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Abstract 

 

Obesity is a major health concern with cardiometabolic co-morbidities, affecting more than 

650 million people worldwide. Here, I have assessed the contribution of common and rare 

genetic variation to adiposity and metabolic phenotypes, including identifying genetic factors 

influencing location of abdominal fat storage. A GWAS of MRI-measured abdominal fat 

distribution in the UK Biobank (UKBB) identified two novel SNPs at genome-wide significant 

level: i) in both men and women, rs182052 in ADIPOQ associated with higher visceral 

adiposity (β=0.114 SD; P=3.04×10-8) and ii) in women only, rs181635166 in NALCN 

associated with having more subcutaneous abdominal fat (βfemales=0.338 SD, Pfemales=1.51×10-

8). A genetic risk score (GRS) composed of “favourable adiposity” SNPs, was associated with 

0.040 (0.008) SD (P=1.08×10-6) lower liver fat and preferential lower body, rather than central, 

adiposity, in women only. In men, it was associated with a higher adiposity overall.  

Attention was then turned to examination of the phenotypic implications of rarer genetic 

variants, revealing that a predicted-deleterious, low frequency variant, rs11568563 (c.A516C, 

p.E172D, MAF=0.045) in SLCO1A2, conferred diminished and delayed post-prandial increase 

of conjugated bile acids in plasma, compared to non-carriers, after nutritional challenge tests 

(OGTT and MMTT): this may have important implications for cardiovascular risk and diabetes. 

Finally, I examined the phenotypic implications of mutations in the MC4R gene – the 

commonest form of monogenic obesity. The combined prevalence of 72 rare reportedly-

deleterious MC4R mutations in the White British participants of the UKBB (N~330,000) was 

0.39%, but only 8/72 mutations showed full penetrance for obesity (S19fs, P48S, N62S, 

L106P, S136P, F261S, P299H or A303T). There was slight enrichment of LoF mutations in 

overweight/obese compared to underweight/lean individuals (132 carriers (0.1%) vs 49 

carriers (0.04%), P=0.04). This work highlights the need to consider penetrance and 

expressivity in genetic counselling of families with MC4R mutations. 

 

 

 

 

 



5 
 

Acknowledgments 

 

First and foremost, I would like to thank my supervisor, Professor Alexandra Blakemore for 

giving me the opportunity to work on this project. I am extremely grateful for the continued 

support, guidance and mentoring that immensely helped to develop my scientific critical 

thinking. I would also like to thank Professor Marjo-Riitta Jarvelin for giving me the opportunity 

to use data and participate in population consortia – an experience that was essential during 

the initial steps of my PhD. 

 

I would like to thank my colleagues, past and present, who all contributed in different ways: Dr 

Sanne Alsters, Nikman Adli Nor Hashim, Hanis Nurul Ramzi, Olivia Szepietowski, Sumaya 

Almansoori, Erdal Ozdemir, Dr Jess Buxton and Dr Fotios Drenos for their help, advise and 

encouragement, which have improved this work enormously. I would like to give particularly a 

special thank you to Nikman for our problem-solving marathons to get the scripts running and 

to Sanne for processing samples for exome sequencing. Your contribution was essential in 

making the data available for use in this project. 

 

I would also like to thank people in collaborative work, who each had their own part in making 

this project possible: Dr Jarlei Fiamoncini, Milena Rundle, Dr Hanieh Yaghootkar, Prof. Jimmy 

Bell, Prof. Tim Frayling, Prof. Gary Frost, AMRA team, the UK Biobank, the NutriTech 

consortium, the Imperial BRC Genomics Laboratory, and the Imperial College Research 

Computing Service. 

 

I would also like to acknowledge the participants who voluntarily took part in the studies, giving 

opportunities for research in the science community. 

 

Last, but certainly not least, a massive thank you to my family and friends for their endless 

support, encouragement, and patience when I needed it the most. 

 

 

 

 

 

 



6 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



7 
 

Publications 
 

Work from this thesis has led to the following publications: 

• Determinants of postprandial plasma bile acid kinetics in human volunteers; Fiamoncini 

J*, Yiorkas AM*, Gedrich K, Rundle M, Alsters SI, Roeselers G, van den Broek TJ, Clavel T, 

Lagkouvardos I, Wopereis S, Frost G, van Ommen B, Blakemore AI, Daniel H.; Am J Physiol 

Gastrointest Liver Physiol. 2017 Oct 1;313(4):G300-G312. doi: 10.1152/ajpgi.00157.2017 

The paper included results presented in chapter 5 of the thesis 

 

• Genome-Wide and Abdominal MRI-Imaging Data Provides Evidence that a Genetically 

Determined Favourable Adiposity Phenotype is Characterized by Lower Ectopic Liver Fat and 

Lower Risk of Type 2 Diabetes, Heart Disease and Hypertension; Yingjie Ji*, Andrianos M. Yiorkas*, 

Francesca Frau*, Dennis Mook-Kanamori*, Harald Staiger*, E. Louise Thomas, Naeimeh Atabaki-

Pasdar, Archie Campbell, Jessica Tyrrell, Samuel E. Jones, Robin N. Beaumont, Andrew R. Wood, 

Marcus A. Tuke, Katherine S. Ruth, Anubha Mahajan, Anna Murray, Rachel M. Freathy, Michael N. 

Weedon, Andrew T. Hattersley, Caroline Hayward, Jürgen Machann, Hans-Ulrich Häring, Paul Franks, 

Renée de Mutsert, Ewan Pearson, Norbert Stefan, Timothy M. Frayling, Karla V. Allebrandt, Jimmy D. 

Bell, Alexandra I. Blakemore and Hanieh Yaghootkar; Diabetes 2018 Oct; db180708; 

doi.org/10.2337/db18-0708 

The paper included results presented in chapter 4 of the thesis, in particular, contribution of 
results with respect to analysis of regional adiposity.  

 

 

Planned publications after conducting extended work on other chapters:  

 

• Chapter 3: The body of work presented on the genome-wide association study of 
regional adiposity will be extended, as part of a consortium, to include metanalysis of 
results from other cohorts with data on regional body composition 
 

• Chapter 6: There are two publications arising from this chapter. One that will cover 
reassessment of frequency and penetrance of MC4R mutations in interesting in light 
of the comparative data to existing estimates, covering effects on metabolic phenotype 
and specific characteristics of body composition. Separately, extended work will be 
carried out to assess the factors affecting penetrance. 

 

 

 

 



8 
 

Table of contents 

 
Declaration of originality ........................................................................................................ 2 

Copyright declaration ............................................................................................................ 3 

Abstract................................................................................................................................. 4 

Acknowledgments ................................................................................................................. 5 

Publications .......................................................................................................................... 7 

Table of contents .................................................................................................................. 8 

List of figures ...................................................................................................................... 13 

List of tables ........................................................................................................................ 14 

Chapter 1 ............................................................................................................................ 16 

1.1 Overview ................................................................................................................... 17 

1.2 Introductory notions ................................................................................................... 18 

1.3 Human genetics in the post-genome era ................................................................... 20 

1.3.1 Mendelian genetics and beyond .......................................................................... 20 

1.3.2 Human genetic variation ...................................................................................... 21 

1.3.3 Capturing genetic variation .................................................................................. 22 

1.3.4 Genetic association studies: Gene discoveries of complex traits ......................... 23 

1.3.5 Attributes and challenges of association studies ................................................. 24 

1.3.6 Does association mean causation? ..................................................................... 27 

1.3.7 The ‘curse’ of missing heritability ......................................................................... 28 

1.4 Obesity and genetics ................................................................................................. 31 

1.4.1 Obesity in the 21st century ................................................................................... 31 

1.4.2 Obesity is a heritable disorder ............................................................................. 32 

1.4.3 Monogenic forms of obesity ................................................................................ 33 

1.4.4 Polygenic forms of obesity .................................................................................. 34 

1.5 Redefining obesity: adiposity as an optimum measure of health ................................ 36 

1.5.1 Physiology of adiposity ........................................................................................ 36 

1.5.2 Why is body fat distribution important to health? ................................................. 38 

1.5.3 Methods of measuring adiposity traits ................................................................. 41 

1.5.4 Genetics of adiposity traits .................................................................................. 45 

1.6 The human metabolic phenotype ............................................................................... 48 

1.6.1 Human metabolism of nutrient intake .................................................................. 48 

1.6.2 Metabolic phenotyping using nutritional challenge tests ...................................... 49 

1.6.3 Genetic study of human metabolism ................................................................... 50 

1.7 Overall hypotheses and aims ..................................................................................... 53 



9 
 

Chapter 2 ............................................................................................................................ 56 

2.1 Introduction to chapter ............................................................................................... 57 

2.2 Study cohorts ............................................................................................................ 58 

2.2.1 The UK Biobank (UKBB) ..................................................................................... 58 

2.2.1.1 Cohort description ........................................................................................ 58 

2.2.1.2 Phenotypic data ............................................................................................ 59 

2.2.1.3 DNA extraction and genotyping .................................................................... 64 

2.2.2 The NutriTech cohort .......................................................................................... 65 

2.2.2.1 Cohort description ........................................................................................ 65 

2.2.2.2 Metabolic phenotyping .................................................................................. 66 

2.2.2.3 DNA extraction, genotyping, and sequencing ............................................... 68 

2.3 SNP array genotyping data ........................................................................................ 69 

2.3.1 General Quality Control considerations ............................................................... 69 

2.3.2 UKBB SNP array data ......................................................................................... 70 

2.3.2.1 Acquisition of genotyped and imputed data .................................................. 70 

2.3.2.2 Quality Control .............................................................................................. 70 

2.3.2.3 Replication of association of known obesity SNPs with BMI ......................... 71 

2.3.3 NutriTech genotyping data .................................................................................. 76 

2.4 Whole Exome Sequencing data ................................................................................. 77 

2.4.1 Exome capture and sequencing .......................................................................... 77 

2.4.2 Bioinformatics ..................................................................................................... 78 

2.4.3 Annotation and in-silico predictions of genetic variants........................................ 79 

2.5 Statistical analysis methods ....................................................................................... 80 

2.5.1 General statistical methods ................................................................................. 80 

2.5.2 Statistical genetics methods ................................................................................ 80 

2.5.2.1 Genome-wide association analyses .............................................................. 80 

2.5.2.2 Genetic Risk Scores ..................................................................................... 81 

2.5.2.3 Polygenic risk scores .................................................................................... 83 

Chapter 3 ............................................................................................................................ 85 

3.1 Introduction to Chapter .............................................................................................. 86 

3.2 Background ............................................................................................................... 87 

3.3 Hypothesis and aims ................................................................................................. 89 

3.4 Materials and Methods .............................................................................................. 90 

3.4.1 Study cohort ........................................................................................................ 90 

3.4.2 GWA analyses .................................................................................................... 91 

3.4.3 SNP heritability estimation .................................................................................. 91 

3.4.4 Polygenic Risk Scoring........................................................................................ 92 



10 
 

3.4.5 Descriptive statistical analysis ............................................................................. 92 

3.5 Results ...................................................................................................................... 93 

3.5.1 UKBB imaging cohort description ........................................................................ 93 

3.5.2 GWAS of abdominal adiposity ............................................................................. 97 

3.5.2.1 Overall analyses (men and women) .............................................................. 97 

3.5.2.2 Cross-sex and sex-stratified analyses......................................................... 109 

3.5.3 Polygenic Risk Scoring...................................................................................... 113 

3.6 Discussion ............................................................................................................... 114 

3.7 Summary ................................................................................................................. 119 

Chapter 4 .......................................................................................................................... 121 

4.1 Introduction to Chapter ............................................................................................ 122 

4.2 Background ............................................................................................................. 123 

4.2.1 The concept of Favourable Adiposity ................................................................ 123 

4.2.2 Genetics of Favourable Adiposity ...................................................................... 124 

4.3 Hypothesis and aims ............................................................................................... 126 

4.4 Materials and Methods ............................................................................................ 127 

4.4.1 Study cohort ...................................................................................................... 127 

4.4.2 Favourable Adiposity SNPs ............................................................................... 127 

4.4.3 Genetic Risk Score ........................................................................................... 128 

4.4.4 Statistical analyses ............................................................................................ 128 

4.5 Results .................................................................................................................... 131 

4.5.1 Individual SNP analyses .................................................................................... 131 

4.5.2 Genetic risk score analyses .............................................................................. 136 

4.5.3 Interaction analyses .......................................................................................... 138 

4.6 Discussion ............................................................................................................... 139 

4.7 Summary .................................................................................................................... 144 

Chapter 5 .......................................................................................................................... 146 

5.1 Introduction to Chapter ............................................................................................ 147 

5.2 Background ............................................................................................................. 149 

5.2.1 Bile acid metabolism ......................................................................................... 149 

5.2.2 Genetics of bile acid metabolism ....................................................................... 150 

5.2.3 How are bile acids related to adiposity and metabolism? .................................. 151 

5.2.4 Bile acid kinetics in the postprandial state ......................................................... 153 

5.2.5 Genetic factors affecting inter-individual variability of bile acid kinetics in the post-

prandial state ............................................................................................................. 155 

5.3 Hypothesis and aims ............................................................................................... 156 

5.4 Materials & Methods ................................................................................................ 157 

5.4.1 Study cohort ...................................................................................................... 157 



11 
 

5.4.2 Bile Acid profiling............................................................................................... 157 

5.4.3 Selection and screening of bile acid genes........................................................ 158 

5.4.4 Statistical analysis ............................................................................................. 158 

5.5 Results .................................................................................................................... 160 

5.5.1 Cohort characteristics and effect of intervention ................................................ 160 

5.5.2 Post-prandial bile acid profiles ........................................................................... 161 

5.5.3 Sex differences in post-prandial bile acid profiles .............................................. 164 

5.5.4 Genetic determinants of post-prandial bile acid profiles ..................................... 164 

5.5.5 How is SLCO1A2 rs11568563 (E172D) related to metabolic phenotype? ......... 168 

5.6 Discussion ............................................................................................................... 170 

5.7 Summary ................................................................................................................. 173 

Chapter 6 .......................................................................................................................... 175 

6.1 Introduction to Chapter ............................................................................................ 176 

6.2 Background ............................................................................................................. 177 

6.2.1 Mechanism of central control of energy balance: the leptin-melanocortin pathway

 .................................................................................................................................. 177 

6.2.2 Commonest monogenic form of obesity: dominantly-acting mutations in the 

melanocortin 4 receptor gene..................................................................................... 179 

6.3 Hypothesis and aims ............................................................................................... 182 

6.4 Methods .................................................................................................................. 183 

6.4.1 Study cohort ...................................................................................................... 183 

6.4.2 Selection of MC4R mutations ............................................................................ 183 

6.4.3 Estimation of penetrance ................................................................................... 183 

6.5 Results .................................................................................................................... 185 

6.5.1 Prevalence of MC4R mutations in the UKBB ..................................................... 185 

6.5.2 Estimation of penetrance ................................................................................... 186 

6.5.3 Phenotypic characteristics of MC4R mutation carriers....................................... 190 

6.5.3.1 Heterozygous carriers (N=1,245) ................................................................ 190 

6.5.3.2 Compound heterozygous carriers (N=8) ..................................................... 191 

6.5.3.3 Carriers of the low frequency V103I (N=13,052) ......................................... 194 

6.5.4 Distribution of MC4R mutation carriers in BMI categories .................................. 197 

6.6 Discussion ............................................................................................................... 200 

6.7 Summary ................................................................................................................. 202 

Chapter 7 .......................................................................................................................... 204 

7.1 Introduction .............................................................................................................. 205 

7.1.1 General scope ................................................................................................... 205 

7.1.2 Summary of main results ................................................................................... 205 

7.2 General discussion of results ................................................................................... 207 



12 
 

7.2.1 The study of common variation ......................................................................... 207 

7.2.2 The study of rare and low frequency variation ................................................... 208 

7.2.3 Sex dimorphism ................................................................................................ 210 

7.3 General discussion and future directions ................................................................. 211 

7.3.1 Common genetic variants associated with abdominal fat distribution: Where do we 

go?............................................................................................................................. 211 

7.3.2 Rare variants in complex traits: where do we go? ............................................. 212 

7.3.3 The omnigenic model of complex disease ......................................................... 213 

7.3.4 The interplay of rare and common variants ....................................................... 215 

7.3.5 The future of obesity genetics ........................................................................... 217 

7.4 Concluding remarks ................................................................................................. 219 

References ....................................................................................................................... 221 

Appendix ........................................................................................................................... 241 

APPENDIX I - SNP array Quality Control Protocol (also used in Nikman Adli’s PhD thesis)

 ...................................................................................................................................... 241 

APPENDIX II - UK Biobank outcomes used in physical activity indices ......................... 256 

APPENDIX III – UKBB sample distribution by recruitment centre .................................. 257 

APPENDIX IV – in-silico predicted deleterious variation of BA genes ............................ 258 

APPENDIX V – Summary of MC4R variants on UKBB genotyping chip ........................ 259 

APPENDIX VI – Literature review of MC4R variants genotyped in this study (Pages 247-

251) ............................................................................................................................... 261 

 

 

 

 

 

 

 

 

 

 
 



13 
 

List of figures 
 

Figure 1.1 Linkage Disequilibrium blocks of adjacent SNPs 25 

Figure 1.2 Monogenic obesity genes in the leptin-melanocortin pathway 35 

Figure 1.3 How lipid overflow can determine fat distribution 37 

Figure 1.4 Differential body fat distribution 40 

Figure 2.1 Distribution of abdominal adiposity parameters in the UK Biobank MRI cohort 

(N=6,021) 

62 

Figure 2.2 The NutriTech study design 66 

Figure 2.3 Sample QC filtering steps in UKBB genotyping dataset 72 

Figure 2.4 Ancestral Principal Components plots in UKBB 74 

Figure 3.1 UKBB imaging cohort with genetic data 90 

Figure 3.2 QQ-plot of P-values from VAT GWAS 99 

Figure 3.3 Manhattan plot of VAT GWAS 100 

Figure 3.4 Regional association plot of genome-wide significant locus in VAT GWAS 102 

Figure 3.5 QQ-plot of P-values from ASAT GWAS 103 

Figure 3.6 Manhattan Plot of ASAT GWAS 104 

Figure 3.7 QQ-plot of P-values from IAFR GWAS 106 

Figure 3.8 Manhattan Plot of IAFR GWAS 107 

Figure 3.9 Bar plot of P-value thresholds for VAT PRS predicting WHR 113 

Figure 5.1 Main steps in Bile acid metabolism 150 

Figure 5.2 Effect of bile acids on glucose and lipid metabolism 152 

Figure 5.3 Bile Acid concentration profiles during before and after intervention 161 

Figure 5.4 Bile Acid concentration profiles in response to challenge tests 163 

Figure 5.5 Sex effects on plasma BA concentration profiles during response to challenge 

tests 

166 

Figure 5.6 Effects of the SLCO1A2 rs11568563 (E172D) on plasma BA kinetics  167 

Figure 6.1 The leptin-melanocortin pathway 178 

Figure 6.2 Flow chart displaying selection of MC4R carriers 185 

Figure 6.3 Distribution of MC4R mutation carriers (N=1,245) in BMI categories, by type 

of mutation 

198 

Figure 6.4 Distribution of MC4R mutation carriers and non-carriers by BMI category 199 

 

 

 

  



14 
 

List of tables 
 

Table 1.1 Methods of measuring adiposity traits   44 

Table 2.1 Association of 97 known obesity SNPs in UKBB 75 

Table 3.1 Characteristics of UKBB imaging cohort (N=6,021) 94 

Table 3.2 Characteristics of UKBB imaging cohort in comparison to the whole UKBB 95 

Table 3.3 Relationship between MRI variables and other measures of body 

composition 

95 

Table 3.4 SNP-based heritability estimates of abdominal fat distribution in the UKBB 96 

Table 3.5 Top independent hits from VAT GWAS 101 

Table 3.6 Top independent hits from ASAT GWAS 105 

Table 3.7 Top independent hits from IAFR GWAS 108 

Table 3.8 Sex-stratified VAT GWAS in men (A) and women (B) 110 

Table 3.9 Sex-stratified ASAT GWAS in men (A) and women (B) 111 

Table 3.10 Lookups of top hits from MRI GWAS in other body composition 

phenotypes 

112 

Table 4.1 Favourable Adiposity SNPs 130 

Table 4.2 SNP level results for favourable adiposity SNPs in men and women 133 

Table 4.3 SNP level results for favourable adiposity SNPs in men 134 

Table 4.4 SNP level results for favourable adiposity SNPs in women 135 

Table 4.5 - Association of favourable adiposity GRS with abdominal adiposity traits 

in UKBB Imaging Cohort 

137 

Table 4.6 Interaction analysis of favourable adiposity GRS with sex, alcohol 

consumption and physical activity index   

138 

Table 5.1 Genes coding for bile acid synthesis and transport proteins 159 

Table 5.2 Descriptive characteristics of the NutriTech cohort 160 

Table 5.3 Phenome-scan of SLCO1A2 rs11568563 (E172D) in UKBB 169 

Table 6.1 Characterisation of MC4R mutations genotyped in UKBB 187 

Table 6.2 Phenotypic characteristics of heterozygous MC4R mutation carriers in the 

UKBB cohort 

192 

Table 6.3 Metabolic phenotypes of MC4R mutation carriers 193 

Table 6.4 Characteristics of the MC4R V103I low frequency variant carriers in UKBB  194 

Table 6.5 Compound heterozygous MC4R mutation carriers in the UKBB 195 

Table 6.6 Carriers of both rare MC4R mutations and V103I low frequency variant 196 

 

 



15 
 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



16 
 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter 1 

 

Introduction 

 

 

 

 

 

 

 

 



17 
 

1.1 Overview  

 

This thesis describes the genetic analysis of common and rare variation in human phenotype, 

aiming to elucidate their interplay in the aetiology of adiposity and metabolic phenotypes. 

Obesity is one of the most important health concerns in modern age. Genetic studies have 

contributed immensely towards our understanding of both monogenic and polygenic forms of 

obesity and helped elucidate the physiology of appetite regulation.  

 

There is growing interest in defining obesity and health in general using more advanced 

phenotyping approaches than anthropometric measurements, for example, considering the 

volume and physical distribution of fat, as opposed to simple parameters like body mass index 

(BMI) and waist:hip ratio (WHR). The genetic factors influencing such phenotypes are not fully 

understood, and one of the aims of the work described here is to shed new light on this. 
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1.2 Introductory notions 

 

We currently live in, what appears to be, the golden age of human genetics. The exponential 

growth of the field within the science community as well as the popularity it has gained 

amongst non-scientists, are both remarkable. The public interest and engagement in the field 

of human genetics is amplified by the attention brought by media, but most importantly by the 

willingness of people to actively participate in scientific research. The general public is 

generous in providing their samples and data for genetic research in exchange for medical 

knowledge and even recreationally. 

 

It took almost 40 years since the discovery of the structure of deoxyribonucleic acid (DNA)1 in 

1953, for scientists and entrepreneurs to begin massive collaborative efforts to sequence the 

whole human genome2,3. The release of the first full draft of the human genome, ten years 

later, in April 2003, by the International Human Genome Sequencing Consortium4 thrilled the 

whole world. It was considered a fundamental step towards finding the answer to several 

questions, including “How much and what kind of genetic variation defines phenotype 

variability?”.  

 

Subsequent genome projects were conducted specifically to define and catalogue genomic 

variation. The International Hap Map project5, aimed to sequence common variation in the 

human genome, from populations originating from parts of Africa, Asia and Europe. The 1000 

Genomes Project (1000G)6,7, which has since been extended to 2,504 individuals from 26 

populations, characterised the human genome sequence in depth identifying in total over 88 

million variants. The outcome of these sequencing projects has proved to be very valuable in 

providing the toolset for human genetic studies, by cataloguing variants in regions of interest 

and enabling genotyping array design8. Bespoke arrays can be designed to cover any 

functional candidate gene, or any region highlighted by family-based linkage analysis. Arrays 
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including genome-wide markers, without any prior knowledge, allow for genome-wide 

association studies (GWAS) to employ a hypothesis-free approach. This approach has been 

insightful into understanding the processes that shape genetic diversity as well as disease 

biology.  

 

It goes without saying that innovation and advancement in the biotechnology sector has been 

critical in the progression of the field, particularly the development of robust methods to 

capture information on DNA sequence and structural variants. Genotyping arrays can assay 

variants of a wide range of frequency and High Throughput Sequencing can examine whole 

exomes and genomes. In combination with advances in statistical methodology, these 

developments have allowed new avenues of genetic research. In this thesis, I have considered 

both rare and common genetic variants, in relation to human adiposity and related phenotypes. 

 

There has also been an expansion in engaging the public to participate in research, enabling 

the creation of very large-scale Biobanks. For example, in 2006, the Medical Research Council 

and Wellcome Trust established the UK Biobank (UKBB) prospective cohort to collect data on 

half a million middle aged volunteers, living throughout the UK, to support the investigation of 

lifestyle and genetic risk factors for major diseases9. Biobanks are an extremely useful 

resource and provide the foundation of effective research. Some of the work described in this 

thesis could not have been attempted without this enormous investment, and the extensive 

public-spirited collaboration among scientists and between researchers and the general 

public. 
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1.3 Human genetics in the post-genome era 

 

1.3.1 Mendelian genetics and beyond 

 

Monogenic diseases and traits are attributed to a single, highly-penetrant, genetic variant, 

characterised by a distinguishable phenotype. A classic example is cystic fibrosis whereby 

carriage of two copies of a mutated form of the CFTR gene (e.g. F508del) causes a detrimental 

disease10. The simplest form of Mendelian theory is based on the assumption that such 

variants are not influenced by the presence of other genetic variants or environmental factors. 

The majority of human traits and diseases are indeed genetically influenced, but unlike such 

strictly-defined monogenic conditions they do not follow the above rule. They are, thus, 

described as complex, caused by a combination of many genetic variants and environmental 

exposures in which they are able to manifest. Heritability is described as the proportion of 

phenotypic variance (difference between individuals) attributed to genetic variation. Height, as 

an anthropometric measure, is a fine example of a complex trait which is hugely genetically 

influenced with an estimated heritability ranging between 60-80%. The genetic factors are not 

confined to a single gene like monogenic conditions but to multiple variants with the majority 

being common11 and some rarer12. In truth, the division between Mendelian and complex 

disorders is not always clear cut, as there may be considerable heterogeneity amid individuals 

with complex disease, including hidden monogenic forms. For example, it is estimated that at 

least 1% of people diagnosed with type-2 diabetes (T2D) may actually have monogenic forms 

of the disease13. 
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1.3.2 Human genetic variation 

 

The Human Genome Project, completed at the turn of the 21st century, discovered that the 

haploid human genome contains about 3 billion bases. Almost to its entirety, an average 

human genome differs from reference genome at about 5 million sites (~0.17%)6. At certain 

sites the sequence differs in different forms. The majority of this variation is in the form of 

single nucleotide variation (SNV) where a single base differs. About 90% of SNVs are common 

and defined as single nucleotide polymorphisms (SNPs) if they have a minor allele frequency 

(MAF) >5%. The rest are low frequency variants (MAF between 1-5%) and rare variants with 

MAF <1%. The classification of variants using the above cut-offs is historical and somewhat 

arbitrary. For the purposes of this thesis, in terms of allele frequency, sequence variants are 

described as: i) SNPs, with a frequency >5%, ii) low frequency variants, with a frequency 1-

5% and iii) rare variants, with a frequency <1%. In general, SNPs are common forms of 

variation that do not directly cause disease, but can be used important markers “tagging” 

segments of the genome. Rare variants, on the other hand, are generally considered relatively 

recent changes in the human genome, with potentially more harmful effects. Although 

sometimes rare variants are interchangeably termed as ‘mutations’, this mostly applies to the 

class of rare variation with pathogenic and disease-causing effect. Conceptually, a mutation 

is defined as a rare variation with a pathogenic effect. Other broader forms of variation include 

insertions/deletions, where the sequence differs by the insertion or deletion of a certain 

number of bases, and structural variation, where segments of the genome are deleted, 

duplicated or inverted. 
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1.3.3 Capturing genetic variation  

 

The initial sequence of the human genome has enabled the cataloguing of SNPs, which can 

be interrogated individually by using genotyping arrays. Unlike sequencing, genotyping is a 

more economical solution because it does not characterise every nucleotide variant in the 

region of interest, but only the ones selected. This method has paved the way for the creation 

of datasets from reference populations aimed at characterising, on a genome-wide scale, the 

frequency and pattern of this variation. The HapMap project characterised the frequency of 

approximately 2.8 million common SNPs in 290 individuals of European, Asian, and African 

ancestries5. Moreover, it was also revealed that SNPs are distributed in common patterns 

between individuals (Figure 1.1).  At various regions in the genome, individuals have stretches 

of similarity in the pattern of adjacent SNPs, called haplotypes. The SNP alleles within 

haplotypes are highly correlated - a phenomenon known as linkage disequilibrium (LD), which 

is  typically expressed by values of r2 or D′, defined as “the difference between the joint 

probability of the two major alleles and the product of the two marginal probabilities, where the 

adjustment is based on allele frequencies”14. Imputation is a process whereby known 

genotypes of certain SNPs are used to predict untyped genotypes of correlated SNPs15. It is, 

therefore, economically more feasible to genotype a limited number of haplotype “tag” SNPs. 

However, if an association is found, it is usually not straight forward to directly determine the 

exact origin of the observed association because of LD structure. Further efforts to 

characterise genetic variation have more extensively used expanded reference populations in 

large-scale consortia. The latest report of the 1000G in ~2,500 individuals identified that the 

human genome contains 88 million variants, of which 84.7 million are SNPs, 3.6 million short 

insertions/deletions (indels), and 60,000 structural variants e.g. copy number variants 

(CNVs)6. 
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1.3.4 Genetic association studies: Gene discoveries of complex traits 

 

After genotyping, SNP calls are used in association tests with phenotype. Initially, SNPs used 

were near candidate genes relevant to phenotype, therefore the analyses were called 

“candidate gene association studies”. These generally have some challenges, particularly in 

replicating initial associations, but also their limited potential for discovering novel insights. 

Progressively, as new genetic products were created by companies such Illumina and 

Affymetrix, simultaneous genotyping of a large number of genome-wide variants could be 

performed. Genome-wide SNPs could then be tested for association in GWAS – a hypothesis-

free approach to detect novel markers. 

 

Thus far, the majority of association studies have been performed in individuals of European 

ancestry to leverage the longer areas of LD patterns compared to individuals of Asian or 

African ancestry (Figure 1.1). The high degree of LD enables researchers to assess whether 

other SNPs of interest are relevant based on the degree of correlation to SNPs associated 

with phenotypes of interest in these studies. 

 

Over the last decade we have seen a substantial number of GWAS carried out. As of January 

2018, more than 44,000 SNPs had been associated with human traits, at P<5×10−8, from 

3,245 curated publications16. GWAS can narrow down the regions of the genome relevant to 

human traits and diseases more finely because the signals originate from single markers, but 

we are falling short to apply these to clinical problems at the current stage. Nevertheless, new 

discoveries give us a better understanding of our own biology and potentially improve our 

ability to alter disease outcomes. 
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1.3.5 Attributes and challenges of association studies 

 

It took some effort before both candidate gene and GWASs were successfully performed in 

order minimise false-positive results. A false-positive association (type I error) can occur as a 

result of poor genotyping quality, population stratification, or multiple hypothesis testing errors. 

As part of a proper quality control (QC) procedure, samples and SNPs are excluded prior to 

any analysis, based on certain criteria. Sample-based QC excludes samples: with low call 

rate, (as a result of contamination or low DNA quality), which are mixed up, which are 

duplicated, which show outlying heterozygosity, those with sex mismatch and with divergent 

ancestry. SNP-based QC excludes SNPs which have a low genotype call rate (usually <95%), 

that do not show good homozygous and heterozygous clustering of genotypes, or do not follow 

Hardy-Weinberg equilibrium (HWE). Depending on the nature and the power of the study, 

SNPs with low minor allele frequency (MAF) are also excluded. Some studies now take the 

hundreds of thousands of genotyped SNPs and use them to impute the genotype of nearby 

SNPs.  
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Figure 1.1 Linkage Disequilibrium blocks of adjacent SNPs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Linkage Disequilibrium (LD) blocks showing correlation (R2) between 

adjacent SNPs in individuals of A. European ancestry and B. African 

ancestry. The intensity of the coloured squares represents the R2 

between two SNPs, with black=1 and white=0. The identified SNP in red 

(SNP 13) represents a hypothetical association, by which it can be 

represented by nearby SNPs in European ancestry but not in African 

ancestry. 
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Imputation uses LD information from reference populations such as HapMap or 1000G and 

“fills in the gaps” of missing nucleotides in each haplotype. The quality of imputation is 

assessed by information measures, like the info score ranging 0-1 (0 complete uncertainty, 1 

no uncertainty). The info score is defined as: “An information measure of α on a sample of N 

individuals which indicates that the amount of data at the imputed SNPs is equivalent to a 

perfect set of observed genotype data in a sample size of αN”17. Low-quality imputed SNPs 

are excluded prior to analysis. 

 

In association analyses, population stratification is corrected using principal components of 

ancestry as covariates that take the population structure into account18. Finally, given that 

many hundreds of thousands of SNPs are tested, in a hypothesis-free approach, adjustment 

for multiple testing is appropriate19. If a conventional P-value of 0.05 was used, then there 

would have been a 1-in-20 chance for a false positive result. In other words, in a GWAS using 

standard genotyping arrays, where ~1 million independent tests are done, 50,000 SNPs could 

be falsely declared as true associations. For this reason, it has been estimated that a P-value 

of 5×10−8 is a sufficient threshold for a SNP to pass to be truly associated with a trait20. 

However, studies implementing hypotheses of certain nature (e.g. exome-wide association 

studies use custom exome chips) require different multiple testing thresholds depending on 

the number of markers used. 

 

Newly discovered SNPs warrant replication in at least one other independent cohort, in order 

to avoid false positive reporting. Eventually, a lot has been learned about the possibility of not 

detecting a true association in association studies. Lack of statistical power, limited coverage 

of SNPs assayed, interaction with other variants, or specific environmental factors, all could 

lead to false-negative associations (type II errors)21. Adequate power to drive an association 

by limiting the chances of false-negative results can be reached by increasing the number of 
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samples used in the study. Often this is done by combining GWAS results of multiple individual 

cohorts in a metanalysis. In addition to study design, power can be affected by the nature of 

the phenotype, particularly if it is constituted of multiple sub-traits that cannot be separated 

from the main trait (phenotypic heterogeneity). A SNP associated with one sub-trait, but not 

the others, will not have a strong association signal overall and will not be picked up in the 

main trait analysis. In well-powered studies, however, strong variants can still reach genome-

wide significance even in the presence of with phenotypic heterogeneity.  

 

Further, variants of very modest effect size may not reach genome-wide significance. In order 

to validate their true positive association, additional cohorts can provide more statistical power 

to detect the signal, in meta-analysis. In addition, after variants with real associations are 

discovered, they can be tested, using a “candidate gene” approach, in related phenotypes 

without concerns on multiple testing correction. Another reason false-negatives may exist is 

the fact that some arrays might miss out low-frequency/rare SNPs and SNPs that are not in 

strong LD with other SNPs, particularly in non-European ancestries where genetic diversity is 

even higher than in Europeans. The gaps in coverage have progressively narrowed with newer 

genotyping arrays used, such as Exome-chips, that allow assessment of rare variants, as well 

as with high throughput sequencing, where all the nucleotides are examined. 

 

1.3.6 Does association mean causation? 

 

In association studies, the lead SNP might merely be an association signal which is in high 

LD with the actual causal variant. Alternatively, the causal variant might have not been 

assayed at all, or excluded from the analysis, or have a higher P-value for the association, 

simply because it is a rarer variant. It is important to pinpoint the actual casual variant because 
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it can then be used for functional studies in-vitro and for genetic testing across ancestries with 

different LD structures. A further challenge is that many lead SNPs fall within non-coding 

regions of the genome. On one hand this suggests that associated variants might play a role 

in gene regulation but on the other an additional step is required to identify to which gene(s) 

they refer to. In most cases the best-associated variant is likely to affect the nearest gene to 

that variant, e.g. in one of the early GWASs for height two thirds of associated loci were close 

to genes involved in skeletal growth22. That meant that, generally, examining the genes near 

the SNPs is likely to lead to new genetic discoveries related to the biology of the trait of 

interest21. However, findings from the Genotype-Tissue Expression (GTEx) consortium, 

highlighting the implication of genetic variation in gene expression, showed that indeed half of 

the associated SNPs affect gene expression, but they could act in both cis-, i.e. close to the 

gene or in trans, i.e. distant to the gene23,24.   

 

1.3.7 The ‘curse’ of missing heritability  

 

GWAS approaches have been extremely successful in identifying many loci associated with 

complex traits, revealing key biological pathways25. Nonetheless, the association signals of 

the loci identified in this way are typically characterised by common SNPs, each with modest 

effects; e.g. the strongest obesity-associated variants in FTO and MC4R only account for less 

than 1-2% of inter-individual variation in BMI. In fact, all 97 BMI SNPs, known at the time, 

together accounted for ~2.7% variation26. Thus the ‘common disease, common variant’ 

paradigm is increasingly coming under challenge, while the sources of the so called missing 

heritability remain unclear25. It is generally hypothesised that the answer lies in genetic factors 

that are not captured by straightforward GWAS methodologies27. It has been proposed that 

the origin of this phenomenon could be: an undiscovered larger set of common variants with 

small effects, rare variants with large effects, unaccounted effects of gene-environment (G×E) 

interactions, other sorts of genomic variation, such as copy number variations (CNVs), 
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epigenetic variation, and over-estimated heritability21,28. The following points are considered 

in this thesis: 

A) Common SNPs with modest effect sizes have not been discovered in initial GWAS 

efforts of smaller sample sizes29. For example one of the early GWAS for human height 

reported 180 loci in the general population which together explain no more than 10% 

of the genetic variance of the trait22. Genotyping arrays have since been designed to 

capture markers in the order of a million and imputation techniques have been 

improved to infer additional markers. A GWAS on a larger cohort published later on 

reported additional findings in 423 loci at genome-wide significance that together 

explained ~20% of the heritability of adult height30.  

 

B) It is well appreciated that the development of complex diseases relies on both genetic 

and environmental factors. Variants that have a strong interaction effect with 

environmental factors may be difficult to find with the conventional GWAS design, 

which entirely disregards the differences in genotype-phenotype association in 

different environmental settings31. For instance, in common obesity, the extent to which 

genetic factors manifest themselves depends on environmental pressures.  A recent 

study examined the interaction between a genetic risk score for obesity (weighted 

effects of 32 SNPs associated with BMI) and frequency of fried food consumption in a 

study sample of over 37,000 people32.  Individuals with both a high score and high fried 

food consumption (more than four times a week) had twice the effect on BMI than 

participants in the lowest third score, with the same consumption. It is anticipated that 

more studies are required to include more environmental factors and examine them 

for interaction effects in obesity GWAS in the near future31. 

 

C) There has been much recent interest as to the contribution of rare genetic variation 

(MAF < 0.01) in explaining the ‘missing heritability’ of complex traits33. Rare variants 

are mutation events which have probably arisen rather recently; therefore they appear 
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to be ethnicity-specific34. It is also expected that they have stronger effects than 

common SNPs since they did not survive natural selection pressure with the growth of 

the world’s population35. Traditional genotyping panels have been designed to 

primarily include common SNPs representing the haplotype patterns of the genome36. 

Technological advancement has now enabled large-scale whole-genome sequencing 

projects in multiple populations such as 1000G, to capture genetic variation with MAF 

as low as 0.0056. There was a growing urge to explore rare variants in complex disease 

after initial reports suggested rare variants could contribute to obesity37, infection38 and 

T1D39. This encouraged biotechnology companies such as Illumina to use the 1000G 

reference panel and design new genotyping arrays incorporating rare variants, 

allowing for cost-effective genotyping. In the meantime, new statistical methodologies 

were also developed to cope with the demanding power needed to detect associations 

with multiple rare variants within genes – unlike common SNPs which can be analysed 

on a single variant basis. In contrast, the models proposed suggest analysis of rare 

variants within a ‘functional unit’ (exon, gene or pathway) or genomic region40-44. 
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1.4 Obesity and genetics  

 

1.4.1 Obesity in the 21st century  

 

Obesity, defined as “abnormal or excessive fat accumulation that may impair health”, is a 

global health problem affecting over 650 million people - with an alarming rise in prevalence. 

It is associated with co-morbid conditions such as T2D, cardiovascular disease (CVD) such 

as coronary heart disease (CHD), hypertension, stroke, respiratory problems, physical 

disabilities and increased risk of certain forms of cancer45.  

 

Classically, obesity has been measured using BMI which is a ratio of body weight in kilograms 

to the square of height in meters (kg/m2). A BMI between 18.5 and 24.9 is considered a healthy 

weight, between 25 and 29.9 is considered overweight, and individuals with a BMI greater 

than or equal to 30 are considered obese45. A recent report documenting the prevalence of 

obesity from 1975 to 2014 in over 200 countries highlighted the increasing trend. Global age-

standardised mean BMI increased from 21.7 kg/m2 in 1975 to 24.2 kg/m2 in 2014 in men, and 

from 22.1 kg/m2 in 1975 to 24.4 kg/m2 in 2014 in women, while the prevalence of obesity 

increased from 3.2% in 1975 to 10.8% in 2014 in men, and from 6.4% to 14.9% in women46. 

 

Obesity requires an exposure to an unhealthy obesogenic environment to manifest itself27. 

Rapid economic and technological progress over the recent decades in the western world and 

in some developing countries has influenced diet and physical activity by promoting easy 

access to calorie-dense foods and sedentary lifestyles. This is reflected by the increasing rates 

of obesity in these countries which are remarkably higher than the global average. In the 

United Kingdom, from 1993-2012 the adult obesity prevalence increased from 16.4% to 25.1% 

in women and from 13.2 to 24.4% in men, and in the United States the age-adjusted 

prevalence of obesity in 2013-2014 was 35.0% among men and 40.4% among women47.  
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1.4.2 Obesity is a heritable disorder  

 

The increasing rates of obesity over the last four decades have been partially caused by 

changes in the environment, particularly the abundance of energy-dense foods and sedentary 

lifestyle. An idea established by James Neel in 1962 to emphasise the importance of inherited 

factors in obesity - known as the ‘’thrifty gene’’ hypothesis48  – explained that an individual with 

a susceptible genotype towards obesity and T2D is able to consume and store energy very 

efficiently. This was very beneficial in historic times when food supply was limited and “thrifty 

genes”, which accumulated through natural selection, were important for efficient energy 

storing and survival of human species. In the situation of food abundance, however, the effect 

of such genotype may be extremely critical in the development of obesity. While some people 

are more susceptible to the effects of an obesogenic environment, others are insensitive and 

remain lean. Thus, genetic factors are important in determining the risk of obesity in response 

to the obesogenic environment27. 

