 Genotype data in TwinsUK

The genotyping and imputation steps for the TwinsUK cohort have been described in
detail previously (Illig et al. 2010; Suhre et al. 2011b). Briefly, genoyping of the

TwinsUK cohort was performed using a combination of Illumina arrays
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(HumanHap300, HumanHap610Q, 1M-Duo and 1.2MDuo). Normalized intensity data
and genotype calling on the basis of the Illluminus algorithm was pooled. No calls were
assigned if the most likely call had a posterior probability less than 0.95. SNPs with
Hardy—Weinberg (P<1x10®) and with minor allele frequencies (MAF) <1% were
excluded. First, the sparser HumanHap300 dataset was imputed to the HumanHap610Q
using phased TwinsUK HumanHap610Q haplotypes as a reference. Next, for genotype
imputation to HapMap - the combined panel was imputed using reference haplotypes
from the HapMap2 project (rel 22, combined CEU+YRI+ASN panels). These analyses
were performed previously by other researchers in the department for all twins with

available genotype data in the cohort.

Imputation was also performed to 1000 genomes. Here, imputation was done using the
denser haplotype maps from the 1000 Genomes Project (Abecasis et al. 2010) using the
1000 Genomes Project multi-population panel (March 2012 release for TwinsUK).
"Pre-phasing" of the GWAS data was performed using IMPUTE2 without a reference
panel and then fast imputation from 1000 Genome phasel dataset was performed on the
resulting haplotypes. These analyses were performed previously by other researchers in
the department for all twins with available genotypes in the cohort. In this thesis, I used

7 genotype datasets (Table 2-1).

Table 2-1 Summary of the Genotype datasets

Dataset Platform Subjects Chapters
1,2,3 HapMap 6055,1235,1001 3
3,4,5,6 1000G 330,83,789,459 4
7 1000G 807 5

2.3 Heritability

Heritability was calculated using the ACE model as described in the Introduction

(Chapter 1). OpenMX (Boker et al. 2011) was used for all heritability calculations.
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Heritability calculations were performed on several datasets throughout this thesis
(Table 2-2). I performed the majority of heritability calculations, with the exception of
the heritability results in Chapter 4, which were performed by a PhD student in the
epigenomics group, Juan Edgar Castillo-Fernandez. We used the ACE model for twins
assuming that the environment has a similar effect on both MZ twins and DZ twins, and
then any finding of a higher correlation within MZ pairs compared to DZ pairs with
respect to a particular trait indicates a genetic effect (Figure 2-1). This is driven from the
fact that MZ twins are genetically identical, while DZ twins share on average just 50%
of their segregated genetic variation. It follows that (A) is 1.0 for MZ pairs and 0.5 for
DZ pairs. Since by assumption, MZ and DZ twins share the same common environment
(C), the correlation between their latent shared environmental factors is 1 for both MZ

and DZ twins.

MZ=1.DZ=05 MZ=1.DZ =1

=N

Twin 1 Twin 2

Figure 2-1 ACE models for twins

Table 2-2 Summary of the datasets used for heritability analysis in this thesis

Dataset Data Subjects Chapters

1,2 Metabolon, 1001,1001 3
Biocrates

3,4 [1lumina 450k 660,166 4

5 Metabolon 2204 5
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2.4 GWAS methods

Genome-wide association scans (GWAS) were carried out using directly genotyped and
imputed SNPs using an additive linear regression model for all traits considered in this
thesis. Importantly, the p-value threshold for significance is corrected for multiple
testing issues. One of the simplest approaches to correct for multiple testing is the
Bonferroni correction. The Bonferroni correction adjusts the alpha value from a=0.05
to a=(0.05/k) where k is the number of statistical tests conducted. For a typical GWAS
using 1 million SNPs, statistical significance of a SNP association would be set at
5x10°°. The R packages or software programs that I used in this thesis included
MERLIN (Abecasis et al. 2002), GEMMA (Zhou and Stephens 2012),
GenABEL/ProbABEL (Aulchenko et al. 2007), Ime4 (Bates et al. 2015), PLINK
(Purcell et al. 2007), and Matrix eQTL (Shabalin 2012). Detailed information is given

in each Chapter on these methods.

2.5 Metabolomics

2.5.1 Metabolomics Data Platforms

I had access to TwinsUK metabolomics data generated by MS from Metabolon Inc.
(http://www.metabolon.com/) and Biocrates AG (http://www.biocrates.com/) in the
TwinsUK cohort. Metabolon uses a non-targeted approach for identifying metabolites,
while Biocrates uses a targeted approach. In this thesis, I used 7 metabolomics datasets

(Table 2-3).