 

The first written report on obesity running in families was described as “familial aggregation of 

body size” by Sir Francis Galton in his book “Natural Inheritance” in 1889. Familiar 

resemblance, though, could be explained by shared environments rather than just shared 

genetics. Family, twin, and adoption studies have been essential instruments in determining 

the hereditary component of obesity. The first substantial evidence of a hereditary component 

originated from twin and family studies – the first on body weight was conducted by Feinleib 

and colleagues in 1977. Correlation for weight between pairs of 250 monozygotic and 264 

dizygotic twins, showed for the first time, that familial aggregation for obesity is mainly 

genetically influenced49. A series of large experiments by Stunkard, et al. confirmed the initial 

findings. First, in a large longitudinal study consisting of 4,000 monozygotic and dizygotic twin 

pairs, heritability of BMI was high at both 20 years (h²= 0.77) and at 45 years (h²=0.84)50. The 

terminology for heritability was defined as “the proportion of phenotypic variability that is 
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attributable to genetic variation among individuals”. Additionally, in an adoption study, BMI of 

adopted children was very similar to BMI of their biological parents but not their adopted 

parents51. Furthermore, in another study, BMI correlations between monozygotic twin pairs 

was positive for both twins separated at birth (0.66-0.74) and twins growing up together (0.66-

0.74). In contrast, correlations of dizygotic twins were much lower for those separated (0.15-

0.25), and for those reared together (0.27-0.33). This suggests that genetic influences on BMI 

are substantial, whereas the family environment alone has minor influence52. Many follow-up 

studies including children or adolescents have been published since then providing heritability 

values for BMI up to 85%53. 

 

1.4.3 Monogenic forms of obesity 

 

Monogenic forms of obesity in humans mainly involve genes in the highly conserved leptin-

melanocortin pathway. They encode ligands and receptors which are essential in maintaining 

neuronal signalling for regulation of body weight and energy homeostasis27,54 (Figures 1.2 and 

6.1). The discovery of the leptin gene (LEP) in mice and humans55 paved the way in 

understanding the mechanisms underlying the regulation of body weight. Leptin deficiency 

was the first form of monogenic obesity demonstrated in humans56 and subsequent studies in 

early-onset obese patients identified mutations in other key genes. These included  the leptin 

receptor (LEPR)57, pro-opiomelanocortin (POMC)58, pro-hormone convertase subtilisin/kexin 

type 1 (PCSK1; also known as prohormone convertase 1, PC1)59, melanocortin-4 receptor 

(MC4R)60,61, Src homology 2 B adapter protein 1 (SH2B1)62, tubby bipartite transcription factor 

(TUB)63, carboxypeptidase (CPE)64, melanocortin 2 receptor accessory protein 2 (MRAP2)65. 

Mutations in additional genes involved in the leptin-melanocortin pathway as well as in neural 

development are: single minded homologue 1 (SIM1)66, brain derived neurotrophic factor 

(BDNF)67 and neurotrophic tyrosine kinase receptor type 2 (NTRK2; also known as 
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Tropomyosin-Related Kinase B, TRKB)68. Owing to their integral role in the leptin-melanocortin 

system, mutations that inactivate the protein will cause hyperphagia and higher energy intake. 

 

1.4.4 Polygenic forms of obesity 

 

During the past decade, the GWAS approach has been particularly helpful in identifying 

common variants contributing to common obesity.  In 2007, four independent studies identified 

a locus in the intron 1 of the gene called fat mass and obesity associated (FTO), associated 

with obesity in populations of European ancestry. In the first study by Frayling, et al. FTO was 

in fact identified to be associated with T2D. After adjusting for BMI the association vanished, 

showing that the association with T2D was mediated through BMI69. Three separate studies 

by Scuteri, et al.70, Hinney, et al.71 and Dina, et al.72 confirmed the association of FTO with 

obesity in European populations from Sardinia, Germany and France respectively. FTO 

accounts for 0.34% of the variance in BMI. Homozygous carriers, who represent 16% of the 

population weigh on average about 3 kg more than non-carriers69. Since then numerous 

GWAS meta-analyses have confirmed the association of FTO and have identified multiple 

other association signals. The discovery of an obesity-associated locus near MC4R73,74 was 

the second strongest established obesity-associated locus, after the discovery of FTO. It is 

associated with an increase of 0.22-30 units in BMI (kg/m2) for each additional minor allele, 

however, it only accounts for as little as ~0.14% of the total variance in BMI. To date, one of 

the largest GWAS meta-analysis in the general population of European descent has identified 

97 independent SNPs robustly associated with BMI26 (Table 2.1). Altogether the loci explain 

2.7% of the variance in BMI suggesting that additional common variants, or other genetic 

factors remain to be identified. 
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Ultimately, obesity, in terms of BMI, has a strong genetic component. The scope of the thesis 

covers studies on intermediates of obesity and body composition, the genetic basis of which 

is described in section 1.5.4. 

 

 

Figure 1.2 Monogenic obesity genes in the leptin-melanocortin pathway 
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1.5 Redefining obesity: adiposity as an optimum measure 

of health 

 

1.5.1 Physiology of adiposity 

 

The adipose tissue is a connective tissue made up of adipocytes – cells in which 95% of the 

volume is occupied by lipids, of which triglycerides are the major component. Apart from its 

role in energy storage, adipose tissue is a major endocrine organ, secreting hormones 

controlling appetite, insulin sensitivity, reproductive function, inflammation and angiogenesis75. 

Normal adipocyte physiology and adipogenesis requires a well-orchestrated transcriptional 

mechanism involving transcription factors and accessory proteins76.  

 

Disturbed adipocyte physiology can have adverse morphological and metabolic 

consequences. On one hand, monogenic lipodystrophy - a rare condition caused by mutations 

in proteins controlling formation, maintenance, and utilisation of the lipid droplet – is 

characterised by insufficient adipose tissue depots. On the other hand, obesity – a 

neurobehavioural disorder of high energy intake - is characterised by excessive deposition of 

lipids in adipocytes. In general, both states are associated with insulin resistance, T2D, 

dyslipidaemia and CVD77. Concepts unifying these apparently paradoxical observations 

include those of adipose tissue expandability and lipotoxicity (Figure 1.3).  Essentially, these 

propose that although some individuals may have abundant adipose tissue, it is actually 

functioning poorly and so remains insufficient for the body’s requirements in terms of nutrient 

intake, storage and metabolism. Specifically, subcutaneous adipose tissue expandability is a 

protective factor against metabolic consequences of overnutrition. Different people vary in how 

expandable their adipose tissue seems to be, hence some extremely obese people are 

protected, whereas others who are less obese may have higher risk (Section 1.5.2). 
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When lipids cannot be safely accommodated in adipose tissue, they accumulate ectopically 

in other regions such as skeletal muscle, liver and the pancreas. Inappropriate lipid deposition 

in these tissues then impairs insulin sensitivity or secretion, resulting in metabolic disease78.  

 

Figure 1.3 How lipid overflow can determine fat distribution 
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1.5.2 Why is body fat distribution important to health? 

 

There is emerging evidence that it is not the amount of fat, but the pattern of fat storage and 

distribution that has adverse metabolic effect. It is well appreciated that CHD and T2D are 

associated with total adiposity79,80, but quite remarkably several lifestyle interventions have 

demonstrated that significant improvements in metabolic profile can be obtained in the 

absence of changes of total adiposity measured as body weight, BMI or total body fat81-83. 

These improvements appear to be related to changes in the distribution of fat in different 

depots, particularly by lowering of intra-abdominal adipose tissue (IAAT) also known as 

visceral adipose tissue (VAT) and intra-hepatocellular lipid content (IHLC) also known simply 

as liver fat. Fat stored in these compartments are risk factors to disease as opposed to fat 

storage in more superficial areas such as abdominal subcutaneous tissue (ASAT) which is 

relatively more benign84-88. High levels of VAT and liver fat have been identified as independent 

risk factors of increased insulin resistance, hypertension and cardiovascular disease 

(CVD)89,90. It is notable that the shift of fat, in the form of VAT and IHLC, from highly 

metabolically sensitive regions to ASAT could be the reason of beneficial health effects seen 

in individuals during the intervention studies mentioned above.  

 

On average, BMI is correlated with the amount of fat in different body departments separately. 

However, evidence suggests that there is a phenomenon of “metabolic obesity” affecting 

people within the normal BMI range, who otherwise would be classified as healthy. Using MRI 

imaging, researchers have demonstrated that people with the same BMI and/or waist 

circumference (WC) may differ very dramatically in the amount of VAT and/or liver fat they 

store (Figure 1.4). Moreover, it was estimated that, among the UK population with BMI values 

within normal ranges (<25 kg/m2), over 15% have disproportionate amounts of VAT89. 

Similarly, to a higher extent, over 40% of the adult population present clinically abnormal levels 
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of liver fat89,90. Genetic studies support the existence of the abnormal metabolic phenotype 

explaining how genetic variation links insulin resistance, hypertension, CAD and T2D91. 

 

The findings can be described as a phenotype of “metabolic obesity” also named “thin on the 

outside, fat on the inside” (TOFI)92 also known as “metabolically-obese but normal-weight” 

(MONW)93. These terms are used to explain lean people with disproportionate quantities of fat 

in their abdominal region, making them more susceptible of developing risk factors associated 

with metabolic syndrome: starting with insulin resistance, reduced physical activity/VO2max, 

higher atherogenic-causing lipid profile and T2D. It is essential to accurately measure fat 

depots by means of imaging modalities to capture the real picture. Anthropometric 

measurements of abdominal obesity by waist circumference (WC) may not be suitable 

because individuals with identical WC measurements can have very different abdominal fat 

profiles (Figure 1.4). 

 

The work presented in this thesis was made possible owing to established cohorts like the UK 

Biobank – a population cohort of middle-aged men and women with exceptionally rich 

phenotypic data, including assessment of abdominal fat, by MRI. This has allowed us to 

determine genetic and lifestyle factors influencing not just the amount of fat any individual 

stores, but also where it is within the body. This addresses a major limitation of most studies 

carried out to date, which lack data on the most biomedically-relevant measures of adiposity, 

including its actual location. This is a very critical factor since subcutaneous fat is much more 

likely to be benign in terms of metabolic consequences than fat stored ectopically94. It is also 

important to note that, accurate measurement of regional fat distribution using technologically-

advanced methodologies are paramount for cutting-edge research.  



40 
 

 

Figure 1.4 Differential body fat distribution: Examples of adipose tissue and liver fat 

dysregulation in subjects with identical anthropometric phenotypes. Adipose tissue is 

represented as white. A: Whole body MR images from two volunteers with identical 

BMI (24.0 kg/m2), age (36 years) and percentage body fat (22%), but with significant 

differences in body fat distribution. Left: subject carries almost 6 litres of visceral 

adipose tissue (VAT) Right: subject carries less than 2 litres of VAT. B: Abdominal MR 

images from two subjects with identical waist circumference (84 cm) but left subject 

with 0.5 litres of VAT whereas right subject carries 4.2 litres of VAT. C: MR images 

showing location of a MRS voxel positioned within the liver and corresponding 1H MR 

spectra from two volunteers with similar BMI (23.8 kg/m2): (a) low levels (2.1%) and (b) 

high levels (48%) of fat infiltration. Resonances arise from water and the -CH2 and -

CH3 of the triglycerides within hepatocytes. Images reproduced from Nutrition 

Research Reviews (2012), 25, 150–16. 
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1.5.3 Methods of measuring adiposity traits  

 

Whilst BMI is widely used to define obesity, due to its ease of ascertainment, WHR offers a 

better assessment of intra-abdominal fat measurement  than BMI and is a strong risk factor 

for T2D31. Nevertheless, these commonly-used anthropometric measures are deficient 

because they are poor predictors of regional body fat distribution on an individual level. For 

instance, WC can represent fat in the abdominal region, but it cannot distinguish precisely how 

much adiposity corresponds to ASAT and VAT95 and cannot quantify the precise levels of liver 

fat89,96,97. Other more advanced methods are gaining much interest: computerised tomography 

(CT), dual-energy X-ray absorptiometry (DEXA) and magnetic resonance imaging (MRI). The 

description of each method is found below, while a summarised review of all methods is found 

in Table 1.1.  

 

Dual-Energy X-ray Absorptiometry (DEXA) 

DEXA is one of the most commonly used methods to assess bone mineral density and 

composition, but it has also been applied to measurement of total and regional body 

composition. An energy source produces radiation which passes through tissues and 

attenuates at rates related to their composition. The unique composition of bone, fat and lean 

tissue allows for quantification of each tissue type separately. In terms of body fat distribution 

DEXA can measure regions of gynoid, android, trunk, arms, and legs. However, DEXA has 

limitations: The radiation dosage limits its use in certain individuals e.g. children and pregnant 

women. There is also a weight and body size limitation, whereby most scanners support a 

maximum weight of 300 lbs and have a limited scanning area (190×60 cm2) making it 

challenging to measure the body composition of very obese individuals. An important limitation 

is that DEXA cannot accurately measure different depots of fat in the truncal region. Another 

important limitation is systematic variations between devices and software95, which is 

challenging when various cohorts from different countries are included in a study.  
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Computed Tomography (CT) 

CT is a method which uses a combination of X-ray radiation from different angles to produce 

cross-sectional images of the scanned region. Images from CT scanning provide important 

quantitative information on muscle and body fat composition and distribution. One of the most 

advantageous features of CT is the ability to distinguish between visceral and subcutaneous 

fat and fat-free mass and skeletal muscle mass. However, CT scans expose individuals to 

high levels of ionising radiation (10 mSv) and they are, therefore, not suitable to use on certain 

subgroups98.  

 

Bio-electrical impedance 

Bio-electrical impedance is a technique based on the property of electrical current to pass 

through parts of the body containing water96. Electricity flows at variable rates through the 

body depending on composition. It can pass through regions with high water content whereas 

non-conducting materials such as fat or muscle are resistant to electrical flow. The 

discrimination of tissue composition is possible because adipose tissue is far less conductive 

than muscle or bone. Due to ease of assessment, bio-impedance analysis is suitable for large-

scale population studies, however it requires the subject under test to fast beforehand and 

have equilibrium of internal fluid balances.  

 

Magnetic Resonance Imaging (MRI) 

MRI is characterised as “the gold standard method” for measuring total and regional body fat 

composition99. It is a non-invasive method which uses electromagnetic radiation to produce 

cross-sectional images that can be used to define internal regions of the body at the tissue 

level100. MRI is considered as the most accurate method to quantify intra-abdominal fat and 

skeletal muscle in-vivo. Studies using MRI as the preferred imaging technique have 

demonstrated significant variation among individual adipose tissue compartments that is not 

predicted by standard anthropomorphic phenotyping. Unlike CT, it does not involve ionising 
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radiation with adverse side effects, and it is, therefore, a more favourable method for body fat 

assessment. MRI, however, is a more complex than the aforementioned methods and requires 

specialised personnel, and considerable amount of time to carry out the procedure of acquiring 

the images and harvesting meaningful data for analysis.    
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Table 1.1 Methods of measuring adiposity traits   

 

Methods Advantages Disadvantages 

Anthropometric 
e.g. BMI, WC, WHR 

Easy assessment on population-scale, 
inexpensive, no technical expertise 

required 

Surrogate measurements of adiposity; do not 
distinguish between body fat and lean body 

mass; waist measurements are unable to 
distinguish between VAT and ASAT 

Bio-electrical 
impedance 

Inexpensive, portable equipment, fast 
assessment on population-scale 

Body fluid status affects 

DEXA Regional body composition; relatively 
fast assessment with minimal training 

Limited body size; lacks high accuracy to 
distinguish depots of abdominal region; 

expensive equipment 

CT-scan Accurate measurement of regional 
body composition 

Exposure to ionising radiation; highly-skilled 
personnel required for assessment and analysis 

of images 

MRI Extremely accurate measurement of 
regional body composition 

Limited body size; claustrophobic; highly-skilled 
personnel required for assessment and analysis 

of images; expensive equipment and costly 
assessment 
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1.5.4 Genetics of adiposity traits 

 

In section 1.4.2, it was explained that obesity is a heritable disorder. Over the past 10 years, 

GWASs have been particularly effective in identifying genetic loci associated with 

anthropometric adiposity outcomes. Because anthropometric measurements are easily 

obtained, sample sizes used have been steadily increasing. Particularly, BMI, a proxy for 

overall adiposity, has been extensively studied. The GIANT (Genetic Investigation of 

Anthropometric Traits) Consortium, using a sample size of ~350,000 individuals from 125 

different cohorts, has identified 97 independent SNPs associated with BMI26. More recently, a 

study including ~700,000 samples from both GIANT and UK Biobank has seen the number of 

near-independent SNPs increase to 941101. Beyond the study of BMI, GWASs have also used 

WC and WHR as proxy measures of body fat distribution102-107. WHR-adjusted-for-BMI 

(WHRadjBMI) has been used to identify SNPs associated with centrally-stored fat, independently 

of total adiposity (in terms of BMI). The latest GIANT meta-analysis, for body fat distribution, 

using 210,088 individuals from 101 studies identified 49 loci associated with WHRadjBMI, of 

which 33 were new108. Of particular interest is that effect sizes and variance explained of 

WHRadjBMI-associated SNPs are larger for women than men (~2.7% vs ~1.4%). 

 

Subsequent gene-set and functional enrichment analyses on identified SNPs have provided 

biological explanation of the identified SNPs. BMI-associated SNPs have highlighted the 

central nervous as the main system in the regulation of energy intake. This is generally not a 

surprise since the hypothalamus and pituitary gland are known appetite control centres. 

Additionally though, the hippocampus and limbic system - regions of the brain involved in 

cognition, learning and memory - have been implicated26,109,110. Moreover, the immune system 

(lymphocytes and B cells) has been implicated26. On the other hand, analysis of WHRadjBMI 

SNPs highlighted the role of adipogenesis, angiogenesis and insulin resistance in determining 
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body fat distribution108,109, showing that the biological factors influencing fat distribution are 

quite different than those affecting general adiposity. 

 

As explained earlier, BMI and WHR are only surrogates of adiposity composition and 

distribution. Individuals with the same anthropometric features can have substantially different 

body fat distribution (Figure 1.4). Therefore, gene discovery efforts have proceeded to include 

phenotypes that better capture adiposity, measured by methods described in section 1.5.3. 

Phenotypes such as total body fat percentage and adipose fat depots, lean body mass and 

circulating leptin have been used in GWA analyses and identified additional loci. 

 

The largest GWAS meta-analysis for body fat percentage in ~100,000 identified five loci that 

have not been discovered previously in studies using BMI or WHRadjBMI
111

. One of the loci 

discovered near the insulin receptor substrate 1 gene (IRS1) has had particular attention 

because the fat-increasing allele was also associated with protection against T2D and CVD. 

A study investigating fat depots revealed that this unexpected association was due to the IRS1 

fat-increasing allele favouring fat deposition subcutaneously but not viscerally, mitigating 

potentially harmful metabolic effects111,112. Animal studies supported these epidemiological 

findings -, Irs1-/- knockout mice developed a lean body but were insulin resistant113,114. Cross-

trait associations of other body fat-associated loci at or near COBLL1/GRB14, 

TOMM40/APOE, PLA2G6 indicate that these SNPs display similar features to the IRS1 locus. 

 

Studies using more accurate assessment of abdominal fat depots are now emerging115,116. 

The largest GWAS meta-analysis (N ~18,000), using 13 cohorts with data from either CT or 

MRI scanning, has identified seven new loci associated with five ectopic fat traits117: a) 

Pericardial adipose tissue (PAT): ENSA, EBF1; b) VAT: GRAMD3 and RREB1; c) ASAT: 

GSDMB; d) Subcutaneous adipose tissue attenuation (SATHU): ATXN1; e) IAFR: UBE2E2. 
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Some of the loci are sex-specific. Follow-up functional work, presented in the same 

publication, showed that in mice, Atxn1 and Ube2e2 play a role in ex-vivo adipogenic 

differentiation117.  

 

Even though the number of samples used in studies of more refined adiposity phenotypes are 

smaller compared to much larger meta-analyses of BMI and WHRadjBMI, they have, 

nevertheless, identified novel loci. The studies mentioned used the classical GWAS approach 

and successfully identified common variation, which in most cases is non-coding and 

intergenic. The anticipated search for low-frequency and rare variants, with larger effect, to 

better characterise the genetic architecture of adiposity traits was made possible through 

whole genome and exome sequencing. However, to great disappointment, recent studies did 

not reveal novel variants of large effect associated with adiposity traits118,119, suggesting that 

indeed larger cohorts are required to discover low frequency/rare variants. 

 

A joint effort of the GIANT and UKBB consortia, amassing a sample size of 718,734 individuals 

was conducted with genotypes on a selection of ~220,00 low frequency and rare exonic 

markers with potentially deleterious effect120. Four rare and ten low-frequency variants were 

identified in thirteen genes. Interestingly, eight of the genes were implicated for the first time 

in obesity: ZBTB7B, ACHE, RAPGEF3, RAB21, ZFHX3, ENTPD6, ZFR2 and ZNF169. Two 

known variants, implicated in monogenic obesity, were found in MC4R121-123 and KSR2124 and 

two variants were in GIPR, a gene identified through GWAS of obesity26 and glycaemic 

traits125. Overall, as expected, the effect sizes of low-frequency and rare variants were larger 

than discoveries of common variants.  They produced more robust results in enrichment 

analyses, confirming the central role of the CNS in body weight regulation and providing new 

evidence in adipocyte biology.
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1.6 The human metabolic phenotype  

 

1.6.1 Human metabolism of nutrient intake 

 

Our diet includes three macronutrients, namely carbohydrates, lipids, and proteins. They are 

the major constituents of the food we consume and an energy source for the human body. 

Following ingestion, these nutrients undergo digestion, followed by absorption, mainly in the 

small intestine. The major end-products absorbed are derivatives of their parent 

macronutrient: monosaccharides (mainly glucose), from carbohydrates, mono-acyl glycerol 

and long-chain fatty acids from lipids, and oligopeptides and amino acids, from proteins. Once 

in the bloodstream, the nutrients undergo a number of different metabolic processes, to 

transform the chemical energy of their molecules into the utilisable form of adenosine 

triphosphate (ATP).  

 

Glycolysis, fatty acid oxidation and amino acid transamination/deamination are processes that 

break down glucose, fatty acids, and amino acids respectively. Nutrient metabolism is strictly 

regulated, and several factors can control which, how much and when each of the three types 

of nutrients are used. For instance, red blood cells lack mitochondria and therefore rely 

exclusively on glucose for ATP synthesis and neurones in the brain are poor at using fat as 

energy source. In addition, even cells capable of metabolising all nutrients might lack part of, 

or the whole, enzyme machinery due to genetic defects.  

 

Metabolic pathways are highly controlled and integrated systems, controlling energy 

regulation and conversion. The type of food substrate preferentially metabolised depends on 

various physiological factors and different signals affect how cells respond. Hormones, for 

instance, can modulate gene expression and switch key enzyme activities rapidly. Hence, the 

amount and type of metabolites produced can be indicative of metabolic health status. 
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Dysregulation of metabolite levels is an indication of metabolic disease, such as T2D or 

chronic kidney disease, but also of rare disorders e.g. inborn errors of metabolism, such as 

phenylketonuria or medium-chain acyl CoA dehydrogenase (ACADM) deficiency.  

 

Today, we are able to measure multiple metabolites quickly and accurately, on an 

epidemiological scale, using nuclear magnetic resonance (NMR) spectroscopy and mass 

spectrometry (NMS)126. Blood and urine samples, collected on a large scale, can be measured 

feasibly, enabling researchers to study human metabolism and its variations in health and 

disease127.  

 

1.6.2 Metabolic phenotyping using nutritional challenge tests 

 

The metabolic phenotype is dynamic. Most genetic studies have relied on single 

measurements of metabolite levels in the fasting state. However, in reality, our body goes 

through interchangeable phases of anabolism and catabolism. A small study carried out in 15 

phenotypically homogeneous males (BMI 23.1±1.76 kg/m2) showed that, even in the fasting 

state, they displayed unique metabolic profiles. After a fasting period for 36 hours, even though 

the volunteers were subjected to an extreme catabolic condition (i.e. fasting), some 

accumulated high levels of acetyl-carnitine in the blood, and acetone (ketone body) in breath 

and urine, whereas others were insensitive and had negligible changes128. 

 

In recent years, dietary challenges have become a widely-used tool in nutritional research to 

assess metabolic health. The principle behind this application is that healthy individuals are 

able to compensate for disturbances in metabolism caused by environmental changes such 

as acute stress or a meal129. Major changes in the concentrations of hormones and 

metabolites in plasma are observed in the hours following food intake and under healthy 

physiological conditions compensatory mechanisms act fast enough to maintain homeostasis. 
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This ability has been called phenotypic flexibility, which is best assessed with dietary 

challenges, such as oral glucose tolerance test (OGTT) and mixed meal tolerance test 

(MMTT)129,130. In fact, the responses to a dietary intervention or the effects of metabolic 

disease can be better evaluated by dietary challenges131,132. The stimulus of a meal or dietary 

challenge triggers responses in different physiological processes including: nutrient 

absorption, lipid transport, amino acids uptake, lipolysis and gluconeogenesis. The individual 

responses of each subject allows the classification of subjects into different metabotypes128,133. 

 

The wealth of data generated when metabolomics analysis is combined with dietary 

challenges allow the observation of patterns of co-regulation of different physiological 

processes, which might be useful in understanding the mechanism of disease. The link 

between the post-prandial metabolism of glucose and fatty acids has been established and 

modelled long ago134-136. The principle behind this relationship is that plasma glucose triggers 

dose-dependent elevations of insulin concentration. Insulin is an important regulator of 

hormone-sensitive lipase (HSL) and lipoprotein lipase (LPL), whose activities result in 

increased plasma concentration of non-esterified fatty acids (NEFA)137. NEFA have long been 

associated with metabolic syndrome and insulin resistance138  and their plasma concentration 

is higher in obese and diabetic patients. Several mechanisms have been proposed for this, 

from substrate competition to impairments in insulin signalling and activation of inflammatory 

pathways, demonstrated in different tissues139. 

 

1.6.3 Genetic study of human metabolism  

 

The amount, type and inter-individual variation of metabolites are influenced by various 

factors, including environmental, lifestyle and genetic factors. The genetic effects of variable 

metabolite levels are well-illustrated in inborn errors of metabolism, by which a rare mutation 

can disrupt a certain metabolic pathway, that leads to build up of non-metabolised and 
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sometimes toxic molecules (e.g. in phenylketonuria). Epidemiological studies, on the other 

hand, have sought to identify common variants of lesser effect associated with metabolite 

levels, in a GWAS approach with metabolomics (mGWAS). The first mGWAS, although 

ambitious, with a sample size of only 284 individuals, discovered four SNPs in FADS1, LIPC, 

ACADS, ACADM, associated with metabolites that clearly match the biochemical pathways in 

which these enzymes are active140. Quite importantly, it was also found that the ratio between 

a preceding and successive metabolite can serve as a proxy of enzymatic activity and, 

therefore, strengthen the discovery of biologically meaningful variation. 

 

Since then, various mGWASs have used bigger sample size, a wider variety of metabolic traits 

and depth of genetic analysis to identify additional variation. It was found that SNPs associated 

with metabolites derived from the same or related pathways, cluster in groups with high LD, 

defined as a genetic metabotypes. They have the following properties: i) the effect sizes are 

often surprisingly large, and the variance explained in the relevant metabolic trait is 

substantial. In some cases, homozygotes for the minor allele show 50% variation in the 

estimated enzymatic output compared to homozygotes for the major allele. ii) most SNPs 

reside at or close to genes encoding enzymes, transporters or regulators which are part of the 

metabolic pathway for the relevant metabolite. iii) often, loci identified in GWASs of end-point 

diseases are enriched in genetic metabotypes, showing that metabolic traits can be 

intermediary towards the development of disease141. 

 

In addition to metabolome-wide analyses, researchers have shifted their resources to use 

narrower and more specialised metabolic phenotyping but in much larger samples sizes (N ~ 

100,000), e.g. serum sterol and vitamin D levels142; plasma fatty acids143 and circulating 

metabolites associated with insulin sensitivity144. Further studies have included disease-

related metabolic biomarkers to better elucidate the genetic factors, such as bilirubin145, fasting 

glucose and fasting insulin146, uric acid147, creatinine148, and adiponectin149.  
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It has always been challenging to pinpoint the causal variant from a GWA analysis. As 

mentioned, metabolomic studies have revealed variants of larger effect sizes. Given that 

genetic associations of end-point phenotypes and intermediary metabolites overlap, then 

metabolomics findings can be useful to identify the causative variant. The role, however, of 

less common and potentially deleterious variants has not been exhaustively studied. The first 

metabolomics study using exome-sequencing was published by Demirkan, et al. in 2015150. 

They used a two-step approach. Firstly, they performed a mGWAS using microarray 

genotyping data for common genetic markers in ~2,000 individuals, followed by an exome-

sequencing analysis on candidate genes in the top eight loci, in a sample subset (N~900). In 

this way they identified seven potentially causal coding and regulatory variants in four genes, 

that modulate metabolite levels.  

 

The above studies were largely carried out in samples from fasted subjects. There is the 

potential to uncover more clinically-relevant associations if subjects undergo well-controlled 

nutritional challenge tests. For example, it would be useful to understand the factors 

influencing responses to high sugar, or high fat meals. To date, however, genetic metabolomic 

studies after nutritional challenge tests are very limited in number and those that do exist 

primarily rely on simple measures e.g. glucose measured on a single measurement two hours 

after the OGTT146 and not over the course of the nutritional test. 
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1.7 Overall hypotheses and aims  

 

The general scope of this thesis is to demonstrate the study of common and rare genetic 

variants in adiposity and metabolic phenotypes. The landscape of human genetic studies has 

been expanded owing to growing knowledge of genetic variation identified in reference 

populations. This has enabled the use of advanced genotyping and sequencing technologies 

to capture both common and rare variants. In addition, research in obesity and metabolism 

has been providing a better understanding of the pathophysiology of disease. There has been 

growing interest in expanding the study of obesity and its implications for health by 

investigation of regional fat distribution patterns as well as responses to highly-controlled 

metabolic challenge tests.  

 

The main hypotheses and aims are: 

 

Hypothesis 1: Extensive genetic studies have identified numerous common variants 

associated with obesity as defined by anthropometric measures. However, the study of more 

detailed adiposity phenotypes is limited and lacks advanced implementation of accurate 

phenotyping.  The hypothesis is that there are additional common genetic variants to be 

identified using abdominal fat distribution phenotypes measured by MRI.  

Aim 1: To carry out GWAS to identify common variants associated with abdominal adipose 

depots, as quantified by MRI.  

 

Hypothesis 2: The study of “favourable adiposity” has highlighted common variants 

associated with high body fat distribution, but with healthier metabolic outcomes. It is, as yet, 

unknown how exactly these variants are related to adiposity. It is hypothesised that 

favourable adiposity SNPs are associated with favourable fat distribution patterns 

(higher ASAT and lower VAT and liver fat). 
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Aim 2: To combine the reported “favourable adiposity” SNPs into a genetic risk score (GRS) 

and investigate associations with abdominal and liver adiposity in the UKBB imaging cohort. 

 

Hypothesis 3: Both rare and common deleterious variants affecting the coding sequencing of 

key genes can define the metabolic phenotype. Specifically, there has been growing interest 

in how bile acid (BA) metabolism is related to metabolic health (including both cholesterol 

levels and T2D risk) and it is striking that there are large differences in plasma levels of BA 

between individuals which are currently unexplained. It is hypothesised that deleterious 

variation in BA metabolism genes determines inter-individual variability of post-

prandial bile acid metabolism. 

Aim 3: To use allelic gene scores of deleterious variation captured from whole-exome 

sequencing and investigate inter-individual variability of BA levels in response to metabolic 

challenge. 

 

Hypothesis 4: Our appreciation of the phenotypic consequences of rare monogenic 

mutations may be skewed by ascertainment bias. They are generally studied in clinical 

cohorts, and assessment of penetrance and expressivity in very large populations is not 

commonly undertaken. Specifically, the effect of MC4R mutations, which cause the 

commonest monogenic form of obesity, has never been systematically carried out in a free-

living adult general population on a large scale. It is hypothesised that analysis of MC4R 

mutation carriers in the UK biobank will enhance our understanding of penetrance, 

expressivity and potential modulating exposures in this form of monogenic obesity. 

Aim 4: To investigate the prevalence and penetrance of MC4R mutations genotyped in the 

whole UKBB study of ~500,000 British adults. 
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2.1 Introduction to chapter 

 

This chapter provides an overview of the materials and methods used for work in this thesis. 

Overall, all experimental work was computational and ‘’materials’’ used were genetic and 

phenotypic data from consortia described in the sections below. Nevertheless, analytical work 

conducted in this thesis would not be possible without solid understanding of basic science 

and epidemiology in interpreting the results. 
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2.2 Study cohorts  

 

2.2.1 The UK Biobank (UKBB) 

 

2.2.1.1 Cohort description 

 

The UK Biobank (UKBB) is one of the largest population-based cohorts in the world comprising 

~500,000 volunteers from across the United Kingdom, aged between 40-69 at recruitment. 

The cohort was initiated by the Medical Research Council and Wellcome Trust as a resource 

for scientists around the world to investigate the genetic and non-genetic risk factors of 

diseases of middle and old age9. This was made possible by high-standard assessment and 

characterisation of exposures and health-related outcomes throughout the recruitment 

process151. All UKBB participants were recruited between 2006 and 2010, in 24 assessment 

centres throughout the UK, to create a cohort with a wide and heterogeneous 

sociodemographic background. Follow up visits were carried out for further assessment. 

 

The research presented in this thesis was carried out using data from the UKBB Resource 

licensed under application no. 6569 titled “Organ specific fat measurements using MRI. A new 

quantitative imaging method with automated analysis”. Genetic and phenotypic data acquired 

was decrypted and processed according to UKBB standards and variables were labelled by 

universal “data fields”: codes which enable identification of variables amongst researchers.  

The UKBB cohort was set up and conducted under generic approval from the NHS National 

Research Ethics Service (approval letter dated 17th June 2011, Ref 11/NW/0382). All 

participants gave full informed written consent at time of recruitment. 
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2.2.1.2 Phenotypic data  

 

During the initial assessment, named “Instance 0” (2006-2010), data from touch-screen 

questionnaires and/or interviews were collected: basic demographics, diet, exercise and 

drinking habits, physical and cognitive measurements. A range of physical and anthropometric 

measurements were also measured, and saliva, blood and urine samples were collected. At 

this stage, however biochemical indices have not been analysed and data is not available.   

 

A follow-up visit named “Instance 2” (2014 to date) has dealt with the creation of the UKBB 

imaging cohort by collecting medical imaging of the brain, heart, bones, carotid arteries and 

the abdomen, along with phenotypes measured during the initial visit. The proposed scale of 

this phase is to carry out the imaging in large subset of 100,000 participants152. At the current 

stage and for this thesis 6,021 samples with analysed imaging data were available to use, 

collected at one assessment centre. 

 

Anthropometric measurements: 

Weight and height were measured during the initial and follow up visits.  Weight was measured 

in light clothing and unshod, using a Tanita BC418MA body composition analyser (Tanita 

Europe, Amsterdam, The Netherlands) to the nearest 100g. Standing height was measured 

to the nearest cm using a Seca 202 device (Seca, Hamburg, Germany). These were used to 

calculate BMI (kg/m2). For blood pressure, the average of two measurements, taken moments 

apart, was obtained using an automated device (Omron, UK). Whole body fat (%) was 

measured by bio-impedance analysis using the Tanita BC418MA body composition analyser.  

 

Assessment of abdominal adiposity 

Abdominal images were acquired at the UKBB centre at Cheadle (UK), using a 1.5T 

Magnetom Aera MRI scanner (Siemens, Erlangen, Germany)152. Each participant was 
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scanned in the prone position during a 10-minute MRI session to collect the abdominal MRI 

measures. The dual-echo Dixon Vibe protocol was used to acquire six overlapping slabs of 

axial 3D spoiled gradient dual-echo images, covering neck to knees. The first slab, over the 

neck consisted of 64 slices, voxel size 2.23×2.23x3 mm3 and 224×168 matrix; slabs two to 

four were acquired during 17 sec expiration breath-holds with 44 slices, voxel size 

2.23×2.23×4.5 mm3 and 224×174 matrix; slab five consisted of 72 slices, voxel size 

2.23×2.23×3.5 mm3 and 224×162 matrix; slab six consisted of 64 slices, voxel size 

2.23×2.23×4 mm3 and 224×156 matrix.   

 

Raw body composition data was processed by collaborators to this project using their own 

AMRA® Research profiler (Advanced MR Analytics AB, Linköping, Sweden) as described 

previously153,154 and outlined in the “UK Biobank Body (abdominal) MRI procedures” 

documentation152. The analysis was carried out as follows: i) The fat- and water-separated 

image volumes were calibrated using pure adipose tissue as signal reference155. ii) Regions 

containing visceral adipose tissue (VAT), and abdominal subcutaneous tissue (ASAT) were 

segmented using non-rigid atlas-based segmentation, as described155. iii) The segmented 

regions were visually inspected by a trained analysis engineer. The operator could 

interactively adjust the final segmentation in subjects with atypical anatomies.  iv) VAT and 

ASAT volumes (L) were automatically quantified by integrating the calibrated fat signal within 

the segmented regions respectively. 

 

VAT was defined as “adipose tissue within the abdominal cavity, excluding adipose tissue 

outside the abdominal skeletal muscles and adipose tissue and lipids within and posterior of 

the spine and posterior of the back muscles”. ASAT was defined as “subcutaneous adipose 

tissue in the abdomen from the top of the femoral head to the top of the thoracic vertebrae 

T9”. Intra-abdominal fat ratio (IAFR) was defined as “the ratio of VAT to ASAT (𝐼𝐴𝐹𝑅 =
𝑉𝐴𝑇

𝐴𝑆𝐴𝑇
)”. 
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153 Due to the non-normally distributed nature of fat parameters, transformation of data using 

reverse-rank normalisation was carried out to abide with linear regression rules (Figure 2.1). 

 

Assessment of liver adiposity  

Liver adiposity was measured in terms of proton density fat fraction (PDFF), defined as: “the 

ratio of density of mobile protons from fat (triglycerides) and the total density of protons from 

mobile triglycerides and mobile water”. The PDFF is a fundamental property reflecting the 

concentration of fat stored in any tissue156. PDFF was measured as the average of 9 regions 

of interest (ROI), diameter 17.5 mm, placed in homogeneous liver parenchyma avoiding major 

blood vessels and bile ducts. The liver water, fat and T2* of each ROI were computed by 

magnitude-based chemical shift technique157 with a 6-peak lipid model158. To correct for T1-

bias, caused by differences in water and fat T1, a correction factor was applied to the water 

signal. The correction factor was computed using the body Dixon images of the first 3,000 

scanned UK Biobank participants as reference. The liver ROIs were transferred to, and 

compared with, the fat Dixon images intensities, which were calibrated using the adipose 

tissue as an intensity reference and corrected using the liver T2*, a process which results in 

T1 insensitive fat measurements159. 
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Figure 2.1 Distribution of abdominal adiposity parameters in the UK Biobank MRI 

cohort (N=6,021) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Histograms represent the frequency distribution of visceral adipose tissue (VAT) (A), 

abdominal subcutaneous adipose tissue (ASAT) (B) and VAT:ASAT ratio (C) in UK Biobank 
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Type 2 Diabetes (T2D): 

Diabetes cases were classified into type 1 or 2 diabetes (T2D or T1D), gestational diabetes, 

or diabetes of unknown type. Subjects who have self-reported as diabetics were classified as 

follows: Subjects with reported age of diagnosis as 30 or older were considered T2D, and 

subjects with reported age of diagnosis as 20 or younger T1D. Subjects who reported age of 

diagnosis between 21 and 29 were considered T1D if they reported use of insulin, otherwise 

they were considered to have an unknown type of diabetes. Subjects who only had diabetes 

in pregnancy were considered to have gestational diabetes. In this way 23,251 subjects were 

classified as T2D cases while controls did not belong to any of the diabetes categories. 

Subjects not characterised as either T2D cases or controls were excluded.  

 

Alcohol consumption: 

Alcohol intake (g/day) was calculated using frequency of alcohol intake (field 1558) in 

combination with fields describing intake of several alcoholic beverages on an average 

weekly/monthly consumption (fields 1568, 1578, 1588, 1598, 1608, and 5364, 4407, 4418, 

4429, 4440, 4451, and 4462). Data from Drinkaware160 was used to define volumes per unit 

and serving sizes.  

 

Physical Activity index: 

An activity index comprising 23 outcomes reflecting a physical active lifestyle was created.  An 

individual’s response to questions obtained during physical activity assessment were scored 

with values between -1 and +1. Details of the questions comprising the index and the relevant 

scoring can be found in Appendix II. An increasingly negative score implies a progressively 

less active lifestyle. For outcomes where centile data was available the scoring was as follows: 

1st percentile or lower: -1; 2nd-4th percentiles: -0.5; Median: 0; 6th-8th percentiles: +0.5, 9th+: 

+1. For binary variables 0 indicated absence of the parameter, 1 the presence. 
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2.2.1.3 DNA extraction and genotyping 

 

Genomic DNA was extracted from 850 µl buffy coat (recovered from 9 ml of whole blood) on 

a customised TECAN Freedom EVO® 200 platform (Tecan Group Ltd., Männedorf, 

Switzerland) and 50 µl of DNA with minimum concentration of at least 10ng/µl was utilised in 

the UK Biobank Genotyping project161. Samples were genotyped on two arrays with very 

similar content: The majority of the samples were genotyped using the Applied Biosystems™ 

UK Biobank Axiom™ Array, while a group of ~50,000 samples which participate in the UK 

Biobank Lung Exome Variant Evaluation (UK BiLEVE) consortium, were genotyped using 

Applied Biosystems™ UK BiLEVE Axiom™ Array at the Affymetrix Research Services 

Laboratory162. 

 

Genotype calling, Quality Control (QC) and imputation (to over 90 million SNPs, indels and 

large structural variants) was performed by the UKBB working group at the Wellcome Trust 

Centre for Human Genetics163, and data was made available to researchers. Further details 

on the nature of QC and imputation of the UKBB genotype dataset can be found in section 

2.3. 

 

 

 

 

 

 

 

 



65 
 

2.2.2 The NutriTech cohort 

 

2.2.2.1 Cohort description  

 

The NutriTech is a cohort study of 72 individuals designed by a consortium of 23 international 

partners and funded by the European Commission 7th Framework Programme, Grant 

agreement no: 289511 (2012-2016)164. Under the theme “Applications of new technologies 

and methods in nutrition research’’ the NutriTech project aimed to phenotype and understand 

better the response to standardised metabolic challenge tests before and after dietary 

intervention. 72 (37 women and 35 men, mean age 59.2±4.2 years) healthy, overweight to 

class I obese individuals (BMI range: 24.9-35.8 kg/m2), of European ancestry took part in this 

study. All subjects had an initial standardised diet for five weeks prior to a 13-week intervention 

period, in which 40 participants reduced their caloric intake by 20%, while subjects in the 

control group (n=32) consumed an average diet in order to maintain body weight. The 

volunteers underwent comprehensive phenotyping, including blood profiling for metabolites, 

genotyping and exome sequencing (Figure 2.2). Anthropometric and clinical chemistry 

samples were collected by trial coordinators: Milena Rundle, Eleanor Cropp, Claire Byrne and 

Katerina Petropoulou at the NIHR/Wellcome Trust Imperial Clinical Research Facility, 

Hammersmith Hospital, London. NutriTech was approved by the National Research Ethics 

Service Committee – London Riverside (NRESC reference number: 12/L0/0139). Written 

informed consent was received from all participants included prior to inclusion in the study. All 

phenotypic data produced underwent extensive QC before being made available to all 

partners and was accessed through a central database according to standard procedures. 
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Figure 2.2 The NutriTech study design 

 

 

2.2.2.2 Metabolic phenotyping  

 

Nutritional challenge tests 

An Oral Glucose Tolerance Test (OGTT) and a Mixed Meal Tolerance Test (MMTT) were 

carried out before and after the intervention. Challenge tests always started at 09:00 am after 

12 hours of fasting. The OGTT drink consisted of 75g D-glucose in 250 mL of water consumed 

within 5 minutes. Blood was collected in heparin-coated tubes at times 0, 15, 30, 60, 90, 120 

and 240 minutes. The MMTT consisted of a drink containing 320 mL water, 75g D-glucose, 

18g protein as milk protein powder (Protifar, Nutricia, Netherlands) and 60g of palm oil giving 

350 mL of a shake with 33, 59 and 8% of energy from carbohydrates, lipids and proteins 
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respectively. The drink was ingested within 10 minutes and blood was collected at 0, 30, 60, 

120, 240, 360 and 480 minutes.  

 

Blood plasma collection 

Blood samples were centrifuged at 1800 rpm, and plasma and serum samples were stored at 

-80C. Prior to the analyses samples were randomised so that every batch contained samples 

from men and women, from OGTT and MMTT performed before and after the intervention to 

avoid batch effects.  Reference plasma samples (Recipe chemicals and instruments, Munich, 

Germany) were included in each batch to control for instrument drifting and unexpected 

problems with the measurements. These precautions were taken in order to avoid batch 

effects in the final results.  

 

Bile acid measurement: 

Plasma bile acids (BA) were measured at Technical University München, Germany. The 

following outlines the main experimental protocol carried out, which is extracted from a paper 

produced using results from this thesis (see Publications section): BA were analysed by a 

modified method previously described165. A volume of 10 µL of plasma was mixed with 10 µL 

internal standard solution and 500 µL ice-cold methanol for protein degradation, followed by 

vortexing and centrifugation at 13000 rpm for 10 minutes. The supernatant was transferred to 

a 96 deep-well plate and evaporated under a stream of N2. The solid remnants were re-

suspended in a mixture containing equal amounts of methanol and water (1:1). Analysis was 

performed by a Liquid Chromatography/Mass Spectrometry (LC-MS/MS) system, using a 

triple quadrupole mass spectrometer (HPLC Agilent - CA, USA; QTrap 5500 - ABSciex MA, 

USA). BA were separated using a gradient with 0.2% formic acid in water and acetonitrile 

(acetonitrile going from 30 % at the start of the run to 100 % at 20 minutes) with a flow rate of 

0.6-ml/min and a reverse phase column (Phenomenex Luna C18(2) 150 x 4,6mm; 5µm 

particle size), kept at 40 °C. The mass spectrometer was operated in negative ion mode and 

mass spectra were obtained using the multiple reaction-monitoring mode (MRM). Integration 
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of the peaks was done using Analyst Software (ABSciex MA, USA). Analyte concentration 

was calculated using deuterated internal standards. Reference plasma samples were included 

to control for batch variation and a dilution row of BA standards was processed in a similar 

manner in every batch for quantitation purposes. In total thirteen BA species were quantified.  

Primary BA: chenodeoxycholic acid (CDCA) and cholic acid (CA) and their conjugates: 

glycochenodeoxycholic acid (GCDCA), taurochenodeoxycholic acid (TCDCA), glycocholic 

acid (GCA), taurocholic acid (TCA). 

Secondary and tertiary BA: deoxycholic acid (DCA), lithocholic acid (LCA), ursodeoxycholic 

acid (UDCA) and their conjugates: glycodeoxycholic acid (GDCA), taurodeoxycholic acid 

(TDCA), taurolitocholic acid (TLCA), glycoursodeoxycholic acid (GUDCA). 

tauroursodeoxycholic acid (TUDCA). 

Because of the low abundancy and values below the lower limit of quantitation, UDCA, 

TUDCA, and TLCA were not taken into consideration in the statistical analysis. 

 

2.2.2.3 DNA extraction, genotyping, and sequencing 

 

Saliva samples were collected using the Oragene® DNA OG-500 collection kit (Genotek Inc., 

Canada), according to manufacturer’s standard protocol. All saliva samples were kept at 21°C 

until processing by Sanne Alsters in our lab, according to manufacturer’s procedures. DNA 

samples were submitted for genome-wide SNP genotyping using the Infinium OmniExpress 

SNP array by Illumina and for WES at the Imperial BRC Genomic Laboratory. Details are 

described in sections 2.3 and 2.4. 
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2.3 SNP array genotyping data 

 

2.3.1 General Quality Control considerations 

 

SNP level QC 

On the SNP level, QC was carried out to exclude markers from the dataset with SNP call rate 

<95% i.e. markers that failed genotyping in at least 95% of samples and those with Hardy 

Weinberg Equilibrium P-value< 1×10-4. 

 

Sample level QC 

On the sample level, QC was carried out to exclude samples with: sample call rate (genotyping 

success) <98% i.e. individuals in which >2% of genotyped markers have not been called, sex 

discordance i.e. a discrepancy between reported gender and the X-chromosome-determined 

gender, elevated missingness and outlying heterozygosity beyond 3 standard deviations to 

the mean, outlying inbreeding coefficients, and those related through IBD (Identity-by-

Descent) estimation. This is done to find pairs of individuals who share their genome more 

than expected by chance, in a random homogeneous sample. Also, samples with divergent 

ancestry (population outliers) were excluded. 

 

Population stratification is characterised as the presence of subgroups of individuals in a given 

population, differing in their allele frequencies, as a result of ancestral differences. Methods 

used to analyse population stratification are multi-dimensional scaling (MDS) and principal 

component (PC) analysis, which create ancestral dimensions, that are used to cluster samples 

and detect outliers. The variants included in the analysis are restricted to common SNPs with 
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LD r2<0.2. The dimensions or PCs are used as covariates to adjust for population stratification 

in association analyses. 

 

2.3.2 UKBB SNP array data 

 

2.3.2.1 Acquisition of genotyped and imputed data 

 

Genotype calling, imputation and QC of UKBB SNP array data was carried out centrally at the 

Wellcome Trust Centre for Human Genetics, University of Oxford, UK, in line with scientific 

integrity for all researchers using or wishing to use the UKBB for their research163. The 

genotype data release consisted of 488,377 samples and 805,426 markers along with 

supplementary QC information. Imputation was carried out by pre-phasing of haplotypes using 

a modified version of SHAPEIT-2 followed by imputation using the Haplotype Reference 

Consortium and UK10K reference panels in IMPUTE4163. The acquisition of the data, 

decryption, processing, as well supplementary QC procedures were carried out according to 

standard procedures.   

 

2.3.2.2 Quality Control 

 

Upon extraction, data was subjected to a series of filtering based on the recommended QC 

metrics provided with the data release. The QC filtering steps are outlined in Figure 2.3. 

Samples excluded were those flagged as problematic: with excess heterozygosity of more 

than 3 SD from the mean, more than 5% missing rate, sex ambiguity: either sex mismatch, 

aneuploidy, or females with low homozygosity on the X chromosome. Only individuals who 

self-identified as white British and that were classified as Caucasians based on their clustering 

in ancestral principal components were included (Figure 2.4). Prior to relatedness analysis, 

samples with ambiguous IDs and those with an excess number of relatives were excluded. To 
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identify related individuals, the “Genetic relatedness paring” field was used.  There were 

131,788 related pairs (at least 3rd degree) reported. One sample per pair was chosen and 

successive runs of relatedness check were performed using the KING programme166 to 

exclude related samples (up to 3rd degree relatives; kinship coefficient > 0.044).  

 

2.3.2.3 Replication of association of known obesity SNPs with BMI 

 

To validate the quality of the SNP data, an association with 97 known obesity SNPs identified 

from the GIANT study26 was carried out (Table 2.1). Analysis was carried out by linear 

regression on normalised BMI adjusting for sex, age, age2, genotyping chip and first five 

ancestral principal components. All but nine SNPs survived the cut-off for multiple testing 

(0.05/97=0.0005), while rs1558902 confirmed the robust association of the FTO locus with 

BMI (βUKBB = 0.072 (0.003) SD; P=3.29-182). 
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Figure 2.3 Sample QC filtering steps in UKBB genotyping dataset 



73 
 

(Figure 2.2 continued) 
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Figure 2.4 Ancestral Principal Components plots in UKBB 

A 

 
 
B 
 
 
 

Ancestral principal component plots in 

the UKBB: Plots of first two principal 

components produced from principal 

components analysis of genotype data 

showing (A) diversity in the UK Biobank 

cohort (plot extracted from UK Biobank 

manual) and (B) homogenous cluster after 

sample QC to include “White British” 

individuals only. Each point represents an 

individual and colours and shapes indicate 

their self-reported ancestry. 



75 
 

Table 2.1 Association of 97 known obesity SNPs in UKBB 

SNP GRCh37 position Chr Closest genes Effect allele Other allele EAF_GIANT Beta_GIANT SE_GIANT P_GIANT EAF_UKBB Beta_UKBB SE_UKBB P_UKBB

rs1558902 53,803,574 16 FTO A T 0.42 0.082 0.003 7.51E-153 0.40 0.072 0.003 3.29E-182

rs6567160 57,829,135 18 MC4R C T 0.24 0.056 0.004 3.93E-53 0.23 0.052 0.003 4.87E-70

rs13021737 632,348 2 TMEM18 G A 0.83 0.060 0.004 1.11E-50 0.83 0.056 0.003 1.07E-66

rs10938397 45,182,527 4 GNPDA2; GABRG1 G A 0.43 0.040 0.003 3.21E-38 0.43 0.030 0.002 2.89E-32

rs543874 177,889,480 1 SEC16B G A 0.19 0.048 0.004 2.62E-35 0.21 0.049 0.003 5.98E-59

rs2207139 50,845,490 6 TFAP2B G A 0.18 0.045 0.004 4.13E-29 0.17 0.043 0.003 6.10E-39

rs11030104 27,684,517 11 BDAF A G 0.79 0.041 0.004 5.56E-28 0.80 0.040 0.003 7.31E-39

rs3101336 72,751,185 1 NEGR1 C T 0.61 0.033 0.003 2.66E-26 0.60 0.023 0.003 1.12E-20

rs7138803 50,247,468 12 BCDIN3D; FAIM2 A G 0.38 0.032 0.003 8.15E-24 0.37 0.029 0.003 3.00E-30

rs10182181 25,150,296 2 ADCY3; POMC;NCOA1;SH2B1; APOBR G A 0.46 0.031 0.003 8.78E-24 0.49 0.036 0.002 8.29E-48

rs3888190 28,889,486 16 ATXN2L; SBK1; SULT1A2;TUFM A C 0.40 0.031 0.003 3.14E-23 0.40 0.026 0.003 2.10E-25

rs1516725 185,824,004 3 E7V5 C T 0.87 0.045 0.005 1.89E-22 0.86 0.031 0.004 1.18E-17

rs12446632 19,935,389 16 GPRC5B; IQCK G A 0.87 0.040 0.005 1.48E-18 0.86 0.026 0.004 1.81E-13

rs2287019 46,202,172 19 QPCTL; GIPR C T 0.80 0.036 0.004 4.59E-18 0.82 0.033 0.003 2.26E-24

rs16951275 68,077,168 15 M4P2K5; LBXCOR1 T C 0.78 0.031 0.004 1.91E-17 0.77 0.032 0.003 7.34E-27

rs3817334 47,650,993 11 MTCH2; C1QTNF4; SPI1;CELF1 T C 0.41 0.026 0.003 5.15E-17 0.41 0.029 0.003 1.56E-30

rs2112347 75,015,242 5 POC5; HMGCR; COL4A3BP T G 0.63 0.026 0.003 6.19E-17 0.64 0.028 0.003 4.35E-28

rs12566985 75,002,193 1 FPGT-TNNI3K G A 0.45 0.024 0.003 3.28E-15 0.44 0.017 0.002 2.14E-11

rs3810291 47,569,003 19 ZC3H4 A G 0.67 0.028 0.004 4.81E-15 0.68 0.028 0.003 9.96E-27

rs7141420 79,899,454 14 NRXN3 T C 0.53 0.024 0.003 1.23E-14 0.51 0.022 0.003 9.91E-19

rs13078960 85,807,590 3 CADM2 G T 0.20 0.030 0.004 1.74E-14 0.20 0.020 0.003 1.04E-10

rs10968576 28,414,339 9 LINGO2 G A 0.32 0.025 0.003 6.61E-14 0.32 0.027 0.003 3.86E-24

rs17024393 110,154,688 1 GNAT2; AMPD2 C T 0.04 0.066 0.009 7.03E-14 0.03 0.072 0.008 4.09E-20

rs12429545 54,102,206 13 OLFM4 A G 0.13 0.033 0.005 1.09E-12 0.13 0.026 0.004 2.98E-12

rs13107325 103,188,709 4 SLC39A8 T C 0.07 0.048 0.007 1.83E-12 0.07 0.058 0.005 3.59E-35

rs11165643 96,924,097 1 PTBP2 T C 0.58 0.022 0.003 2.07E-12 0.59 0.019 0.003 9.23E-15

rs17405819 76,806,584 8 HNF4G T C 0.70 0.022 0.003 2.07E-11 0.70 0.020 0.003 1.68E-13

rs1016287 59,305,625 2 LINC01122 T C 0.29 0.023 0.003 2.25E-11 0.30 0.021 0.003 1.13E-14

rs4256980 8,673,939 11 TRIM66; TUB G C 0.65 0.021 0.003 2.90E-11 0.66 0.016 0.003 9.41E-10

rs12401738 78,446,761 1 FUBP1; USP33 A G 0.35 0.021 0.003 1.15E-10 0.38 0.017 0.003 1.75E-11

rs205262 34,563,164 6 C6orf106; SNRPC G A 0.27 0.022 0.004 1.75E-10 0.27 0.026 0.003 2.24E-20

rs9581854 28,017,782 13 MTIF3; GTF3A T C 0.20 0.030 0.005 2.29E-10 0.18 0.011 0.003 4.99E-04

rs12940622 78,615,571 17 RPTOR G A 0.58 0.018 0.003 2.49E-09 0.56 0.019 0.002 1.04E-14

rs11847697 30,515,112 14 PRKD1 T C 0.04 0.049 0.008 3.99E-09 0.04 0.024 0.006 5.44E-05

rs2075650 45,395,619 19 TOMM40; APOE; APOC1 A G 0.85 0.026 0.005 1.25E-08 0.85 0.021 0.003 9.54E-10

rs2121279 143,043,285 2 LRP1B T C 0.15 0.025 0.004 2.31E-08 0.12 0.008 0.004 2.66E-02

rs29941 34,309,532 19 KCTD15 G A 0.67 0.018 0.003 2.41E-08 0.67 0.014 0.003 5.99E-08

rs1808579 21,104,888 18 NPC1; C18orf8 C T 0.53 0.017 0.003 4.17E-08 0.52 0.019 0.002 6.39E-14

rs7903146 114,758,349 10 TCF7L2 C T 0.71 0.023 0.003 1.11E-11 0.71 0.016 0.003 4.62E-09

rs10132280 25,928,179 14 STXBP6 C A 0.68 0.023 0.003 1.14E-11 0.70 0.023 0.003 1.71E-17

rs7599312 213,413,231 2 ERBB4 G A 0.72 0.022 0.003 1.17E-10 0.73 0.018 0.003 1.56E-10

rs1528435 181,550,962 2 UBE2E3 T C 0.63 0.018 0.003 1.20E-08 0.62 0.016 0.003 1.11E-09

rs1000940 5,283,252 17 RABEP1 G A 0.32 0.019 0.003 1.28E-08 0.30 0.017 0.003 5.87E-10

rs12286929 115,022,404 11 CADM1 G A 0.52 0.022 0.003 1.31E-12 0.53 0.013 0.002 8.71E-08

rs11126666 26,928,811 2 KCNK3 A G 0.28 0.021 0.003 1.33E-09 0.25 0.004 0.003 1.52E-01

rs2033529 40,348,653 6 TDRG1; LRFN2 G A 0.29 0.019 0.003 1.39E-08 0.29 0.022 0.003 2.83E-16

rs11583200 50,559,820 1 ELAVL4 C T 0.40 0.018 0.003 1.48E-08 0.39 0.017 0.003 9.00E-11

rs7239883 40,147,671 18 LOC284260; RIT2 G A 0.39 0.023 0.004 1.51E-08 0.38 0.009 0.003 4.14E-04

rs9400239 108,977,663 6 FOXO3; HSS00296402 C T 0.69 0.019 0.003 1.61E-08 0.71 0.014 0.003 1.22E-07

rs2836754 40,291,740 21 ETS2 C T 0.60 0.017 0.003 1.61E-08 0.64 0.010 0.003 6.67E-05

rs2365389 61,236,462 3 FHIT C T 0.58 0.020 0.003 1.63E-10 0.59 0.017 0.003 3.02E-11

rs2820292 201,784,287 1 NAV1 C A 0.56 0.020 0.003 1.83E-10 0.57 0.020 0.002 1.62E-15

rs10733682 129,460,914 9 LMX1B A G 0.48 0.017 0.003 1.83E-08 0.47 0.014 0.003 6.25E-08

rs11688816 63,053,048 2 EHBP1 G A 0.53 0.017 0.003 1.89E-08 0.54 0.013 0.002 7.11E-08

rs2650492 28,333,411 16 SBK1; APOBR A G 0.30 0.021 0.004 1.92E-09 0.30 0.017 0.003 4.96E-10

rs12885454 29,736,838 14 PRKD1 C A 0.64 0.021 0.003 1.94E-10 0.64 0.014 0.003 3.90E-08

rs11057405 122,781,897 12 CLIP1 G A 0.90 0.031 0.006 2.02E-08 0.89 0.028 0.004 2.98E-12

rs9914578 2,005,136 17 SMG6; N29617 G C 0.23 0.020 0.004 2.07E-08 0.20 0.009 0.003 3.68E-03

rs9641123 93,197,732 7 CALCR; hsa-miR-653 C G 0.43 0.029 0.005 2.08E-10 0.41 0.008 0.003 8.71E-04

rs6091540 51,087,862 20 ZFP64 C T 0.72 0.030 0.004 2.15E-11 0.70 0.017 0.003 1.60E-10

rs977747 47,684,677 1 TAL1 T G 0.40 0.017 0.003 2.18E-08 0.42 0.019 0.003 1.73E-13

rs6804842 25,106,437 3 RARB G A 0.58 0.019 0.003 2.48E-09 0.57 0.014 0.003 2.08E-08

rs11727676 145,659,064 4 HHIP T C 0.91 0.036 0.006 2.55E-08 0.90 0.007 0.004 1.16E-01

rs3849570 81,792,112 3 GBE1 A C 0.36 0.019 0.003 2.60E-08 0.35 0.009 0.003 3.20E-04

rs9374842 120,185,665 6 LOC285762; T C 0.74 0.023 0.004 2.67E-08 0.77 0.009 0.003 2.75E-03

rs6477694 111,932,342 9 EPB41L4B; C9orf4 C T 0.37 0.017 0.003 2.67E-08 0.35 0.013 0.003 1.13E-06

rs4787491 30,015,337 16 MAPK3; KCTD13; INO80E; TAOK2; YPEL3; DOC2A; FAM57B G A 0.51 0.022 0.004 2.70E-08 0.53 0.020 0.002 2.44E-15

rs7899106 87,410,904 10 GRID1 G A 0.05 0.040 0.007 2.96E-08 0.05 0.025 0.006 9.42E-06

rs1441264 79,580,919 13 MIR548A2 A G 0.61 0.017 0.003 2.96E-08 0.60 0.017 0.003 2.50E-10

rs2176598 43,864,278 11 HSD17B12 T C 0.25 0.020 0.004 2.97E-08 0.25 0.022 0.003 6.36E-14

rs2245368 76,608,143 7 PMS2L11 C T 0.18 0.032 0.006 3.19E-08 0.17 0.021 0.003 1.73E-10

rs17203016 208,255,518 2 CREB1; KLF7 G A 0.20 0.021 0.004 3.41E-08 0.20 0.018 0.003 2.84E-09

rs17724992 18,454,825 19 GDF15; PGPEP1 A G 0.75 0.019 0.004 3.42E-08 0.73 0.019 0.003 4.88E-12

rs16851483 141,275,436 3 RASA2 T G 0.07 0.048 0.008 3.55E-10 0.07 0.033 0.005 3.55E-11

rs7243357 56,883,319 18 GRP T G 0.81 0.022 0.004 3.86E-08 0.83 0.018 0.003 8.37E-08

rs16907751 81,375,457 8 ZBTB10 C T 0.91 0.047 0.009 3.89E-08 0.91 0.018 0.004 3.02E-05

rs7164727 73,093,991 15 LOC100287559; BBS4 T C 0.67 0.019 0.003 3.92E-09 0.67 0.016 0.003 2.80E-09

rs13201877 137,675,541 6 IFNGR1; OLIG3 G A 0.14 0.024 0.004 4.29E-08 0.13 0.012 0.004 1.53E-03

rs4740619 15,634,326 9 C9orf93 T C 0.54 0.018 0.003 4.56E-09 0.55 0.020 0.002 9.74E-16

rs2033732 85,079,709 8 RALYL C T 0.75 0.019 0.004 4.89E-08 0.74 0.010 0.003 2.77E-04

rs9540493 66,205,704 13 MIR548X2; PCDH9 A G 0.45 0.021 0.004 4.97E-08 0.46 0.011 0.002 1.12E-05

rs1460676 164,567,689 2 FIGN C T 0.18 0.021 0.004 4.98E-08 0.15 0.016 0.003 4.90E-06

rs6465468 95,169,514 7 ASB4 T G 0.31 0.025 0.005 4.98E-08 0.31 0.003 0.003 2.20E-01

rs657452 49,589,847 1 AGBL4 A G 0.39 0.023 0.003 5.48E-13 0.39 0.018 0.003 2.19E-12

rs17094222 102,395,440 10 HIF1AN C T 0.21 0.025 0.004 5.94E-11 0.21 0.016 0.003 7.00E-08

rs1167827 75,163,169 7 HIP1; PMS2L3; PMS2P5; WBSCR16 G A 0.55 0.020 0.003 6.33E-10 0.57 0.022 0.002 2.80E-19

rs492400 219,349,752 2 PLCD4; CYP27A1; USP37; TTLL4; STK36; ZNF142; RQCD1 C T 0.42 0.024 0.004 6.78E-09 0.43 0.011 0.003 4.65E-06

rs13191362 163,033,350 6 PARK2 A G 0.88 0.028 0.005 7.34E-09 0.88 0.021 0.004 4.11E-08

rs3736485 51,748,610 15 SCG3; DMXL2 A G 0.45 0.018 0.003 7.41E-09 0.46 0.010 0.002 3.48E-05

rs758747 3,627,358 16 NLRC3 T C 0.27 0.023 0.004 7.47E-10 0.27 0.016 0.003 4.65E-09

rs17001654 77,129,568 4 NUP54; SCARB2 G C 0.15 0.031 0.005 7.76E-09 0.14 0.013 0.004 4.37E-04

rs1928295 120,378,483 9 TLR4 T C 0.55 0.019 0.003 7.91E-10 0.57 0.011 0.002 7.66E-06

rs9925964 31,129,895 16 KAT8;ZNF646; VKORC1; ZNF668; STX1B; FBXL19 A G 0.62 0.019 0.003 8.11E-10 0.64 0.026 0.003 3.32E-23

rs11191560 104,869,038 10 NT5C2; CYP17A1; SFXN2 C T 0.09 0.031 0.005 8.45E-09 0.08 0.025 0.005 1.32E-07

rs2080454 49,062,590 16 CBLN1 C A 0.41 0.017 0.003 8.60E-09 0.39 0.010 0.003 5.80E-05

rs7715256 153,537,893 5 GALNT10 G T 0.42 0.017 0.003 8.85E-09 0.43 0.016 0.002 2.37E-10

rs2176040 227,092,802 2 LOC646736; IRS1 A G 0.37 0.024 0.004 9.99E-09 0.35 0.001 0.003 6.89E-01
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2.3.3 NutriTech genotyping data 

 

Genotyping calling and QC of SNP array data were carried out in-house by Nikman Adli and validated 

by me. The procedure was based on established QC protocols167,168 and the ExomeChip QC 

standard operating procedure (SOP) version 5, developed by the UK exome-chip consortium169. The 

steps mentioned in published protocols were customised and outlined in a detailed protocol for self-

training purposes and for an all-round understanding of the nature of SNP array QC. Post-genotyping 

QC was necessary to exclude bad samples and poorly genotyped markers and to validate self-

reported European ancestry. The detailed QC protocol can be found in Appendix I. 

 

This project did not use SNP array data for analysis, however sample QC and ancestral clustering 

to validate European ancestry was essential to analyse whole exome sequencing data.  
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2.4 Whole Exome Sequencing data  

 

Whole Exome Sequencing (WES) for this project was available from samples in the NutriTech 

consortium. A series of steps was carried out to acquire the data: library preparation and sequencing, 

raw read QC, pre-processing, mapping on the reference genome, post-alignment processing, 

followed by variant calling170. The analysis pipeline was performed, as a part of collaborative work, 

at the NIHR Imperial BRC Genomics Facility, Imperial College London, UK. The description of the 

procedure was adapted from Sanne Alster’s PhD thesis.  

 

2.4.1 Exome capture and sequencing  

 

Sequencing libraries were prepared using the SureSelectXT Human All Exon V4+UTRs (71Mb) kit 

(Agilent Technologies, Santa Clara, CA). Genomic DNA was broken into fragments of 150-200bp, 

using a Covaris S220 instrument. A Bioanalyzer DNA 1000 chip (Agilent Technologies) was used to 

assess the quality of the sheared DNA. For each sample, DNA-ends were repaired and ligated. Half 

of the adapter-ligated libraries volumes were amplified with 6 PCR cycles, after which another quality 

assessment step was performed using the Bioanalyzer (remaining stored for possible future 

purposes). Hybridisation of each amplified library individually (750 ng) took place using 120nt 

Biotinylated RNA baits, specific to regions of interest, in solution for 16 hours for target enrichment. 

Genomics DNA-bait hybrids were captured by magnetic streptavidin beads, followed by purification.  

 

To amplify the captured libraries, a 12-cycle amplification step was performed to add sample-specific 

index tags to each library for multiplex sequencing purposes, following Agilent SureSelect 

instructions. Index-tagged libraries were purified, and a final quality assessment using the 

Bioanalyzer and the Library Quantification Kit (Kapa Biosystems) was performed. Four indexed 
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libraries were multiplexed, loaded on a single lane of an Illumina flow-cell (v3), and sequenced on a 

HiSeq25000 platform generating 100bp paired end reads. 

 

2.4.2 Bioinformatics  

 

Raw sequence reads underwent a series of QC and pre-processing, mapping to the reference 

genome and calling of variants as follows:  

 

Read QC and reference mapping 

 The quality of sequencing data was assessed using FastQC version 0.10.0171. BWA-MEMversion 

0.7.2172 was used to map sequencing reads to the reference human genome version GRCh37 

(hg19). To reduce false positive read mapping the hs37d5ss reference genome from 1000G 

consortium was also used as mapping target.  After reference mapping, duplicate reads were marked 

with Picard tools version 1.85 (http://picard.sourceforge.net/).  

 

SNV and short indel calling 

 Processing of mapped reads and calling of single nucleotide variants and short insertions/deletions 

was carried out with the Genome Analysis Toolkit (GATK) version 3.3173: reads mapping to known 

indel regions were realigned using the GATK Indel Realigner to reduce false positive SNP calls 

resulting from mapping artefacts around indels. Base call quality scores were recalibrated using the 

GATK BaseRecalibrator174. Variants were called with GATK HaplotypeCaller algorithm and variant 

calling scores recalibrated with GATK VSQR. 

 

 

 

http://picard.sourceforge.net/
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2.4.3 Annotation and in-silico predictions of genetic variants 

 

Variants were annotated in ANNOVAR175, which annotates the variants with pathogenicity likelihood 

scores derived from in-silico predictive algorithms: : i) Sorting Intolerant From Tolerant (SIFT)20, 

which relies on “the degree of conservation of amino acid residues in highly conserved regions in 

sequence alignments derived from closely related sequences” and ii) Polymorphism Phenotyping v2 

(Polyphen-2)21 which predicts “the possible impact of amino acid substitutions on the stability and 

function of human proteins using structural and comparative evolutionary considerations”. A high 

score indicates a high probability that an amino acid exchange is “deleterious” based on a 

combination of these attributes. iii) Mendelian Clinically Applicable Pathogenicity (M-CAP)176 score, 

which is a pathogenicity likelihood score based on a combination of  existing scores, like SIFT and 

Polyphen-2, as well as direct measures of evolutionary conservation, as depicted by tools such as 

the Residual Variation Intolerance Score (RVIS)177. 

 

 

 

 

 

 

 

 

 



80 
 

2.5 Statistical analysis methods 

 

2.5.1 General statistical methods 

 

Distribution of continuous variables was assessed by the Kolmogorov–Smirnov and Shapiro-Wilks 

tests and by visual inspections of histograms. Transformation to normality was performed using the 

rank-based inverse normal transformation method employed by the rntransform function in the 

GenAbel package178 prior to parametric statistical analysis. Continuous variables were presented as 

means and standard deviation and differences between groups used the Student’s t-test or ANOVA 

for more than 2 groups. Dichotomous variables were summarised as percentages and analysis used 

non-parametric methods; Chi-squared or Fisher’s Exact test depending on number of samples.  

 

Multiple linear regression was used for analysis of continuous variables. Response curves were 

analysed by Area Under the Curve (AUC) comparison and comparison between groups at single 

time point used the t-test. Statistical analyses were run in R v3.3.1179. 

 

2.5.2 Statistical genetics methods 

 

2.5.2.1 Genome-wide association analyses 

 

GWA analysis was carried for each SNP using linear regression assuming an additive genetic model, 

i.e. each additional risk allele of SNP increases linearly a quantitative trait. The analysis was 

performed in PLINK v1.9 software, which has been a gold standard for handling genotyping data 

and running GWAS180,181. Population stratification was adjusted by using PC values as covariates. 

Additional standard covariates used were age, age2 (age-squared) and sex as well as other cohort 
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specific covariates. Analysis was inspected by means of Quantile-Quantile plots (QQ-plots) of P-

values and visualised by Manhattan and regional plots. 

 

QQ plots were used to inspect the relationship between the expected and observed distributions of 

P-values. Given that most values lie on the y = x line, would indicate that the analysis was carried 

out adjusting for population structure correctly, whereas a shift away from the y = x line, would 

indicate a systemic bias. True positive associations were observed as a slight deviation in the upper 

right tail of the distribution. The overall degree of deviation from the y = x line is measured formally 

by the genomic inflation factor (λGC) which is defined as “the median of the resulting chi-squared test 

statistics divided by the expected median of the chi-squared distribution”182. A value close to 1 

suggests appropriate adjustment for population stratification while a value >1.2 suggests possible 

stratification, and typically, it would be appropriate to use additional PCs in the analysis.  

 

Manhattan plots were used to illustrate SNP associations by chromosomal location. Each dot 

represented a P-value plotted with chromosomal location on the x-axis and -log10 of P-value on the 

y-axis. Visual inspection allowed for identification of isolated SNPs with relatively small P-values, 

suggesting potentially spurious findings. Regional association plots (or LD plots) were used to 

visualise LD patterns between top SNPs and previously reported SNPs in nearby regions. Manhattan 

and QQ-plots were generated using qqman package168 and regional association plots were carried 

out in SNiPA183. 

 

2.5.2.2 Genetic Risk Scores 

 

Typically, in a GWAS, millions of SNPs are tested individually for association with a trait or a disease 

and as a result correcting for multiple testing requires the application of a conservative false positive 

rate of 5×10-8. Nevertheless, the amount of variation contributing to phenotype by each SNP is only 
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modest, therefore to apply a statistically powerful risk prediction model in smaller cohorts, the genetic 

risk score (GRS) is used. The use of a single genetic term would mean that correction for multiple 

testing is not required as in the case of individually tested SNPs. It is however an essential step to 

test candidate SNPs individually and observe any deviations of the expected direction of effect due 

to possible heterogeneity. For instance, one would expect that the direction of effect of the BMI-

increasing alleles of the 97 BMI SNPs identified in the GIANT consortium would be positive in 

replication cohorts (Table 2.1). Usually, there are two methods employed for GRS calculation. One 

is simply counting the number of risk alleles of each SNP, the sum of which would represent an 

unweighted GRS (uGRS). This method relies on the fact that all SNPs have the same weighting. 

Alternatively, the risk allele of each SNP is weighted against its effect size followed by summing of 

the scores to create a weighted GRS (wGRS). The effect sizes used for this purpose are estimates 

from regression analyses produced in the GWAS consortia of the phenotype of interest. For SNPs 

derived from GWAS of continuous phenotypes (e.g. BMI) beta coefficients are used whereas for 

SNPs of dichotomous phenotypes (e.g. T2D) the natural log transformation of the odds ratio is used. 

It is a common practice to use weights from previously published independent cohorts to avoid bias. 

These scoring methods rely on the assumption that the SNPs are not in LD with each other and that 

their effects on risk are additive.  

The wGRS is calculated as the sum of each risk allele weighted by its reported effect size. The 

imputed dosages for each SNP were re-coded to represent the number of risk-increasing alleles for 

that particular SNP. The GRS was calculated in the following way:  


=

=
n

i

ijij gws
1

 , 

where sj is the score for individual j,  gij is the number of effect alleles (0, 1, 2) for SNP i carried by 

individuals j, and wi is the effect size for SNP i. 
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2.5.2.3 Polygenic risk scores 

 

Polygenic risk scores (PRS) have the same concept of a GRS, in using SNPs derived from GWAS, 

however, instead of only relying on genome-wide significant SNPs they are composed of a larger 

number of SNPs falling within a specified significance threshold. By using more markers, a PRS, 

theoretically can predict more of the variation of the outcome variable. Also, the PRS is more 

powerful when GWAS results from a large sample size are used. Here, I used PRSice184 to calculate 

and apply the best-fit PRS that is able to predict the outcome variable. The method considers a 

number of PRSs, after applying SNP P-value thresholds. After running linear models for each risk 

score, the one “predicting” the outcome variable with the highest variability (highest R2), is 

considered as the best-fit PRS. It is a requirement that the samples used to generate the base GWAS 

results are not included in the target sample set, otherwise the prediction is biased. The PRS 

methodology can be applied by using base GWAS results of phenotype X, to calculate PRS on a 

target sample set with genotyped/imputed data followed by linear modelling on phenotype X (same 

phenotype) or phenotype Y. 
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3.1 Introduction to Chapter 

 

The chapter explores how common genetic variants influence fat distribution patterns, using GWAS. 

As population rates of obesity and associated diseases escalate, the implications of body fat 

distribution, are eliciting increasing interest185. Abdominal fat distribution has been recognised as a 

major determinant of metabolic health. In particular, VAT is associated with increased risk of T2D 

and CVD186, independently of BMI while ASAT has a protective effect187,188. The research presented 

in this chapter is aimed at identification of the genetic determinants influencing abdominal fat 

distribution patterns, using exclusively high-accuracy MRI-derived data from the UKBB. 
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3.2 Background  

 

Body fat distribution has been classically expressed by means of anthropometric measurements, 

mainly waist circumference (WC), hip circumference (HIP) and waist-to-hip ratio (WHR). These traits 

have the advantage of ease of measurement, but are not as informative on fat distribution profiles 

as data from imaging studies. The genetic heritability of WC and WHR were estimated to be 

approximately 39% and 31%, respectively189. GWAS analyses have revealed several loci associated 

with % body fat111, WC and WHR108, but only three such studies have been performed using direct 

measures of abdominal fat that can discriminate between abdominal visceral and subcutaneous fat 

deposition115-117. Such GWAS data have indicated that the pattern of fat distribution is influenced by 

distinct genetic factors to those associated with BMI. Analysis of the loci implicated in the latest 

GWAS meta-analysis of BMI revealed a major neuro-behavioural component underpinning the 

trait26. In contrast, WHR and WC GWAS analyses identified loci indicating that these traits are more 

likely to be influenced by early development and/or differentiation of adipocytes108. 

 

Sexual dimorphism in adiposity and body fat distribution is present throughout life. Specifically, the 

difference appears to be more prominent in the abdominal region where women tend to have more 

ASAT and men more VAT115,190. Differences in fat distribution could be the underlying factor in the 

higher risk of CVD observed in men compared to women191. Sex-stratified genetic analyses 

emphasise the strong sexual dimorphism in the genetic regulation of fat distribution traits. Although 

overall many of the loci are located near genes that are expressed in adipose tissue and/or adipose 

cells, there are sex-specific associations that emphasise the distinct biological mechanisms 

underlying fat distribution in males and females115,116. 
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Simple anthropometric measurements of fat distribution are limited due to their inability to 

discriminate between VAT and ASAT. In many studies, the associations between CVD and VAT 

measured by computed tomography (CT), a method which provides a more direct and precise 

assessment of adipose tissue compartment, are stronger than the associations observed with other 

typical anthropometric measures115. Magnetic resonance imaging (MRI) has gained much interest 

and considered to be the gold standard for body composition analysis because it is able to quantify 

absolute adipose tissue volumes, in different compartments, in a consistent and accurate 

manner153,154.  
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3.3 Hypothesis and aims 

 

The main hypothesis of this study is that new common genetic variants of abdominal adiposity can 

be identified by using highly-defined phenotypes of abdominal adipose tissue distribution. The aims 

are: i) to utilise MRI data from the UKBB imaging cohort152, and carry out GWAS on VAT, ASAT, and 

IAFR; ii) carry out sex-stratified analyses to determine sex-specific effects; iii) Following identification 

of associated SNPs, to use polygenic risk score analysis to predict anthropometric measurement of 

fat distribution in the rest of UKBB cohort using GWAS results from the current study.  
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3.4 Materials and Methods 

 

3.4.1 Study cohort  

 

Data from the UKBB imaging cohort (N=6,021; to date) was used. The particular subset was 

recruited at follow-up visit “Instance 2” (2014 to date) in one centre (Cheadle), of which 5,938 had 

genotype data. A total of 1,609 individuals were flagged as “related” in the whole UKBB (N~500,000). 

However, after careful inspection using relatedness inference, most of them were unrelated within 

the UKBB imaging cohort and were included in the analysis (Figure 3.1). A final sample size of 5,127 

individuals was used. After extraction, imputed data was converted to hard-called binary format in 

PLINK. SNPs imputed with an information score >0.8, MAF >1% and genotyping probability of >0.8 

were considered as best-guess genotypes. Monomorphic SNPs and those with <98% call rate after 

hard-calling were excluded. The final post-imputation analytic sample included 8,053,639 markers. 

 

Figure 3.1 UKBB imaging cohort with genetic data 
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3.4.2 GWA analyses 

 

GWAS was performed in PLINK v1.9180,181 using an additive genetic model adjusting for age, age 

squared (age2), sex, BMI, T2D and genotyping chip. Additionally, population stratification was 

controlled using the first five dimensions from PCA provided with the data release. Power calculation 

using the Qaunto software192 indicated that a sample size of ~1,500 has >80% power to detect 

association of common SNPs with MAF= 0.5, β = 0.20 and at significance level of P=5x10-6. 

Genome-wide level of significance was defined at the standard threshold of P<5×10-8 and suggestive 

associations were considered empirically at P≤5×10-6. To verify whether the associations were sex-

specific, additional analyses stratified by sex were performed, as well as, cross-sex associations for 

each set. Independent loci were identified based on P-value after clumping, carried out in PLINK. A 

lead SNP (lowest P-value) was considered to represent each clump containing all SNPs within 250 

kb and in linkage disequilibrium (R2 >0.25) with it. The genomic inflation factor of P-value distribution 

(λGC) was estimated using the ‘estlambda’ function in the GenABEL package178.  QQ-plots and 

Manhattan plots were carried out in R v3.3.1179 using the qqman package193. Regional association 

plots were prepared in SNiPA183. 

 

3.4.3 SNP heritability estimation 

 

Heritability estimated by SNPs included on the UKBB chips was calculated using GCTA-GREM29,194. 

The estimation was performed using the genotyped dataset to avoid confounding by uncertain 

imputed SNPs. Autosomal SNPs with >95% call rate and >1% MAF were included to avoid bias 

introduced by genotyping errors. Although sample QC had already been performed to include 

unrelated individuals, a more stringent genetic relationship threshold of 0.025 was introduced when 

estimating the genetic relationship matrix. Analyses were performed overall, and stratified by sex. 
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Covariates included five PC to adjust for variance due to population stratification, as well as genotype 

chip, age, age2 and sex for joint analyses. 

 

3.4.4 Polygenic Risk Scoring 

 

Polygenic risk scoring (PRS) used the PRSice184 method to investigate the ability of the current 

GWAS results to predict surrogate measures of adiposity in the rest of the UKBB cohort (ie excluding 

the samples from the imaging cohort). In brief, SNPs from the base dataset (current GWAS) were 

clumped by the top P-value (r2>0.1, distance <250kb). A range of scores was calculated as the sum 

of risk alleles for each SNP, weighted by its effect size, for SNPs with P-value ranging from 0 to 0.5 

and in increments of 0.01 (i.e. 50 scores). A linear regression between each score and outcome, 

adjusting for age, age2, sex and first five PCs was fit to calculate the proportion of variance (adjusted 

R2). Significance was set at P<0.001, after correcting for the 50 non-independent tests involved in a 

single PRS analysis. 

 

3.4.5 Descriptive statistical analysis 

 

Descriptive statistics were obtained for anthropometric and volume measurements of adiposity. 

Established sex differences in body fat distribution were carried out in male and female subjects 

separately. Bonferroni correction for multiple comparisons was performed. All statistical analyses 

were performed in R v3.3.1179. 
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3.5 Results 

 

3.5.1 UKBB imaging cohort description 

 

The UKBB imaging sample characteristics of 6,021 individuals (2,864 males and 3,157 females) are 

presented in Table 3.1, with significant sex differences observed in all outcomes except hip 

circumference. Men were slightly older, taller and had greater WC, blood pressure, weight, BMI, 

whole body fat free mass, and trunkal fat. On the other hand, women had greater total body fat and 

whole-body fat mass. Males had on average 2.3 L more fat deposited as VAT compared to females 

(4.9; SD=2.3 vs. 2.6; SD=1.5, P<0.001) while females had 2.1 L higher ASAT than males (8.0; 

SD=3.4 vs. 5.9; SD=2.5, P<0.001).  

 

The samples, originating from 21 different recruitment centres across the country, were scanned at 

one centre (Cheadle). The distribution of samples across centres, however, is different compared to 

the rest of UKBB (P<0.0001; Appendix III). About 75% of the current UKBB imaging cohort originate 

from centres primarily in the North of England: Manchester, Leeds, Bury, Liverpool, Sheffield. There 

is a subtle difference in anthropometric and socioeconomic measures between the UKBB imaging 

cohort and the rest of UKBB (Table 3.2). 

 

The relationship of MRI-derived measurements with other measures of body composition was 

examined to understand the nature of the phenotype (Table 3.3). Measures of VAT by MRI are 

strongly correlated with counterpart measures by DXA, overall and separately in males and females 

(roverall=0.97, rmales=0.96, rfemales=0.95).  
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Table 3.1 Characteristics of UKBB imaging cohort (N=6,021) 

Outcomes from UK biobank participants. DBP: Diastolic Blood Pressure, SBP: Systolic Blood Pressure, BMI: Body Mass 
Index, MRI: Magnetic Resonance Imaging, VAT: Visceral Adipose Tissue, ASAT: Abdominal Subcutaneous Tissue, ^ fat 
measurement from Bioelectrical Impedance. Comparisons of means used Student’s t-test on normal-transformed data. 