Table 2-3 Summary of the metabolomics datasets

Dataset Platform Subjects Chapters
1,2 Metabolon 6055,1001 3

3,4 Biocrates 1235,1001 3
5,6,7 Metabolon 2204,36,807 5
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In the following sections I review the methods used by the two metabolomics platforms,
the non-targeted Metabolon (2.4.1.1) and the targeted Biocrates (2.4.1.2) platforms to
detect metabolites. Both of these platforms are MS-based approaches, but they
incorporate different methods to detect and quantify metabolites. A summary of the

workflow in the two platforms is shown in Figure 2-2.

targeted MS-metabolomics | non-targeted MS-metabolomics

[identify metabolites of interest }\,—— experiment\ _\

v

|calibrate MS detection| detect]
lannotatel~. | ~istatistical reduction|

v

Figure 2-2 Targeted and non-targeted metabolomics workflow.Figure adapted from (Heuberger et al.
2014). Left panel shows the Biocrates workflow, which is efficient at identifying metabolites of interest.
Right panel shows the Metabolon approach, aiming to identify a wider range of metabolites, not
limited to a preselected library.

2.5.1.1 Metabolon

In the Metabolon data platform, chromatography is coupled with MS (Evans et al. 2009;
Raffler et al. 2013; Suhre et al. 2011b). The Metabolon platform incorporates
UPLC/MS and GC/MS. The generated spectral data are compared against an in-house
library, which includes retention time and reference spectra from mass scan and
fragmentation of molecules. Chromatography separates the metabolites beforehand by
collision and internal standards are added only for quality control. Samples then go
through Electro Spray Ionization (ESI), and charged samples go through spectrometry.
Masses of fragments and ions are checked at each peak (using the area under the peak)

without relating them to any standards.
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One of the challenges of complex samples is the need for separation techniques like
chromatography. In the Metabolon platform both GC-MS and UPLC-MS integrate
chromatographic separation with MS to identify relative concentrations of a large
number of small molecules in metabolomics (Lawton et al. 2008). GC-MS is a method
that combines the features of gas chromatography and mass spectrometry to identify
different substances within a test sample. GC-MS has previously been applied to
identify unknown samples and drugs (Lindon et al. 2007) and has also been used to
measure compounds in urine and tissue samples (Wilson et al., 2005). GC-MS involves
two modes of ionization using electro ESI-MS/MS. This enables detection of the
molecular mass by (1) electron impact ionization and (2) chemical ionization. Electron
ionization is successful at picking diagnostic fragments that provide structural
information for identifying metabolites (Fiehn ef al. 2000). Chemical ionization is much
more effective for providing ion information especially when identifying the molecular

mass of unknowns.

UPLC-MS is an analytical chemistry technique that extends the physical separation
capabilities of liquid chromatography with mass spectrometry. It is a powerful
technique used for many applications and has very high sensitivity and selectivity
(Ardrey, & Robert, 2003). If the GC and UPLC platforms are compared, then GC is a
high-resolution separation technique for metabolite profiling that requires extensive
sample pre-treatment. On the other hand, UPLC requires minimal sample preparation
(Wilson et al. 2005). Both of the separation techniques are necessary for separating

different classes of substances.

The set of 503 Metabolon metabolites profiled in the datasets used in this thesis consists
of several classes of molecules: amino acids, acylcarnitines, sphingomyelins,
glycerophospholipids, carbohydrates, vitamins, lipids, nucleotides, peptides, xenobiotics

and steroids. Additionally, the Metabolon platform also reports unknown metabolites .
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Metabolite Measurements

Serum and plasma samples were treated with methanol, shaken for 2 minutes, followed
by centrifugation. The resulting extract was divided into three parts: one for analysis by
UPLC-MS/MS (positive model, where the MS analysis based on positive ions), one for
analysis by UPLC-MS/MS (negative model, where the MS analysis based on negative
ions), and one for analysis by GC-MS. Three types of controls were analysed together
with the experimental samples: samples generated from a pool of human plasma
(Metabolon, Inc.) served as technical replicates throughout the data set; extracted water
samples served as process blanks; and a cocktail of standards spiked into every analysed
sample allowed instrument performance monitoring. Experimental samples and controls

were randomized across the platform run.

The UPLC-MS/MS platform utilized a mass spectrometer, which included ESI. The
instrumentation was set to monitor for positive ions in acidic extracts or negative ions in
basic extracts through independent injections. Extracts were loaded onto columns with
water and 95% methanol containing 0.1% formic acid or 6.5mM ammonium

bicarbonate.

Samples analysed by GC-MS were dried under vacuum desiccation for a minimum of
18h prior to being derivatized (that is, transforming a chemical compound into
a product) under dried nitrogen. Derivatized samples were separated on a 5%
phenyldimethyl silicone column with helium as carrier gas and a temperature ramp from
60° to 340° C within a 17-min period. All samples were analysed resolving power with

electron impact ionization and a 50-750 atomic mass unit scan range (Metabolon Inc.).

Metabolites were identified by automated comparison of the ion features in the
experimental samples to a reference library of chemical standard entries that included
retention time, molecular weight, and in-source fragments (Suhre et al. 2011Db).
Identification of structurally named chemical entities was based on comparison to a
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mass spectroscopy library of >2,400 purified standards, and this procedure is part of the
Metabolon profiling process. An additional 5,300 mass spectral entries have been
created for structurally unnamed biochemicals. These compounds have the potential to
be identified by future acquisition and further analysis. Concentrations of all analysed

metabolites are reported as relative concentrations (Metabolon Inc.).

2.5.1.2 Biocrates

Targeted metabolomics was designed in the 1990s by one of the founders of Biocrates,
Dr. Roscher (Biocrates Inc.). Targeted metabolomics aims to identify and quantify
known and biochemically annotated metabolites. The Biocrates method is a quantitative
screen of known small molecule metabolites detected with multiple reaction monitoring,
which is a highly sensitive and selective method for the targeted quantitation of
protein/peptide abundances in complex biological samples. Additionally, neutral loss
and precursor ion scans are used for screening. In a neutral loss scan, the first mass
analyzer scans all the masses. On the other hand, in precursor ion scans the product ion
is selected in the second mass analyzer, and the precursor masses are scanned in the first
mass analyzer. All of these processes are part of main scan experiments in MS (Lindon
et al. 2007). Metabolites are then quantified by comparison to structurally similar
molecules labelled with stable isotopes added to the samples in defined concentrations
as internal standards. In the Biocrates targeted platform metabolites are measured using
targeted LC-MS, which also uses ESI-MS/MS for the ionization source at the pre-
separation stage. The interpretation of targeted metabolomics data are typically much
more straightforward, the obtained metabolite concentrations are provided as absolute
levels, and this platform is well suited for high-throughput and routine applications for

cohort investigations (Sonntag et al. 2011).
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Measurements

Serum samples (100 pl) were prepared for quantification using the AbsoluteIDQ kit
(BIOCRATES AG). Sample analyses were performed on the API 4000 Q TRAP
LC/MS System with an autosampler (Illig et al. 2010). Briefly, Biocrates uses Flow
Injection Analysis (FIA) tandem MS (Illig et al. 2010). Platform internal standards,
which are molecules with heavy isotopes, were added to the samples. These standards
serve as references for calculating all metabolite concentrations. This dissolvent is used
directly in tandem MS. The first step in the mass spectrometry is ionization. lonization
charges the dissolvent so that metabolites can be measured during MS more effectively.
Here, spectrometry searches for the loss of specific masses when metabolites are
fragmented, and these are compared to the known masses of the internal standards. The
resulting peaks are analysed for whether they match specific targeted metabolites and
atomized algorithms calculate absolute concentration values (in micromolar units
(uLuM)). Atomization of the analysed sample refers to the transformation of solid matter
into atomic vapour and ionization of the atoms. These atoms are then sorted and
counted with the help of mass spectrometry and used as a reference when identifying
new outputs (Lindon ez al. 2007). One issue of consideration for both targeted and non-
targeted MS platforms is ion suppression. In a complex mixture, metabolites can
influence each other’s ionising ability. Ion count is taken to directly reflect the amount
of the metabolite, therefore ionisation can impact quantification. This issue impacts both

platforms, but in the targeted version quantification is improved by the use of standards.

The Biocrates metabolomics datasets used in this thesis contained 163 targeted
metabolites: 41 acylcarnitines (Cx:y), hydroxylacylcarnitines [C(OH)x:y] and
dicarboxylacylcarnitines (Cx:y-DC); 14 amino acids; 1 sugar; 15 sphingomyelins
(SMx:y) and sphingomyelin-derivatives [SM(OH)x:y]; and 92 glycerophospholipids

(PC). Glycerophospholipids are differentiated with respect to the presence of ester (a)
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and ether (e) bonds in the glycerol moiety, where two letters (aa = diacyl, ae = acyl-
alkyl) denote that two glycerol positions are bound to a fatty acid residue, while a single
letter (a = acyl) indicates the presence of a single fatty acid residue. Lipid side chain
composition is abbreviated as Cx:y, where x denotes the number of carbons in the side
chain and y the number of double bonds. Further descriptions of the 163 Biocrates
metabolites have previously been published (Menni et al. 2013a; Mittelstrass et al.

2011; Romisch-Margl et al. 2012).

In summary, Metabolon and Biocrates are two of the most commonly used
metabolomics high-throughput techniques that are currently used in large cohort studies.
Both are based on MS, applying either a targeted approach in the Biocrates platform or
a non-targeted approach in the Metabolon platform. MS diagnostics of targeted
chemical compounds are more cost effective than other current approaches, such as
NMR. MS also offers a wider analytical panel and improved diagnostic quality of
compounds (Biocrates Inc.). Unfortunately, targeted MS can only identify known
metabolites and that causes a drastically small amount of metabolites than non-targeted

MS methods.