 

 

 

 

 

 

 Men (n=2,864) Women (n=3,157)  

Parameter Mean ± SD Range Mean ± SD Range P-value 

Age 60.4 ± 7.6 43 - 75 58.9 ± 7.4 42 - 75 <0.001 

Waist circumference (cm) 93.6 ± 10 66 - 150 82.1 ± 11.4 55 - 137 <0.001 

Hip (cm) 101.7 ± 7.2 82 - 150 101.2 ± 9.7 77 - 155 0.026 

Height (cm) 176.1 ± 6.6 152 - 200 162.8 ± 6.3 141 - 195 <0.001 

DBP (mmHg) 80.9 ± 10.3 38 - 121 77.8 ± 10.4 45 - 120 <0.001 

SBP (mmHg) 141.9 ± 17.4 97 - 219 134.9 ± 19.8 87 - 225 <0.001 

Weight (kg) 84.3 ± 13.6 52 - 160 68.7 ± 12.9 41 - 154 <0.001 

BMI (kg/m2) 27.3 ± 3.8 18 - 54 26.3 ± 4.6 16 - 50.3 <0.001 

^Body Fat (%) 21.8 ± 7.5 7 - 42 35.9 ± 6.7 9.7 - 59 <0.001 

^Whole body fat mass (%) 25.1 ± 5.4 6 - 71 25.7 ± 9.1 5.5 - 70 <0.001 

^Whole body fat free mass (%) 63.1 ± 7.4 40 - 99 44.1 ± 4.6 32.9 - 67 <0.001 

^Trunk fat mas 13.6 ± 4.7 1 - 41 13.1 ± 4.9 0.7 - 38 <0.001 

^Trunk fat mass (%) 27.5 ± 6.3 3 - 47 33.5 ± 7.6 3 - 66.4 <0.001 

VAT (L) by MRI 4.9 ± 2.3 0.4 - 14 2.6 ± 1.5 0 - 12.09 <0.001 

ASAT (L) by MRI 5.9 ± 2.5 0.7 - 22 8.0 ± 3.4 0.8 - 24 <0.001 

Liver Fat Fraction Mean (%) 4.7 ± 4.7 0.7 - 34 3.6 ± 4.5 0.5 - 35 <0.001 
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Table 3.2 Characteristics of UKBB imaging cohort in comparison to the whole UKBB 

 

 UKBB total UKBB without imaging UKBB imaging P-value 

Assessment 
centres  22 22 21  
Female (%) 53.6 53.6 52.4 0.006 

Age (years) 56.9 (8.0) 56.9 (8.0) 55.8 (7.5) <0.0001 

BMI (kg/m2) 27.4 (4.8) 27.4 (4.8) 26.7 (4.3) <0.0001 

WHR  0.87 (0.09) 0.87 (0.09) 0.86 (0.09) <0.0001 

Body fat (%) 31.3 (8.5) 31.3 (8.5) 30.3 (8.3) <0.0001 

TDI -1.57 (2.93) -1.57 (2.94) -2.00 (2.65) <0.0001 

Income (%)    <0.0001 

<18,000 21.7 21.8 14.0  
18,000-30,999 25.6 25.6 25.3  
31,000-51,999 26.5 26.5 30.5  

52,000-100,000 20.8 20.7 24.4  
>100,000 5.4 5.4 5.8  

Comparisons of means used Student’s t-test on normal-transformed data for continuous variables and Chi-squared test 
for categorical variables. BMI: Body Mass Index, WHR: Waist-to-Hip ratio, TDI: Townsend Deprivation Index. Income 
denotes average total household income before tax 
 

 

 

Table 3.3 Relationship between MRI variables and other measures of body composition  

 BMI WHR Total DXA Trunk DXA VAT DXA 

MRI 
variable overall males females overall males females overall males females overall males females overall males females 

ASAT 0.80 0.85 0.91 0.11 0.54 0.42 0.86 0.85 0.88 0.87 0.82 0.88 0.40 0.73 0.76 

VAT 0.68 0.77 0.77 0.73 0.64 0.62 0.27 0.82 0.78 0.56 0.87 0.84 0.97 0.96 0.95 

IAFR 0.17 0.15 0.19 0.66 0.30 0.49 -0.30 0.22 0.27 0.01 0.33 0.38 0.68 0.51 0.59 

Values are Pearson correlation coefficients (P<0.0001) from correlation analysis of body compositions measurements in 
the UKBB imaging cohort.  BMI: Body Mass Index, MRI: Magnetic Resonance Imaging, VAT: Visceral Adipose Tissue, 
ASAT: Abdominal Subcutaneous Tissue, DXA: Dual-energy X-ray absorptiometry, Total DXA: Total tissue fat percentage 
from DXA, Trunk DXA: Trunk tissue fat percentage from DXA, VAT DXA: VAT volume from DXA 
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Table 3.4 SNP-based heritability estimates of abdominal fat distribution in the UKBB 

 

 H2 (G)  SE 

VAT    

Overall 

Men 

Women 

0.39 

0.52 

0.45 

 0.023 

0.054 

0.039 

ASAT    

Overall 

Men 

Women 

0.58 

0.24 

0.55 

 0.028 

0.056 

0.035 

IAFR 

Overall 

Men 

Women 

 

0.27 

0.31 

0.33 

  

0.014 

0.026 

0.025 
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3.5.2 GWAS of abdominal adiposity   

 

Association analysis was performed overall (men and women) and stratified by sex. QQ-plots of P-

values suggest there is no underlying inflation of association statistics due to ancestry (λGC ~1.00) 

(Figures 3.2, 3.5 and 3.7). Manhattan plots for each outcome are shown in Figures 3.3, 3.6 and 3.8. 

The proportion of variance in each of the abdominal fat measures explained by genotyped SNPs 

(SNP-based heritability) are presented in Table 3.4. Approximately 27-58% of variance can be 

explained for all three measurements in the sex-combined analysis. For ASAT, heritability estimates 

were higher in females compared to males (55% vs 24%) whereas for VAT it was slightly higher in 

males compared to females (52% vs 45%). 

 

3.5.2.1 Overall analyses (men and women) 

 

In the sex-combined GWAS, one genome-wide hit and 43 SNPs at P P≤5×10-6 were identified to be 

associated with any of the three phenotypes, VAT, ASAT or IAFR (Tables 3.5, 3.6 & 3.7). Some of 

the loci were associated with multiple phenotypes or associated with same phenotype but multiple 

strata.  

 

GWA analysis of VAT yielded rs182052 in the first intron of Adiponectin (ADIPOQ) reaching genome-

wide significance (β=0.114; P=3.04×10-8) and 12 other independent loci at suggestive significance 

(Table 3.5, Figure 3.4). The rs182052 SNP had an imputation information score of 1 indicating that 

it was indeed a genotyped marker included on the UKBB chip. A confirmatory analysis on the 

genotyped dataset was ran to validate the association.  ASAT GWAS did not yield any genome-wide 

significant loci. The most top SNP was rs117052851, intronic to Caveolin 1 (CAV1) at a significance 

of P=6.82×10-8 (Table 3.6). Similarly, IAFR GWAS did not yield any genome-wide significant loci. 
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The top SNP was the intronic rs10172294, in the Secretin Receptor (SCTR) (P=1.09×10-6), along 

with 13 other hits (P<5×10-6; Table 3.7).  
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Figure 3.2 QQ-plot of P-values from VAT GWAS  

 

 

Quantile–quantile plot illustrates the relationship between observed (y-axis) and expected (x-axis) P-values. 

λGC = 0.989 
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Figure 3.3 Manhattan plot of VAT GWAS 

 

 

 

 

 

 

 

The figure illustrates the level of statistical significance (y-axis), measured by the negative log of the corresponding P-

value, for each single nucleotide polymorphism (SNP), indicated by a grey or black dot. SNPs are arranged by 

chromosomal location (x-axis). 1 SNP reached genome-wide significance (P < 5×10−8 ; red line) and 12 lead SNPs were 

suggestive of association (P < 5×10−6 ; blue line). 
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Table 3.5 Top independent hits from VAT GWAS  

SNP CHR BP Gene 
location 

Gene/Closest 
gene(s) 

EA/Other 
allele 

EAF Beta 
overall 

Beta 
male 

Beta 
female 

P-value 
overall 

P-value 
male 

P-value 
female 

Information 

Score 

rs182052 3 186560782 Intronic ADIPOQ G/A 0.66 0.114 0.120 0.105 3.04E-08 1.56E-04 2.07E-04 1.000 

rs60059781 6 87426117 Intergenic NT5E, SNX14, SYNCRIP, 
HTR1E 

G/GT 0.98 0.333 0.300 0.315 3.67E-07 2.02E-03 2.56E-04 0.912 

rs7350091 8 11267777 Intronic C8orf12 G/A 0.57 0.100 0.108 0.092 5.18E-07 2.58E-04 5.03E-04 0.986 

rs3945288 9 71348843 Intronic PIP5K1B T/C 0.04 0.246 0.346 0.135 1.40E-06 6.09E-06 4.20E-02 0.995 

rs73156830 7 139225353 Intronic CLEC2L G/A 0.98 0.351 0.473 0.264 1.64E-06 1.82E-05 5.49E-03 0.894 

rs77003912 3 21632183 Intronic ZNF385D G/T 0.97 0.285 0.362 0.172 2.06E-06 1.43E-05 4.13E-02 0.978 

rs12513066 4 95625213 Downstream RP11-554D13.1 (linc 
RNA) 

G/A 0.96 0.259 0.295 0.217 2.30E-06 5.27E-04 1.79E-03 0.972 

rs7843516 8 82878789 Intergenic SNX16 T/C 0.33 0.101 0.158 0.046 2.67E-06 1.14E-06 9.87E-02 0.992 

rs11624143 14 78131194 Intergenic SPTLC2/ALKBH1 T/A 0.48 0.093 0.079 0.097 3.64E-06 8.01E-03 2.89E-04 0.981 

rs6757604 2 120244703 Intronic SCTR T/G 0.32 0.100 0.096 0.088 3.87E-06 2.30E-03 2.55E-03 0.983 

rs283719 8 128309778 Intronic CASC8 G/C 0.93 0.192 0.255 0.136 4.30E-06 3.46E-05 1.34E-02 0.980 

rs72982229 11 101287167 Intergenic PGR, LOC101054525, 
TRPC6 

A/G 0.94 0.198 0.264 0.133 5.00E-06 4.38E-05 2.03E-02 0.984 

rs148066372 18 46504854 Intergenic SMAD7/DYM A/G 0.95 0.215 0.162 0.230 5.00E-06 2.38E-02 1.61E-04 0.973 

 
Each lead SNP represents an independent locus after clumping all SNPs within 250 kb in linkage disequilibrium (R2 >0.25). Only the most significant 
variant per locus is shown. Effect alleles shown are the fat-increasing alleles. Beta: effect size in SD units; SNP: Single Nucleotide Polymorphism; 
Chr: Chromosome; BP: Base-pair; EA: Effect allele; NEA: Non-effect allele; EAF: effect allele frequency 
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Figure 3.4 Regional association plot of genome-wide significant locus in VAT GWAS 
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 Figure 3.5 QQ-plot of P-values from ASAT GWAS  

 
Quantile–quantile plot illustrates the relationship between observed (y-axis) and expected (x-axis) P-values 

λGC = 1.010 
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The figure illustrates the level of statistical significance (y-axis), measured by the negative log of the corresponding P-

value, for each single nucleotide polymorphism (SNP), indicated by a grey or black dot. None of the SNPs reached 

genome-wide significance (P < 5×10−8 ; red line) however, 17 lead SNPs were suggestive of association (P < 5×10−6 ; 

blue line). 

Figure 3.6 Manhattan Plot of ASAT GWAS 
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Table 3.6 Top independent hits from ASAT GWAS 

 

SNP CHR BP Gene 
location 

Gene/Closest 
gene(s) 

EA/Other 
allele 

EAF Beta 
overall 

Beta 
male 

Beta 
female 

P-value 
overall 

P-value 
male 

P-value 
female 

Information 

Score 

rs117052851 7 116193508 Intronic CAV1 A/T 0.95 0.135 0.105 0.161 6.82E-08 4.01E-03 3.10E-06 1.000 

rs34415625 10 60110154 Intronic UBE2D1 ATG/A 0.55 0.059 0.072 0.046 7.21E-08 7.01E-06 2.65E-03 0.993 

rs10924026 1 116805100 Intergenic MAB21L3/ATP1A1 C/T 0.37 0.057 0.049 0.063 3.72E-07 1.78E-03 7.52E-05 0.982 

rs9390100 6 143853694 Upstream PHACTR2 T/C 0.85 0.076 0.069 0.085 4.69E-07 2.22E-03 3.53E-05 0.985 

rs12871637 13 71986708 Intergenic LINC00348/DACH1 A/G 0.90 0.087 0.104 0.069 8.19E-07 7.03E-05 3.93E-03 0.992 

rs113862627 3 68725475 Intergenic FAM19A1/FAM19A4 C/G 0.02 0.176 0.154 0.193 1.03E-06 5.13E-03 4.97E-05 0.942 

rs76405518 7 50600479 Intronic DDC T/C 0.95 0.126 0.096 0.145 1.12E-06 1.82E-02 1.48E-05 1.000 

rs146335031 19 39728544 Upstream IFNL3P1 G/T 0.98 0.171 0.165 0.172 1.43E-06 2.54E-03 2.16E-04 0.959 

rs199650212 6 15311487 Intronic JARID2 GTCTC/G 0.98 0.164 0.138 0.190 1.73E-06 3.89E-03 1.16E-04 0.959 

rs35269416 1 1900186 Exonic CFAP74(C1orf222) C/T 0.20 0.066 0.065 0.063 2.03E-06 9.83E-04 1.25E-03 1.000 

rs72850635 17 79258784 Intronic SLC38A10 C/T 0.05 0.118 0.136 0.101 2.98E-06 1.72E-04 4.59E-03 0.992 

rs2328506 6 143944893 Intronic PHACTR2 G/T 0.77 0.061 0.032 0.081 3.13E-06 1.01E-01 3.62E-06 0.998 

rs370988333 2 88657004 Intergenic THNSL2/FOXI3 TAGAC/T 0.97 0.173 0.184 0.167 3.49E-06 1.23E-03 6.38E-04 0.940 

rs13145474 4 177237758 Intronic SPCS3 C/A 0.89 0.079 0.075 0.080 3.53E-06 2.13E-03 6.27E-04 0.987 

rs4835862 5 124374543 Intronic RP11-257I8.2 (linc 
RNA) 

A/G 0.01 0.221 0.241 0.196 3.71E-06 7.65E-04 2.10E-03 0.852 

rs11237706 11 78776903 Intronic TENM4 G/A 0.62 0.052 0.056 0.048 3.93E-06 5.37E-04 2.23E-03 0.982 

rs75491487 20 10808912 Intronic RP11-103J8.1 (linc 
RNA) 

A/C 0.92 0.093 0.087 0.092 4.98E-06 6.39E-03 5.64E-04 0.946 

 
Each lead SNP represents an independent locus after clumping all SNPs within 250 kb in linkage disequilibrium (R2 >0.25). Only the most significant 
variant per locus is shown. Effect alleles shown are the fat-increasing alleles. Beta: effect size in SD units; SNP: Single Nucleotide Polymorphism; 
Chr: Chromosome; BP: Base-pair; EA: Effect allele; NEA: Non-effect allele; EAF: effect allele frequency 
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Figure 3.7 QQ-plot of P-values from IAFR GWAS  

 

λGC = 0.999 

Quantile–quantile plot illustrates the relationship between observed (y-axis) and expected (x-axis) P-values 
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The figure illustrates the level of statistical significance (y-axis), measured by the negative log of the corresponding P-

value, for each single nucleotide polymorphism (SNP), indicated by a grey or black dot. None of the SNPs reached 

genome-wide significance (P < 5×10−8 ; red line) however, 14 lead SNPs were suggestive of association (P < 5×10−6 ; 

blue line). 

 

Figure 3.8 Manhattan Plot of IAFR GWAS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

  

 



108 
 

Table 3.7 Top independent hits from IAFR GWAS 

 

SNP CHR BP Gene 
location 

Gene/Closest gene(s) EA/Other 
allele 

EAF Beta 
overall 

Beta 
male 

Beta 
female 

P-value 
overall 

P-value 
male 

P-value 
female 

Information 

Score 

rs10172294 2 120245535 Intronic SCTR A/G 0.14 0.164 0.152 0.168 1.09E-06 2.18E-03 2.29E-04 0.983 

rs2236537 1 182058955 Non-coding 
exonic 

RP11-538D16.3 (linc RNA) A/G 0.17 0.150 0.165 0.126 1.19E-06 1.39E-04 3.74E-03 0.975 

rs12780796 10 102264004 Intronic SEC31B C/T 0.28 0.124 0.127 0.122 1.22E-06 5.34E-04 5.86E-04 0.993 

rs116830663 1 108537567 Downstream VAV3-AS1 A/C 0.03 0.342 0.290 0.367 1.48E-06 3.25E-03 3.13E-04 1.000 

rs138532354 3 6930930 Intronic GRM7 A/C 0.65 0.118 0.099 0.138 1.49E-06 5.58E-03 3.52E-05 0.984 

rs1765457 1 81194221 Intergenic LOC101927412/ADGRL2(LPHN2) G/C 0.88 0.178 0.148 0.193 1.67E-06 5.43E-03 1.88E-04 0.977 

rs186037311 7 31217150 Intergenic ADCYAP1R1/NEUROD6 A/G 0.01 0.489 0.598 0.295 1.77E-06 4.23E-06 7.50E-02 0.981 

rs4926718 1 47661564 Upstream PDZK1IP1 (MAP17) A/G 0.24 0.124 0.141 0.111 1.98E-06 2.14E-04 1.78E-03 1.000 

rs148066372 18 46504854 Intergenic SMAD7/DYM A/G 0.95 0.255 0.217 0.278 2.06E-06 7.61E-03 8.91E-05 0.973 

rs11624143 14 78131194 Intergenic ALKBH1/SPTLC2 T/A 0.48 0.109 0.081 0.120 2.28E-06 1.61E-02 1.25E-04 0.981 

rs1644769 5 32616019 Intergenic SUB1/NPR3 G/A 0.77 0.129 0.126 0.130 2.52E-06 1.63E-03 4.53E-04 0.993 

rs12513066 4 95625213 Downstream RP11-554D13.1 (linc RNA) G/A 0.96 0.289 0.247 0.294 3.70E-06 1.10E-02 2.91E-04 0.972 

rs10101252 8 3389173 Intronic CSMD1 C/T 0.09 0.185 0.239 0.118 4.12E-06 1.55E-05 4.36E-02 1.000 

rs400925 19 30609211 Intergenic URI1/ZNF536 T/A 0.57 0.107 0.116 0.094 4.26E-06 5.73E-04 3.25E-03 0.993 

 
Each lead SNP represents an independent locus after clumping all SNPs within 250 kb in linkage disequilibrium (R2 >0.25). Only the most significant 
variant per locus is shown. Effect alleles shown are the fat-increasing alleles. Beta: effect size in SD units; SNP: Single Nucleotide Polymorphism; 
Chr: Chromosome; BP: Base-pair; EA: Effect allele; NEA: Non-effect allele; EAF: effect allele frequency 
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3.5.2.2 Cross-sex and sex-stratified analyses 

 

There were clear sex differences when top hits from the sex-combined analysis were analysed 

separately in men and women. Despite the same direction of effect there were remarkable 

differences in effect sizes. For instance, the effect size for rs3945288 (PIP5K1B), rs73156830 

(CLEC2L), rs77003912 (ZNF385D), rs7843516 (SNX16) from the VAT GWAS was ~2-3 times larger 

in males compared to females (Table 3.5). Similarly, the effect size of rs186037311 

(ADCYAP1R1/NEUROD6) from IAFR GWAS was 3 times larger in males compared to females 

(Table 3.7). 

 

In sex stratified analyses for VAT there were 11 male-specific and 10 female-specific top hits, 

although none reached genome-wide significance (Table 3.8). In males, the top hit was rs190698177 

corresponding to IFI44 (βmales =0.711, Pmales=8.51×10-7) which showed no association in females 

(βfemales =0.050, Pfemales=0.645). Similarly, in females the top hit was rs61780305 IL23R (βfemales 

=0.468, Pfemales=4.92×10-6) which was not associated in males (βmales=0.097, Pmales=0.518).  

 

A GWA analysis of ASAT in females yielded one genome-wide hit while 17 other SNPs reached 

suggestive significance (Table 3.9). The top hit was the intronic rs181635166 in NALCN 

(βfemales=0.338, Pfemales=1.51×10-8), which showed no association in males (βmales=-0.028, 

Pmales=0.674). GWA analysis of ASAT in males had 12 SNPs reaching suggestive significance. The 

top hit was rs75141803 (CADM2) (βmales=0.287, Pmales=2.71×10-7) which was not associated in 

females (βfemales=0.024, Pfemales=0.743).  

 

Sex stratified GWAS for IAFR did not reveal suggestive association. 
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Table 3.8 Sex-stratified VAT GWAS in men (A) and women (B) 

 A.

 

 

B. 

 

 

SNP CHR BP Gene location Gene/Closest gene Gene name EA/Other allele EAF Beta male P-value male Beta female P-value female

rs190698177 1 79,113,811 Upstream IFI44 Interferon Induced Protein 44 T/C 0.99 0.711 8.51E-07 0.050 0.645

rs6719306 2 106,192,040 Intergenic - - C/T 0.72 0.160 1.26E-06 -0.017 0.569

rs201136779 4 135,403,578 Intergenic - - C/CT 0.98 0.562 1.79E-06 0.050 0.627

rs60777606 7 75,440,704 Downstream CCL24 chemokine (C-C motif) ligand 24 C/T 0.94 0.299 8.54E-07 0.061 0.306

rs10267272 7 138,970,173 Intronic UBN2 ubinuclein 2 G/A 0.98 0.469 1.84E-06 -0.049 0.609

rs7825041 8 82,878,737 Intergenic SNX16 sorting nexin 16 A/G 0.30 0.158 1.14E-06 0.046 0.099

rs11041170 11 7,110,548 Missense RBMXL2 RNA binding motif protein, X-linked-like 2 T/C 0.24 0.154 3.48E-06 0.011 0.722

rs201307672 11 124,933,223 5' UTR SLC37A2 glucose-6-phosphate transporter GCCT/G 0.96 0.357 2.50E-06 -0.030 0.683

rs949113 11 134,507,329 Intergenic - - C/A 0.99 0.624 2.70E-06 0.064 0.667

rs2918357 19 36,753,624 Intergenic ZNF146 zinc finger protein 146 T/C 0.35 0.143 4.63E-06 0.021 0.442

rs62187483 20 1,233,298 Intronic RAD21L1 RAD21 cohesin complex component like 1 G/A 0.88 0.212 2.43E-06 -0.080 0.070

VAT men

SNP CHR BP Gene location Gene/Closest gene Gene name EA/Other allele EAF Beta female P-value female Beta male P-value male

rs61780305 1 67,638,814 Intronic IL23R interleukin 23 receptor A/T 0.02 0.468 4.92E-06 0.097 0.518

rs72765596 2 1,897,267 Intronic MYT1L myelin transcription factor 1 like G/T 0.04 0.316 3.31E-06 -0.005 0.950

rs76626693 4 182,381,681 Intergenic TENM3 teneurin transmembrane protein 3 C/A 0.98 0.492 1.02E-06 -0.218 0.102

rs6927248 6 47,005,150 Intronic ADGRF1 adhesion G protein-coupled receptor F1 A/C 0.27 0.139 4.92E-06 -0.019 0.570

rs117980918 7 97,235,168 Intergenic TAC1 tachykinin precursor 1 T/A 0.99 0.554 3.54E-06 0.160 0.136

rs149588952 8 32,029,122 Intronic NRG1 neuregulin 1 A/G 0.04 0.341 2.62E-06 0.015 0.849

rs13295059 9 84,410,380 Intergenic - - C/G 0.98 0.425 2.04E-06 0.162 0.090

rs185074488 11 18,767,823 Intronic PTPN5 protein tyrosine phosphatase, non-receptor type 5 C/T 0.98 0.433 1.19E-06 -0.067 0.520

rs78845075 21 28,851,611 Intergenic - - A/G 0.97 0.331 3.33E-06 0.029 0.741

rs9975847 21 42,566,473 Intronic BACE2 beta-site APP-cleaving enzyme 2 G/C 0.98 0.496 4.82E-06 -0.165 0.201

VAT women
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Table 3.9 Sex-stratified ASAT GWAS in men (A) and women (B) 

A. 

 

B. 

 

SNP CHR BP Gene location Gene/Closest gene Gene name EA/Other allele EAF Beta male P-value male Beta female P-value female

rs75141803 3 85,102,758 Intronic CADM2 cell adhesion molecule 2 T/C 0.98 0.287 2.71E-07 0.024 0.743

rs140001944 12 4,307,427 Intergenic CCND2 cyclin D2 C/T 0.97 0.253 3.01E-07 -0.077 0.125

rs143610282 16 17,620,691 Intergenic XYLT1 xylosyltransferase 1 G/A 0.98 0.280 7.31E-07 -0.068 0.286

rs75935752 7 54,813,499 Intergenic SEC61G Sec61 translocon gamma subunit C/T 0.97 0.233 1.32E-06 -0.002 0.969

rs10594895 11 77,209,542 Intergenic PAK1, AQP11 p21 (RAC1) activated kinase 1; aquaporin 11 CAT/C 0.98 0.244 2.54E-06 0.017 0.745

rs188161387 18 71,605,657 Intronic RP11-25L3.3  linc RNA C/T 0.99 0.307 3.67E-06 -0.012 0.850

rs116803882 5 24,630,289 Intronic CDH10 cadherin 10 G/A 0.98 0.249 3.99E-06 -0.050 0.275

rs17106570 1 81,959,588 Intronic ADGRL2 adhesion G protein-coupled receptor L2 G/A 0.84 0.096 4.09E-06 -0.008 0.697

rs62373335 5 124,636,612 Intergenic - - T/A 0.10 0.118 4.09E-06 0.038 0.126

rs78893675 12 94,006,657 Intergenic SOCS2 suppressor of cytokine signalling 2 C/T 0.98 0.283 4.40E-06 0.022 0.738

rs75159985 1 71,151,922 Intergenic PTGER3 prostaglandin E receptor 3 A/G 0.97 0.213 4.59E-06 -0.051 0.300

rs117210335 6 137,400,786 Intergenic IL20RA interleukin 20 receptor subunit alpha G/A 0.99 0.318 4.75E-06 0.022 0.676

ASAT men

SNP CHR BP Gene location Gene/Closest gene Gene name EA/Other allele EAF Beta female P-value female Beta male P-value male

rs181635166 13 101,795,857 Intronic NALCN sodium leak channel, non-selective C/T 0.98 0.338 1.51E-08 -0.028 0.674

rs17199606 14 24,713,097 Upstream/Downstream TINF2/GMPR2 TERF1 interacting nuclear factor 2/guanosine monophosphate reductase 2 C/T 0.98 0.302 1.56E-07 -0.005 0.929

rs146992398 7 116,174,345 Intronic CAV1 Caveolin 1 C/T 0.97 0.236 3.11E-07 0.110 0.007

rs117440322 7 78,659,328 Intronic MAGI2 membrane associated guanylate kinase, WW and PDZ domain containing 2 C/T 0.99 0.371 1.36E-06 -0.062 0.320

rs10031108 4 38,503,425 Intronic RP11-83C7.2 l inc RNA C/A 0.73 0.080 1.39E-06 0.013 0.453

rs187206136 5 72,030,477 Intronic  CTC-347C20.1 l inc RNA T/C 0.97 0.219 1.68E-06 -0.027 0.601

rs368170099 2 105,419,442 Intronic LINC01158 l inc RNA T/TAAATA 0.99 0.342 2.22E-06 0.003 0.963

rs2478573 10 18,288,571 Intronic SLC39A12 solute carrier family 39 member 12 A/G 0.87 0.111 2.44E-06 0.026 0.299

rs4771402 13 102,183,967 Intronic ITGBL1 integrin subunit beta like 1 G/A 0.72 0.078 2.48E-06 -0.024 0.167

rs201044104 7 155,213,710 Downstream AC008060.8 l inc RNA TACAC/T 0.97 0.187 2.57E-06 -0.002 0.975

rs1338535 6 143,929,874 Intronic PHACTR2 phosphatase and actin regulator 2 A/G 0.76 0.082 2.68E-06 0.025 0.205

rs7113234 11 39,809,294 Intergenic - - G/A 0.85 0.093 2.83E-06 -0.002 0.919

rs115627452 6 15,689,794 Intergenic DTNBP1 dystrobrevin binding protein 1 A/T 0.98 0.244 2.87E-06 0.079 0.199

rs72911343 2 191,006,768 Intronic C2orf88 chromosome 2 open reading frame 88 G/A 0.98 0.258 3.07E-06 0.023 0.645

rs117868082 11 59,629,794 Intronic TCN1 transcobalamin 1 G/A 0.99 0.326 3.27E-06 -0.053 0.414

rs10849644 12 119,740,528 Intronic LINC00934 l inc RNA G/T 0.88 0.107 3.54E-06 -0.009 0.700

rs7613326 3 186,553,692 Intergenic ADIPOQ ADIPOQ C/T 0.67 0.073 3.63E-06 -0.014 0.412

rs17427795 1 106,508,601 Intronic RP11-24P14.1 l inc RNA C/T 0.98 0.244 4.43E-06 -0.095 0.052

ASAT women
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Table 3.10 Lookups of top hits from MRI GWAS in other body composition phenotypes 

 

 VAT - rs182052 G (ADIPOQ)  ASAT - rs117052851 A (CAV1)  IAFR - rs10172294 A (SCTR) 

 

UKBB without 
imaging   UKBB imaging  

UKBB without 
imaging   UKBB imaging  

UKBB without 
imaging   UKBB imaging 

Adiposity 
variable Beta (SE) 

P-
value  

Beta 
(SE) 

P-
value  Beta (SE) 

P-
value  Beta (SE) 

P-
value  Beta (SE) 

P-
value  

Beta 
(SE) 

P-
value 

BMI 
0.0007 
(0.003) 0.788  

0.047 
(0.038) 0.217  

-0.005 
(0.006)  0.409  

-0.032 
(0.082) 0.694  

-0.001 
(0.004) 0.752  

0.033 
(0.052) 0.521 

WHR 
0.0001 
(0.002) 0.934  

0.026 
(0.026) 0.317  

0.003 
(0.004) 0.454  

0.034 
(0.057)  0.553  

0.002 
(0.002) 0.389  

0.085 
(0.036) 0.017 

Body Fat % 
0.002 

(0.002) 0.397  

0.037 
(0.029) 0.202  

0.004 
(0.002) 0.095  

0.059 
(0.037) 0.106  

0.002 
(0.002) 0.269  

0.059 
(0.023) 0.011 

Trunk fat % 
0.002 

(0.002) 0.210  

0.037 
(0.023) 0.106  

0.005 
(0.003) 0.152  

0.099 
(0.050) 0.051  

0.002 
(0.002) 0.379  

0.086 
(0.032) 0.007 
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3.5.3 Polygenic Risk Scoring  

 

GWAS results from the sex-combined VAT analysis of this study were used for PRS analysis 

to predict WHR in the rest of the UKBB cohort. Specifically, 50 risk scores were calculated 

using an increasing threshold for the inclusion of SNPs (P= 0 to P= 0.5 in steps of 0.01) 

weighted by their effect size. Although the PRS derived from VAT was associated with WHR 

(P = 0.00015), the variance explained was very low (R2=6×10-5). The plot showing the best-fit 

PRS association is found below (Figure 3.9). 

 

Figure 3.9 Bar plot of P-value thresholds for VAT PRS predicting WHR 
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3.6 Discussion 

 

The findings presented here from GWA analyses of abdominal fat depots in the UKBB, 

measured exclusively by MRI, reveal important key players in adipocyte metabolism. To our 

knowledge, this is the largest GWAS using exclusively abdominal adiposity phenotypes from 

MRI to identify genetic loci associated with parameters of abdominal adipose tissue 

distribution, namely: visceral adipose tissue (VAT), abdominal subcutaneous adipose tissue 

(ASAT), and intra-abdominal fat ratio (IAFR). The current study identified two genome-wide 

hits: rs182052 in ADIPOQ (β=0.114, P=3.04×10-8), from VAT analysis in both men and 

women, and rs181635166 in NALCN (β=0.338, P=1.51×10-8), from ASAT analysis in women 

only. 

 

GWAS of sex-combined analysis identified the intronic rs182052 in the gene encoding 

adiponectin (ADIPOQ) as associated with fat distribution in VAT. Adiponectin is an adipokine 

with insulin-sensing, anti-inflammatory and metabolic regulating properties. Induced 

overexpression of Adipoq in the adipose tissue of ob/ob mice reduces adipose tissue and 

systemic inflammation and promotes subcutaneous fat storage comprising smaller 

adipocytes195.  

 

In humans, adiponectin levels are, reportedly, decreased in obesity and insulin resistance196. 

Quite paradoxically, however the rs182052-G VAT increasing allele has been previously 

associated with higher levels of circulating adiponectin (0.062 unit increase, P=5×10-44)149. 

There are a few theories that could justify this:  

1.There is contradictory evidence of whether circulating adiponectin in the blood is correlated 

with obesity. A meta-analysis in a total of 4,852 healthy lean to obese subjects was not able 

to confirm the association of adiponectin levels with BMI197. 
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2. Circulating adiponectin levels increase during caloric restriction in animals and humans. 

This observation is surprising, given that adiponectin is produced by the adipose tissue. It was, 

however, suggested that elevation of circulating adiponectin was due to increased deposition 

of adipose tissue within the bone marrow, during caloric restriction198. Therefore, circulating 

adiponectin level is not necessarily reflective of abdominal adiposity. 

3. The association of rs182052-G allele with increased VAT, as well as the reported 

adiponectin levels might be reflective of the metabolic implications of increased adiposity in 

VAT. Patients with metabolic diseases such as T1D199,200 and antibody-induced type B insulin 

resistance201, reportedly, have high plasma concentrations of adiponectin. This could be either 

because of adiponectin resistance, or a compensatory reaction to deficient/impaired insulin 

signalling. Therefore, given the association of rs182052-G with increased VAT, it is speculated 

that a metabolic implication of increased visceral adipose distribution is altered adiponectin 

signalling.  

4. Given the differences observed between the UKBB imaging cohort and UKBB overall, the 

association may have arisen as a product of the sampling frame. The UKBB imaging cohort 

participants have less adiposity, have higher household monthly income and are less deprived 

based on the TDI index (Table 3.2).  

 

Interesting findings were observed from ASAT and IAFR analyses. In ASAT the lead SNP was 

rs117052851, intronic to CAV1. In humans, mutations in CAV1 are a cause of monogenic 

congenital generalised lipodystrophy (CGL)202. CAV1 is a membrane protein, an integral 

component of caveolae - cell membrane invaginations which allow the uptake and transport 

of lipids to the lipid droplet203. Cav1 deficiency in mice has clear effects on lipid transport in 

adipocytes204, increased cell death and inflammation resulting in fibrosis205. Additionally CAV1 

has as essential role in the regulation of insulin signalling – a function which is downregulated 
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by inflammatory effect of TNF-α during adipocyte differentiation and in mature adipocytes, in 

vitro206. 

 

In IAFR GWAS the lead SNP was rs10172294 intronic to SCTR. The secretin receptor is part 

of the signalling pathway of secretin, a gut hormone released from the small intestine in 

response to acid and dietary lipid in the duodenum. It causes the secretion of bicarbonate 

ions, from epithelia lining the pancreatic and biliary ducts, into the duodenum, thus controlling 

the pH of the gastric emptying207. Apart from its secretory property secretin signalling has 

metabolic effects. In an animal study208, SctR-/- mice gained less weight compared to WT when 

fed on a high-fat diet and exhibited lower body fat content. Further experiments showed that 

knockout mice had impaired intestinal fatty acid absorption, lowered postprandial triglyceride 

concentrations, but similar energy expenditure and locomotor activity208. In a separate 

publication by the same authors, investigation of Sct-/- and SctR-/- mouse models revealed that 

secretin signalling stimulates dose- and time-dependent lipolysis in both in vitro adipocytes 

and in vivo209.   

 

The established relationships between sex210 and BMI89 with adiposity and ectopic fat have 

been previously reported in detail. The decreased ASAT, but increased VAT and liver fat in 

male compared to female volunteers seen in the UKBB imaging cohort replicates previous 

reports89 This might account for the bigger effect sizes seen in males compared to females for 

some of the VAT top hits. 

 

Sex-stratified GWAS identified rs181635166, intronic to NALCN (β=0.338, P=1.51×10-8), from 

ASAT analysis in women only. It is interesting to note that no NALCN locus has been 

associated before in GWAS at genome-wide significant level, although suggestive hit was 

found in schizophrenia and bipolar disorder211. NALCN codes for sodium-leak (Na+) ion 
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channel, an integral membrane protein allowing extracellular Na+ to pass through the cell 

membrane, thus, determining resting membrane potential and neuronal basal excitability212. 

NALCN is expressed in the CNS as well as the heart, adrenal gland, thyroid, lymph and α- 

and β-cells of pancreas. Genes encoding NALCN and other accessory proteins may be 

susceptibility loci for several diseases including bipolar disorder, schizophrenia, Alzheimer's 

disease, autism, epilepsy, alcoholism, cardiac diseases, and cancer. With regards to body fat 

distribution, animal studies showed that heterozygous Lightweight mice are shorter in length, 

are lighter and have a leaner body composition: increased lean tissue and decreased body fat 

than wild-type mice213. The mice harbour mutations in the unc-79 gene, which encodes an 

accessory subunit of the Nalcn channel. Interestingly, heterozygous Lightweight mice display 

increased food intake in comparison with wild-type mice of the same weight. Given that the 

association of rs181635166 in this study was seen only in women, it might reflect hormonal 

differences in men and women. NALCN can be activated/potentiated or inhibited by different 

GPCRs214, however to date the full repertoire of GPCRs modulating NALCN is not fully 

understood. Identification of other receptors would help understand how NALCN is 

activated/regulated by neurotransmitters and sex-specific hormones.  

 

This chapter presents results of a discovery GWAS using MRI-derived phenotypes of 

abdominal fat distribution from the UKBB. The major strength of this study is the use of highly-

defined, uniform phenotype that reduces phenotyping heterogeneity. The present study is the 

biggest to use data from only one imaging modality, and all samples were scanned in a single 

centre in very standardised conditions. The fact that the UKBB is a cohort of people of middle 

to old age is ideal with respect to the phenotype. Changes in body composition as an individual 

ages are well documented, comprising increased fat deposition, notably in the abdomen, and 

decreased muscle mass215. 
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The demands of genetic association studies in validating new common variants are such that 

replication is required in separate cohorts. Given the sampling frame of the UKBB imaging 

cohort, the results offer further investigation. We are currently seeking to extend this work to 

include data from other consortia (including IMI-DIRECT) with MRI phenotypes of regional 

adiposity. 
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3.7 Summary 

 

In summary, a genome-wide association of rs182052 could implicate ADIPOQ as a candidate 

gene in VAT distribution, providing an insight into a possible mechanism explaining the insulin 

resistant phenotype seen in individuals with high amount of visceral fat. Additionally, a 

genome-wide association of NALCN with ASAT, seen in women but not men, emphasizes the 

genetic dimorphism of fat distribution seen in men and women. The findings warrant replication 

in separate cohorts. 
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Chapter 4 

 

Genetic Risk Score of Common Variation: 

A Study of Favourable Adiposity 
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4.1 Introduction to Chapter 
 

This chapter explores multiple common variants derived from GWAS, as associated with 

“favourable adiposity” (FA), integrated into a GRS. This approach is particularly useful when 

analysing genetic variants of small effect, especially in small cohorts, where power might 

otherwise be limited.  The study described in this chapter used newly-discovered SNPs 

associated with higher BMI, but paradoxically associated with lower risk of T2D, hypertension, 

and heart disease, using a GRS approach, to investigate their relationship with abdominal fat 

distribution in the UKBB imaging cohort.  
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4.2 Background 

 

4.2.1 The concept of Favourable Adiposity 

 

As mentioned in Chapter 1, although rates of obesity are escalating with detrimental health 

effects, there is emerging evidence that the pattern of fat storage and distribution may have 

more important metabolic implications than the amount of fat itself. It is well appreciated that 

coronary heart disease (CHD) and type 2 diabetes (T2D) are associated with total 

adiposity79,80, but several lifestyle interventions have demonstrated that significant 

improvements in metabolic profile can be obtained in the absence of changes of total adiposity 

measured as body weight, BMI or total body fat81-83. These improvements appear to be related 

to changes in the distribution of fat in different depots, particularly by lowering of intra-

abdominal adipose tissue (IAAT, also known as visceral adipose tissue, VAT) and intra-

hepatocellular lipid content (IHLC) also known simply as liver fat. Fat stored in these 

compartments is a more significant risk factor for metabolic disease, than fat stored in more 

superficial areas such as abdominal subcutaneous tissue (ASAT)84-88. Increased levels 

deposition of VAT and liver fat have been identified as independent risk factors of increased 

insulin resistance, hypertension and cardiovascular disease (CVD)89,90. The concept of 

metabolic obesity comes hand-in-hand with the idea that a genetic propensity towards a 

“favourable” body fat profile could be beneficial for health. Favourable adiposity (FA) can be 

described as the preferential distribution of body fat in regions of the body that could promote 

a metabolically healthy phenotype. 
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4.2.2 Genetics of Favourable Adiposity 

 

The latest GIANT study, in 2015, identified 97 common variants associated with BMI26 and, 

as one would expect, for most variants, alleles associated with higher BMI are also associated 

with higher risk of heart disease, hypertension and T2D111,191,216. However, recent research 

has also revealed common genetic variants where the alleles associated with higher BMI and 

body fat are paradoxically associated with lower risk of T2D, hypertension and heart 

disease91,108,111,112,217. These variants are referred to as ‘’favourable adiposity’’ variants (FA). 

For example, alleles in the IRS1 and GRB14 loci were associated with higher fat mass, but 

lower risk of coronary artery disease111,112. Other studies have revealed at least 8 further 

variants associated with higher BMI but with lower risk of T2D, hypertension and coronary 

artery disease91,217. When combined into a GRS, individuals carrying a higher number of these 

FA alleles had a higher ASAT:VAT ratio 91,115 and higher relative proportions of DEXA-

measured lower-body fat mass217 compared to individuals with a lower number of alleles. 

Individuals carrying more FA alleles also had lower circulating levels of triglycerides and fatty 

liver markers, and higher adiponectin, HDL-cholesterol and sex hormone binding globulin 

(SHBG)91. A possible explanation of FA is improved ability to store fat subcutaneously leading 

to proportionally less of the (more harmful) ectopic fat. The exact biological mechanism, 

however, is not yet fully understood. 

 

There has been growing interest in identifying more genetic factors that could improve our 

understanding of the concept of FA. In a preliminary study conducted by Hanieh Yaghootkar, 

et al. (now published) an approach was used that leveraged the scale of the UKBB to unveil 

more FA SNPs. A procedure was taken by which firstly, a GWAS on percentage body fat (from 

bio-electrical impedance analysis) was carried out in the UKBB, which yielded 620 

independent loci (P<5x10-8). Then, using published GWAS data on metabolic traits149,218-221 

those SNPs were used in a multivariate analysis to identify the ones with a “favourable“ 
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metabolic phenotype, i.e. associated collectively with: higher HDL, adiponectin, SHBG, but 

lower triglyceride, fasting insulin and alanine transaminase levels. The results replicated, with 

high levels of statistical confidence, 7 SNPs previously characterised as FA SNPs91,222 at IRS1, 

PPARG, LYPLAL1, PEPD, GRB14, ANKRD55 and FAM13A and identified 7 new FA SNPs at 

TRIB1, KLF14/MKLN1, DNAH10, VEGFA/C6orf223 and AEBP2/PDE3A, MAFF and CITED2 

(Table 4.1). Preliminary analyses showed that carrying one additional FA allele was 

associated with higher BMI (0.063 kg/m2, P=4x10-45), but lower risks of T2D (odds ratio: 0.95, 

P = 4x10-44, 14371 cases), heart disease (0.98, P=3x10-14, 37741 cases) and hypertension 

(0.98, P=1x10-33, 241691 cases). 

 

Although a general anthropometric assessment was useful in identifying these new FA SNPs, 

it remains unknown how these variants affect abdominal and liver fat distribution assessed by 

MRI. Quite importantly, the amount of fat in liver can only be assessed with high precision 

using imaging modalities. It also unknown to what extent they interact with environmental 

factors. The UKBB Imaging cohort offers the opportunity to investigate the new FA SNPs 

further. 
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4.3 Hypothesis and aims  

 

To understand better the genetic factors involved in a favourable body fat distribution the main 

hypotheses of this study are: i) newly identified FA SNPs derived from analysis of 

anthropometric and metabolic traits are associated with proportionally higher ASAT, and lower 

VAT and liver fat, ii) given the general sex differences in fat distribution, these associations 

may show sex discordance, iii) FA SNPs interact with lifestyle factors, including alcohol 

consumption and physical activity in predicting adiposity.  

 

The aims are: 

i) To use the UKBB Imaging cohort to investigate the association of individual FA 

SNPs with abdominal and liver adiposity.  

ii) To combine FA SNPs into a GRS and investigate associations with abdominal 

and liver adiposity in combined and sex stratified analyses. 

iii) To investigate the association of the newly identified FA SNP associations for 

possible interactions with alcohol use and physical activity (PA). 
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4.4 Materials and Methods  

 

4.4.1 Study cohort 

 

The UKBB imaging cohort used (N=6,021) was described in detail in Chapters 2 and 3. 

Methods of anthropometric assessment, imaging of regional body fat distribution, alcohol 

intake and PA index, are described in Chapter 2. Descriptive characteristics are described in 

Chapter 3. 

 

4.4.2 Favourable Adiposity SNPs 
 

The current study used newly-discovered as well as previously-known FA SNPs discovered 

by collaborators to this project from the University of Exeter. The analysis followed a three-

step procedure.  

I) The first step aimed at discovering SNPs associated with body fat. For this the 

whole UKBB (N=442,278) was utilised to identify 620 variants at genome-wide 

significance level associated with body fat %, measured from bio-electrical 

impedance. 

II) The second step used published GWAS statistics from 6 circulating metabolic 

biomarkers and a previous study on body fat %223 to carry out a multivariable 

analysis using the metaCCA package224. The analysis identified 33 SNPs, of which 

the fat-increasing allele (identified in step I) was collectively associated with a 

favourable metabolic profile (P<5×10-8) i.e. the direction of effect was aligned with: 

higher HDL, higher adiponectin, higher SHBG, but lower triglyceride, lower fasting 

insulin and lower alanine transaminase levels.  The phenotypic correlation between 

higher adiposity and these metabolic traits was accounted for in the analysis. 
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III) The third step used hierarchical clustering on SNPs which were both associated 

with higher adiposity and a multivariate metabolic outcome to identify the candidate 

SNPs for FA. 

 

The analysis yielded 14 SNPs of which seven were characterised previously to be associated 

with the FA phenotype: PPARG, LYPLAL1, GRB14, IRS1, PEPD, FAM13A and ANKRD55. 

The other seven are described as new FA SNPs of which TRIB1, KLF14/MKLN1, DNAH10, 

VEGFA/C6orf223 and AEBP2/PDE3A were previously associated with a metabolic trait, while 

MAFF and CITED2 are novel. Details on the FA SNPs used in this chapter are described in 

Table 4.1. 

 

4.4.3 Genetic Risk Score 
 

The genetic risk score was calculated using the fourteen FA SNPs (Table 4.1). Details of the 

GRS calculation are found in Chapter 2. The GRS was based on the sum of the number of FA 

alleles per SNP, i.e. a higher score indicates a more “favourable” adiposity profile. There was 

no adjustment for effect size since this differed with different aspects of the phenotype, and 

between different studies. In addition, a GRS with only the 7 new SNPs was calculated and 

used for sensitivity analyses to verify that it shows a similar effect to the GRS using known FA 

SNPs. 

 

4.4.4 Statistical analyses 
 

For association analysis between the FA GRS and abdominal adiposity variables a linear 

regression analysis adjusted for sex, age, age2, genotyping chip and the first five PCs was 

used. To test for interaction with sex, alcohol and PA, an interaction term was also used in 

each case. Subgroup analyses were stratified by sex to assess whether the associations were 

sex-specific. The following regression models were used: 
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1. All individuals: 

fat ~ age + age2 + sex + PC1 + PC2 + PC3 + chip+ GRS 
 

2. Males: 
fat ~ age + age2 + PC1 + PC2 + PC3 + chip + GRS 

 
3. Females:  

fat ~ age + age2 + PC1 + PC2 + PC3 + chip + GRS 
 

4. Sex Interaction analysis: 
fat ~ age + age2 + sex + PC1 + PC2 + PC3 + chip + GRS + GRS*sex 
 

5. Environment interaction analysis: 
fat ~ age + age2 + sex + PC1 + PC2 + PC3 + chip + GRS + E + GRS*E 
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Table 4.1 Favourable Adiposity SNPs  

 

 
*new loci from GWAS of % body fat in UKBB (Yaghootkar H. et al, unpublished). The square brackets are a schematic representation of the location relative to the genes.  LYPLAL1: Lysophospholipase 

Like 1; SLC30A10: Solute Carrier Family 30 Member 10; GRB14: Growth Factor Receptor Bound Protein 14; COBLL1: Cordon-Bleu WH2 Repeat Protein Like 1; NYAP2: Neuronal Tyrosine-

Phosphorylated Phosphoinositide-3-Kinase Adaptor 2; IRS1: Insulin Receptor Substrate 1; PPARG: Peroxisome Proliferator Activated Receptor Gamma; FAM13A: Family With Sequence Similarity 

13 Member A; ANKRD55: Ankyrin Repeat Domain 55; MAP3K1: Mitogen-Activated Protein Kinase Kinase Kinase 1; VEGFA: Vascular Endothelial Growth Factor A; C6orf223: Chromosome 6 Open 

Reading Frame 223;  CITED2: Cbp/p300-interacting transactivator 2; KLF14:  Kruppel Like Factor 14; MKLN1: Muskelin 1; TRIB1: Tribbles Pseudokinase 1; AEBP2: Adipocyte Enhancer-Binding 

Protein 2; PDE3A : Phosphodiesterase 3A; DNAH10: Dynein Axonemal Heavy Chain 10; PEPD: Peptidase D; MAFF: MAF BZIP Transcription Factor F

Chr SNP BP 
FA 

allele 
Other allele Gene 

Association with other 
traits/diseases 

1 rs11118306 219,627,486 A G LYPLAL1---[]---SLC30A10 WHR, Insulin sensitivity 

2 rs13389219 165,528,876 T C GRB14--[]--COBLL1 
Triglycerides, Fasting insulin, 

WHR, Insulin sensitivity 

2 rs2943653 227,047,771 C T NYAP2---[]---IRS1 
HDL-C, Fasting insulin, Insulin 

sensitivity 

3 rs1801282 12,393,125 G C [PPARG] 
Fasting insulin, Insulin 

sensitivity 

4 rs2276936 89,726,283 A C [FAM13A] WHR, Insulin sensitivity 

5 rs40271 55,796,319 C T ANKRD55---[]---MAP3K1 Insulin sensitivity 

6 rs998584 43,757,896 C A VEGFA-[]---C6orf223 WHR 

6 rs632057 139,834,012 G T CITED2---[] %body fat* 

7 rs972283 130,466,854 A G KLF14--[]---MKLN1 HDL-C, Insulin sensitivity 

8 rs2980888 126,507,308 C T TRIB1--[] 
Adiponectin, ALT, HDL-C, 

Triglycerides, Insulin sensitivity 

12 rs11045172 20,470,221 C A AEBP2---[]--PDE3A Adiponectin 

12 rs7133378 124,409,502 A G [DNAH10] 
Adiponectin, HDL-C, WHR, 

Insulin sensitivity 

19 rs7258937 33,938,800 T C [PEPD] Insulin sensitivity 

22 rs2267373 38,600,542 C T [MAFF] %body fat* 
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4.5 Results 

 

4.5.1 Individual SNP analyses 

 

The associations of individual SNPs, for both men and women and stratified by sex are 

presented in Tables 4.2, 4.3 and 4.4. While not all SNPs showed nominal association with the 

fat variables, the direction of effect was considered to assess within-trait and between-sex 

heterogeneity.  

 

Liver 

In both men and women, four SNPs at GRB14, PPARG, CITED2, and TRIB1, were negatively 

associated with liver fat, while eight more had a negative direction of effect. Separately, in 

men, the ANKRD55 SNP was positively- and the TRIB1 SNP was negatively-associated with 

liver fat. In total eight out of fourteen SNPs had a negative direction of effect. In women, 

GRB14, NYAP2, CITED2 and DNAH10 SNPs were negatively associated with liver fat, while 

in total all but two SNPs (MAFF and AEBP2) had a negative direction of effect. 

 

VAT 

Overall, the ANKRD55 SNP was positively- and the VEGFA SNP was negatively-associated 

with VAT while six other SNPs showed a negative direction of effect (LYPLAL1, GRB14, 

NYAP2, CITED2, TRIB1 and DNAH10). In men, the ANKRD55 SNP was positively associated 

with VAT, while only three SNPs had a negative direction of effect (VEGFA, TRIB1 and 

DNHA10). In women, none of the SNPs showed association however nine had a negative 

direction of effect: LYPLAL1, GRB14, NYAP2, FAM13A, VEGFA, CITED2, KLF14, TRIB1, 

DNAH10. 
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ASAT 

FAM13A and ANKRD55 SNPs were positively associated with ASAT, while in total ten SNPs 

showed positive direction of effect. In men, three SNPs were associated with higher ASAT: 

LYPLAL1, PPARG and ANKRD55 while, in total, eleven SNPs had a positive direction of 

effect. In women, eight SNPs had a positive direction of effect, but none showed nominal 

association. 

 

IAFR (VAT:ASAT) 

Overall FAM13A, VEGFA, CITED2 and DNAH10 SNPs were associated with lower IAFR, 

while ANKRD55 was associated with higher IAFR. Ten SNPs had a negative direction of 

effect. In men, PPARG and VEGFA SNPs were associated with lower IAFR, while ANKRD55 

and AEBP2 SNPs were associated with higher IAFR. Eight out of fourteen SNPs had a 

negative direction of effect. In women, FAM13A, KLF14, DNAH10 SNPs were associated with 

lower IAFR, while overall eleven SNPs had a negative direction of effect. 
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Table 4.2 SNP level results for favourable adiposity SNPs in men and women  

 

 

 

 

 

 

 

OVERALL

Gene context SNP Chr BP FA allele β SE P β SE P β SE P β SE P
LYPLAL1---[]---SLC30A10 rs11118306 1 219,627,486 A 0.0094- 0.0197 0.635 0.0004- 0.0173 0.980 0.0083 0.0191 0.662 0.0177-  0.0128 0.168

GRB14--[]--COBLL1 rs13389219 2 165,528,876 T 0.0582- 0.0200 0.004 0.0031- 0.0175 0.859 0.0023- 0.0194 0.904 0.0031-  0.0130 0.811

NYAP2---[]---IRS1 rs2943653 2 227,047,771 C 0.0169- 0.0208 0.418 0.0059- 0.0182 0.747 0.0053 0.0201 0.790 0.0201-  0.0135 0.136

[PPARG] rs1801282 3 12,393,125 G 0.0649- 0.0291 0.026 0.0080 0.0255 0.753 0.0510 0.0282 0.071 0.0326-  0.0189 0.085

[FAM13A] rs2276936 4 89,726,283 A 0.0026- 0.0194 0.893 0.0062 0.0170 0.714 0.0372 0.0188 0.047 0.0272-  0.0126 0.031

ANKRD55---[]---MAP3K1 rs40271 5 55,796,319 C 0.0168 0.0223 0.452 0.0870 0.0195 8.12E-06 0.0740 0.0216 0.001 0.0378  0.0145 0.009

VEGFA-[]---C6orf223 rs998584 6 43,757,896 C 0.0063- 0.0194 0.745 0.0337- 0.0170 0.047 0.0170- 0.0188 0.364 0.0296-  0.0126 0.019

CITED2---[] rs632057 6 139,834,012 G 0.0409- 0.0202 0.043 0.0146- 0.0177 0.408 0.0189 0.0196 0.334 0.0332-  0.0131 0.011

KLF14--[]---MKLN1 rs972283 7 130,466,854 A 0.0222- 0.0197 0.259 0.0118 0.0172 0.494 0.0288 0.0190 0.130 0.0118-  0.0128 0.358

TRIB1--[] rs2980888 8 126,507,308 C 0.0632- 0.0213 0.003 0.0185- 0.0187 0.321 0.0050- 0.0207 0.809 0.0165-  0.0139 0.234

AEBP2---[]--PDE3A rs11045172 12 20,470,221 C 0.0033 0.0243 0.891 0.0217 0.0213 0.308 0.0053 0.0235 0.821 0.0217  0.0158 0.171

[DNAH10] rs7133378 12 124,409,502 A 0.0237- 0.0208 0.254 0.0224- 0.0182 0.217 0.0030- 0.0201 0.882 0.0267-  0.0135 0.048

[PEPD] rs7258937 19 33,938,800 T 0.0142- 0.0192 0.462 0.0135 0.0168 0.423 0.0007 0.0186 0.969 0.0171  0.0125 0.172

[MAFF] rs2267373 22 38,600,542 C 0.0048- 0.0200 0.812 0.0273 0.0175 0.118 0.0212 0.0194 0.274 0.0132  0.0130 0.310

Liver VAT ASAT VAT:ASAT
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Table 4.3 SNP level results for favourable adiposity SNPs in men 

 

 

 

 

 

 

 

 

MEN
Gene context SNP Chr BP FA allele β SE P β SE P β SE P β SE P

LYPLAL1---[]---SLC30A10 rs11118306 1 219,627,486 A 0.0124 0.0269 0.644 0.0413 0.0260 0.112 0.0583 0.0259 0.024 0.0116-  0.0185 0.530

GRB14--[]--COBLL1 rs13389219 2 165,528,876 T 0.0281- 0.0269 0.298 0.0045 0.0260 0.863 0.0173- 0.0260 0.506 0.0171  0.0185 0.357

NYAP2---[]---IRS1 rs2943653 2 227,047,771 C 0.0410 0.0283 0.148 0.0257 0.0273 0.348 0.0455 0.0273 0.096 0.0173-  0.0195 0.375

[PPARG] rs1801282 3 12,393,125 G 0.0707- 0.0393 0.072 0.0089 0.0380 0.814 0.0773 0.0379 0.041 0.0635-  0.0271 0.019

[FAM13A] rs2276936 4 89,726,283 A 0.0131 0.0267 0.625 0.0248 0.0258 0.337 0.0452 0.0258 0.080 0.0140-  0.0184 0.448

ANKRD55---[]---MAP3K1 rs40271 5 55,796,319 C 0.0752 0.0307 0.014 0.1380 0.0296 6.29E-06 0.1205 0.0296 4.73E-05 0.0434  0.0212 0.040

VEGFA-[]---C6orf223 rs998584 6 43,757,896 C 0.0249 0.0265 0.347 0.0341- 0.0256 0.183 0.0034 0.0255 0.894 0.0404-  0.0182 0.027

CITED2---[] rs632057 6 139,834,012 G 0.0030- 0.0278 0.915 0.0036 0.0269 0.894 0.0440 0.0268 0.101 0.0334-  0.0191 0.081

KLF14--[]---MKLN1 rs972283 7 130,466,854 A 0.0094- 0.0271 0.728 0.0418 0.0262 0.110 0.0177 0.0261 0.497 0.0275  0.0187 0.140

TRIB1--[] rs2980888 8 126,507,308 C 0.0788- 0.0292 0.007 0.0156- 0.0283 0.580 0.0100 0.0282 0.724 0.0258-  0.0201 0.200

AEBP2---[]--PDE3A rs11045172 12 20,470,221 C 0.0095- 0.0329 0.774 0.0405 0.0317 0.201 0.0102- 0.0316 0.746 0.0511  0.0226 0.024

[DNAH10] rs7133378 12 124,409,502 A 0.0210 0.0286 0.462 0.0061- 0.0277 0.827 0.0081 0.0275 0.768 0.0117-  0.0197 0.552

[PEPD] rs7258937 19 33,938,800 T 0.0079- 0.0264 0.766 0.0121 0.0256 0.636 0.0092- 0.0255 0.717 0.0258  0.0182 0.157

[MAFF] rs2267373 22 38,600,542 C 0.0081- 0.0274 0.768 0.0299 0.0265 0.260 0.0134 0.0264 0.613 0.0128  0.0189 0.499

Liver VAT ASAT VAT:ASAT
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Table 4.4 SNP level results for favourable adiposity SNPs in women 

 

WOMEN
Gene context SNP Chr BP FA allele β SE P β SE P β SE P β SE P

LYPLAL1---[]---SLC30A10 rs11118306 1 219,627,486 A 0.0282- 0.0286 0.324 0.0380- 0.0230 0.099 0.0374- 0.0279 0.180 0.0222-  0.0178 0.211

GRB14--[]--COBLL1 rs13389219 2 165,528,876 T 0.0835- 0.0293 0.004 0.0086- 0.0236 0.716 0.0128 0.0286 0.656 0.0204-  0.0182 0.262

NYAP2---[]---IRS1 rs2943653 2 227,047,771 C 0.0685- 0.0300 0.023 0.0335- 0.0242 0.166 0.0309- 0.0293 0.291 0.0214-  0.0187 0.252

[PPARG] rs1801282 3 12,393,125 G 0.0536- 0.0425 0.208 0.0081 0.0343 0.812 0.0247 0.0415 0.552 0.0004-  0.0264 0.987

[FAM13A] rs2276936 4 89,726,283 A 0.0121- 0.0277 0.662 0.0086- 0.0223 0.702 0.0309 0.0270 0.254 0.0370-  0.0172 0.032

ANKRD55---[]---MAP3K1 rs40271 5 55,796,319 C 0.0360- 0.0319 0.260 0.0426 0.0257 0.098 0.0339 0.0311 0.277 0.0325  0.0198 0.102

VEGFA-[]---C6orf223 rs998584 6 43,757,896 C 0.0333- 0.0280 0.235 0.0328- 0.0226 0.147 0.0354- 0.0273 0.196 0.0191-  0.0174 0.272

CITED2---[] rs632057 6 139,834,012 G 0.0685- 0.0290 0.018 0.0282- 0.0234 0.229 0.0021- 0.0283 0.940 0.0301-  0.0180 0.095

KLF14--[]---MKLN1 rs972283 7 130,466,854 A 0.0285- 0.0281 0.311 0.0138- 0.0227 0.543 0.0372 0.0274 0.175 0.0438-  0.0175 0.012

TRIB1--[] rs2980888 8 126,507,308 C 0.0535- 0.0307 0.082 0.0238- 0.0248 0.338 0.0206- 0.0300 0.493 0.0101-  0.0191 0.597

AEBP2---[]--PDE3A rs11045172 12 20,470,221 C 0.0196 0.0355 0.581 0.0057 0.0287 0.843 0.0200 0.0347 0.564 0.0034-  0.0221 0.879

[DNAH10] rs7133378 12 124,409,502 A 0.0697- 0.0297 0.019 0.0385- 0.0240 0.108 0.0122- 0.0290 0.674 0.0430-  0.0185 0.020

[PEPD] rs7258937 19 33,938,800 T 0.0195- 0.0276 0.480 0.0145 0.0222 0.514 0.0089 0.0269 0.740 0.0097  0.0171 0.571

[MAFF] rs2267373 22 38,600,542 C 0.0026 0.0288 0.929 0.0281 0.0232 0.226 0.0306 0.0281 0.277 0.0159  0.0179 0.374

Liver VAT ASAT VAT:ASAT
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4.5.2 Genetic risk score analyses  

 

Men and Women 

When men and women were considered together, carrying each additional FA allele was 

associated with a 0.012 (0.006) SD higher BMI (P=0.04), 0.015 (0.005) SD higher 

ASAT(P=0.005), 0.022 (0.006) SD larger hip circumference (P=1.22×10-4) and 0.011 (0.005) 

SD larger waist circumference (P=0.032). The same FA GRS was associated with 0.009 

(0.004) SD lower IAFR (P=0.009), and 0.021 (0.006) SD lower liver fat (P=2.18×10-4). 

 

Men  

In men, association of FA GRS was not associated with a particular pattern but with adiposity 

overall. Carrying each additional FA allele was associated with: 0.027 (0.007) SD higher ASAT 

(P=2.12×10-4), 0.022 (0.007) SD higher VAT (P=0.003), 0.021 (0.007) SD higher BMI 

(P=0.003), 0.012 (0.006) SD larger WHR (P=0.032), 0.025 (0.007) larger hip circumference 

(P=2.04×10-4) and 0.022 (0.006) SD larger waist circumference (3.10×10-4). 

 

Women 

In contrast to the results observed in male participants, in women, increased FA GRS was 

associated with lower fat levels in the liver and the central regions of the body, and higher 

levels in lower regions: Carrying each additional FA allele was associated with 0.040 (0.008) 

SD (P=1.08×10-6) lower liver fat - a feature not seen in men -, 0.016 (0.005) SD lower IAFR 

(P=0.002), 0.017 (0.006) SD lower WHR (P=0.010), but 0.019 (0.009) higher hip 

circumference (P=0.038).  
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GRS

Trait Analysis β SE P β SE P

All 0.015 0.005 0.005 0.009 0.008 0.257

Women 0.004 0.008 0.629 0.003 0.011 0.798

Men 0.027 0.007 2.12E-04 0.015 0.010 0.143

All 0.005 0.005 0.328 -0.004 0.007 0.604

Women -0.011 0.007 0.103 -0.015 0.009 0.099

Men 0.022 0.007 0.003 0.010 0.010 0.348

All -0.009 0.004 0.009 -0.013 0.005 0.013

Women -0.016 0.005 0.002 -0.020 0.007 0.005

Men -0.002 0.005 0.768 -0.004 0.007 0.583

All -0.021 0.006 2.18E-04 -0.022 0.008 0.004

Women -0.040 0.008 1.08E-06 -0.036 0.011 0.002

Men 0.001 0.008 0.883 -0.006 0.011 0.554

All 0.012 0.006 0.040 0.009 0.008 0.261

Women 0.003 0.009 0.703 0.005 0.012 0.702

Men 0.021 0.007 0.003 0.013 0.010 0.189

All -0.002 0.004 0.595 -0.006 0.008 0.444

Women -0.017 0.006 0.010 -0.024 0.009 0.006

Men 0.012 0.006 0.032 0.008 0.008 0.322

All 0.022 0.006 1.22E-04 0.023 0.008 0.004

Women 0.019 0.009 0.038 0.020 0.012 0.110

Men 0.025 0.007 2.04E-04 0.026 0.010 0.006

All 0.011 0.005 0.032 0.009 0.008 0.263

Women -0.001 0.008 0.944 -0.005 0.011 0.648

Men 0.022 0.006 3.10E-04 0.020 0.009 0.024

BMI

WHR

HIP

WC

7 new SNPs

ASAT

VAT

VAT:ASAT

Liver fat

14 FA SNPs

Table 4.5 - Association of favourable adiposity GRS with abdominal adiposity traits in UKBB Imaging Cohort 
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4.5.3 Interaction analyses  
 
In interaction analyses, the following interactions were observed (Table 4.6): There was GRS-

by-sex interaction such that for each additional allele, women have 0.023 (0.010) SD less VAT 

and 0.041 (0.011) SD less liver fat than men (Pinteraction=0.027 and Pinteraction=3×10-4 

respectively). There was GRS-by-alcohol interaction such that for each additional allele, 

individuals with a higher alcohol intake (g/day) had 0.001 (0.0003) SD higher liver fat 

(P=0.025). No interaction of the FA GRS with PA index was seen. 

 

 

 

 

Table 4.6 Interaction analysis of favourable adiposity GRS with sex, alcohol 

consumption and physical activity index   

 

 

Trait β SE P β SE P β SE P

0.0010 0.0010 0.729Liver fat

0.557 0.0000 0.0011 0.998

-0.041 0.011 3.00E-04 0.0010 0.0003 0.025

-0.016 0.008 0.059VAT:ASAT 0.0001 0.0002

0.129

0.0003 0.144 -0.0004 0.0015 0.764

-0.0020 0.0013 0.125VAT -0.023 0.010 0.027 0.0004 0.0002

GRS*Alcohol GRS*ActivityIndex

ASAT -0.019 0.011 0.094 0.0004

GRS*gender
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4.6 Discussion 

 

The research described in this chapter explored the association of a GRS for FA with 

abdominal fat distribution and liver fat in the UKBB Imaging cohort. The GRS was composed 

of fourteen SNPs discovered in recent work to be associated with higher overall adiposity but 

lower risk of T2D, hypertension and heart disease (unpublished data kindly supplied by Prof. 

T. Frayling and Dr H. Yaghootkar, Exeter). An assessment of abdominal adiposity using 

anthropometric and MRI measurements suggests that, in men, genetic factors underlying FA 

are associated with overall adiposity, but in women they are associated with adiposity 

concentrated in the lower body. The associations between higher adiposity and lower risk of 

disease could be partially explained by a favourable WHR and liver fat profile in women, 

whereas in men favourable adiposity was paradoxically associated with central adiposity. 

 

Epidemiological findings have established the link between BMI and metabolic disease e.g. 

CVD. However, evidence from association studies mentioned earlier, suggests that different 

molecular mechanisms that lead to higher BMI and higher body fat percentage can have 

different impacts on metabolic disease. The theory of adipose tissue expandability and 

lipotoxicity proposes that subcutaneous fat expandability is protective. Individuals without 

sufficient adipocyte capacity cannot meet the body’s nutritional and metabolic needs and 

ectopic lipid accumulation (e.g.in the liver) impairs insulin sensitivity resulting in metabolic 

disease78,225,226. 

 

Genetic variants associated with FA may act through adipogenesis, i.e. cell proliferation and 

maintenance of healthy adipose tissue. In healthy adipose tissue, adipogenesis promotes 

adipocyte hyperplasia, i.e. formation of multiple but small healthy adipocytes. Adipogenesis in 

both ASAT and VAT is associated with a favourable profile of glucose, insulin and lipids187,227. 

Non-obese individuals with a high genetic risk of T2D show adipocyte hypertrophy (fewer and 
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larger adipocytes) due to decreased adipogenesis, reduced insulin sensitivity and a 

proatherogenic lipid profile. Hypertrophy, and triglyceride “spill over” is likely to promote 

ectopic lipid deposition and increase the risk of heart disease228. Additionally, mutations in key 

adipogenic genes such as PPARG cause rare monogenic forms of lipodystrophy (familial 

partial lipodystrophy) that result in very low levels of subcutaneous fat, ectopic lipid deposition 

and high risk of heart disease229,230.  

 

Evidence from the effects of pharmacological treatment of T2D with thiazolidinediones (TZDs) 

supports the genetic underpinnings of FA presented here. TZDs are ligands for PPAR-γ, one 

of the candidate genes for FA, which improve insulin sensitivity, but also increase adiposity231. 

PPAR-γ is a nuclear receptor transcription factor expressed at high levels in the adipose tissue 

and functions as a master regulator of adipocyte development and function232. TZD therapy 

stimulates progenitor stem cells to differentiate into adipocytes233, and they also stimulate 

mature adipocytes to improve their lipid storage capacity, resulting in decreased serum free 

fatty acids, decreased ectopic lipids, and less insulin resistance.  

 

The findings presented in this chapter suggest that other candidate genes for FA may offer 

many new therapeutic targets for novel insulin-sensitising agents. Functional studies suggest 

that nearby genes are involved in how adipocytes differentiate and function. GWAS studies 

have implicated TRIB1 in lipid metabolism219 and regulation of hepatic lipogenesis234. TRIB1 

encodes a protein which is critical for adipose tissue maintenance and suppression of 

metabolic disorders235. Trib1-/- mice show diminished adipose tissue mass and increased 

lipolysis even when on a normal diet235. Vascular endothelial growth factor A (VEGF-A) is 

considered a key factor in angiogenesis, endothelial growth and tissue remodelling236,237. 

Higher levels of VEGF-A in mice can facilitate healthy expansion of adipose tissue and protect 

from lipotoxicity and metabolic disease238. As mentioned, PPAR-γ is involved in adipocyte 

differentiation239 and CITED2 is required for optimal PPAR-γ activation240. FAM13A encodes 

a protein enriched in mature adipocytes and plays an important role in insulin signalling 
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cascade by protecting IRS1 (insulin receptor substrate 1) from degradation241. The functions 

of IRS1 and CCDC92 are associated with adipogenesis and lipid accumulation, thus adipocyte 

differentiation ability241,242. Functional studies suggest that DNAH10 is also involved in 

adipocyte differentiation capacity242. KLF14 (encoding Kruppel-like factor 14) is a master 

regulator of gene expression in adipose tissue243 and associated with adipocyte cell size in 

humans244. MAP3K1 regulates expression of IRS1245. LYPLAL1, which encodes a triglyceride 

lipase, is over-expressed in subcutaneous adipocytes of obese people to maintain triglyceride 

metabolism246. The regulation of Grb14 expression in adipose tissue may play a physiological 

role in insulin sensitivity247. AEBP2 regulates a gene encoding a fatty acid-binding protein248. 

 

There is obvious sex discordance with respect to the association of FA GRS and adiposity 

traits. The sex stratified analyses described here have provided further insight into the likely 

mechanisms underlying the paradoxically, beneficial associations of FA SNPs. In women, the 

extra body fat conferred by the FA GRS was more likely to be deposited in lower parts of the 

body as measured by a lower IAFR, liver fat, and WHR, but larger hip circumference.  In men, 

on the other hand, FA GRS was associated with fat in the body overall with higher ASAT, VAT 

and BMI. This is in contrast with previous data from abdominal CT-scan measures of adiposity 

showing an association between the FA alleles and higher abdominal-subcutaneous but not 

visceral adiposity91 and a male-specific effect of the IRS1 variant111,112. The findings here 

suggest that, in men, FA alleles are associated with higher adiposity in all regions of the body. 

Data from previous studies provides further potential supporting evidence for the apparently 

paradoxical association being mediated by fat distribution patterns. For example, FA alleles 

have been previously reported to be associated with higher subcutaneous–to–visceral 

adipose tissue ratio91, higher insulin sensitivity, higher hip circumference, and higher gynoid 

and leg fat mass217. This set of associations is consistent with the theory that FA alleles are 

exerting their effects through a primary role in adipose tissue and differential fat storage 

patterns. 
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Currently, there are no reports of FA SNPs being associated with lower liver fat in women. In 

the individual SNP analysis, four SNPs were negatively associated with liver fat at a nominal 

significance level and twelve out of the 14 FA SNPs in total had the same direction of effect. 

When collapsed together, the homogenous effect of the SNPs was observed as a strong 

negative association in the GRS analysis (β = -0.021 (0.006), P=2.18×10-4). This effect, 

however, was mainly driven by the contribution of stronger association in women. Male 

carriers of FA alleles do not seem to benefit from favourable liver fat profile. The findings 

exemplify the differences in the pathophysiology of liver disease between males and females. 

Males, on average, store more fat in their liver than women (Table 3.1; Chapter 3) and are 

twice as likely to die from chronic liver disease and cirrhosis than women249. This might reflect 

the differences of alcohol use between sexes.  

 

The most common cause of increased fat deposition in the liver is alcohol consumption, which 

is more prevalent in men250,251. In our dataset, interaction analyses showed that in both men 

and women consuming higher amounts of alcohol, each additional allele of the FA GRS was 

associated with slightly higher liver fat.   

 

Physical activity is generally associated with better health outcomes especially improved 

insulin sensitivity252. There was no interaction between FA GRS and the PA index that could 

imply that the effect of FA alleles on fat distribution is not altered by an active lifestyle. The 

lack if interaction with PA could support the theory that the mechanisms through which FA 

alleles and physical activity operate to promote beneficial fat storage capacity are different. 

The benefits of fat distribution conferred by genetic factors of FA are shown to be sex specific. 

In men, FA alleles could promote healthy fat deposition in central regions of body, whereas in 

women differences in fat location are more prominent. The explanation most compatible with 

these data, is that women have an increased adipose storage capacity in lower parts of the 

body, whereas men have more similar propensity to store fat between different body 

compartments. Given the knowledge we have from gene loci, adipocytes are the likely effector 
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cell type underlying the observed association observed with FA alleles. Functional studies are 

required to examine tissue biopsies of individuals with a wide FA genetic profile, in men and 

women separately, and determine whether the benefits are manifested through adipocyte cell 

size or adipocyte type and function. 

 

The findings presented in this chapter show that genetic factors protecting from adverse 

metabolic outcomes (T2D, heart disease, hypertension) are also related with the pattern of fat 

distribution, highlighting the complexity of the relationship between metabolic disease and 

adiposity. The results are consistent with the expandability theory of adipose tissue, described 

earlier. Individuals with excessive or inadequate adipose capacity might benefit by 

interventional triggers to generate metabolically healthy and insulin-sensitive adipose tissue. 

Essentially this would mean that, for a healthier metabolic outcome, individuals could face 

further weight gain. Studies have shown that the annual turnover of adipose tissue in the 

human body is around 10%, regardless of age and BMI253. Therefore, it is possible that 

interventions targeted towards improving the function of newly formed adipocytes could be of 

significant therapeutic benefit. 
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4.7 Summary 

 

Here, the association of a GRS, including new and previously-known favourable adiposity 

SNPs showed that in women but not men, each additional FA allele was associated with lower 

liver fat. The GRS was also associated with less adiposity in the central region and more 

adiposity in the lower region of the trunk, in women and higher adiposity overall, in men. The 

FA SNPs studied here were originally discovered in GWAS of primary metabolic outcomes 

such as fasting insulin, insulin sensitivity, triglycerides. Leveraging the knowledge from GWAS 

and careful examination of SNPs in defined phenotypes could uncover more variants, 

including other ethnicities, and improve our understanding of adipose biology and disease. 

Establishing a common genetic link from adipose tissue cell size and function to reduced risk 

of metabolic disease could provide an important mechanistic and pharmacological advance. 
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Chapter 5 

 

Influence of Deleterious Coding Variants 

on Metabolic Phenotype: a Genetic Study 

of Post-prandial Bile Acid Metabolism 
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5.1 Introduction to Chapter  

 

This chapter describes an exploration how allelic gene scores including both common and 

rare deleterious variations, derived from analysis of exome sequencing, can be used to study 

human phenotype. This differs from the GRS approach taken in Chapter 4 which included only 

GWAS-identified SNPs and did not consider the potentially major implications of rarer genetic 

variants in coding and regulatory regions.  

 

In this part of the research, we particularly consider genes important in bile acid (BA) 

metabolism: a key pathway for metabolic disease. BA are cholesterol-derived metabolites 

which, in addition to their known digestive function, they have signalling properties controlling 

glucose and lipid metabolism.  Alterations in BA metabolism can lead to obesity and T2D, 

whereas BA sequestrants have beneficial effects on glycaemic control and insulin sensitivity 

in T2D patients254. Interestingly, T2D patients who undergo bariatric surgery and achieve 

normoglycaemia, featured a remarkable increase in fasting and post prandial BA level, 

coupled with an increase in anorexigenic hormones (FGF19, GLP-1 and PYY)255,256. There is 

also evidence that the beneficial metabolic effects seen in BA are a result of interaction with 

the microbiome. 

 

Metabolomics analysis of human blood is a powerful approach for studying the dynamics and 

complexity of metabolism in health and disease. Exposure to nutritional challenge tests can 

reveal changes in homeostatic flexibility in early disease states such as obesity257, impaired 

glucose tolerance and insulin resistance258.  
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Previous studies have reported very large inter-individual variations in BA metabolism but 

steady post-prandial responses across time in the same individual (low intra-individual 

variation)259, even after numerous consecutive samplings260. Within the NutriTech consortium, 

we have also demonstrated that results of such tests, when very strictly controlled, are 

remarkably consistent over a 12-week period (unpublished). This is remarkable given that BA 

are among the endogenous metabolites with the highest inter-individual variability. Even in the 

fasting state, circulating BA concentrations can vary by more than 10-fold between individuals. 

Besides sex, variation originates from diverse processes that can largely vary between 

individuals261. Food, drugs, and diurnal variation are the major extrinsic factors that affect 

plasma BA composition. The individual capacities for BA synthesis, gall bladder function, 

intestinal motility, enterocyte uptake, and the transport of BA in the circulation, as well as 

hepatocyte uptake and microbiota biotransformation, are important intrinsic factors behind the 

large inter-individual variability of BA kinetics in the post-prandial state.  

 

The main hypothesis is that genetic factors, of strong effect, may determine the post-prandial 

BA metabolic profile. Using a cohort of 72 individuals I aimed to investigate how genetic 

variation derived from exome sequencing can affect post-prandial BA metabolism. 
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5.2 Background 

 

5.2.1 Bile acid metabolism 

 

Bile acids (BA) are steroid acids of amphipathic nature derived from the catabolism of 

cholesterol in the liver and stored in the gallbladder for delivery to the gut after ingestion of 

lipid-rich food. Thus, the most-well known role of BA is to facilitate digestion of lipids and 

absorption of fatty acids, cholesterol, and fat-soluble vitamins in the small intestine262. In 

addition, BA have metabolic effects (section 5.2.3). There are different molecular forms and 

are categorised as primary BA synthesised in the liver and secondary BA which are a result 

of bacterial modification in the intestine.  

 

The cycle starts off with the synthesis of the primary BA cholic acid (CA) and chenodeoxycholic 

acid (CDCA) from the metabolism of cholesterol by cholesterol 7 alpha-hydroxylase (CYP7A1) 

(Figure 5.1). The next step is conjugation to one of the amino acids taurine or glycine forming 

a fully ionised (negatively charged) unit with enhanced amphipathic function. Conjugated BA 

are stored in the gall bladder making up bile together with water, cholesterol, phospholipids 

and bilirubin262. When nutrients are sensed by enteroendocrine cells in the small intestine they 

secrete cholecystokinin (CCK), a hormone which stimulates contractions of the gall bladder 

and release of bile. Up to 95% of secreted BA are finally reabsorbed in the small intestine 

either via passive diffusion, uniporters, or sodium ion (Na+)-coupled symporters (SLC10A1), 

and returned via portal blood to the liver. Despite the very efficient hepatic extraction of BA, a 

portion is not immediately taken up during the first passage through the liver, and thus, 

reaches systemic circulation. In the meantime, BA that are not reabsorbed in the small 

intestine are metabolised by the microbiota before being partly reabsorbed from the colon263. 

Deoxycholic (DCA) and lithocholic (LCA) acids are the most common products of bacterial 
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metabolism of primary BA in humans and are, thus, known as secondary BA. After uptake into 

hepatocytes, BA – not yet conjugated – may be coupled to taurine or glycine. All BA species 

are then exported via specialised transporters in the canalicular membrane for storage in the 

gall bladder, closing a cycle that can be repeated several times a day, depending on 

appropriate stimuli. 

 

Figure 5.1 Main steps in Bile acid metabolism 

 

 

 

5.2.2 Genetics of bile acid metabolism 

 

We are not aware of any genetic studies of post-prandial BA levels. There are however, 

inherited genetic diseases affecting BA metabolism and investigation of these has elucidated 

the biological roles of BA, and of individual enzymes in the pathways. There are at least nine 

established inborn errors of BA metabolism, and many more reported as case studies: these 

either affect genes involved in synthesis of BA  or genes encoding transport proteins leading 

to altered bile formation264-266 . These rare monogenic disorders are responsible for up to 1–2 

CDCA CA 

LCA 

DCA 
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% of cases of neonatal intrahepatic cholestasis (IHC), a condition defined by the development 

of conjugated or direct hyperbilirubinemia within the first few months of life266.  

 

It has been thought that these disorders manifest early in life with severe symptoms, and thus, 

are generally only detected in new-borns. However, later studies have shown that 

heterozygote carriers may not develop early IHC but are predisposed to the disease later in 

life due to other factors, e.g. hormonal changes during pregnancy or drug-induced liver 

injury265. Genetic polymorphisms and mutations of the ATP-binding cassette transporter genes 

(ATP8B1, BSEP, and MDR3) may increase susceptibility to acquired cholestasis in adults 

including intrahepatic cholestasis of pregnancy (ICP), drug-induced liver injury, primary biliary 

cirrhosis (PBC), and primary sclerosing cholangitis (PSC)267,268. Also, heterozygous carriers 

of FXR mutations have been identified among ICP patients269.  

 

GWAS on bile acid disorders, including biliary atresia270, development of gallstones271, primary 

biliary cirrhosis272-274 and gall bladder cancer275 have highlighted some other aspects of the 

biology of bile acids. For instance, gallstones were associated with the ABCG5/G8 locus, 

encoding the transporter involved in biliary cholesterol efflux271. Although highly significant 

signals picked up from these genetic markers have been helpful in discovery of novel genes 

and expand the understanding on BA biology, there has not been extensive research into the 

effects of functional variation in BA metabolism genes during the post-prandial state. 

 

5.2.3 How are bile acids related to adiposity and metabolism? 

 

Although BA have been a key role in digestion of fat, there has been growing interest in their 

pleiotropic functions262,276,277. In addition to their main role, BA are now recognised as 
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important signalling molecules which can modulate intermediary metabolism. The signalling 

function of BA involves the activation of four distinct receptors, farnesoid X receptor (FXR), 

pregnane X receptor (PXR), vitamin D receptor (VDR) and G-protein-coupled bile acid 

receptor 1 (GPBAR1 or TGR5). Downstream signalling controls gene expression with a wide 

range of metabolic implications: bile acid homeostasis, glucose homeostasis, lipid and 

lipoprotein metabolism, energy expenditure, intestinal motility and bacterial growth, 

inflammation, liver regeneration, and hepatocarcinogenesis262,278. 

 

Signalling of FXR, a hormone nuclear receptor, serves as a well-orchestrated homeostatic 

mechanism controlling the synthesis, availability, and transport of BA. FXR stimulates the 

production of fibroblast growth factor (FGF) which, in turn, inhibits the expression of CYP7A1 

- the first step of BA formation. In addition, signalling of FXR is important in lipid and 

carbohydrate metabolism, as well as in 

maintaining normolipidaemia and 

normoglycaemia. Mice lacking fxr developed 

severe fatty liver and elevated circulating free 

fatty acids, associated with elevated serum 

glucose, impaired glucose and insulin 

tolerance279, elevated serum levels of 

triglycerides and high-density lipoprotein 

cholesterol280. 

 

After the discovery of TGR5 as a G-protein-coupled receptor for BA, acute metabolic effects 

of BA have become relevant and received considerable interest. With the expression of TGR5 

in a wide range of cell types and tissues, BA function covers immunomodulation, metabolism 

of adipose tissue and muscle as well as secretion of glucagon-like peptide-1 (GLP-1)281.   GLP-

Figure 5.2 Effect of bile acids on glucose 

and lipid metabolism 
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1 triggers the release of insulin from pancreatic beta cells, increases insulin expression, 

inhibits beta-cell apoptosis and promotes beta-cell neogenesis282. TGR5 activation by BA was 

shown to activate deiodinase, increasing the level of active thyroid hormone which in turn 

elevates the expression of enzymes involved in fatty acid oxidation in brown adipose tissue 

and skeletal muscle. FXR and TGR5 were in fact of pharmacological interest for treatment of 

obesity and T2D. 