2.6 DNA methylation

2.6.1 DNA Methylation Data Platforms

DNA methylation profiles from whole blood and adipose samples from individuals in
the TwinsUK cohort were generated using Illumina Infinium HumanMethylation

BeadChip arrays. In this thesis I used 8 methylation datasets (Table 2-4).

Table 2-4 Summary of the methylation datasets

Dataset Illumina Tissue Subjects Chapters
Platform
1,2 450k, 27k Blood, Blood 57,57 2
3,4,5,6 450k  Blood, Blood, Blood, 660,789,459,166 4
Adipose
7,8 450k Blood 864,807 5
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2.6.2 Comparison of the Illumina 27k and Illumina 450k technology

DNA samples were interrogated utilising the Illumina 27k and Illumina 450k arrays.
These platforms detect the methylation status of 27,578 CpG sites vs. 485,000 sites,

respectively by microarray genotyping of bisulfite treated DNA, respectively.

2.6.2.1 Illumina Infinium Human Methylation27 BeadChip

In MMlumina 27k, two beads, each containing probes of length of 50 base pairs (bp), are
used to assess DNA methylation levels at each CpG site. The two bead types are the
unmethylated bead type, designed to match the unmethylated version of the CpG site,
and methylated bead type, which matches the methylated CpG site. The bisulfite
converted DNA sample is first separated into single strands and then hybridized to the
Illumina 27k array, which contains the bead probes. Following hybridization of the
DNA to the bead probes, fluorescently labelled dideoxynucleotides (ddNTPs) will be
incorporated at each bead probe, if the probe sequence matches the DNA, and the array
is then scanned for bead intensities, the design of the type I probe and detection process

is shown in the Figure 2-3.

(a) DNA sample o0

'

bisulfite conversion

methylated / \ unmethylated

GC GT

- GC | GT

Figure 2-3 Design of the type I probes in Illumina 27k. Figure adapted from (Maksimovic et al. 2012)
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Briefly, Figure 2-3 shows the type I probe design, which uses fluorescence from two
different probes, unmethylated probes and methylated probes, to assess the level of
methylation at a CpG-site (Maksimovic et al. 2012). If a CpG is methylated in the
sample, the cytosine (C) base will remain unconverted after bisulfite conversion, and
the genomic DNA will bind to the ‘methylated’ probe, which at the 3’ end can bind a C.
On the other hand, if the CpG is unmethylated in the sample, the C base will be
converted to a thymine (T) following bisulfite conversion, and then the genomic DNA
will bind to the ‘unmethylated’ probe, which at the 3’ end can bind a T. Binding at
either probe is followed by single base extension that results in the addition of a
fluorescently labeled nucleotide, which is then read by the scanner to detect and

quantify binding.

The degree of methylation is measured as a quantitative trait called beta values. Illumina
27k use betas to quantify methylation levels, and the beta value is calculated as the ratio
of the intensity of methylated beads over intensity of the sum of the intensity of both
methylated and unmethylated beads (Equation 2-1). At a single CpG-site the range of

beta values is between 0 (unmethylated) and 1 (methylated).

methylated signal

beta = (Equation 2-1)

methylated signal+unmethylated signal+100

A BeadChip includes 12 samples and covers 27,578 CpG dinucleotides in the promoter

of almost 15,000 genes.

2.6.2.2 Illumina Infinium Human Methylation450 BeadChip

In Ilumina 450k, in addition to type I probes from Illumina 27k (28% of the Illumina
450k probes), there are also type II probes (72% of the Illumina 450k probes). In type II
probes there is only one bead to detect the methylation levels, which is different than

the two bead design for type 1 probes. In type II probes the colour of the incorporated
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fluorescently labelled dANTP (green or red) determines the methylation status of the

CpG site. The design of the type II probe and detection process is shown in Figure 2-4.

(b)

DNA sample
GC

}

bisulfite conversion
methylated unmethylated

GC GT

M) < |
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W 66 " 4 GT

Figure 2-4 Design of the type II probes in Illumina 450k. Figure adapted from (Maksimovic et al.
2012)

Briefly, Figure 2-4 shows the type II probe design that uses only a single probe per
CpG. The 3' end of each type II probe is linked to the base directly upstream of the C of
the CpG (Maksimovic et al. 2012). Methylation state is detected by single base
extension at the position of the C of the CpG, which results in the addition of a labeled

G or A nucleotide, matching the 'methylated' C or 'unmethylated' T, respectively.

An Illumina 450k BeadChip includes 12 samples and covers 485,836 CpG
dinucleotides. Illumina 450k uses the same beta quantification as Illumina 27k. On the
other hand, the density distribution of the methylation beta values differs according to
probe type, as can be seen in Figure 2-5, which represents the density plot of all

methylation values from a single female individual in the cohort.
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Figure 2-5 Methylation beta distribution of one subject Figure depicts A) Overall Illumina 450k and
B) Signals according to probe type, with type I (red) and type II (blue) probes.