 

Dysregulated metabolism and signalling of BAs are suggested to play roles in several 

diseases, including dyslipidaemia, fatty liver disease, diabetes, obesity, atherosclerosis, 

cholestasis, gallstones, and cancer283-286.  

 

5.2.4 Bile acid kinetics in the postprandial state 

 

The peripheral blood concentration of BA measured in the post-prandial period represents the 

hepatic spill-over in the systemic circulation and is the best measure of BA concentrations in 

the hepatic portal circulation. The appearance of BA in the circulation soon after a meal is a 

result of the quick response of the gall bladder in secretion of bile into the small intestine, and 

the rate of BA reabsorption. Secretion and plasma kinetics of BA vary largely with the 

composition of the meal and the period of the day.  

 

BA are amongst plasma metabolites with the most acute response during an oral glucose 

tolerance test (OGTT). Studies looking at metabolomic profiles of healthy volunteers during 

an OGTT have reported up to 6-fold increase in glycine- and taurine-conjugated BA during the 

first 30 minutes and remained elevated for the entire period of the 2-hour test258,287. The rapid 

rise can be taken as an indicator of absorption from the upper small intestine that precedes 

absorption in the ileum, which is usually considered as the major site for intestinal BA uptake. 
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The increase in plasma BA levels following glucose ingestion is a striking observation per se 

since they are not required for glucose absorption. According to current knowledge, this is 

attributed to the fact that glucose alone causes CCK secretion which, in turn, promotes gall 

bladder contraction and release of bile288. 

 

During an oral lipid tolerance test (OLTT) in healthy women and men aged 18–54 years, 

Schmid, et al. reported a 3-fold increase in primary and secondary BA, a 5-fold increase in 

taurine-conjugated BA, and a 4.3-fold increase in glycine-conjugated BA levels in plasma 

(OLTT)289. In an attempt to simulate the habitual diet, studies have also used the mixed meal 

test (MMTT). A study reported a 3-fold increase in total BA following a meal containing 75 g 

of glucose, 40 g of Parmesan cheese, and 50 g of egg (16% protein, 56% carbohydrates, and 

28% fat)259. The maximal plasma BA concentration was achieved only 2 hours after the meal 

and sampling was interrupted after 3 hours, when BA were still at maximal plasma 

concentrations.  

 

Mixed meals in general induce a higher secretion of BA than glucose itself. Despite the well-

known relationship between CCK secretion/gall bladder emptying and the fat content of the 

meal, it is still unknown whether other factors are also involved288,290. The increase in 

circulating BA levels is not only more pronounced after mixed meals but also remains 

increased for longer time periods in comparison with the OGTT. Despite that, regardless of 

nutrient content there is no doubt that plasma levels of primary BA, particularly glycine- and 

taurine-conjugated species, increase following ingestion of food. 
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5.2.5 Genetic factors affecting inter-individual variability of bile acid kinetics in 

the post-prandial state  

 

Little is known about genetic factors directly influencing bile acid kinetics in response to well-

controlled nutritional challenges. It is, however reported that genetic variations in transporters 

involved in BA uptake from the intestine: SLC10A2, SLC10A1, and SLCO1A2, as well as 

transporters for uptake into hepatocytes and canalicular secretion: ABCA3, ABCG5, and 

ABCC2 lead to clinical phenotypes ranging from predisposition for drug-induced liver injury to 

rapidly progressing end-stage liver disease291. It is however unknown how rare genetic 

variants affect BA response after metabolic challenge and whether they can explain the 

observed differences in BA handling between individuals.  
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5.3 Hypothesis and aims 

 

Given the relevance of BA as signalling molecules, and their increase in circulation in the post-

prandial state, it is perhaps surprising that the large differences in plasma levels of BA between 

individuals are unexplained. Genetic variation of the BA biosynthetic pathway could explain 

part of the variability observed between individuals.  

 

It is hypothesised that i) deleterious variation can determine inter-individual variability of post-

prandial BA levels and ii) such variation may have implications for metabolic phenotype and 

fat distribution. This type of analysis is best carried out in very carefully controlled 

circumstances. Here we use the NutriTech dataset, with recorded changes in BA plasma 

concentrations in 72 healthy male and female volunteers in response to an OGTT and MMTT 

and i) use allelic gene scores of deleterious variations to explain inter-individual variability, ii) 

use other cohorts and databases to investigate further any findings.  
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5.4 Materials & Methods  

 

5.4.1 Study cohort 

 

This study in this chapter used anthropometric and clinical biochemistry data from 72 

European Caucasians subjects participating in the NutriTech cohort. Despite the small number 

of individuals in this cohort, the assessment was carefully controlled and carried out using 

highly standardised procedures, ensuring good quality of data. For the purposes of this project 

metabolic profiling of BA used measurements collected at 0, 15, 30, 60, 90, 120 and 240 

minutes for OGTT, and at 0, 30, 60, 120, 240, 360 and 480 minutes for MMTT. Detailed 

description of the study and metabolic phenotyping are found in Chapter 2. 

 

5.4.2 Bile Acid profiling 

 

Details of the experimental procedures for BA analysis are found in Chapter 2, 2.2.2.2.  

Primary BA was the sum of CA and CDCA, and secondary + tertiary BA was the sum of DCA 

and LCA. For analyses, BA were grouped as taurine-conjugated, glycine-conjugated, or 

unconjugated, regardless of whether BA were primary or secondary. Total BA refers to the 

sum of all individual BA species. 
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5.4.3 Selection and screening of bile acid genes  

 

A selection of 49 genes identified by a combination of expert knowledge, GO-classification 

and literature review BA264,292,293 was curated. The genes are involved in all steps of BA 

metabolism: synthesis, enterohepatic recirculation and transmembrane transport (Table 5.1). 

Analysis of exome sequencing data was carried out to screen for variation predicted to impair 

protein functionality - defined as deleterious based on both SIFT and Polyphen-2. A total of 

13 polymorphic, 7 low frequency and 38 rare in-silico predicted deleterious variants were 

identified in thirty genes (Table 5.1). A full list is found under Appendix III. Allelic gene scores 

were calculated by collapsing all alleles per gene. For comparison, subjects were grouped as 

carriers, if the carried at least one deleterious variant and non-carriers if they did not. 

 

5.4.4 Statistical analysis  

 

Differences between groups in response after OGTT and MMTT test were analysed by 2-way 

repeated measures ANOVA with post hoc multiple comparison test and by area under the 

curve (AUC). Results presented here from calculation of area under the curve (AUC), refer to 

incremental AUC, which considers individual values at t=0 as baseline.  
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Table 5.1 Genes coding for bile acid synthesis and transport proteins  

 

 

 

 

 

 

Protein Name Symbol Gene symbol Function Deleterious variation

Cholesterol 7α-hydroxylase CYP7A1 CYP7A1 Enzyme ✔

Sterol 27-hydroxylase CYP27A1 CYP27A1 Enzyme ✔

25-hydroxycholesterol 7α-hydroxylase CYP7B1 CYP7B1 Enzyme na

24-hydroxycholesterol 7α-hydroxylase CYP39A1 CYP39A1 Enzyme ✔

Microsomal 3β-hydroxy-Δ5-C27-steroid oxidoreductase HSD3B7 HSD3B7 Enzyme ✔

Microsomal sterol 12α-hydroxylase CYP8B1 CYP8B1 Enzyme ✔

Δ4-3-oxosteroid 5β-reductase AKR1D1 AKR1D1 Enzyme na

Acyl-CoA Oxidase 1 ACOX1 ACOX1 Enzyme ✔

Acyl-CoA Oxidase 2 ACOX2 ACOX2 Enzyme na

Bile Acid-CoA:Amino Acid N-Acyltransferase BAAT BAAT Enzyme na

Bile Acid-CoA Ligase BAL SLC27A5 Enzyme ✔

α-Methylacyl-CoA Racemase AMACR AMACR Enzyme ✔

D-bifunctional enzyme DBP DBP Enzyme ✔

Peroxisomal Thiolase 2 SCP2 SCP2 Enzyme na

Aldo-Keto Reductase Family 1 Member C4 AKR1C4 AKR1C4 Enzyme na

Hydroxysteroid Sulfotransferase HST SULT2A1 Enzyme na

UDP glucuronosyltransferase Family 2 Member B4 UGT2B4 UGT2B4 Enzyme ✔

UDP glucuronosyltransferase Family 2 Member B7 UGT2B7 UGT2B7 Enzyme na

UDP glucuronosyltransferase Family 1 Member A3 UGT1A3 UGT1A3 Enzyme na

Solute Carrier Family 4 Member 2 SLC4A2 SLC4A2 Enzyme ✔

Microsomal Epoxide Hydrolase mEH EPHX1 Enzyme ✔

Cholecystokinin CCK CCK Hormone na

Fobroblast Growth Factor 19 FGF19 FGF19 Hormone na

Farnesoid X Receptor FXR NR1H4 Nuclear receptor ✔

Small Heterodimer Partner SHP NR0B2 Nuclear receptor ✔

Liver X Receptor LXR NR1H3 Nuclear receptor na

Forkhead Box A2 HNF-3β FOXA2 Nuclear receptor ✔

Hepatocyte Nuclear Factor-4α HNF-4α HNF4A Nuclear receptor na

G Protein-Coupled Bile Acid Receptor 1 GPBAR1 GPBAR1 Receptor ✔

Bile Salt Export Pump BSEP ABCB11 Transporter na

Apical Sodium-dependent BA Transporter ASBT SLC10A2 Transporter ✔

Organic Solute Transporter-α subunit OSTα SLC51A Transporter na

Organic Solute Transporter-β subunit OSTβ SLC51B Transporter na

Sodium/Taurocholate Cotransporting Polypeptide NTCP SLC10A1 Transporter ✔

Solute Carrier Organic Anion transporter Family Member 1A2 OATP1A2 SLCO1A2 Transporter ✔

Solute Carrier Organic Anion transporter Family Member 1B1 OATP1B1 SLCO1B1 Transporter ✔

Solute Carrier Organic Anion transporter Family Member 1B3 OATP1B3 SLCO1B3 Transporter ✔

Solute Carrier Organic Anion transporter Family Member 2B1 OATP2B1 SLCO2B1 Transporter na

ATP Binding Cassette Subfamily C Member 3 ABCC3 ABCC3 Transporter ✔

ATP Binding Cassette Subfamily A Member 1 ABCA1 ABCA1 Transporter ✔

ATP Binding Cassette Subfamily A Member 3 ABCA3 ABCA3 Transporter ✔

ATP Binding Cassette Subfamily G Member 2 ABCG2 ABCG2 Transporter ✔

ATP Binding Cassette Subfamily G Member 5 ABCG5 ABCG5 Transporter ✔

ATP Binding Cassette Subfamily G Member 8 ABCG8 ABCG8 Transporter ✔

ATP Binding Cassette Subfamily C Member 2 ABCC2 ABCC2 Transporter ✔

ATP Binding Cassette Subfamily B Member 1 ABCB1 ABCB1 Transporter na

ATP Binding Cassette Subfamily B Member 4 ABCB4 ABCB4 Transporter ✔

ATPase Phospholipid Transporting 8B1 ATP8B1 ATP8B1 Transporter ✔

Cytosolic Intestinal BA-binding Protein IBABP FABP6 Transporter na
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5.5 Results 

 

5.5.1 Cohort characteristics and effect of intervention 

 

All subjects underwent the OGTT and MMTT challenges at two time points, separated by 12 

weeks of weight loss intervention. While a subgroup of volunteers (N=32) followed a 

supervised diet to keep body weight constant, 40 volunteers followed a diet with a 20% energy 

restriction that led to a mean weight loss of 6.4 kg (Table 5.2).  

 

This weight loss however did not cause any change in the composition and concentrations of 

circulating BA in fasting state and following the dietary challenges (Figure 5.3). Based on the 

lack of any effect of the weight-loss, the mean values of the BA concentrations at each time 

point, before and after the intervention, were used. This was done to minimise variation and 

overcome problems caused by eventual missing samples. 

 

 

Table 5.2 Descriptive characteristics of the NutriTech cohort 

  Baseline 12 weeks 

  
Control 
group 

Caloric 
restriction group 

Control 
group 

Caloric 
restriction group 

N 32 40 32 40 

Male/Female 16/16 19/21 16/16 19/21 

BMI (kg/m2) 29.1 (2.5) 29.2 (3.0) 29 (2.5) 27.2 (2.8) 

Body Fat (%) 32.8 (7.2) 34.6 (8.0) 32.7 (7.6) 31.4 (8.3) 

Weight (kg) 83.4 (13.6) 84.3 (12.6) 83.7 (13.4) 77.9 (11.4) 

WHR 0.92 (0.08) 0.92 (0.09) 0.91 (0.09) 0.90 (0.09) 

Diastolic Pressure (mmHg) 75.1 (9.3) 79.5 (7.7) 75.9 (9.8) 71.9 (9.8) 

Systolic Pressure (mmHg) 124.9 (11.4) 128.1 (13.1) 125.8 (11.6) 121.1 (11.2) 
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Figure 5.3 Bile Acid concentration profiles during before and after intervention 

 

 

 

5.5.2 Post-prandial bile acid profiles 

The mean total plasma BA concentration increased 3.3-fold in response to the MMTT with 

maximal levels reached after 1 hour and remained constant for up to 6 hours. Even at 8 hours 

after consumption of MMTT test drink, concentrations were on average 1.7-fold higher than in 

overnight fasting state (Figure 5.4D).  

 

BA concentrations also increased during the OGTT, but in that case peak concentrations were 

reached after 30 minutes, with an average 2-fold increase compared to fasting state. After 90 

minutes, BA concentrations started to decline to reach fasting state levels at the 240-minute 

mark (Figure 5.4D). Levels of glycine- and taurine-conjugated BA increased around 5-fold in 

the MMTT and around 3-fold in the OGTT (Figure 5.4A+B). Plasma concentration of 

BA profiles during OGTT and MMTT in the caloric restriction group (n=40) were not 

affected before and after the intervention. A: Total BA in plasma during the OGTT. B: Total 

BA in plasma during the MMTT. Continuous lines represent BA profile before and dotted 

lines, the BA profile after 12 weeks period of intervention with 20% dietary energy 

restriction.  
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unconjugated BA showed only a small increase during MMTT (1.6-fold at 240 min) and even 

a 15% decrease at the end of the OGTT (Figure 5.4C).  
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Figure 5.4 Bile Acid concentration profiles in response to challenge tests

Plasma concentrations of different BA classes during the OGTT (dotted line) and 

MMTT (full line). A: Glycine-conjugated, B: Taurine-conjugated, C: Unconjugated, D: 

Total BA pool. Results are shown as the mean ± SEM of all volunteers averaging the 

results of the two challenges performed before and after 12 weeks (N=72). 
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5.5.3 Sex differences in post-prandial bile acid profiles 

 

During the OGTT, plasma BA concentrations increased in both men and women, reaching 

maximum values after 30 and 60 minutes, respectively. Thereafter, there were clear sex 

differences in BA profile. Women sustained maximal concentrations of BA for at least 2 hours, 

whereas in men concentrations were already reduced at 90 minutes (P=0.0011) as shown in 

Figure 5.5.A. The sex-specific differences in response to the OGTT were particularly evident 

when inspecting the glycine- and taurine-conjugated BA (P<0.0001 and P=0.0098 for 

differences in AUC for taurine- and glycine-conjugated BA, respectively), as demonstrated in 

Figures 5.5.B and 5.5.C. Although less pronounced than in the OGTT, sex-related differences 

were also observed in response to the MMTT, but only for taurine-conjugated BA (P=0.0085 

for difference in AUC) as shown in Figure 5.5.F. Despite these post-prandial gender 

differences, overnight fasting BA concentrations were similar between men and women (i.e. 

at time-point 0). 

 

5.5.4 Genetic determinants of post-prandial bile acid profiles 

 

Subjects were grouped according to the carrier status of allelic gene scores, composed by the 

number of in-silico predicted deleterious variants in each gene. Analyses were performed for 

each gene separately by comparing carriers to non-carriers. 

 

Of all 30 allelic gene scores only SLCO1A2 displayed differences between carriers and non-

carriers in the post-prandial state. SLCO1A2 encodes the organic anion-transporting 

polypeptide-1 A2 (OATP1A2), which mediates BA uptake across the apical membrane of 

enterocytes in the upper small intestine. It is also expressed in distal nephrons, cholangiocytes 

and at the blood brain barrier294,295.  
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The allelic score for this gene was composed by only one, previously described, low frequency 

variant rs11568563 (c.A516C, p.E172D, MAF=0.045) carried by 9 heterozygous subjects (5 

males and 4 females). The group of carriers displayed a diminished and delayed post-prandial 

increase of conjugated BA in plasma compared to non-carriers (Figure 5.6). 

 

During the OGTT, unconjugated BA concentrations had a similar trend between carriers and 

non-carriers, reaching maximum values after 30 minutes (Figure 5.6D). Differences in 

response to the OGTT were more evident for glycine- and taurine-conjugated BA (Figures 

5.6E+F). There was a 1.5-fold difference between carriers and non-carriers at 60 and 90 

minutes (P<0.05).  

 

Differences were more pronounced during the MMTT. Glycine-conjugated BA increased 

around 5.5-fold in non-carriers and the maximal level was reached within 2 hours and 

remained constant for the next 4 hours. Carriers, however, showed a diminished and delayed 

response: after 2 hours there was only a 3-fold increase and peak concentrations were 

reached after 6 hours (Figure 5.6B). Similarly, taurine-conjugated BA showed an 8-fold 

increase in non-carriers, peaking at 60 minutes, and remaining constant for the next 5 hours. 

Carriers had only a 3-fold increase at 60 minutes and had only reached maximum 

concentration (6-fold) after 5 hours (Figure 5.6C). 
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Figure 5.5 Sex effects on plasma BA concentration profiles during response to challenge tests 

 

Plasma concentrations of total, glycine- and taurine-conjugated BA in men (dotted lines, n=35) and women (full lines, 

n=37) during the OGTT (A to C) and MMTT (D to F) Results are shown as the mean ± SEM. Significant differences 

indicated in the graphs. 
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Figure 5.6 Effects of the SLCO1A2 rs11568563 (E172D) on plasma BA kinetics  
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5.5.5 How is SLCO1A2 rs11568563 (E172D) related to metabolic phenotype? 

 

Since bile acids are related to a range of functions, related to fat digestion, signalling and to 

metabolic health, it was of interest to explore publicly-available datasets for other phenotypes 

associated with SLCO1A2 rs11568563 (E172D). A phenome-scan using the Oxford BIG 

database, which stores GWAS results of phenotypes analysed in the whole UKBB cohort, 

identified the following adiposity and metabolic phenotypes associated with this marker (Table 

5.3). At a nominal level of significance, E172D was associated with higher adiposity and lower 

HDL cholesterol. 
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Table 5.3 Phenome-scan of SLCO1A2 rs11568563 (E172D) in UKBB 

 

Phenotype P-value Beta 

Hip Circumference 0.00037 0.018 

Weight 0.0012 0.014 

Leg fat mass (left) 0.0013 0.013 

Leg fat percentage (left) 0.0021 0.0096 

Leg fat mass (right) 0.0022 0.012 

Whole body fat mass 0.0044 0.014 

Body mass index (BMI) 0.0046 0.014 

Leg fat percentage (right) 0.0046 0.0089 

Arm predicted mass (left) 0.0056 0.0088 

Arm fat mass (right) 0.0059 0.013 

Cholesterol esters in very large HDL 0.007 -0.052 

Arm fat mass (left) 0.0073 0.013 

Basal metabolic rate 0.0088 0.0087 

Arm fat percentage (right) 0.0094 0.0098 

Total cholesterol in very large HDL 0.01 -0.048 

Trunk fat mass 0.012 0.013 

Free cholesterol in very large HDL 0.013 -0.047 

Whole body fat-free mass 0.017 0.0075 

Arm fat-free mass (left) 0.017 0.0076 

Trunk fat-free mass 0.018 0.0074 

Trunk predicted mass 0.019 0.0073 

Waist circumference 0.019 0.01 

Total lipids in very large HDL 0.023 -0.044 

Body fat percentage 0.024 0.0086 

Leg fat-free mass (left) 0.026 0.0073 

Leg predicted mass (left) 0.026 0.0073 

Arm predicted mass (right) 0.028 0.0068 

Arm fat percentage (left) 0.028 0.0083 

Waist-to-hip ratio adjusted for BMI 0.031 0.021 

Impedance of arm (left) 0.032 0.0076 

Leg fat-free mass (right) 0.033 0.007 

Leg predicted mass (right) 0.033 0.007 

Arm fat-free mass (right) 0.041 0.0064 

Cholesterol esters in large HDL 0.045 -0.039 
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5.6 Discussion  

 

The study in this chapter reports on a large inter-individual variability of plasma BA profiles 

with pronounced sex effects and the identification of a low-frequency genetic variant in 

SLCO1A2 (rs11568563, c.A516C, p.E172D, MAF=0.045). The high inter-individual variability 

of plasma BA levels in the post-prandial state confirms previous observations260,261,296 , and 

we also confirm low intra-individual variation259, even after numerous consecutive 

samplings260. Given that many proteins are involved in BA synthesis and transportation, it 

might be expected that there are also numerous underlying genetic factors determining inter-

individual variability.  

 

The concentration of BA in systemic circulation reflects the spill-over of a non-complete 

hepatic extraction of BA in the first pass297. The presence of BA in peripheral blood is a result 

of a circulatory process: secretion from the gallbladder into intestine, transit and absorption 

across apical and basolateral membranes of enterocytes into portal blood, followed by hepatic 

uptake and biliary secretion, to close the cycle. This cholehepatic and enterohepatic circulation 

involves transporters in hepatocytes, cholangiocytes and enterocytes. Variability in individual 

components within this sequence of events will eventually define the shape of the plasma BA 

profile following a meal. Previously, high inter-individual variability of BA levels was attributed 

specifically to differences in the expression of hepatic transporters such as OATP1B1, 

OATP1B3 and OATP2B1298. However, no systematic study has been undertaken to explore 

genetic variation in relation to post-prandial plasma BA profiles. 

 

It is remarkable that, in the NutriTech study, even a dietary weight-loss intervention did not 

affect the post-prandial BA profiles of challenge tests performed 12-weeks apart. Previous 

reports showed that women had significantly higher plasma levels of conjugated BA in 
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response to OGTT and oral lipid tolerance tests (OLTT) compared to men289,299. In contrast, 

no sex differences were reported, in most studies, for the fasting state260,300,301. In mice, a sex 

effect in the BA pool was related to differential expression of BA biosynthetic enzymes302. 

Although all the women enrolled in the current study were post-menopausal, differences in 

post-prandial levels of conjugated BA were still detectable between men and women, 

particularly for taurine-conjugated BA. 

 

One of the most important outcomes in this study is that the E172D functional polymorphism 

in the SLCO1A2 gene, encoding the OATP1A2 transporter, was associated with differences 

in postprandial BA kinetics. OATP1A2 is expressed at the apical brush border membrane of 

human small intestinal epithelial cells303. OATP1A2 represents a type of solute carrier 

transporter (SLC); one of the two major super-families of membrane transport proteins 

influencing drug absorption – the other being the ATP-binding cassette efflux transporter 

(ABC). There are 40 members of the OATP family, of which OATP1A2 was the first to be 

cloned. OATP1A2 substrates include bile acids, steroid hormones and their conjugates, 

thyroid hormones, and pharmacological agents304. Although BA are absorbed, primarily, by 

passive diffusion across the apical brush membrane, there is evidence of carrier-mediated 

transport at the proximal ileum303. Conjugated bile acid uptake operates through an anion 

exchange mechanism305, in vitro (rat jejunal brush), consistent with properties of the OATP 

transport system. The presence of OATP1A2 on the apical brush border of the proximal ileum 

has been identified from its mouse analogue Oatp1a5, the expression of which was consistent 

with the location of preliminary in vitro studies.   

 

Although previous functional and pharmacogenetics studies have highlighted the involvement 

of SLCO1A2 genetic variation in inter-individual variability of drug disposition304,306, the 

function on BA transport and circulation is still unknown. In-vitro functional assessment 

revealed that E172D had markedly reduced capacity for mediating the cellular uptake of three 

pharmacological OATP1A2 substrates; estrone 3-sulfate, deltorphin II, and [D-
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penicillamine2,5]-enkephalin307. Also, a pharmacogenetics study, in humans, identified that 

carriers of E172D have a decreased uptake of estrone sulfate and methotrexate306.  

 

Carriers of the non-synonymous E172D in the SLCO1A2 gene had lower plasma BA 

concentrations in response to the OGTT and during the first hours of the MMTT, indicating 

reduced and delayed absorption of BA from intestine. Given that OATP1A2 is expressed in 

the duodenum, it is potentially the transporter responsible for BA absorption during the early 

phase of bile secretion. Meanwhile, it is worth noting that post-prandial concentrations of 

unconjugated BA, which are mainly absorbed by passive diffusion, were not affected in 

carriers, substantiating the potential importance of this transporter for duodenal BA active 

transport. Although BA concentrations could not be measured in portal blood, in the present 

study, concentrations in systemic circulation are considered as a useful surrogate of 

enterohepatic circulation.  

 

The association of E172D with metabolic phenotypes, as reported in the UKBB phenome 

database, could reflect on the function of BA in metabolic control, which includes regulation of 

lipid and glucose homeostasis, and energy expenditure. Dysregulated metabolism and 

signalling of BA levels can interfere with biological processes causing metabolic disorders: 

dyslipidaemia, fatty liver disease, diabetes, obesity and atherosclerosis. BA are commonly 

suggested as mediators of improved insulin sensitivity after bariatric surgery308. The 

assumption is based on the consistent finding after Roux-en-Y gastric by-pass (RYGB) 

bariatric surgery that circulating bile acids are increased in both fasting and postprandial 

conditions309. Also, RYGB and vertical sleeve gastrectomy (VSG) rat models confirmed the 

increase of circulating BA that is associated with improved metabolic features, such as 

adiposity, and insulin sensitivity310. 
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5.7 Summary 

 

Understanding the metabolism of BA in the post-prandial state is essential to better 

understand their roles in human physiology. The present study is the first to demonstrate an 

association between a low frequency variant, at E172D, of the OATP1A2 transporter gene 

(SLCO1A2) and BA kinetics after a meal, without any effect in the fasting state. The findings 

presented here, support the hypothesis of a slower intestinal post-prandial BA uptake in 

E172D carriers compared to non-carriers. It is important to appreciate that functional genetic 

variation may affect BA homeostasis in situations when the body is metabolically challenged, 

despite not being severe enough to cause an overall congenital disease.  
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Monogenic obesity in the general 

population: the study of MC4R mutations 
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6.1 Introduction to Chapter 

 

This chapter describes investigation of the prevalence and phenotypic characterisation of 

Melanocortin-4 Receptor (MC4R) mutations – which cause the commonest known monogenic 

form of obesity - in the largest population to date. MC4R, along with other receptors and their 

ligands, belongs to a highly conserved biological system in the hypothalamus, responsible for 

maintaining the body’s energy balance. When components in this system are disrupted, this 

can lead to greater energy intake than the body requires, which is accumulated as stored fat. 

Rare dominant mutations in MC4R have been mainly discovered in families of obese children 

and characterised further in studies of relatively small obese and control groups, but study of 

MC4R mutations in the general population is very limited. The UK Biobank (UKBB) offers the 

opportunity to obtain a general picture of free-living, unrelated MC4R carriers in the White 

British population. 
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6.2 Background 

 

6.2.1 Mechanism of central control of energy balance: the leptin-melanocortin 

pathway 

 

As mentioned previously, obesity is a highly heritable disorder. If inherited factors in obesity 

are important then they must operate through biological processes that keep energy stores 

within certain limits. Experimental evidence from the 1950s showed that rats adjusted their 

food intake, after a period of under- or overnutrition, in order to bring their energy stores and 

weight back to normal311. The notion of a central control of energy balance in the brain was, 

in fact, figured out much earlier, in the turn of the 20th century, when severely-obese patients 

were reported having tumours in the brain, in the region later identified as the hypothalamus. 

This was validated experimentally in rats, which became hyperphagic and obese after surgical 

lesion of the medial hypothalamus312. A few years later G.R. Hervey, a British physiologist, 

hypothesised that circulating factors might signal to the brain to control body weight. He used 

‘Siamese rats’ with a connected circulatory system, whereby one had a lesion in the 

hypothalamus. Eventually animals bearing the lesion grew to become obese while controls 

had suppressed food intake and lost weight313. He was convinced that a signalling molecule 

produced in excess in the obese animal, to overcompensate the loss of signalling in the 

hypothalamus, crossed over to produce enhanced anorexigenic effects in the lean animal. In 

a similar approach, an inbred strain of severely obese mice (ob/ob) connected parabiotically 

to lean mice, had a substantial reduction in body weight314. This suggested that a circulating 

factor produced was able to correct the deficiency seen in the obese animals. This deficiency 

was later attributed to the hormone leptin55, which is largely expressed in the adipose tissue. 

Remarkably, administration of leptin in the circulation315,316, and directly in the brain317, 

reversed obesity in ob/ob mice. The evidence suggested that leptin is the signalling link 
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between the adipose tissue and the brain to produce anorexigenic effects, in response to the 

amount of fat stored. 

 

Subsequent molecular genetic studies of the hypothalamus established a system acting 

downstream of leptin, consisting of neurones, ligands and receptors, known as the leptin-

melanocortin pathway (Figure 6.1). Leptin-binding initiates a cascade of signalling in the 

hypothalamus, which controls energy homeostasis by balancing energy intake and 

expenditure. The hypothalamus also receives peripheral signals of food intake and energy 

expenditure from organs in the gastrointestinal tract, through the hormones GLP-1, ghrelin, 

peptide YY, cholecystokinin; the pancreas through insulin and adipose tissue through leptin 

and adiponectin.  

MC4R is a receptor which is highly expressed in the paraventricular nucleus (PVN) of the 

hypothalamus and plays an integral role in the leptin-melanocortin system. It integrates an 

Figure 6.1 The leptin-melanocortin pathway (reproduced from Walley AJ et al, Nat Rev Genet 10, 431-42, 2009)  
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agonist (satiety) signal provided by a pro-opiomelanocortin (POMC) derived ligand - the α - 

melanocyte-stimulating hormone (α–MSH) and to an antagonist (orexigenic) signal by the 

agouti-related protein (AGRP). Activation of MC4R by α–MSH transmits anorexigenic signals 

to cortical regions of the brain giving the sensation of fulfilment resulting in lower energy intake. 

 

6.2.2 Commonest monogenic form of obesity: dominantly-acting mutations in 

the melanocortin 4 receptor gene 

 

MC4R is a G protein-coupled receptor comprising a seven-transmembrane domain, an 

extracellular amino-terminal, and an intracellular carboxyl-terminal domain. The receptor is 

activated when neuropeptide ligands (α-MSH, β-MSH, and γ-MSH) bind in a cavity in the 

extracellular part of the transmembrane domain. A conformational change facilitates 

dissociation of heterotrimeric G-proteins, activating the downstream adenylyl cyclase 

pathway318.  The role of the gene in obesity was initially described in an Mc4r mouse model, 

in 1997, through targeted gene disruption. Mc4r-/- mice exhibit obesity, hyperphagia, 

hyperinsulinemia, hyperglycaemia, and increased linear growth319. Mc4r+/- mice present a 

milder phenotype319 and increased weight gain in response to high-fat diet, suggesting a gene-

dosage effect320.   

 

In humans the melanocortin-4 receptor gene (MC4R) is encoded by a single exon (1,438bp) 

on chromosome 18q22 (NCBI GenBank: AY236539.1). As in the mouse, MC4R plays a crucial 

role in the leptin-melanocortin system, which maintains energy balance (Figure 6.1). The first 

heterozygous MC4R mutation (frameshift) in humans was discovered a year after the mouse 

model and was reported in two separate studies60,61. Since then, at least 150 pathogenic 

MC4R mutations have been identified, representing the commonest form of monogenic 

obesity in human121,321. About 30% are frameshift and stop-gain and 70% are missense 
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mutations that cause complete or partial loss of the receptor function321,322 and impair cyclic 

AMP signalling in-vitro functional studies121,323. The majority of the mutations are 

heterozygous, with homozygous probands described as having a fully penetrant early-onset 

severe form of obesity. The true prevalence of these mutations is uknown. 

 

In addition to obesity, other clinical phenotypes of MC4R deficiency are hyperphagia, 

hyperinsulinemia, and increased linear growth. Patients experience both increased fat and 

lean mass, a feature not seen in other forms of monogenic obesity321. The severity of 

phenotypes depends on the nature of the mutation: patients with mutations causing complete 

loss of the receptor will typically have more severe phenotypes than patients with partial loss 

of function321. 

 

After the identification of MC4R as a candidate gene for obesity, there was an interest in 

examining whether common coding variants were associated with obesity. Sequencing 

analysis identified only two low frequency variants in the coding region; V103I (rs2229616; 

MAF~2%)122,324 and I251L (rs52820871; MAF~1%)122. In fact, these are gain-of-function 

mutations and are protective, reducing the risk of obesity by −21% in 103I-allele carriers and 

by −50% respectively compared to non-carriers. 

 

Not all heterozygote carriers of pathogenic MC4R mutations (such as those discovered by 

cascade screening of families of obese probands) are obese, however, which implies 

incomplete penetrance of these mutations322. It is estimated that MC4R deficiency is the cause 

of 5-6% of children with an early on-set of obesity, whereas the estimated prevalence of MC4R 

mutations ranges from 0.2-4.7% in obese adults325 and from 0.09 to 0.66% in the general adult 

population325,326. The general population estimates were based on sample sizes ranging 

~1000-4000 samples. MC4R mutations have not been characterised before in a large-scale 

study. The UKBB genotyping chip includes 88 MC4R variants and, thus, we now have the 

opportunity to explore mutation prevalence and phenotype outcomes in a free-living 
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population. Given the published prevalence rates it is estimated that 300-2000 MC4R mutation 

carriers could be present in the UKBB. 
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6.3 Hypothesis and aims 

 

While the prevalence of mutations in childhood obesity is high, their contribution to BMI in 

middle to late adulthood is debated. Mutations are found to be carried by adults who are not 

obese. There is a need for more reliable estimates using well powered, population-based 

cohorts the size of UKBB. This is the largest population-based assessment for a selection of 

known MC4R mutations. We hypothesise that the UKBB includes a number of individuals 

carrying these mutations and could be a valuable resource for assessing phenotypic 

outcomes. The aims of the work described in this chapter were to: i) extract, annotate, and 

score MC4R mutations from the UKBB genotype dataset, ii) determine the prevalence and 

penetrance, individually and by mutation type iii) characterise the phenotype and obesity 

status of mutation carriers. 
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6.4 Methods 

 

6.4.1 Study cohort 

The UKBB dataset was used, with 328,367 subjects included, passing genotyping sample QC, 

and having available anthropometric phenotypes.  

 

6.4.2 Selection of MC4R mutations  

The UKBB had 88 mutations genotyped within the coding region of MC4R (GRCh37/hg19 

Chr18:58038564-58040001). After exclusion of poorly called and monomorphic mutations, 72 

were annotated in ANNOVAR, supplemented by extensive research in the HGMD, gnomaAD 

as well as the literature. There were 14 loss-of function (LoF) mutations (7 frameshift, 6 stop-

gain, 1 deletion) and 58 non-synonymous mutations. A detailed description of the panel, which 

includes summary statistics is found under Appendix IV and V. 

 

6.4.3 Estimation of penetrance  

Penetrance is generally defined as the proportion of individuals with a particular genotype who 

exhibit the phenotype associated with the genotype. In this case, we considered a person with 

obesity (BMI≥30kg/m2) as being affected and a lean person as un-affected (BMI<25kg/m2). 

For estimation of penetrance, the allelic frequencies were used as probabilities in affected 

(obese) and un-affected (non-obese) subjects, i.e. penetrance was considered as the 

probability of a person with given genotype being affected P(A G) calculated as 𝑃(𝐴 G) =

 
𝑃(G𝐴)×𝑃(𝐴)

(𝑃(𝐺𝐴)×𝑃(𝐴))+(𝑃(G𝑈)×𝑃(𝑈))
 , where P(GA) is the allele frequency in affected, P(GU) is the allele 

frequency in un-affected and P(A) is the prevalence of affected and P(U) is the prevalence of 

unaffected. As an example, considering a heterozygous mutation Z found in 9 obese (out of a 

total ~75,000) and 2 lean (out of a total ~100,000) and considering the UKBB obesity and lean 



184 
 

prevalence as ~25% and ~33% respectively then the penetrance is estimated as 𝑃(𝐴 G𝑍) =

 
9/75,000 × 0.25

(9/75,000 × 0.25) + (2/100,000 × 0.33) 
 = 82%. 
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6.5 Results 

 

6.5.1 Prevalence of MC4R mutations in the UKBB 

 

Out of a total of 88 MC4R variants included on the UKBB genotyping array, 9 had a very poor 

call rate and 7 were monomorphic. The remaining 72 variants were: 71 rare mutations 

(MAF<0.01), of which 14 were LoF, 57 non-synonymous, and 1 non-synonymous low 

frequency variant V103I (MAF=0.02) (Table 6.1). A summary literature review of mutations 

included in this study along with the number of carriers in the UKBB can be found in Appendix 

V. 

Figure 6.2 Flow chart displaying selection of MC4R carriers 
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In the whole of UKBB (N=328,367, with available BMI) 1,284 individuals (0.39%) carried at 

least one of the 71 rare mutations (Figure 6.2). None of the mutations was found in the 

homozygous state. Of the 1,284 MC4R mutation carriers, 1,245 were heterozygous while the 

remaining 39 were: 8 compound heterozygous (including one V103I carrier), and 31 were 

V103I carriers (Table 6.6). Separately, V103I was found alone in 13,052 individuals (12,932 

heterozygous and 120 homozygous carriers).  

 

6.5.2 Estimation of penetrance 

 

The penetrance of MC4R mutations was estimated using allele frequencies of obese and lean 

participants, for LoF and non-synonymous mutations. Collectively, the penetrance of LoF 

mutations was 79%, and of non-synonymous (excluding V103I) was 50%. Individually, only 8 

mutations showed 100% penetrance in the UKBB: all 17 carriers of S19fs, P48S, N62S, 

L106P, S136P, F261S, P299H or A303T were obese. On the other end of the spectrum, L54P, 

C84R, I121T, T162I, F202L, L211P, P275S, F280L and I301T showed 0% penetrance: none 

of the 25 carriers were obese. These mutations were, however, found in overweight individuals 

and the null penetrance only refers to the fact that the estimation compared obese to lean 

ignoring the overweight carriers. The rest of the mutations showed penetrance ranging from 

13-80%, except for Y332H which could not be estimated because it was absent from both lean 

and obese individuals but was carried by 2 overweight individuals. The relative risk (RR), i.e. 

the comparison of risk of obesity in carriers and non-carriers is as follows: for all LoF 1.11, all 

non-synonymous 1.11, and fully penetrant mutations 2.36. 
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     UKBB carriers  in-silico functional effect 

 Amino acid 
change 

Type 
Reports 

in 
obese 

Reports 
in lean 

UW L OW OB SIFT Polyphen2 M-CAP 

1 p.R7H non-synonymous ✔ ✔ 0 12 16 9 T B T 

2 p.T11S non-synonymous ✔ - 0 6 8 8 T B T 

3 p.W16X stopgain ✔ - 0 2 1 0 - - - 

4 p.N17fs frameshift ✔ - 0 0 2 0 - - - 

5 p.S19fs frameshift ✔ - 0 0 1 1 - - - 

6 p.S30F non-synonymous ✔ ✔ 0 44 45 26 T B T 

7 p.G34fs frameshift ✔ - 0 7 12 6 - - - 

8 p.Y35X stopgain ✔ - 0 4 23 13 - - - 

9 p.Q43X stopgain ✔ - 0 3 1 2 - - - 

10 p.P48S non-synonymous ✔ - 0 0 0 1 T B T 

11 p.V50M non-synonymous ✔ ✔ 0 2 0 1 D D D 

12 p.L54P non-synonymous ✔ - 0 4 1 0 D D D 

13 p.G55D non-synonymous ✔ - 0 6 5 2 D D D 

14 p.N62S non-synonymous ✔ ✔ 0 0 0 1 D D D 

15 p.H76R non-synonymous ✔ - 0 11 16 11 D D D 

16 p.P78L non-synonymous ✔ - 0 1 1 1 D D D 

17 p.M79I non-synonymous ✔ - 0 4 4 3 D D D 

18 p.Y80X stopgain ✔ - 0 4 7 4 - - - 

19 p.C84R non-synonymous ✔ - 0 1 1 0 D D D 

20 p.Ala89_Val93del inframe deletion ✔ - 0 2 1 0 - - - 

21 p.D90N non-synonymous ✔ - 0 3 2 1 D D D 

22 p.S94N non-synonymous ✔ - 0 1 1 3 D D D 

23 p.V95I non-synonymous ✔ - 0 18 20 13 T P D 

24 p.T101N non-synonymous ✔ - 0 2 6 2 D D D 

25 p.V103I non-synonymous ✔ ✔ 77 4669 5580 2638 T B - 

Table 6.1 Characterisation of MC4R mutations genotyped in UKBB 
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26 p.L106P non-synonymous ✔ - 0 0 0 2 D D D 

27 p.S116fs frameshift ✔ - 0 4 2 0 - - - 

28 p.I121T non-synonymous ✔ - 0 1 1 0 D P D 

29 p.S136P non-synonymous ✔ - 0 0 5 4 D D D 

30 p.F149fs frameshift ✔ - 0 7 4 2 - - - 

31 p.T150I non-synonymous ✔ - 0 5 13 4 D D D 

32 p.A154D non-synonymous ✔ - 0 4 4 4 D D D 

33 p.Q156P non-synonymous ✔ - 0 2 4 1 D P D 

34 p.T162I non-synonymous ✔ - 0 9 7 0 D D D 

35 p.R165W non-synonymous ✔ ✔ 0 9 7 5 D D D 

36 p.R165Q non-synonymous ✔ ✔ 0 5 13 13 D D D 

37 p.V166I non-synonymous ✔ ✔ 0 3 11 4 D B D 

38 p.I170V non-synonymous ✔ ✔ 1 6 13 8 D P D 

39 p.A175T non-synonymous ✔ ✔ 0 1 5 1 T B T 

40 p.M200fs frameshift ✔ - 0 4 5 2 - - - 

41 p.F201L non-synonymous - ✔ 0 3 1 2 D P D 

42 p.F202L non-synonymous ✔ ✔ 0 4 4 0 T B T 

43 p.L211P non-synonymous - - 0 1 1 0 D D D 

44 p.G231S non-synonymous ✔ - 0 1 4 2 T P D 

45 p.G231V non-synonymous - ✔ 0 8 12 9 T B D 

46 p.R236C non-synonymous ✔ - 0 24 30 27 D B D 

47 p.G238D non-synonymous ✔ - 0 5 9 3 T B D 

48 p.A244E non-synonymous ✔ - 1 14 11 14 D D D 

49 p.G252S non-synonymous ✔ - 0 36 41 32 D D D 

50 p.V253I non-synonymous ✔ ✔ 0 28 42 22 T P D 

51 p.F261S non-synonymous ✔ - 0 0 6 2 D D D 

52 p.I269N non-synonymous ✔ - 0 12 7 11 D D D 

53 p.C271R non-synonymous ✔ - 0 1 1 1 D D D 

54 p.C271F non-synonymous ✔ - 0 4 10 11 D D D 

55 p.N274S non-synonymous ✔ ✔ 0 3 2 1 T P D 
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56 p.P275S non-synonymous ✔ - 0 2 1 0 D B D 

57 p.Phe280Alafs frameshift ✔ - 0 5 23 10 - - - 

58 p.F280L non-synonymous ✔ - 0 1 0 0 D P D 

59 p.Y287X stopgain ✔ - 0 4 4 0 - - - 

60 p.I289L non-synonymous - ✔ 0 4 6 3 T B D 

61 p.P299H non-synonymous ✔ - 0 0 2 6 D D D 

62 p.I301T non-synonymous ✔ - 0 2 1 0 D D D 

63 p.Y302F non-synonymous ✔ - 0 8 14 13 D D D 

64 p.A303T non-synonymous ✔ - 0 0 4 1 D D D 

65 p.R305Q non-synonymous - ✔ 0 1 3 3 D D D 

66 p.Q307X stopgain ✔ - 0 5 5 5 - - - 

67 p.R310K non-synonymous ✔ - 0 2 1 2 D D D 

68 p.I316S non-synonymous ✔ - 0 5 7 3 D P D 

69 p.I317V non-synonymous ✔ - 0 7 10 8 T B T 

70 p.L325F non-synonymous ✔ - 0 3 5 3 T B D 

71 p.Y332C non-synonymous - ✔ 0 9 2 1 D D D 

72 p.Y332H non-synonymous ✔ ✔ 0 0 2 0 D D D 

 

In-silico predictions are only for non-synonymous mutations. SIFT - T:Tolerated; D:Deleterious; Polyphen2 – B:Benign; P:Probably Deleterious; 

D:Deleterious; M-CAP – T:Tolerated, D:Deleterious 
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6.5.3 Phenotypic characteristics of MC4R mutation carriers 

 

6.5.3.1 Heterozygous carriers (N=1,245) 

 

The phenotypic characteristics of mutation carriers (N=1,245), grouped as i) non-synonymous 

+ LoF (all mutations), ii) non-synonymous only, and iii) LoF only, are presented in Table 6.2. 