It has been suggested that the two probe types distributions should be made comparable,
prior to between subject normalization, because without such adjustment, there would
be a bias on type 1 probes to have higher rankings than type II probes (Teschendorff et
al. 2013). Quantile normalization is a typically used normalization approach in gene
expression datasets (Bolstad et al. 2003) and can be applied in other “-omics” data.
Additionally, for Illumina 450k array data several other recent methods have also been
developed and these are available in R packages, such as Subset-quantile Within Array
Normalization method (SWAN) (Maksimovic et al. 2012), wateRmelon (Pidsley et al.
2013) and Beta Mixture Quantile Dilation (BMIQ) (Teschendorff et al. 2013). I used
BMIQ for the normalization of the raw betas since this method transforms type II
probes to fit the distribution of type I probes. After categorizing both types of probes
into methylated, hemi-methylated and unmethylated, type I probes are used as a base for
fitting type II probes into quantiles using the inverse of the cumulative beta distributions

in each category.
2.7 Quality control data procedures for methylation and metabolomics

Many approaches have been proposed in quality control analysis of metabolomics
platform data and DNA methylation data from Illumina arrays (Bock 2012; Morris ef al.

2014; Suhre ef al. 2011b). The approach used in this thesis for both datasets included
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the following steps: 1) identification of outliers, 2) identification of batch effects,
missing values and covariates that affect methylation or metabolite levels in the sample,
and 3) application of data normalization and adjustment for covariates to reduce these
effects. In this section I explain the steps that I undertake in quality control procedures
for both the metabolomics and methylation data in the thesis, using an example dataset
of 57 individuals with available Illumina 27k and Illumina 450k data. In these data I
aimed to compare methylation data from the two platforms. From both platforms I
selected the overlapping probes (23,678) present in both arrays for 57 individuals

(Figure 2-6).
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Figure 2-6 DNA methylation distribution in 57 individuals Figure depicts A) Illumina 27k and B)
Hllumina 450k array. Each line represents the density distribution in one individual.

2.7.1 Identification of outliers

I first tried to identify outliers visually both at the level of the methylation probe (or
metabolite if using a metabolomics dataset) and at the level of the individual.
Additionally, high missing rates were also considered as exclusion criteria for both
individual and probe level data. Boxplots and density plots were used to explore these

different patterns.

In the metabolomics data, the effect of experimental batches (i.e. run-days (1-27 (batch
1)), (28-49, 50-71 (batch 2)), (72-97, 98-122 and 123-147 (batch 3)) was explored and

before this a data normalization step was also applied to adjust for variation due to run-
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day tuning differences (procedure applied by Metabolon directly). Additionally, data
points that were more than 4 standard deviations from the mean of each metabolite

concentration were excluded.

Initial quality control of the methylation data was performed by a member of our group
(Dr. Pei-Chien Tsai). She identified several outliers (subjects) in the larger Illumina
450k dataset. To explore these impacts in the dataset of 57 individuals with both
Ilumina 27k and Ilumina 450k I assessed the distribution and missing value rates for
each individual using a number of plots and summary statistics as described above, and
did not exclude any individuals based on these profiles. First, I calculated the overall
correlation between the 57 individuals from both arrays, which shows strong positive
correlation r= 0.97 (Figure 2-7). For each individual I compared the DNA methylation
levels obtained from the Illumina 27k to the methylation levels from the Illumina 450k,

across altogether 23,678 probes that were present on both arrays.
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Figure 2-7 Pearson pairwise correlation in DNA methylation profiles across 57 individuals using
23,678 probes generated between Illumina 27k and Illumina 450k arrays.

Another approach to look for outliers at the individual-level was to visualize the
correlation in methylation patterns between the individuals in a two-dimensional plot
using gradient colours in a heatmap (Figure 2-8). In general, the 57 individuals in this
dataset were moderately correlated (r= 0.89) with each other in both arrays, with
slightly lower correlations (r=0.73) on the Illumina 27k data (Figure 2-8A) when
compared to the Illumina 450k correlations (Figure 2-8B). Heatmaps can also be used to

identify any patterns of substructure in the sample as some structures can be seen in
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Figure 2-8B and these can also be used to visually identify outliers for potential

exclusion in downstream analysis.
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Figure 2-8 Heatmap of the Pearson pairwise correlation in DNA methylation profiles across 57
individualsindividuals using 23,678 probes generated on the A) Illumina 27k and B) Illumina 450k
arrays. Greater correlation between individuals was represented as a light colour (yellow), and lower
correlation between arrays was represented in red.

In summary, I used a number of approaches to detect outliers in both the methylation
and metabolomics datasets on the level of the subject and probe/metabolite. I excluded
altogether a small number of datapoints based on the outlier identification approaches
described above, because outliers may represent potential experimental error and I

wanted to minimize these effects in the datasets for downstream analyses.

2.7.2 Principal Component Analysis

I used Principal component analysis (PCA) to identify potential batch effects (i.e age,
sex and plate). PCA refers to a transformation of a number of variables into a smaller
number of uncorrelated variables or Principal Components (PCs). PCA allows us to
identify overall patterns in the data by exploring PCs. The two main purposes of using
this analysis was to first, reduce the dimensionality of the dataset and second, use the
summary variables (PCs) to identify possible confounders by comparing the PCs to
potential variables that may introduce patterns or noise in the data, for example, batch
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effects. By definition, the first PC will always be the one that captures most of the
variation in the data. In this dataset PC1 of the Illumina 27k can explain 24% of the
variance of the data and the first three PCs explained in total 44% of the variance
(Figure 2-9A) PC1 of the Illumina 450k can explain 30% of the variance of the data and

the first three PCs explained in total 46% of the variance (Figure 2-9B).
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Figure 2-9 Variance distributed by the first 3 principal components on DNA methylation profiles
across 57 individuals in A) Illumina 27k showing cumulative variance of 44% B) 3 Illumina 450k
cumulative variance of 46%

Previous comparison of PCs in the larger Illumina 27k dataset (dataset 1) has identified
significant association of the first 3 PCs with the following covariates: batch, age, plate,
order of plate (Bell et al. 2012). For the 57 individuals, I compared the PC loadings for
the first 3 PCs against known covariates in the Illumina 27k dataset of 57 individuals,
and I observed significant associations between the PC and these known covariates,
suggesting that these covariates are major sources of variability in the [llumina 27k data

(Table 2-5).

Table 2-5 Illumina 27k PCs nominally associated (P = 0.05) with known covariates

PC1 PC2 PC3

Proportion of 0.24 0.15 0.05
variance

Cumulative 0.24 0.39 0.44
Proportion

Age Age Plate

Plate Plate BMI

Order of plate Order of Plate
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Similarly, I compared the PC loadings for the first 3 PCs in the Illumina 450k dataset of
57 individuals against known covariates, and I observed significant association between

the PC and the known covariates (Table 2-6).

Table 2-6 Illumina 450k PCs nominally associated (P = 0.05) with known covariates

PC1 PC2 PC3
Proportion of 0.31 0.10 0.05
variance
Cumulative 0.31 0.41 0.46
Proportion
Age Plate Plate
Plate BMI
Order of plate

I compared the first 2 PCs from both [llumina 27k and Illumina 450k but found low
correlation (Figure 2-10), suggesting that the PCs capture technical variation specific to
each array rather than shared technical or not biological variation. However, it is also
possible that different PCs in each dataset capture different covariate effects (for
example, BMI is associated with PC3 in Illumina 27k and with PC2 in Illumina 450k),
but I did not investigate this further as the main aim here was give an example of a

quality control procedure that I used to identify batch effects in large scale datasets.
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Figure 2-10 Comparison of PCs from both datasets for A) PC1 (r=0.34) B) PC2 (r=0.19)

2.7.3 Correlation between Illumina 27k and Illumina 450k

These identified covariates were then corrected for using a linear mixed effects

regression (LMER) in Ime4 package in R (Bates et al. 2015). Residuals were calculated
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from the full regression model, where normalized methylation levels were fitted as the
outcome and the predictors consisted of age, BMI, plate and blood cell count

estimations as fixed effect terms and random effect terms family and zygosity.

I next calculated the correlation between overlapping probes, where one probe was from
the Illumina 27k and the other from the Illumina 450k. Out of 23,678 overlapping
probes only 2,132 (11%) on the Illumina 27k array remain as type I probe on the
Illumina 450k array. The rest of the overlapping 21,546 probes have switched from type
I probes on the Illumina 27k array to type II probes on the Illumina 450k array, which

may introduce technical variation in the methylation signal.

Looking at correlations at the level of each probe, only positive correlations were
observed (Figure 2-11), both for type I probes in both arrays (r=0.42) (Figure 2-11A)
and for probes that switch type (type I from Illumina 27k and type II from Illumina
450k) (r=0.45) (Figure 2-11B). The correlations observed at the probe level are overall
positive (r=0.44), but great variability in the level of correlation is observed (from 0.1 to

1), and overall the mean correlation per probe is relatively moderate.