Overall MC4R carriers of both LoF and non-synonymous mutations had higher BMI than non-

carriers after adjusting for age and sex (27.9, SD=5.2 vs 27.4, SD= 4.8; P=0.0002). Sex 

aspects: The proportion of female participants was slightly higher than males in the whole 

UKBB (53.6% vs 46.4%). The distribution of sex in carriers and non-carriers separately 

reflected this (53.6% vs 46.4% and 53.5% vs 46.5%). In the non-carrier group, males had 

higher BMI than females (27.8, SD=4.2 vs 27.0, SD=5.1, P<0.0001). However, in the carrier 

group, BMI did not differ between males and females (28.1, SD=4.4 vs 27.8, SD=5.7). Effects 

of age: Age was associated with BMI in the non-carrier group - either adjusting or not adjusting 

for sex (β=0.027; P<0.0001 and βadj =0.026, P<0.0001) - but not in the MC4R carrier group. 
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6.5.3.2 Compound heterozygous carriers (N=8) 

 

There were 8 compound heterozygous carriers with a mean BMI of 30.2 kg/m2. Although this 

is much higher than the heterozygous carrier group (N=1,245), the high mean is driven by one 

individual with BMI=51.4 kg/m2 (Table 6.5). The other 7 were: 4 overweight, 2 were obese and 

1 lean. Interestingly, a female with 3 mutations had a BMI of 26.5 kg/m2.  
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Table 6.2 Obesity characteristics of heterozygous MC4R mutation carriers in the UKBB cohort 
 
  

Male/Female Age (SD) BMI (SD) Total Non-
carriers 

MC4R Non-
Synonymous 

MC4R LoF MC4R non-
synonymous 

+ LoF 

Overall 152,368/175,960 56.9 (8.0) 27.4 (4.8) 314,448 313,203 1,064 181 1,245 

Underweight 318/1,259 55.8 (8.2) 17.6 (0.8) 1,577 1,575 2 0 2 

Lean 36,267/66,299 56.0 (8.1) 22.9 (1.5) 102,566 102,185 332 49 381 

Overweight 72,200/61,867 57.3 (7.9) 27.3 (1.4) 134,067 133,548 432 87 519 

Obese 39,120/37,118 57.2 (7.7) 33.9 (3.9) 76,238 75,895 298 45 343 

BMI (SD) 27.8 (4.2)/27.0 (5.1) - - 27.4 (4.8) 27.4 (4.8) 27.9 (5.2) 28.0 (5.0) 27.9 (5.1) 
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Table 6.3 Metabolic phenotypes of MC4R mutation carriers 

 

 

 MC4R non-synonymous + LoF  MC4R Non-Synonymous  MC4R LoF 

 Carriers Non-carriers P-value*  Carriers Non-carriers P-value*  Carriers Non-carriers P-value* 

WHR 0.87 (0.09) 0.87 (0.09) 0.680  0.87 (0.09) 0.87 (0.09) 0.903  0.88 (0.09) 0.87 (0.09) 0.169 

SP (mmHg) 140.1 (19.7) 140.2 (19.7) 0.861  140.1 (19.7) 140.2 (19.9) 0.926  139.7 (19.0) 140.2 (19.7) 0.815 

DP (mmHg) 82.5 (11.1) 82.3 (10.7) 0.396  82.5 (11.1) 82.3 (10.7) 0.445  82.6 (11.0) 82.3 (10.7) 0.709 
Body Fat 
(%) 31.7 (8.9) 31.3 (8.5) 0.027  31.7 (8.8) 31.3 (8.5) 0.073  31.6 (9.1) 31.3 (8.5) 0.147 
Trunk Fat 
(%) 31.1 (8.0) 31.4 (8.3) 0.144  31.1 (8.0) 31.4 (8.2) 0.298  31.6 (8.5) 31.1 (8.0) 0.193 

BMR (KJ) 6760 (1446) 6649 (1368) 4.00E-06  6747 (1443) 6649 (1368) 1.90E-05  6832 (1465) 6649 (1369) 0.088 
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 6.5.3.3 Carriers of the low frequency V103I (N=13,052) 

 

The characteristics of 13,052 individuals carrying only the V103I variant are presented in Table 

6.4. In a linear regression, the V103I is negatively associated with BMI (β=-0.528; P=9.17×10-

37) adjusting for age, age2, sex and first five PCs, which has replicated all previous knowledge 

of the “gain-of-function” effect of this variant. 

 

 

Table 6.4 Characteristics of the MC4R V103I low frequency variant carriers in UKBB  

 

 Non-carriers Het Hom 

N 313,203 12,932 120 

Male/Female (%) 46.4/53.6 46.4/53.6 51.7/48.3 

Age (SD) 56.9 (8.0) 56.9 (8.0) 56.9 (7.7) 

BMI (SD) 27.4 (4.8) 26.9 (4.5) 26.1 (4.4) 

Obesity group    

Underweight 1577 77 2 

Lean 102566 4653 52 

Overweight 134064 5568 54 

Obese 76237 2634 12 



195 
 

 

 

 

Table 6.5 Compound heterozygous MC4R mutation carriers in the UKBB  

 

ID Sex Age BMI 
Obesity 
category No. of LoF 

No. of non-
synonymous Total 

V103I 
carrier 

2666613 female 50 26.5 overweight 0 3 3 no 

3742787 female 54 26.4 overweight 1 1 2 het 

2065769 male 69 30.1 obese 0 2 2 no 

1631045 male 56 24.2 lean 1 1 2 no 

1560788 male 62 30.4 obese 0 2 2 no 

5246942 female 60 25.7 overweight 0 2 2 no 

5206415 male 57 26.5 overweight 0 2 2 no 

2520072 female 66 51.4 obese 0 2 2 no 
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Table 6.6 Carriers of both rare MC4R mutations and V103I low frequency variant 

 

ID Sex Age BMI 
Obesity 
category 

No. 
of 

LoF 
No. of non-

synonymous sum V103I 

3742787 female 54 26.4 overweight 1 1 2 het 

3095976 female 51 20.5 lean 0 1 1 het 

2856891 female 66 24.6 lean 0 1 1 het 

4575352 female 65 26.7 overweight 0 1 1 het 

5432559 male 68 22.1 lean 0 1 1 het 

1401290 male 59 21.4 lean 0 1 1 het 

4287583 male 67 30.7 obese 0 1 1 het 

2651162 female 62 28.7 overweight 0 1 1 het 

4738535 female 43 21.0 lean 0 1 1 het 

4464315 male 41 24.5 lean 0 1 1 het 

3849831 male 62 26.5 overweight 1 0 1 het 

5097344 male 67 22.5 lean 0 1 1 het 

4077465 female 65 30.7 obese 0 1 1 het 

5681723 female 52 21.1 lean 0 1 1 het 

3948067 male 50 28.8 overweight 0 1 1 het 

3040280 female 49 48.1 obese 0 1 1 het 

4939301 female 55 25.9 overweight 1 0 1 het 

3390737 female 47 24.1 lean 0 1 1 het 

1533545 female 64 36.1 obese 0 1 1 het 

5107598 female 60 27.0 overweight 0 1 1 het 

4584744 female 58 24.4 lean 0 1 1 het 

5649207 female 49 24.8 lean 1 0 1 het 

1155334 female 41 24.6 lean 0 1 1 het 

3075828 female 47 23.3 lean 0 1 1 het 

4637297 female 59 25.8 overweight 0 1 1 het 

3276834 male 58 26.2 overweight 1 0 1 het 

3990923 male 42 21.6 lean 0 1 1 het 

5330670 male 63 26.5 overweight 0 1 1 het 

1875564 female 51 22.7 lean 0 1 1 het 

3264951 female 60 26.9 overweight 0 1 1 het 

5621661 male 67 22.7 lean 0 1 1 het 

3842691 male 55 25.7 overweight 0 1 1 het 
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6.5.4 Distribution of MC4R mutation carriers in BMI categories 

 

Individuals were classified into two groups: overweight and obese (ow/ob) and underweight 

and lean (uw/lean), for comparison purposes. Amongst non-synonymous MC4R carriers 

(N=1,064), 334 (31.3%) were uw/lean and 730 (68.7%) were ow/ob, while amongst LoF 

carriers (N=181) 49 (27%) were uw/lean and 132 (73%) were in the ow/obese group (Figure 

6.3). 

 

In the UKBB, there was a slight enrichment of MC4R mutations in the whole ow/ob group 

compared to all the uw/lean individuals. Among 219,136 ow/ob individuals there were 862 

carriers (0.39%), while among 109,192 uw/lean individuals there were 383 carriers (0.35%). 

The situation was different for LoF mutations. Considering only the 181 LoF mutation carriers, 

there were twice as many LoF carriers in the whole ow/ob group compared to all the uw/lean 

individuals (132 (0.1%) vs 49 (0.04%), P=0.04). There was no enrichment, however, of non-

synonymous mutations in ow/ob group compared with the uw/lean group (730 (0.33%) vs 334 

(0.31%)). 

 

When the distribution of carriers and non-carriers was compared in all BMI groups (Figure 

6.4), significant  differences were observed between the following: i) LoF and non-synonymous 

carriers vs non-carriers: overall (P = 0.011) and in females (P=0.013), but not in males 

(P=0.826) ii) LoF vs non-carriers: no difference (overall P= 0.226; females P=0.371; males 

P=0.460) ii) Non-synonymous vs non-carriers:  overall (P=0.020) and in females (P=0.027), 

but not in males (P=0.619). Although no difference in distribution was seen in LoF when the 

overweight category was looked on its own, 48% of carriers were overweight while 42.6% of 

non-carriers belonged to this group.  



198 
 

Figure 6.3 Distribution of MC4R mutation carriers (N=1,245) in BMI categories, by 

type of mutation 
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Figure 6.4 Distribution of MC4R mutation carriers and non-carriers by BMI category 
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6.6 Discussion 

 

The work described in this chapter was aimed at determining the prevalence, penetrance, and 

phenotypic characteristics of MC4R mutations in the White British population using the large-

scale UKBB cohort (N~330,000). The prevalence of MC4R mutations in the UKBB is ~4 in 

1000, which is higher than a previous estimate of 1 in 1100, in the British population326, but 

lower than the estimated prevalence in the German population (~7 in 1000)325. In the UKBB, 

out of 71 rare mutations, 8 were fully penetrant (S19fs, P48S, N62S, L106P, S136P, F261S, 

P299H or A303T), 54 had a penetrance ranging 13-80%, and 9 were null penetrant.  

 

In general, the incomplete penetrance for some MC4R mutations has been described 

before326. The penetrance for heterozygous LoF was reported at 63.5% in the British 

population322, but here it is higher at 79%. Here, the LoF were considered as mutations that 

are stop-gain, frameshift or deletions. Classification of pathogenic mutations is generally a 

challenge and markers found in affected individuals classified as pathogenic may be co-

incidental and benign.  

 

Variable expressivity of MC4R mutations on BMI was also previously observed327; 

homozygotes or compound heterozygotes (non-synonymous, frameshift or premature stop 

mutations) had higher BMI than heterozygotes for the same allele325, consistent with 

observations in Mc4r knockout mice327. In some cases, heterozygous relatives of obese 

probands did not exhibit early onset obesity327. Thus, there are, undoubtedly, complex 

interactions between genotype, genetic background and environment which influence the 

penetrance and expressivity of MC4R mutations. Quantitatively, carriers of the Y35X 
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mutation weighed on average ~7 kg more than non-carriers120, in a large scale exome-wide 

association study, including samples from the UKBB and the GIANT consortium (N~720,000).  

 

It is now appreciated that the most appropriate mechanism for mode of inheritance of MC4R 

mutations is “co-dominance—with modulation of expression and penetrance of the 

phenotype” This observation was corroborated by the pattern of inheritance observed in 

heterozygous and homozygous Mc4r knockout mice54.  

 

The UKBB offers, probably for the first time, the opportunity to characterise rare mutations of 

selected monogenic diseases in a large scale. The metabolic consequences of MC4R 

mutations in humans are not well documented. Here, in terms of body fat distribution MC4R 

carriers show an overall subtle increase in body fat but are not characterized by having 

increased abdominal adiposity compared to non-carriers.  

 

 A limitation to this study, however, is that only a selection of MC4R mutations was analysed. 

It is therefore important to note that other mutations could be present, information on which 

may be available through exome sequencing. Also, ascertainment bias should be considered, 

as there is an underrepresentation of obese individuals who wished to take part in the UKBB, 

since the obesity rate in the UKBB is ~25%, which is lower than the national rate (~33%). 
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6.7 Summary 

 

In summary, examination of MC4R gene mutations genotyped in the UKBB (N~330,000), 

estimates the combined prevalence in the White British population at 0.39%. Only 8 out 72 

genotyped mutations showed full penetrance (S19fs, P48S, N62S, L106P, S136P, F261S, 

P299H or A303T). Additionally, there was a slight enrichment of LoF mutations in overweight 

and obese participants compared to underweight and lean individuals (132 carriers (0.1%) vs 

49 carriers (0.04%), P=0.04). 
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General discussion 
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7.1 Introduction  

 

7.1.1 General scope 

 

This thesis considers the study of common and rare genetic variation in adiposity and 

metabolic phenotype. The growing knowledge of genetic variation identified in reference 

populations has enabled the use of advanced genotyping and sequencing technologies, to be 

effectively carried out in study cohorts, capturing both common and rare variants. In addition, 

obesity research has been growing towards a better understanding of the pathophysiology of 

the disease, including using advanced techniques and experimental designs for better 

phenotyping of adiposity and metabolism. 

 

7.1.2 Summary of main results 

 

Chapter 3 describes the use of the GWAS approach to identify common variants associated 

with abdominal adipose distribution quantified by MRI in participants of the UKBB imaging 

study. Two novel SNPs were associated with body fat distribution at the genome-wide 

significant level: a) in both men and women, rs182052 in ADIPOQ was associated with VAT 

(β=0.114 SD; P=3.04×10-8) and b) in women only, rs181635166 in NALCN was associated 

with ASAT (βfemales=0.338 SD, Pfemales=1.51×10-8). 

 

Chapter 4 explored the association of a GRS, including new and previously-known favourable 

adiposity SNPs, and showed that women carrying each additional FA allele had 0.040 (0.008) 

SD (P=1.08×10-6) lower liver fat; a feature not seen in men. The GRS was also associated 

with less adiposity in the central region and more adiposity in the lower region of the trunk. In 

men on the other hand, the GRS was associated with a higher adiposity overall. 
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In Chapter 5, I turn to examination of rarer genetic variants and describe the use of exome 

sequencing to identify deleterious variation in candidate genes of bile acid (BA) metabolism. 

The aim was to investigate differences in post-prandial BA response after nutritional tests 

(OGTT and MMTT) in a small, but intensively phenotyped cohort. The analysis identified a low 

frequency variant, rs11568563 (c.A516C, p.E172D, MAF=0.045) in SLCO1A2, carriers of 

which displayed a diminished and delayed post-prandial increase in conjugated BA in plasma, 

compared to non-carriers.  

 

Chapter 6 continues the investigation of rare variants, examining the phenotype of carriers of 

MC4R gene mutations in the White British population (N~330,000) of the UK Biobank. The 

combined prevalence of such mutations was 0.39%, while only 8 out 72 genotyped mutations 

showed full penetrance (S19fs, P48S, N62S, L106P, S136P, F261S, P299H or A303T). 

Additionally, there was a slight enrichment of LoF mutations in overweight and obese 

participants compared to underweight and lean individuals (132 carriers (0.1%) vs 49 carriers 

(0.04%), P=0.04). 

 

. 
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7.2 General discussion of results 

 

7.2.1 The study of common variation  

 

The work presented in chapter 3 used information from the UKBB SNP arrays which detect 

genome-wide markers of common variation for use in GWA analyses.  Generally, these 

common SNPs had been chosen, not because they are expected to have a direct functional 

consequence, but in most cases, simply because they act as tag-SNPs representing 

haplotypes across the genome. Genotyped SNPs were used to impute other common genetic 

variants within the same genomic region, using well-sequenced reference panels of the UK 

population. 

 

The GWAS approach, used to study common variation in complex traits, has been popular 

during the last decade. The expansion of cohort sizes aided to the discovery of a substantial 

number of novel loci and has improved our understanding of the biology of a wide range of 

traits and diseases. GWAS of BMI implicated particular genes and pathways in the brain, 

including synaptic plasticity and glutamate receptor activity, that may affect the body’s energy 

balance. On the other hand, SNPs identified from GWAS of WHRadjBMI were enriched for genes 

expressed in adipose tissue and putative regulatory elements in adipocytes. Evidently, the 

factors affecting the amount of total adiposity are quite distinct from the factors determining its 

distribution within the body. In the interest of using accurate measurements that can 

differentiate abdominal adiposity into visceral and subcutaneous, we sought to use data from 

the UKBB imaging cohort in order to identify additional common genetic variants influencing 

fat distribution patterns.  

 

The findings presented in chapter 3 are from a discovery cohort and replication in separate 

cohorts is required to validate the results. A major challenge of replication is heterogeneity 
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between studies, which may lead to different conclusions about the significance and/or 

direction of effect of the lead SNP. The causes of heterogeneity may include: different criteria 

and methods of phenotypic assessment and differences in degree of severity of the disease. 

For this reason, we seek replication partners having abdominal adiposity data derived 

exclusively from MRI scanning.  

 

The analysis used the PLINK2 program181, which offers the flexibility to run multiple statistical 

models in a user-friendly environment. The criteria used for imputed data were stringent and 

commonly used before328. In addition to a high information score threshold (≥0.8), the 

implementation of PLINK2 used hard-call genotypes, based on genotyping probabilities of 

≥0.8. Analysis using programs which can accommodate dosage of imputed SNPs would be 

able to include a higher coverage of SNPs. Also, the use of mixed linear models (used in 

GCTA194, FasT-LMM329, BOLT-LMM330, Rvtests331), can adjust for relatedness and cryptic 

population structure, enabling the use of higher samples size. This might be particularly 

relevant to the UKBB, given that one third of the cohort is reported as related. 

 

Chapter 4 considered the study of a GRS composed of common SNPs. The approach of 

collapsing SNPs into a single GRS score greatly increases power. Equally important is the 

selection of SNPs used to conduct a study using the candidate gene approach. 

 

7.2.2 The study of rare and low frequency variation 

 

In chapter 5, whole exome sequencing analysis in a relatively small cohort identified a low 

frequency variant associated with differential BA response after metabolic challenge. Given 

the prediction of this variant, it is highly plausible that it shows a functional effect on the 

transporter, although functional studies would need to confirm this hypothesis. 

Although the cohort used was small, the depth of phenotyping, performed under conditions of 
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metabolic challenge, made it possible to conduct such study. It is worth noting that follow-up 

investigation of the variant in the phenome database showed that the variant was associated 

with other phenotypes of fat distribution, reinforcing the existing knowledge of the involvement 

of bile acids in metabolic health. Also, this shows that genetic studies of carefully defined 

metabolic phenotypes followed by phenome analysis, can uncover genetic variants that would 

otherwise not survive multiple testing correction in hypothesis-free studies of human metabolic 

phenotypes. 

 

The use of additive model in genetic studies of metabolism is generally encouraged, since in 

GWAS with metabolomics, many of the variants identified are related to rate limiting steps in 

enzymatic reactions or transport processes, suggesting a dose dependent response to genetic 

variability332. Here, the analysis used allelic gene scores that summed deleterious alleles per 

gene and the gene score of SLCO1A2 composed of only one variant was flagged up. It could 

be argued that other allelic gene scores were composed of a number of different alleles with 

different direction of effect (i.e. loss of function vs gain of function), that would affect their utility. 

Other approaches like the sequence kernel association test (SKAT/SKAT-O) might offer a 

more powerful approach when a large fraction of the coding variants are non-causal or the 

effects of causal variants are in different directions333,334. 

 

Chapter 6 presents a more accurate estimation of the prevalence and penetrance of MC4R 

mutations in populations of white ethnic background. In general, rare monogenic mutations in 

very large populations is not well studied, and so our prediction of potential phenotypic 

outcomes is biased towards severe outcomes. This is important where, as in the case of 

MC4R mutations, genetic counselling may be offered.  The use of exome sequencing would 

uncover the whole spectrum of MC4R mutations to study factors affecting penetrance (section 

7.3.4). 

 



210 
 

7.2.3 Sex dimorphism  

 

Sex dimorphism was apparent in all work presented in this thesis. Sex dimorphism is generally 

defined as the set of traits that determines males and females, both phenotypically and 

morphologically. The most evident distinct features are the male and female sex organs. From 

an evolutionary perspective, it is hypothesised that differential body shape is beneficial for 

reproduction whereby males with an advantageous body might, phenomenally, be more 

protective to their partner335. Sex dimorphism is also observed in a wide range of diseases: 

Parkinson’s, schizophrenia, amyotrophic lateral sclerosis which are more common in men and 

autoimmune disease, depression and hypertension more common in women. 

 

Sex-specific studies can phase statistical power challenges because analyses require the 

sample size to be split roughly in half, which is detrimental in identifying variants with subtle 

effects. The expansion of the UKBB imaging cohort will be beneficial towards this aspect.   
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7.3 General discussion and future directions 

 

7.3.1 Common genetic variants associated with abdominal fat distribution: 

Where do we go? 

 

The identification of genetic markers through GWAS can be used in many ways. The polygenic 

nature of complex traits can be exploited to address certain questions, especially uncovering 

causal relationships between traits and diseases. 

 

The utility of SNPs in assessment of shared aetiology between traits can be applied in genetic 

correlation analyses, which involves correlating SNP effect of one trait with the corresponding 

SNP effect of another trait. For instance, SNPs associated BMI and WHRadjBMI were positively 

correlated  with cardiometabolic traits, excessive daytime sleepiness and sleep duration336-338 

and negatively with anorexia nervosa, age at menarche, years of education and alcohol 

use336,339,340. These studies can be extended to include use of GWAS results of abdominal fat 

distribution. 

 

Using Mendelian Randomisation (MR), SNPs can be utilised to explore directions of causality 

between a putative explanatory variable (exposure to a risk factor, e.g. obesity) and a 

dependent outcome variable (such as disease risk, e.g. T2D). As an example, SNPs 

associated with BMI can be used as an instrumental variable to assess the causality 

relationship of T2D with obesity341. MR relies on the fact that obesity SNPs are randomised in 

the population in an unbiased way to create three groups: those with high risk (homozygous 

for the higher-risk allele), intermediate risk (heterozygous) and with low risk (homozygous for 

the alternative allele). Given that certain assumptions are satisfied, if the same SNPs are also 

associated with the outcome (T2D) then this can be attributed to the causal influence of 

exposure (obesity).  MR studies have already confirmed causality between BMI and higher 
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risk of: metabolic disease and CVD342, asthma343, multiple sclerosis344 and pancreatic345, 

gastric346, colorectal347, breast cancer348, and the GWAS I have undertaken will allow those 

analyses to be refined to consider the distribution, rather than just total adiposity.  

 

7.3.2 Rare variants in complex traits: where do we go? 

 

High throughput sequencing offers the promise of greatly boosting the discovery of causative 

variation, and interrogate a larger or whole area of the genome, not covered by genotyping 

arrays. The UKBB genotyping chip contains many rare and low frequency variants of interest, 

however it does not cover the whole exome. For instance, the chip covers only about half of 

known MC4R mutations, so we are limited in our ability to explore the full phenotypic 

implications of all mutations. 

 

The use of WES would uncover potentially highly informative rare and low-frequency genetic 

variants. In addition to studying monogenic causes of disease, low frequency and rare variants 

identified through WES can be used to study the genetic architecture of complex traits in large 

consortia. While WES covers only ~1.2% of the genome349, whole genome sequencing (WGS) 

is able to, potentially, cover the whole genome. This, obviously, provides the benefit of 

revealing more causative mutations, but presents the great challenge of interpretation of non-

coding variants of unknown significance. We currently lack tools for large-scale functional 

analyses, which would enable us to refine understanding of causal variants through genome-

scale molecular and cellular assays.  

 

The genetic findings from high-throughput sequencing will also provide more powerful tools 

for MR, and also to explore new biological and pathological mechanisms related to human 

disease. A recent study illustrated this, using two coding variants in the peptidylglycine α-

amidating monooxygenase (PAM) gene, associated with T2D350 and a reduced insulinogenic 
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index351.  Both diabetes risk alleles impact negatively on PAM expression and/or activity, and 

highlight an endogenous role for PAM in insulin granule packaging and release from β-cells352.  

 

In addition, rare and low-frequency variants from association studies can be used to validate 

drug targets, if the allele mimics the effect of drugs modulating the relevant target gene. Also, 

the biological pathways containing existing target genes can be dissected to identify other 

drug targets that may inform the likelihood of success of novel drug design. Defined molecular 

pathways will be able to direct the development of drugs with higher therapeutic potency. 

 

7.3.3 The omnigenic model of complex disease 

 

The analytical framework of GWAS was initially based on the CDCV hypothesis, according to 

which, common diseases are attributed to multiple common loci with weak effects. One of the 

initial observations was that sufficient number of samples were required to get statistically 

significant results. In fact, studies are now reaching the order of a million, e.g. a recent 

insomnia GWAS used more than one million participants in the latest study, discovering more 

than two hundred loci353. Secondly, with increased cohort sizes, study after study revealed 

even more common variants correlated with trait; yet with small effects, e.g. the expansion of 

the GIANT consortium by ~100,000 participants has trebled the number common variants 

discovered to be associated with BMI26,354. A similar approach was employed to consider rare 

variants355, with potentially more important role in disease susceptibility than common variants, 

that would explain higher phenotypic variation. Again, although some of the rare variants 

discovered have higher effect than common variants (e.g. rare variants associated with BMI 

have effect sizes  ~10 times larger than common variants120), they collectively failed to provide 

adequate explanation to the missing heritability. Although common and rare variants have not 

explained a substantial amount of heritability to date, the increasing discovery of multiple loci 

points to considerable heterogeneity. Remarkably, this year marks the centennial of R. A. 
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Fisher’s famous paper from 1918 “The Correlation between Relatives on the Supposition of 

Mendelian Inheritance”356 in which he theorised that many genes affect a trait and that random 

sampling of alleles at each gene produces a continuously distributed phenotype in any given 

population.  Although at the time this was merely a theory based on a statistical model without 

any reference to a biological condition, today, the vast increase of genomic data puts the 

theory into perspective.  

 

A modern explanation of the phenomenon was put forward last year by J. Pritchard and 

colleagues, known as the “omnigenic model of complex disease”357, stating that to some extent 

the whole genome is important for complex traits. The authors concluded that in certain cell 

types, relevant to the biological mechanisms underlying a particular disease, multiple loci in 

the order of the thousands could contribute. The theory sparked immediate controversy, with 

response papers emphasising that it was simply an expansion on ideas dating several 

decades358,359. The idea materialised from the simple observation that significant loci 

associated with traits are well distributed across the genome. This was illustrated using height 

- one of the most quintessential polygenic human traits - by which more than 100,000 loci were 

estimated to exert causal effects to the trait357, similar to D. Goldstein’s early estimate of 

93,000 causal loci using a different approach360. These observations contrasted starkly the 

general expectation that loci associated with complex traits would be clustered primarily 

around the most biologically relevant genes. 

 

Specific disease arises when key biological pathways are compromised e.g. overactivation of 

immune cells in rheumatoid arthritis. The general expectation has always been that GWAS 

signals for each trait or disease would specifically highlight only genes in the relevant 

pathways. In addition, the candidate genes, to which the SNPs refer, would function 

specifically in cell types belonging to the biological pathway for the trait/disease, e.g. immune 

cells for autoimmune disease, brain cells for psychological traits and pancreatic β-cells for 

T2D.  When Pritchard and co looked at GWAS results for schizophrenia, rheumatoid arthritis, 
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and Crohn’s disease, they discovered that a substantial number of loci flagged up were not in 

proximity of genes expressed in cell types related for each disease respectively. Rather, they 

were found in genes expressed in nearly all cell types. This observation encapsulates what 

geneticists have been cultivating in their minds for years – the fact that all genes are connected 

to each other. It has been proposed that within the gene network there is a group of highly 

connected genes dubbed “core genes”, which form the epicentre of the pathophysiology of a 

disease or trait. Other genes, on the other hand, may act as “peripheral genes”, which have a 

regulatory function.  

 

There has been some debate, however, on whether it is appropriate to discriminate genes into 

core and peripheral. In another paper361, led by P. Visscher, the authors say that the number 

of highlighted genes depends on the disease studied. The distinction cannot be applied 

exclusively for all diseases because in some cases, the effects from all loci collectively might 

be central to the biology. Instead, researchers studying specific traits and diseases should 

conclude on the core and peripheral gene idea a posteriori, based on experimental data rather 

than on unwarranted assumptions.  

 

7.3.4 The interplay of rare and common variants 

 

There is evidence that clinical characteristics of monogenic disease can be modified by 

common polygenic variants, possibly by mechanisms affecting the penetrance of mutations362. 

This may be an explanation for the wide spectrum of phenotype seen in MC4R mutation 

carrriers. 

 

A few conditions are primarily attributable to a single gene or a small number of genes, e.g. 

Huntington’s disease is caused by an expanded CAG trinucleotide repeat in the huntingtin 

gene. Generally, the age at which symptoms appear is proportional to the number of repeats 
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present. Yet, patients with the same number of repeats have a variable age of onset and 

severity of progression. In fact, recent discoveries of common variation associated with age of 

onset363 and rate of disease progression364 may cause these differences. In another study, the 

age of onset of monogenic diabetes (MODY), caused by an HNF1A mutation, was influenced 

by the presence of T2D SNPs, such that, each additional risk allele was associated with 0.35 

years earlier diabetes diagnosis365. In breast cancer, BRCA2 mutation carriers in the highest 

tertile of a GRS, including seven common variants associated with breast cancer risk, were at 

higher risk of developing breast cancer than those in the lowest tertile366. The studies 

mentioned highlight the importance of contributions from peripheral genes, having non-

disease-specific roles, in modulating disease risk. A potential cause of variable penetrance 

might involve other genetic variants having additive or epistatic modifier effects367.  

 

It is estimated that a high proportion of common variation is associated with expression of 

protein-coding genes: about half of the SNPs associated with complex traits co-localise with 

an eQTL from the GTEx database368. A study of how penetrance can be modified by regulatory 

variation369, illustrated that individuals heterozygous for both a regulatory variant (that causes 

increased gene expression) and a pathogenic coding variant, on the same haplotype (in cis), 

would cause increased penetrance, whereas a possible configuration that would have the 

regulatory variant and the coding variant in trans would cause decreased penetrance. This is 

because increased expression of the non-mutated gene would counteract the presence of the 

pathogenic variant present on the other haplotype. This is a generalisable model of modified 

penetrance based on the combination of a common, regulatory variation and a rare pathogenic 

mutation on the amount of functional gene product.   

 

This can be applied in the case of MC4R, in which incomplete penetrance of mutations is seen 

in the UKBB (Chapter 6). The size of the UKBB in combination with rich data on regulatory 

variation from the GTEx database can be used to study in depth the full spectrum of MC4R 
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mutations. In addition, the influence of socioeconomic and lifestyle environmental exposures 

could be assessed. One caveat here is that the UK Biobank is not fully representative of the 

general population, being of lower BMI, higher socioeconomic status and generally better 

health than the norm. Thus, there may be ascertainment bias with respect to severe obesity 

 

7.3.5 The future of obesity genetics 

 

Advances in measuring longitudinal phenotypes, including information on disease end-points 

from electronic health records, or data on molecular traits, will further boost the potential for 

gene discovery. Lately, there has been some debate whether the use of BMI, as a trait for 

obesity, in GWAS, has improved our understanding of the mechanisms of control of energy 

balance. M. Müller et al., suggested that more biologically meaningful phenotypes would 

facilitate more useful insights into the control of body weight370. J. Speakman, et al., however, 

say that the evidence gathered using BMI in GWAS is unprecedented and that although BMI 

is crude, the feasibility for use on a massive scale has been ideal considering the caveats 

surrounding GWAS371.  

 

To balance the arguments mentioned above, since total adiposity is a result of an imbalance 

of energy intake over energy expenditure, then multiple/continuous time-point measurements 

of BMI would capture better the dynamic control of energy balance, instead of using one static 

measurement at single time-point. Also, it is worth mentioning that indeed more defined 

phenotypes related to obesity proved to be more meaningful. For example a GWAS 

metanalysis identified four novel loci (in/near LEP, SLC32A1, GCKR, CCNL1) influencing 

leptin levels, independent of overall adiposity372. 

 

Observational and genetic evidence suggests that regional adiposity is a metabolically-

relevant feature and the findings presented in chapter 3 using more refined adiposity traits 
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have identified loci that were not revealed in much larger BMI and WHRadjBMI discovery efforts. 

Furthermore, the interpretation of these loci may have been facilitated by the fact that 

phenotypes were less heterogeneous and more closely related to adiposity.  

 

As a general comment, scientists should carefully consider, given the overall evidence to date, 

that overall adiposity, body fat distribution, and metabolism appear to be controlled by different 

biological mechanisms before designing research strategies for obesity-related phenotypes.  
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7.4 Concluding remarks 

 

The human genetics community has experienced an avalanche of genome-wide discovery 

studies, uncovering numerous common, low frequency and rare variants associated with 

complex traits. The work in this thesis utilised genetic and phenotypic data of the highest 

quality to better understand adiposity and metabolism. The next challenge will be to design 

efficient strategies to examine how the various types of genetic variation and their interactions 

with the environment combine to determine human phenotype. This will require a combination 

of both ultra-large scale unbiased population cohorts, with the best possible phenotyping, and 

development of new methodologies for high-throughput functional analysis of variants of 

unknown significance, and continued progress in statistical genetics. 
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Appendix 
 

APPENDIX I - SNP array Quality Control Protocol (also used in Nikman Adli’s 

PhD thesis) 

 

A. Genotype calling in GenomeStudio version 2011.1 

 

1. Choose Genotyping module. Create a new repository directory. 

2. Select Load sample intensities. 

3. Select the SNP manifest file (humanomniexpress-24v1-0_a.bpm). 

4. Select Image Data Repository (directory storing raw genotyping image data) 

5. Add all the relevant image data folders with their names reflecting the beadchip 

numbers that were used. 

6. Select Import Cluster Positions and add the specific cluster file 

(humanomniexpress_24v1-0_a.egt).  

7. Use standard GenCall threshold of 0.15 for Illumina Infinium assays. 

8. Select Calculate Samples and SNP Statistics (heritability is optional). 

9. Choose ‘Yes’ to update SNP statistics for all SNPs. You can re-calculate sample 

call-rates by clicking ‘Calculate statistics’ in Samples Table (optional). 

10. Click ‘Column Chooser’ in Full Data Table. Extract two types of Full Data Tables 

according to below: 

Extract Table A containing GType, X and Y information for each sample. This 

Table will be used in PLINK as a primary input for the QC checks and SNP 

analysis. 

a. Displayed columns; choose Name, Chr, Position, and all samples. 

b. Displayed subcolumns; choose GType, X, and Y. 

c. Click ‘Export displayed data to a file’ in Full Data Table. 

d. Save in tab delimited format. 

 

Extract Table B containing GType, Log R Ratio, B Allele Freq information for 

each sample. This Table will be used separately in PennCNV as a primary input 

for CNV calling and analysis. 

a. Displayed columns; choose Name, Chr, Position, and all samples. 

b. Displayed subcolumns; choose GType, Log R Ratio, B Allele Freq. 

c. Click ‘Export displayed data to a file’ in Full Data Table. 

d. Save in tab delimited format. 
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11. Click ‘Column Chooser’ in Sample Table. Choose Sample Name, Sex, Sex 

Estimation, Call Rate, Index in displayed columns. Choose none in displayed 

subcolumns. Click ‘Export displayed data to a file’ in Sample Table. Save in tab 

delimited format as TableC.txt. 

 

12. A window warning asking to export the entire Table, click No. 

 

The output generated from the above will be text-based tab delimited files (3 

separate tables) that contains 1) TableA.txt: genotyped information for QC based on 

SNPs 2) TableB.txt: specific signal information to call CNVs based on SNPs 3) 

TableC.txt: call rates and estimated sex in all the samples within the dataset. 

 

Format conversion from text-based Tables to PLINK 

In order to convert TableA.txt into BED format readable in PLINK, we assumed that 

you have downloaded the  zCall tool and PLINK software in Linux/Unix environment. 

You must also transfer Table A.txt into a directory accessible by Linux/Unix. 

1. Transfer Table A.txt into zCall main directory. 

2. Run convertReportToTPED.py script. The output will be in PLINK-readable 

transposed format; .tped and .tfam files: 

# python convertReportToTPED.py –R TableA.txt –O Projectname_DDMMYY 

3. Move the output files (.tped, .tfam) into PLINK main directory. An additional 

command to convert transposed output files to BED files is as below: 

# ./plink --noweb --tped Projectname_DDMMYY.tped --tfam 

Projectname_DDMMYY.tfam --make-bed --out Projectname_DDMMYY 

The output will be in PLINK-readable BED format: 

• Projectname_DDMMYY.bed = binary data for the dataset 

• Projectname_DDMMYY.bim = marker/SNP information for the dataset 

• Projectname_DDMMYY.fam = family/sample information with sex and phenotype 

information for the dataset 

Add actual sex (1=male, 2=female) column correspond to the samples in .fam file and 

save as output with the same filename (overwrite). You can do this by editing it in 

Microsoft Excel. If you do not have the sex information, you can use the sex estimation 

information from TableC.txt. 

Now you have the necessary files to run QC checks on sex disparity, elevated 

heterozygosity rates, SNP missingness, inbreeding, cryptic relatedness and ethnic 

homogeneity. 

 

 
 

https://github.com/jigold/zCall
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B. SNP QC  
1. Count the number of SNPs that are used for the QC. Make sure the word 

count is exactly-match the number of probes that were used in genotyping (+/- 
some SNPs that were removed due to not being updated according to the 
strand data). 

# wc Projectname_DDMMYY.cleaned.bim 

2. Apply SNP QC by including only SNPs with: 
a. call rate > a specified threshold (recommended 95% threshold) 
b. markers that fail the Hardy-Weinberg test at a specified significance 

threshold (recommended hwe p-value < 1e-4) 
# ./plink --noweb --bfile Projectname_DDMMYY.cleaned --geno 0.05 --hwe 0.0001 --
nonfounders --make-bed --out Projectname_DDMMYY.cleaned.snpqc 

 
3. Count the number of SNPs that passed the QC as outlined above. Make sure 

to compare with the initial number of SNPs before pruning (compare with 
no.1) 

# wc Projectname_DDMMYY.cleaned.snpqc.bim 

 

C. Sample level QC  

 

1. Sex Ambiguity 

 

The first thing to do is to check for sex discordance with ascertained sex information 

in phenotype/clinical database. This step might tell us if there are plating errors during 

genotyping. 

As males only have one copy of X-chromosome, all of the SNPs in X-chromosome are 

considered homozygotes. Thus it is expected that males to have a homozygosity rate 

= 1 in chromosome X. However, it is better to introduce rate variations due to possible 

genotyping errors (few standard deviations away from mean). 

Females, with two copies of X-chromosomes are typically considered as having very 

low homozygosity rate. Usually a threshold level of 0.2 is used for homozygosity rate 

cut-off for female samples. However, this also depends in the overall genotype data 

for X-chromosome across all samples in the dataset. 

To make it easy, genotypically male samples marked as phenotypically female will 

have a higher than expected homozygosity rate, and vice versa. 

The samples that cannot be correctly identified their sexs using existing genotype data 

/ samples incorrectly recorded their sexs in phenotype/clinical data should be removed 

from further analysis. 
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Your starting point must contain the converted raw genotype data in BED format; 

Projectname_DDMMYY.bed, Projectname_DDMMYY.bim, Projectname_DDMMY

Y.fam 

 

1. Calculate the mean homozygosity rate across X-chromosome markers for each 

individual: 

# ./plink --noweb --bfile Projectname_DDMMYY_cleaned.snpqc --check-sex --

out Projectname_DDMMYY.sex 

 

The output will be several files; the file that is important for this QC is 

Projectname_DDMMYY.sexcheck (samples with checked sex data compared 

between genotyped information and actual sex information). 

 

2. Produce a list of individuals with sex disparity: 

# grep PROBLEM Projectname_DDMMYY.sex.sexcheck 

> Projectname_DDMMYY.sex.sexprobs 

 

The output will give family ID (col.1), individual ID (col.2), actual sex (col.3), sex 

according to genotype information (col.4), concordance status (col.5) and 

homozygosity rate, F (col.6). 

• Female (2) = supposed to have F ≤ 0.2 

• Male (1) = supposed to have F ≥ 0.8 

• Inconclusive sex (0/-9) = 0.2 < F < 0.8  

Inconclusive sex happens when the actual sex is not the same as with the sex based 

on genotype data. Hence it is considered a PROBLEM. 

 

It is good to analyse the data visually; extract the file 

Projectname_DDMMYY.sex.sexcheck into Excel spreadsheet and do a scatter plot 

of F (X-chromosome inbreeding estimate per sample). Use the thresholds of 0.2 and 

0.8 for a start. 

 

3. Inconclusive sexs should be considered as having sex disparity. Make a full list of 

samples that had sex problems according to below: 

• Sex according to genotype information does not say the same according to 

the actual sex in phenotype database. 