On the other hand, across-array correlation on the level of the individual was much
higher. As shown in Figure 2-11 performing pairwise correlations per individual over
23,678 probes that are measured on both arrays, results in very high positive pair-wise
correlation coefficients (r=0.97), as expected because these data are generated in the
same samples (same time point). In conclusion using the Illumina 27k as a replication in
Illumina 450k studies, or vice versa, should be handled carefully considering the wide
range of correlation coefficients detected over the 23,678 overlapping probes. In cases
where across-probe correlations are modest or relatively low (r<0.3), conclusions will

be difficult to interpret.
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Figure 2-11 Correlation between probes that are present in both Illumina 27k and Illumina 450k in the
dataset of 57 individuals for A) 2,132 probes in type I B) 21,546 probes in type 11

2.7.4 Further DNA methylation probe quality control

To assess the potential of cross hybridization of the Illumina array 50bp probe
sequences to multiple locations in the genome, I double checked the alignment of the
[llumina 450k probes against the human genome using MAQ (v0.7.1) (Li ef al. 2008). 1
allowed for probes mapping to multiple locations within 2 mismatches, and found
17,764 probes out of 485,836 probes in Illumina 450k that mapped to multiple locations
within 2 mismatches (the same number of probes we identified using both hgl8 and

hg19). I therefore excluded these probes in all subsequent analyses.

Additionally, another factor that may impact hybridization is the presence of genetic
variants in the probe sequence. Several previous studies have explored these effects and
in this thesis I considered the results of one of these. Naecem et al. categorized both all
probes with SNPs in the 50bp probe sequences and probes with SNPs located on the
actual CpG-site, small insertions and deletions (INDELs), repetitive DNA, and regions
with reduced genomic complexity (Naeem et al. 2014). The authors found that the
second type of probes impact methylation levels. Since Chapter 4 in my thesis explicitly
considers genetic impacts on DNA methylation level, I excluded probes previously
identified by Naeem et al. to contain genetic variants on CpG sites. However, | included
such probes in the context of MZ twin analyses in Type 2 diabetes in Chapter 5. This is

because a postdoctoral fellow in the group (Dr.Pei-Chien Tsai) compared whether
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methylation levels seem to be influenced by the SNP on the probe, by comparing
methylation levels at probes without SNPs and probes with SNPs (and different number
and location of SNPs), but did not see much difference, suggesting that the
hybridization is not strongly influenced by the SNPs in the probe in the majority of
cases. Therefore, although I included these probes containing SNPs in Chapter 5, I

report results both including and removing these probes.
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CHAPTER 33

Metabolites

3.1 Introduction

The aim of this chapter is to identify metabolite QTLs (mQTLs) from mGWAS. GWAS
of blood metabolites, as functional intermediate phenotypes, give greater power to
understand the role of genetic variants in dissecting human metabolic and disease

pathways.

This chapter is divided into 3 sections based on the separate projects. The first two
sections (3.3 and 3.4) report multi-cohort collaborative mGWAS that I contributed
towards. These were each performed on large-scale datasets profiled on one of two
separate metabolite platforms, Metabolon and Biocrates, and descriptive statistics for
these are reported in Table 3-1. In the final section (3.5), I then extend this work to my
own research focus aiming to perform and compare mGWAS results from the two

metabolite platforms, where data were obtained in the same subset of samples.

Part of this work, specifically the large-scale collaborative mGWAS analyses in
sections one and two, has been published (Draisma et al. 2015; Shin ef al. 2014) and a

manuscript based on the third section is recently published (Yet et al., 2016).

Table 3-1 Descriptive statistics for Metabolon and Biocrates TwinsUK datasets

Data Biocrates Metabolon
Individuals 1235 6056

Sex (F/M) 813 /422 5622 /434

Mean age (SD) 57.95 (11.13) 53.43 (13.99)
MZ/DZ 764/471 3040/3025
Metabolite sensitivity Targeted Non-targeted
Sample source Serum Serum and plasma
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3.2 Metabolite GWAS

Metabolomic profiling is a powerful approach to characterize human metabolism and
help understand common disease risk. mGWAS results have been reported for
metabolomics datasets profiled using multiple platforms in different tissues and samples
(Chasman et al. 2009; Demirkan et al. 2012; Demirkan et al. 2015; Hicks et al. 2009;
Ilig et al. 2010; Kettunen et al. 2012; Krumsiek et al. 2012; Lemaitre et al. 2011;
Nicholson et al. 2011; Raffler et al. 2013; Rhee et al. 2013; Ried et al. 2014; Rueedi et
al. 2014; Suhre et al. 2011a; Suhre et al. 2011b; Tanaka et al. 2009).The first mnGWAS
was performed by Gieger et al. using the MS platform (Gieger et al. 2008). The authors
analysed more than 350 metabolites measured in almost in 300 serum samples. The
metabolite data set covered lipids, amino acids, acylcarnitines and sugars. As an initial
analysis, a mGWAS was conducted for each of the single metabolites, then following
up with mGWAS of metabolite ratios. It has been suggested that ratios increase
statistical power due to cancelling the common experimental error for a metabolite pair
in the ratio. Metabolite ratios can also serve as substitutions for enzymatic reaction rates
for closely biologically connected metabolites; consequently associations at genes
encoding enzymes are typically stronger for metabolite ratios than for single metabolite
concentrations. Gieger et al reported several associations and two of the main results,
associations in the FADS gene cluster (fatty acid desaturase) and the LIPC locus
(hepatic lipase) were discovered from ratio mGWAS analysis. After this initial study,
multiple mGWAS have been performed on metabolite data profiled using the MS
approach. Lipid based mGWAS have been conducted in targeted MS, and these have
focused on phospholipids and sphingolipids (Demirkan et al. 2012; Hicks et al. 2009;
Illig et al. 2010), or different polyunsaturated fatty acids (Lemaitre et al. 2011; Tanaka
et al. 2009) and lipoprotein subfractions (Chasman et al. 2009). Altogether these studies

have identified genetic variants at more than 50 loci associated with 200 metabolites
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and 25,000 ratios. Suhre et al. focused on detecting known metabolites using MS and
reported associations at 37 novel loci in 1,768 serum samples with replication in 1,052
twins (Suhre et al. 2011b). Krumsiek et al. (Krumsiek et al. 2012) focused on detecting
unknown metabolites with non-targeted MS in the same sample of 1,768 serums used
by Suhre et al. and identified association at 34 genetic loci. A recent study by Rhee et
al. reported associations at 31 loci in 2,076 plasma samples using targeted MS (Rhee et
al. 2013). Another recent study focused on both targeted and non-targeted MS and
identified variants at 12 new loci from 2,652 serum samples assaying 344 metabolites
(Ried et al. 2014). Overall, MS studies identified associations at more than 100 loci in

almost 10,000 individuals assaying more than 500 metabolites.

There have also been a number mGWAS performed on metabolite datasets profiled
using the NMR approach. Kettunen et al. identified mGWAS variants at 31 loci in
8,330 serum samples profiled using NMR (Kettunen et al. 2012). Another two NMR
studies explored mQTLs in 1,757 and 2,893 urine samples and reported associations at
7 and 5 loci, respectively (Raffler et al. 2013; Suhre et al. 2011a). Additionally, an
NMR study in 142 samples identified genetic associations at 3 loci in urine and 1 locus
in plasma (Nicholson et al. 2011). A subsequent NMR study reported genetic
associations at 11 loci in 1,436 urine samples (Rueedi et al. 2014). Most recently,
associations at 8 loci were identified in 2,118 serum samples using NMR (Demirkan et
al. 2015). Overall, NMR studies identified more than 60 loci in almost 10,000

individuals assaying more than 1,000 metabolites.

To date mQTLs have been identified in several tissues and samples using numerous
metabolite detection platforms. In this chapter I present results from three additional
mQTL studies. The findings can help improve our knowledge of inherited part of
human metabolic individuality, and also give some potential insight into biological

mechanisms involved disease.
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3.3 Metabolon

This was a bi-cohort mGWAS collaboration with TwinsUK and KORA samples (Shin
et al. 2014). The analysis was led by Dr. Shin, a postdoctoral fellow in Dr Soranzo’s
research group at the Wellcome Trust Sanger Institute. Based on altogether 7,824 adult
individuals, this is the most comprehensive assessment of genetic loci in human
metabolism to date. I worked on the quality control of metabolites from the TwinsUK
dataset for 6,055 individuals, which I will report briefly below. I also then describe the
key findings from the collaborative Metabolon mGWAS study, which led me to pursue
section 3.5. A subset of the data in this section (1,052 individuals and 280 known
metabolites) were previously reported (Suhre ef al. 2011b) as a meta-analysis dataset for

metabolite analyses within the KORA cohort for nGWAS.

3.3.1 Methods

3.3.1.1 Metabolomics Measurements

The TwinsUK dataset generated on the non-targeted MS platform Metabolon has also
previously been described (Illig et al. 2010; Suhre et al. 2011b). The methodology
describing the Metabolon procedure for measuring relative metabolite concentrations is

described in detail in Chapter 2, section 2.4.1.1.

3.3.1.2 Quality Control and Statistical Analysis

The Metabolon metabolomics dataset first underwent several quality control checks as
described in Chapter 2, sections 2.4.1.1 and 2.6. The merged final dataset consisted of
503 metabolites in 6,056 TwinsUK plasma and serum samples. Altogether 486
metabolites overlapped between the two cohorts. First, missing data for each sample
and for each metabolite were investigated, and one TwinsUK sample with high missing
rate (83%) was excluded but no metabolite was excluded because of data missingness.

(Figure 3-1) shows the correlation between missingness numbers within metabolites in
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three batches. Pearson correlation coefficients between missingness rates for
metabolites in different batches show that batch2 and batch3 had higher correlation
(r=0.87) than the correlation with batchl (r=0.54, r=0.53). This may be due to the fact

that batch1 samples are serum, and batch2 and batch3 are measured in plasma.
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Figure 3-1 Correlation of missingness of metabolites between batches of the TwinsUK Metabolon data.

For the remaining 6,055 TwinsUK samples, the correlation between metabolite
missingness rates and experimental batches was assessed. The missingness rate was
shown to be correlated with experimental batches, which is likely due to different
calibratio