• Inconclusive sexs. 
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The list ‘qc-failed.txt’ should contain one individual per row (FID, IID; tab 

delimited format). 

 

 

2. Missing Genotype Data and Heterozygosity Rate 

 

The accuracy and rates of genotype calls largely depend on the quality of the DNA 

samples. In normal circumstances, low DNA quality or concentration would have 

below-than-average sample call rates and genotype accuracy. Therefore, we need 

to exclude the samples that have either too high genotype missing data or have 

excessive/reduced proportion of autosomal heterozygous genotypes.  The latter might 

indicate DNA contamination (excessive) or inbreeding (reduced). 

 

The failure rate for SNP missingness is typically > 3-7%. recommend a 5% threshold 

for the failure rate. 

 

The threshold level for autosomal heterozygosity rate depends upon visual inspection 

of the clustering of autosomal heterozygosity rates for all samples in a distribution plot. 

Personally, we would recommend a threshold level of 4 standard deviations (4SD) 

away from the mean of autosomal heterozygosity rate in a dataset. 

 

 

Your starting point must contain the converted raw genotype data in BED format; 

Projectname_DDMMYY.bed, Projectname_DDMMYY.bim, Projectname_DDMMY

Y.fam 

 

1. Create a list of individual missingness and locus missingness: 

# ./plink --noweb --bfile Projectname_DDMMYY --missing --out 

Projectname_DDMMYY .missing 

 

The output will be several files; Two files that are important for this QC are: 

• Projectname_DDMMYY.miss.imiss (list of samples based on individual 

missingness rate) 

N_MISS (col.4) number of missing SNPs 

F_MISS (col.6) proportion of missing SNPs per individual 

• Projectname_DDMMYY.miss.lmiss (list of loci/markers based on locus 

missingness rate) 
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N_MISS (col.3) number of individuals missing SNP Z 

F_MISS (col.5) proportion of individuals missing SNP Z per SNP Z 

 

2. Create individual heterozygosity information file: 

# ./plink --noweb --bfile Projectname_DDMMYY --het --

out Projectname_DDMMYY.het 

 

The output will be several files; the important file for this QC is 

Projectname_DDMMYY.het.het (observed, expected homozygous genotypes, non-

missing genotypes) 

 

3. Create a graph of proportion of missing SNPs per individuals (F_MISS) vs 

observed heterozygosity rate per individual (Het): 

 

Het = [N(NM) – O(Hom)] / N(NM) where 

N(NM) = non-missing genotypes per individual (in .het file) 

O(Hom) = observed number of homozygous genotypes (in .het file) 

 

It is good to analyse the data visually to give you an idea of the most suitable 

thresholds for both criteria. Suggested sample exclusion thresholds are: 

• 5% failure rate (F_MISS > 0.05) 

• autosomal heterozygosity rate +/- 4SD from the mean (Het outside Mean(Het)+/-

4SD) 

 

4. Add the samples that are outside the thresholds specified, into the ‘qc-failed.txt’ 

list. The list should contain one individual per row (FID = Family ID; IID = 

Individual ID; tab delimited format). 

 

 

 

3.  Sample Call Rates 

 

1. Open TableC.txt in Excel spreadsheet, and filter the Table for sample call rate less 

than a user-specified threshold level. We recommend filtering out samples with 

sample call rate < 0.98. 

 

2. Identify the samples with sample call rate < 0.98 and add those samples into ‘qc-

failed.txt’ list. 
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Removal of samples that failed QC checks 

 

1. Make sure that qc-failed.txt is already in PLINK main directory.  

 

2. Remove the failed samples as below: 

# ./plink --noweb --bfile Projectname_DDMMYY --remove qc-failed.txt --make-bed --

out Projectname_DDMMYY.qced 

 

The output will be .bed, .bim and .fam files of the project data, after excluding 

samples with sex disparity, low call rates, elevated autosomal heterozygosity rates, 

and high SNP missingness. 

 

3. Check the total number of individuals after removal of failed samples. It should 

have X (X = N – failed samples) samples. 

# wc Projectname_DDMMYY.qced.fam 

From here, we can use the output to adjust for population structure (population 

stratification). 

 

Population Stratification 1: Inbreeding 

 

Inbreeding can be done by calculating the inbreeding coefficients based on the 

observed versus expected number of autosomal homozygous genotypes. This is 

possible if given a large number of SNPs in a homogeneous sample. You can do this 

before and then after adjusting for population structure, in order to observe the 

homogeneity of the sample population. 

 

Your starting point must contain the converted QCed genotype data in BED format; 

Projectname_DDMMYY.qced.bed, Projectname_DDMMYY.qced.bim, Projectna

me_DDMMYY.qced.fam 

1. With whole genome data, it is recommended by PLINK to apply this analysis to a 

subset of SNPs pruned to be in approximate linkage equilibrium (LE: r2 ≤ 0.2) on 

the order of 50,000 autosomal SNPs. Therefore, we need to prune the SNPs first: 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --indep-pairwise 50 5 0.2 --out  

Projectname_DDMMYY.qced 

 

This command will create a window size of 50 SNPs, 5 SNPs to shift the window at 

each step using the r2 threshold of 0.2, and directly remove one of the SNPs in a 
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pair if LD > 0.2, and repeat. This will create two pruned files: 

Projectname_DDMMYY.qced.prune.in and 

Projectname_DDMMYY.qced.prune.out. 

Projectname_DDMMYY.qced.prune.in is a list of SNPs that can be extracted as an 

LD-pruned subset of SNPs for inbreeding analysis. 

 

2. Now for the inbreeding analysis, we can use the het command to generate 

autosomal inbreeding coefficients (F) based on the LD-pruned subset of SNPs: 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --het --extract  

Projectname_DDMMYY.qced.prune.in --out Projectname_DDMMYY.qced.INBRED 

 

This command will automatically skip haploid markers (male X and Y chromosome 

markers) and create a result file Projectname_DDMMYY.qced.INBRED.het 

 

3. Create a scatter plot of F and set a threshold of 4SD from mean F (based on 

experience), or whichever deemed appropriate according to your plot and 

judgement. 

 

4. Create a list of samples that failed population stratification checks as popstrat-

failed.txt. Add the ‘inbred’ samples into the list. 

 

Population Stratification 2: Cryptic Relatedness 

 

Cryptic relatedness check can be done using Identity-by-descent (IBD) estimation. IBD 

needs to be estimated to detect sample contaminations, swaps and duplications as 

well as pedigree errors and unknown familial relationships (e.g sibling pairs in a 

case/control or cohort population-based study).  

Here, we can also detect specific segments shared between distantly-related 

individuals. This analysis requires only the SNPs that are ‘unrelated’ (low LD). 

Basically, IBD estimation is done to find pairs of individuals who look too similar to 

each other, more than we would expect by chance in a random homogeneous sample. 

 

To minimize computational complexity, create an “independent” set of SNPs to 

generate the identity by descent (IBS) matrix.  This can be done by “pruning” the 

data so that no pair of SNPs (within a given genomic interval) has an r2 value 

greater than a given threshold (unrelated), typically chosen to be 0.2 at MAF > 0.01 

(common).   
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Your starting point must contain the converted QCed genotype data in BED format; 

Projectname_DDMMYY.qced.bed, Projectname_DDMMYY.qced.bim, Projectna

me_DDMMYY.qced.fam 

 

1. Typically, we would also exclude regions of strong LD from the file high-LD-

regions.txt found within GWAS genotype data raw-GWA-data.tgz (OPTIONAL). 

# wget http://www.well.ox.ac.uk/ggeu/NPqc/raw-GWA-data.tgz  

# tar -zxvf raw-GWA-data.tgz 

 

2. To prune the SNPs for frequency and in LD and generate the pruned SNP list: 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --maf 0.01 --exclude high-LD-

regions.txt --range --indep-pairwise 50 5 0.2 --out Projectname_DDMMYY.qced 

 

This will generate Projectname_DDMMYY.qced.prune.in containing common, LD-

pruned SNP list that will be used to estimate IBD. 

 

3. To generate IBSD between each pair of individuals: 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --no-parents --extract 

Projectname_DDMMYY.qced.prune.in --Z-genome --out 

Projectname_DDMMYY.qced.IBD 

 

Please note that this step is computationally demanding and will take some time to 

run. In a cohort study, the phenotype will be set to missing (-9) and parent sexs are 

missing as well (0) in .fam file. Therefore, we need to add --no-parents arguments.  

This will generate Projectname_DDMMYY.qced.IBD.genome.gz. The proportion of 

the genome shared IBD is given as PI_HAT.  

 

4. The command for IBD estimation is --genome but because it will generate a very 

large file and takes considerable time to generate, there is a command to perform 

the same analysis but create a compressed file. Thus, perform the command 

below to read the IBD estimation results: 

# gunzip Projectname_DDMMYY.qced.IBD.genome.gz  

# awk '$10>0.2' Projectname_DDMMYY.qced.IBD.genome > 

Projectname_DDMMYY.qced.IBD.genome.read 

 

5. For each pair with PI_HAT > 0.2, remove the sample with lowest call rate on the 

basis of all variants passing QC. Repeat removal of one sample from each pair 

with PI_HAT > 0.2 until only ‘unrelated’ samples remain (PI_HAT ≤ 0.2 for all 

http://www.well.ox.ac.uk/ggeu/NPqc/raw-GWA-data.tgz
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pairs). If more than 10% of the pairs have PI_HAT > 0.2, then you have an 

appreciable family component to the study. 

 

6. Add the lower call rate samples from each of the ‘related pairs’ into the popstrat-

failed.txt. 

 

GenomeStudio (and some other genotype calling software) classifies alleles in a 

genotype as A/B instead of the actual ATCG allele name. Therefore, it is essential to 

convert the A/B alleles to the usual ATCG alleles for all genotypes of the SNPs 

presented in the beadchip used in genotyping. 

Before moving into comparing our data with different ethnicities to identify ethnic 

outliers, we need to convert all A/B calls generated from GenomeStudio into A/T/C/G 

calls according to the chip used in genotyping. This is because we will compare it with 

Hapmap Phase 3 genotype data that contained A/T/C/G calls rather than A/B calls.  
 

Updating AB calls to ATCG alleles 

1. Download and extract a file that correctly encodes the top alleles, according to the 

beadchip used in genotyping: 

 

 # wget http://www.well.ox.ac.uk/~wrayner/strand/humanomniexpress-24v1-

0_a.update_alleles.txt.zip  

# unzip beadchip.update_alleles.txt.zip     

                     

2. Perform update alleles command:  

 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --update-

alleles humanomniexpress-24v1-0_a.update_alleles.txt --make-bed --

out Projectname_DDYYMM.qced   

 

This will overwrite Projectname_DDMMYY.qced.bed, 

Projectname_DDMMYY.qced.bim, Projectname_DDMMYY.qced.fam files 

containing A/T/C/G TOP alleles instead of the initial A/B calls. 

 

 

Before moving into comparing our data with different ethnicities to identify ethnic 

outliers, we need to update allele annotations to forward (+) strand of hg18 genome 
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build assembly (b36). This is because we will compare it with Hapmap Phase 3 

genotype data that is based on build hg18.  

 

Updating TOP allele annotations to forward (+) strand 

 

1. Check the strand files according to the beadchip used in genotype at 

http://www.well.ox.ac.uk/~wrayner/strand/ website.  

 

2. Download and unzip the strand files into PLINK main directory: 

# wget http://www.well.ox.ac.uk/~wrayner/strand/humanomniexpress-24v1-0_a-b36-

strand.zip 

# unzip humanomniexpress-24v1-0_a-b36-strand.zip 

 

3. Cut the strand file into a series of strand-temporary files: 

# cat humanomniexpress-24v1-0_a-b36.strand | cut -f 1,2 > humanomniexpress-

24v1-0_a-b36.strand.chr 

# cat humanomniexpress-24v1-0_a-b36.strand | cut -f 1,3 > humanomniexpress-

24v1-0_a-b36.strand.pos 

# cat humanomniexpress-24v1-0_a-b36.strand | awk '{if ($5=="-") print $0}' | cut -f 1 

> humanomniexpress-24v1-0_a-b36.strand.flip 

 

Because Plink only allows you to update one attribute at a time, we need a series of 

temp files → TEMP_* 

4. Apply the chr file to update the chromosomes 

# ./plink --noweb --allow-no-sex --bfile Projectname_DDMMYY.qced --update-map 

humanomniexpress-24v1-0_a-b36.strand.chr --update-chr --make-bed --out TEMP_1 

5. Apply the pos file to update the marker coordinates 

# ./plink --noweb --allow-no-sex --bfile TEMP_1 --update-map humanomniexpress-

24v1-0_a-b36.strand.pos --make-bed --out TEMP_2 

6. Apply the flip file to flip any reverse strands to the forward strands 

# ./plink --noweb --allow-no-sex --bfile TEMP_2 --flip humanomniexpress-24v1-0_a-

b36.strand.flip --make-bed --out TEMP_3 

7. Extract the SNPs in the pos file to remove any SNPs that are not updated (not in 

strand data). 

# ./plink --noweb --allow-no-sex --bfile TEMP_3 --extract humanomniexpress-24v1-

0_a-b36.strand.pos --make-bed --out Projectname_DDMMYY.qced.b36 

 

http://www.well.ox.ac.uk/~wrayner/strand/
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This will generate Projectname_DDMMYY.qced.b36.bed, 

Projectname_DDMMYY.qced.b36.bim, Projectname_DDMMYY.qced.b36.fam 

files to be used only for ethnic check. 
 

Population Stratification 3: Ethnic Homogeneity Comparison with HapMap 

Phase 3 data: Multidimensional Scaling (MDS) 

 

For all unrelated samples, MDS needs to be performed on the basis of the IBD 

estimates to check the ethnic outliers. Record the projection of each sample onto the 

first 10 PCs to adjust for population structure. MDS coordinates help with visualizing 

genetic distances. 

 

The post-sample exclusion dataset from sample-QC needs to be merged with HapMap 

Phase 3 data from 11 ethnic populations-  ASW, CEU, CHB, CHD, JPT, YRI, 

GIH,LWK, MEX, MKK, TSI. The dataset and HapMap 3 dataset may have different 

strands, so we have to match it to avoid any errors in merging. Not all SNPs are 

required for this purpose, so the more difficult to align A→T and C→G SNPs can be 

omitted. 

 

1. Download and decompress Hapmap Phase 3 genotype data in PLINK format 

from ftp server of Hapmap website 

(ftp://ftp.ncbi.nlm.nih.gov/hapmap/genotypes/2009-01_phaseIII/plink_format/).  

 

2. You will have separate .ped/.map files for each population.  Merge all of them by 

using a text file containing 2 columns (hapmap3r2.allpop.txt), as below: 

 

hapmap3_r2_b36_fwd.ASW.qc.poly.ped

 hapmap3_r2_b36_fwd.ASW.qc.poly.map 

hapmap3_r2_b36_fwd.CEU.qc.poly.ped

 hapmap3_r2_b36_fwd.CEU.qc.poly.map 

hapmap3_r2_b36_fwd.CHB.qc.poly.ped

 hapmap3_r2_b36_fwd.CHB.qc.poly.map 

hapmap3_r2_b36_fwd.CHD.qc.poly.ped

 hapmap3_r2_b36_fwd.CHD.qc.poly.map 

hapmap3_r2_b36_fwd.GIH.qc.poly.ped

 hapmap3_r2_b36_fwd.GIH.qc.poly.map 

hapmap3_r2_b36_fwd.JPT.qc.poly.ped

 hapmap3_r2_b36_fwd.JPT.qc.poly.map 

ftp://ftp.ncbi.nlm.nih.gov/hapmap/genotypes/2009-01_phaseIII/plink_format/
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hapmap3_r2_b36_fwd.LWK.qc.poly.ped

 hapmap3_r2_b36_fwd.LWK.qc.poly.map 

hapmap3_r2_b36_fwd.MEX.qc.poly.ped

 hapmap3_r2_b36_fwd.MEX.qc.poly.map 

hapmap3_r2_b36_fwd.MKK.qc.poly.ped

 hapmap3_r2_b36_fwd.MKK.qc.poly.map 

hapmap3_r2_b36_fwd.TSI.qc.poly.ped

 hapmap3_r2_b36_fwd.TSI.qc.poly.map 

hapmap3_r2_b36_fwd.YRI.qc.poly.ped

 hapmap3_r2_b36_fwd.YRI.qc.poly.map 

 

# ./plink --noweb --file hapmap hapmap3_r2_b36_fwd.ASW.qc.poly --merge-list 

hapmap3r2.allpop.txt --make-bed --out hapmap3_r2_b36_fwd.allpop 

 

3. Create a new Hapmap 3 dataset, that include the SNPs  that feature in our 

dataset only 

# ./plink --noweb --bfile hapmap3_r2_b36_fwd.allpop --extract 

Projectname_DDMMYY.qced.b36.bim --make-bed --out 

hapmap3r2.Projectname.snps 

4. Merge the new Hapmap 3 dataset (containing our data’s SNP list) with our QCed 

dataset 

# ./plink --noweb --bfile hapmap3r2.Projectname.snps --bmerge 

Projectname_DDMMYY.qced.b36.bed Projectname_DDMMYY.qced.b36.bim 

Projectname_DDMMYY.qced.b36.fam --extract hapmap3r2.Projectname.snps.bim --

make-bed --out Projectname.hapmap3r2.datasetmerged 

 

5. There will be an error message saying the process stopped due to mismatching 

SNPs. Thus, align the strands across the datasets by adding --flip 

Projectname.hapmap3r2.datasetmerged.pruned.missnp (generated from 

no.4) into step no.3. 

# ./plink --noweb --bfile hapmap3_r2_b36_fwd.allpop --extract 

Projectname_DDMMYY.qced.b36.bim--flip 

Projectname.hapmap3r2.datasetmerged.pruned.missnp --make-bed --out 

hapmap3r2.Projectname.snps.flipped 

 

6. Re-do step no. 4. 

# ./plink --noweb --bfile hapmap3r2.Projectname.snps.flipped --bmerge 

Projectname_DDMMYY.qced.b36.bed Projectname_DDMMYY.qced.b36.bim 
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Projectname_DDMMYY.qced.b36.fam --extract hapmap3r2.Projectname.snps.bim --

make-bed --out Projectname.hapmap3r2.datasetmerged 

 

7. If there is a small number of SNPs still considered as missnp after 3 rounds of 

merging, we recommend to exclude those troublesome SNPs  from hapmap and 

our data: 

# ./plink --noweb --bfile hapmap3r2.Projectname.snps.flipped --extract 

Projectname_DDMMYY.qced.b36.bim--exclude 

Projectname.hapmap3r2.datasetmerged.pruned.missnp --make-bed --out 

hapmap3r2.Projectname.snps.flipped2 

 

# ./plink --noweb --bfile Projectname_DDMMYY.qced.b36--extract 

Projectname_DDMMYY.qced.b36.bim--exclude 

Projectname.hapmap3r2.datasetmerged.pruned.missnp --make-bed --out 

Projectname_DDMMYY.qced.b36.2 

 

8. Re-do step no. 4. 

# ./plink --noweb --bfile hapmap3r2.Projectname.snps.flipped2 --bmerge 

Projectname_DDMMYY.qced.b36.2.bed Projectname_DDMMYY.qced.b36.2.bim 

Projectname_DDMMYY.qced.b36.2.fam --extract hapmap3r2.Projectname.snps.bim 

--make-bed --out Projectname.hapmap3r2.datasetmerged 

 

Now that hapmap Phase 3 and our data have merged, we can proceed to ethnic 

checks. 

9. Before estimating IBD between each pair of individuals of the merged dataset,  

prune the SNPs for LD and generate the pruned SNP list: 

# ./plink --noweb --bfile Projectname.hapmap3r2.datasetmerged --maf 0.01 --exclude 

high-LD-regions.txt --range --indep-pairwise 50 5 0.2 --out 

Projectname.hapmap3r2.datasetmerged 

 

This will generate Projectname.hapmap3r2.datasetmerged.prune.in containing 

common, LD-pruned SNPs 

  

10. To estimate IBD between each pair of individuals: 

# ./plink --noweb --bfile Projectname.hapmap3r2.datasetmerged --no-parents --

extract Projectname.hapmap3r2.datasetmerged.prune.in --Z-genome --out 

Projectname.hapmap3r2.datasetmerged.pruned 
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This will generate Projectname.hapmap3r2.datasetmerged.pruned.genome.gz 

The proportion of the genome shared IBD is given as PI_HAT.  

 

11. Perform MDS (for the first 10 components) on the merged dataset (LD pruned 

MAF >0.01 SNPs): 

# ./plink --noweb --bfile Projectname.hapmap3r2.datasetmerged.pruned --read-

genome Projectname.hapmap3r2.datasetmerged.pruned.genome.gz --extract 

Projectname.hapmap3r2.datasetmerged.prune.in --cluster --mds-plot 10 --out 

Projectname.hapmap3r2.datasetmerged.pruned.mds 

 

This will generate Projectname.hapmap3r2.datasetmerged.pruned.mds.mds file. 

 

12. Construct a scatter plot of C2 against C1 from 

Projectname.hapmap3r2.datasetmerged.pruned.mds.mds file in Excel 

spreadsheet. That will show you different ethnic clusters on an X-Y axis, and 

possible ethnic outliers than expected. 

 

13. Add ethnic outliers into the popstrat-failed.txt. 

 

 

14. Remove the failed samples: 

# ./plink --noweb --bfile Projectname_DDMMYY.qced --remove popstrat-failed.txt --

make-bed --out Projectname_DDMMYY.cleaned 

 

 

15. Check the total number of individuals after removal of failed samples. It should 

have Y samples (Y = X – failed samples). 

# wc Projectname_DDMMYY.cleaned.fam 

 
 

A set of files named “Projectname_DDMMYY_cleaned” can be used in any 
downstream analytical and interpretation analyses. These files are cleaned, 
filtered files containing good samples and good quality SNPs based on user-
specified criteria.  
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APPENDIX II - UK Biobank outcomes used in physical activity indices 

 

Field Outcome Units Centile data Scoring 

816 Job involves heavy lifting Multi N Never/Rarely: -1; Sometimes: -0.5; Usually: 0; Always: +1 

864 Days/weeks walked 10+ minutes Days/Wk Y 0-3: -1; 4-5: -0.5; 6: 0; 7: +1 

874 Duration of Walks Min/Day Y <15: -1; 20-29.9: -0.5; 30-44.9: 0; 45-199.9: +0.5; >120: 1 

884 Days/wk moderate physical activity 10+ min Days/Wk Y 0: -1; 1-2: -0.5; 3: 0; 4-6: +0.5; 7: +1 

894 Duration of moderate activity min Min/Day Y 0-9.9: -1; 10-39.9: -0.5; 40-59.9: 0; 60-149.9: +0.5; >150: +1 

904 Days/weeks vigorous physical activity 10+ min Days/Wk Y 0: -1; 1: 0; 2-3: +0.5; >4: +1 

914 Duration of vigorous activity Min/Day Y 0-9.9: -1; 10-39.9: -0.5; 40-59.9: 0; 60-149.9: +0.5; >150: +1 

924 Usual walking pace Multi N Slow: -1; Normal: 0; Brisk: +1 

943 Frequency of stair climbing in last 4 weeks Multi N 0: -1; 1-5: -0.5; 6-10: 0; 11-20: +0.5; >20: +1 

971 
Frequency of walking for pleasure in last 4 

weeks 
Multi N 1/4wk: -1; 2-3/4wk: -0.5; 1/wk: 0; 2-5/wk: 0.5; 7/wk: +1 

981 Duration of walking for pleasure Multi N <15min: -1; 15-30min: -0.5; 30min-1h: 0; 1-3h: -0.5; >3h: +1 

991 Frequency of strenuous sports in last 4 weeks Multi N <1/4wk: -1; 1/wk: -0.5; 2-3/wk: 0; 4-5/wk: +0.5; 7/wk: +1 

1001 Duration of strenuous sports Multi N <15min: -1; 15-30min: -0.5; 30min-1h: 0; 1-3h: -0.5; >3h: +1 

1011 Frequency of light DIY in last 4 weeks Multi N <1/4wk: -1; 1/wk: -0.5; 2-3/wk: 0; 4-5/wk: +0.5; 7/wk: +1 

1021 Duration of light DIY Multi N <15min: -1; 15-30min: -0.5; 30min-1h: 0; 1-3h: -0.5; >3h: +1 

2624 Frequency of heavy DIY in last 4 weeks Multi N <1/4wk: -1; 1/wk: -0.5; 2-3/wk: 0; 4-5/wk: +0.5; 7/wk: +1 

2634 Duration of heavy DIY Multi N <15min: -1; 15-30min: -0.5; 30min-1h: 0; 1-3h: -0.5; >3h: +1 

3637 Frequency of other exercises in last 4 weeks Multi N <1/4wk: -1; 1/wk: -0.5; 2-3/wk: 0; 4-5/wk: +0.5; 7/wk: +1 

3647 Duration of other exercises Multi N <15min: -1; 15-30min: -0.5; 30min-1h: 0; 1-3h: -0.5; >3h: +1 

6164 Types of physical activity in past 4 weeks Multi N 
None: -1; Walking for pleasure: 0; Other exercises/light DIY: +0.5; Strenuous 

sports/Heavy DIY 

104900 Time spent doing vigorous physical activity Multi N 0: -0.5; <10min: 0; 10-120: +0.5; >120min: +1 

104910 Time spent doing moderate physical activity Multi N 0: -1; <10min: -0.5; 10-30min: 0; 30-120min: +0.5; >120min: +1 

104920 Time spent doing light physical activity Hours N 0: -1; <1: -0.5; 1-2: 0; 3-5: +0.5; >5: +1 
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APPENDIX III – UKBB sample distribution by recruitment centre 
 

   Sample percentage 

# Centre Location UKBB without imaging UKBB imaging UKBB total 

1 10003 Stockport 0.09 0.21 0.09 

2 11001 Manchester 2.48 20.56 2.71 

3 11002 Oxford 3.01 0.17 2.97 

4 11003 Cardiff 3.81 0.02 3.76 

5 11004 Glasgow 3.86 0.10 3.81 

6 11005 Edinburgh 3.72 0.02 3.68 

7 11006 Stoke 3.94 5.73 3.96 

8 11007 Reading 6.45 0.10 6.37 

9 11008 Bury 5.94 14.28 6.05 

10 11009 Newcastle 7.64 0.10 7.54 

11 11010 Leeds 9.14 16.21 9.23 

12 11011 Bristol 9.13 0.17 9.02 

13 11012 Barts 1.80 0.07 1.77 

14 11013 Nottingham 7.10 10.24 7.14 

15 11014 Sheffield 6.33 10.96 6.39 

16 11016 Liverpool 6.57 12.63 6.64 

17 11017 Middlesborough 4.49 0.02 4.44 

18 11018 Hounslow 4.49 0.12 4.44 

19 11020 Croydon 4.59 0.07 4.53 

20 11021 Birmingham 4.77 7.55 4.80 

21 11022 Swansea 0.50 0.00 0.49 

22 11023 Wrexham 0.14 0.67 0.15 
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APPENDIX IV – in-silico predicted deleterious variation of BA genes 

 

# Chr Gene Start End Ref Alt Type MAF gnomAD

1 7 ABCB4 87069072 87069072 C G nonsynonymous 4.064E-06

2 7 ABCB4 87069072 87069072 C G nonsynonymous 4.064E-06

3 3 CYP8B1 42916917 42916917 A G nonsynonymous 4.071E-06

4 13 SLC10A2 103710676 103710676 A G nonsynonymous 8.132E-06

5 13 SLC10A2 103710676 103710676 A G nonsynonymous 8.132E-06

6 2 GPBAR1 219127880 219127880 G A nonsynonymous 2.455E-05

7 16 ABCA3 2331134 2331134 T C nonsynonymous 5.686E-05

8 4 ABCG2 89020529 89020529 G A nonsynonymous 0.0001

9 14 SLC10A1 70245157 70245157 A G nonsynonymous 0.0001

10 16 HSD3B7 30997429 30997429 G A nonsynonymous 0.0002

11 5 AMACR 34007971 34007971 A G nonsynonymous 0.0003

12 10 ABCC2 101591492 101591492 G T nonsynonymous 0.0003

13 12 NR1H4 100934590 100934590 A C nonsynonymous 0.0004

14 7 SLC4A2 150773238 150773238 C T nonsynonymous 0.0005

15 2 ABCG8 44079755 44079755 G A nonsynonymous 0.0009

16 2 ABCG8 44079755 44079755 G A nonsynonymous 0.0009

17 13 SLC10A2 103710685 103710685 G A nonsynonymous 0.0009

18 13 SLC10A2 103710685 103710685 G A nonsynonymous 0.0009

19 20 FOXA2 22563501 22563501 T C nonsynonymous 0.0011

20 2 GPBAR1 219127952 219127952 G A nonsynonymous 0.0012

21 17 ABCC3 48745231 48745231 T A nonsynonymous 0.0012

22 6 CYP39A1 46554899 46554899 G A nonsynonymous 0.0013

23 1 EPHX1 226026377 226026377 C A nonsynonymous 0.0014

24 4 UGT2B4 70361182 70361182 T C nonsynonymous 0.0017

25 19 SLC27A5 59012027 59012027 C T nonsynonymous 0.0017

26 2 GPBAR1 219128096 219128096 G C nonsynonymous 0.0018

27 16 ABCA3 2367764 2367764 T A nonsynonymous 0.0023

28 19 SLC27A5 59012675 59012675 C T nonsynonymous 0.0027

29 6 CYP39A1 46604145 46604145 G C nonsynonymous 0.0031

30 18 ATP8B1 55373793 55373793 C T nonsynonymous 0.0031

31 8 CYP7A1 59404935 59404935 G C nonsynonymous 0.0035

32 12 NR1H4 100926308 100926308 T C nonsynonymous 0.0037

33 17 ABCC3 48753045 48753045 G A nonsynonymous 0.004

34 13 SLC10A2 103701672 103701672 A G nonsynonymous 0.0047

35 13 SLC10A2 103701672 103701672 A G nonsynonymous 0.0047

36 19 DBP 49140182 49140182 C T nonsynonymous 0.0048

37 13 SLC10A2 103701690 103701690 G A nonsynonymous 0.0099

38 13 SLC10A2 103701690 103701690 G A nonsynonymous 0.0099

39 7 ABCB4 87082273 87082273 T C nonsynonymous 0.0116

40 7 ABCB4 87082273 87082273 T C nonsynonymous 0.0116

41 6 CYP39A1 46593224 46593224 A G nonsynonymous 0.0128

42 2 CYP27A1 219678877 219678877 C T nonsynonymous 0.019

43 16 HSD3B7 30999434 30999434 T C nonsynonymous 0.0274

44 17 ABCC3 48761053 48761053 G A nonsynonymous 0.0366

45 12 SLCO1A2 21457434 21457434 T G nonsynonymous 0.0453

46 1 NR0B2 27239920 27239920 C G nonsynonymous 0.0596

47 2 ABCG5 44065090 44065090 G A nonsynonymous 0.0667

48 2 ABCG5 44065090 44065090 G A nonsynonymous 0.0667

49 2 ABCG8 44066247 44066247 G C nonsynonymous 0.0671

50 2 ABCG8 44066247 44066247 G C nonsynonymous 0.0671

51 18 ATP8B1 55322502 55322502 C T nonsynonymous 0.0829

52 12 SLCO1B3 21028208 21028208 G C nonsynonymous 0.1125

53 12 SLCO1B3 21028208 21028208 G C nonsynonymous 0.1125

54 12 SLCO1B1 21331549 21331549 T C nonsynonymous 0.1326

55 12 SLCO1B1 21331549 21331549 T C nonsynonymous 0.1326

56 1 EPHX1 226019633 226019633 T C nonsynonymous 0.3215

57 5 AMACR 34004707 34004707 C T nonsynonymous 0.4203

58 5 AMACR 34008100 34008100 C T nonsynonymous 0.4243
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APPENDIX V – Summary of MC4R variants on UKBB genotyping chip 

 

CHR Chip ID Pos REF ALT REF/REF  REF/ALT ALT/ALT Missing Call rate MAF

18 Affx-89015064 58038588 T C 329193 13 0 213 0.9994 0.00001974

18 Affx-89010337 58038589 A G 326303 2 0 3114 0.9905 0.000003065

18 Affx-89010331 58038606 CA C 41536 2 0 287881 0.1261 0.00002407

18 Affx-89007433 58038610 G A 329146 11 0 262 0.9992 0.00001671

18 rs13447340 58038622 GA G 41505 0 0 287914 0.1260 0

18 Affx-89019383 58038634 T C 329196 25 0 198 0.9994 0.00003797

18 rs121913564 58038636 A C 328875 15 0 529 0.9984 0.0000228

18 Affx-89017824 58038654 C T 329164 5 0 250 0.9992 0.000007595

18 Affx-89006855 58038664 G A 329223 15 0 181 0.9995 0.00002278

18 Affx-80259083 58038669 C T 323670 7 0 5742 0.9826 0.00001081

18 Affx-89017973 58038673 G A 329013 0 0 406 0.9988 0

18 Affx-89024557 58038676 C T 329136 5 0 278 0.9992 0.000007596

18 Affx-89014374 58038678 T A 328704 35 0 680 0.9979 0.00005323

18 Affx-89014062 58038681 A G 329264 3 0 152 0.9995 0.000004556

18 rs52804924 58038687 G T 325935 8 0 3476 0.9894 0.00001227

18 Affx-89015531 58038718 T A 329068 13 0 338 0.9990 0.00001975

18 rs121917829 58038722 A T 329162 8 0 249 0.9992 0.00001215

18 Affx-89006210 58038742 T C 316697 0 0 12722 0.9614 0

18 Affx-80259085 58038745 A G 322831 1 0 6587 0.9800 0.000001549

18 rs193922687 58038746 G GCA 329037 38 0 344 0.9990 0.00005774

18 Affx-89018681 58038752 A T 293191 3 0 36225 0.8900 0.000005116

18 rs201813179 58038760 G A 329298 3 0 118 0.9996 0.000004555

18 rs121913561 58038762 T C 319517 6 0 9896 0.9700 0.000009389

18 Affx-89021050 58038771 C A 329187 25 0 207 0.9994 0.00003797

18 Affx-89016437 58038772 A G 323059 3 0 6357 0.9807 0.000004643

18 rs79783591 58038777 A T 329001 30 0 388 0.9988 0.00004559

18 Affx-89015685 58038801 A G 329150 8 0 261 0.9992 0.00001215

18 Affx-89018719 58038804 G T 294376 3 0 35040 0.8936 0.000005095

18 rs187152753 58038826 C T 329064 92 0 263 0.9992 0.0001398

18 rs13447336 58038829 C T 329121 109 0 189 0.9994 0.0001655

18 Affx-89015088 58038834 A T 41540 5 0 287874 0.1261 0.00006018

18 Affx-89017765 58038847 T TAATC 322737 0 0 6682 0.9797 0

18 rs13447335 58038852 G T 328952 40 0 427 0.9987 0.00006079

18 Affx-89024936 58038870 C T 329264 17 0 138 0.9996 0.00002581

18 Affx-89019310 58038877 G A 329163 81 0 175 0.9995 0.000123

18 Affx-89021399 58038891 C A 329272 29 0 118 0.9996 0.00004403

18 Affx-89025179 58038892 C T 329022 7 0 390 0.9988 0.00001064

18 rs121913567 58038927 G A 329288 0 0 131 0.9996 0

18 Affx-89023617 58038951 A G 329124 2 0 293 0.9991 0.000003038

18 rs138281308 58038977 G T 329217 8 0 194 0.9994 0.00001215

18 Affx-89008586 58038980 G T 329153 6 0 260 0.9992 0.000009114

18 Affx-89016190 58038982 ACAT A 329131 11 0 277 0.9992 0.00001671

18 Affx-89023684 58038999 A C 311163 0 0 18256 0.9446 0
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(APPENDIX V continued) 

18 Affx-89007402 58039027 T C 322008 0 0 7411 0.9775 0

18 rs13447333 58039041 C T 305483 8 0 23928 0.9274 0.00001309

18 rs121913563 58039060 C T 328997 7 0 415 0.9987 0.00001064

18 Affx-89008317 58039061 C G 319233 0 0 10186 0.9691 0

18 rs121913560 58039075 T C 314054 28 0 15337 0.9534 0.00004457

18 Affx-89013845 58039087 C T 329048 18 0 353 0.9989 0.00002735

18 Affx-89018133 58039089 C T 329093 31 0 295 0.9991 0.00004709

18 rs13447332 58039090 G A 329154 21 0 244 0.9993 0.0000319

18 Affx-89023118 58039098 G A 328857 16 0 546 0.9983 0.00002433

18 Affx-89011384 58039101 A G 325837 0 0 3582 0.9891 0

18 Affx-89023672 58039116 T G 316694 7 0 12718 0.9614 0.00001105

18 Affx-89012101 58039122 G T 329201 12 0 206 0.9994 0.00001823

18 Affx-89018816 58039132 TAGTAA T 328920 13 0 486 0.9985 0.00001976

18 Affx-89023328 58039134 G A 328902 22 0 495 0.9985 0.00003344

18 Affx-89005586 58039177 A G 329170 9 0 240 0.9993 0.00001367

18 rs13447330 58039221 A G 325836 2 0 3581 0.9891 0.000003069

18 Affx-89012334 58039235 ACT A 329043 6 0 370 0.9989 0.000009117

18 Affx-89015702 58039266 A G 329239 2 0 178 0.9995 0.000003037

18 rs2229616 58039276 C T 315457 13007 121 834 0.9975 0.02016

18 Affx-89025132 58039281 G T 329255 10 0 154 0.9995 0.00001519

18 rs13447328 58039300 C T 328886 51 0 482 0.9985 0.00007752

18 rs13447327 58039301 G C 41540 0 0 287879 0.1261 0

18 Affx-89020886 58039302 C T 329058 5 0 356 0.9989 0.000007597

18 Affx-89019651 58039303TCACCAGCATATCAGC T 329289 3 0 127 0.9996 0.000004555

18 Affx-89014096 58039315 C T 329342 6 0 71 0.9998 0.000009109

18 Affx-89022645 58039333 A G 326023 2 0 3394 0.9897 0.000003067

18 Affx-89005662 58039343 G T 329026 15 0 378 0.9989 0.00002279

18 Affx-89016685 58039346 C G 329135 11 0 273 0.9992 0.00001671

18 rs13447326 58039350 G A 329241 3 0 175 0.9995 0.000004556

18 rs199558727 58039356 T C 329238 39 0 142 0.9996 0.00005922

18 Affx-89017473 58039376 T C 310055 0 0 19364 0.9412 0

18 rs121913566 58039398 T C 312060 1 0 17358 0.9473 0.000001602

18 Affx-89005392 58039419 C T 329183 13 0 223 0.9993 0.00001975

18 Affx-80259089 58039422 A G 322249 5 0 7165 0.9782 0.000007758

18 rs121913557 58039435 C T 329039 3 0 377 0.9989 0.000004559

18 Affx-89012664 58039441 G A 317446 1 0 11972 0.9637 0.000001575

18 Affx-89010029 58039456 G A 328761 6 0 652 0.9980 0.000009125

18 rs13447324 58039478 G T 329224 40 0 155 0.9995 0.00006074

18 Affx-89018084 58039483 C CT 329301 25 0 93 0.9997 0.00003796

18 rs13447323 58039494 G A 329106 115 0 198 0.9994 0.0001747

18 Affx-89007833 58039527 CT C 326222 2 0 3195 0.9903 0.000003065

18 Affx-89021666 58039534 T TC 317238 2 0 12179 0.9630 0.000003152

18 Affx-89021068 58039535 C T 329251 3 0 165 0.9995 0.000004556

18 Affx-89010913 58039551 G C 328862 23 0 534 0.9984 0.00003497

18 rs142837166 58039563 C T 329052 37 0 330 0.9990 0.00005622
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APPENDIX VI – Literature review of MC4R variants genotyped in this study 

(Pages 247-251) 
     Subjects in UKBB 

# Amino 
acid 

change 

Reports in 
obese 

 
 

Reports in lean* In vitro 
functional 

studies 

Under
weight 

Lean Over 
weight 

Obese 

1 p.R7H Lubrano-
Berthelier 2003 

Logan 2016 Srinivasan 2004 
Xiang 2010 

0 12 16 9 

2 p.T11S Lubrano-
Berthelier 2006 
Vaisse 2000 

- Lubrano-
Berthelier 2006 
Srinivasan 2004 
Vaisse 2000 
Xiang 2006 

0 6 8 8 

3 p.W16X Marti 2003 - - 0 2 1 0 

4 p.N17fs Lubrano-
Berthelier 2006 
Stutzmann 2008 

Vaisse 2000 

- Lubrano-
Berthelier 2006 

0 0 2 0 

5 p.S19fs Buono 2005 

Hainerova 2007 
- Alfieri 2010 0 0 1 1 

6 p.S30F Ahituv 2007 
Calton 2009 

Dempfle 2004 

Hinney 
1999,2003 

Ochoa 2007 

Santini 2004 

Hinney 2006 
Stutzmann 2008 

Calton 2009 
Hinney 2003 
Lubrano-
Berthelier 2003a 
Nijenhuis 2003 
Santini 2004 
Xiang 2006 

0 44 45 26 

7 p.G34fs Krakoff 2008 
Ma 2004 

- - 0 7 12 6 

8 p.Y35X 
 

Calton 2009 
Dempfle 2004 

Farooqi 2003 

Hebebrand 2002 
Hinney199, 
2003,2006 
Larsen 2005 
Lubrano-
Berthelier 2003, 
2006 
Sina 1999 
Stutzmann 2008 
Tan 2009 

Wangensteen 
2009 
Van den Berg 
2011 

- Biebermann 
2003 
Larsen 2005 
Lubrano-
Berthelier 
2003a, 2006 
Tao & Segaloff 
2003 
Xiang 2006 

0 4 23 13 

9 p.Q43X Buono 2005 - Alfieri 2010 0 3 1 2 

10 p.P48S Miraglia del 
Giudice 2002 

- Tao & Segaloff 
2003 
Xiang 2010 

0 0 0 1 

11 p.V50M Dubern 2001 
Yurtcu 2009 

Yurtcu 2009 Lubrano-
Berthelier 2003a 
Tao & Segaloff 
2003 
Xiang 2010 

0 2 0 1 

12 p.L54P Tan 2009 - Tan 2009 0 4 1 0 

13 p.G55D Tan 2009 - Tan 2009 0 6 5 2 

14 p.N62S Farooqi 2000, 
2003 

Hughes 2009 Farooqi 
2000,2003 
Hughes 2009 

0 0 0 1 
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Lubrano-
Berthelier 2003a 
Tao & Segaloff 
2003 
Xiang 2006 
Yeo 2003 

15 p.H76R Stutzmann 2008 - Stutzmann 2008 0 11 16 11 

16 p.P78L Dempfle 2004 

Hinney 
1999,2003 

- Hinney 2003 
Lubrano-
Berthelier 2003a 
Nijenhuis 2003 
Tao & Segaloff 
2003 
Xiang 2006 

0 1 1 1 

17 p.M79I Wangensteen 
2009 

- - 0 4 4 3 

18 p.Y80X Lubrano-
Berthelier 2006 
Stutzmann 2008 

- Lubrano-
Berthelier 2006 0 4 7 4 

19 p.C84R Hainerova 200 - Fan & Tao 2009 
Hainerova 2007 

0 1 1 0 

20 p.Ala89_
Val93del 

Donohoue 2003 - Donohoue 2003 0 2 1 0 

21 p.D90N Biebermann 
2003 

- Biebermann 
2003 
Xiang 2010 

0 3 2 1 

22 p.S94N Stutzmann 2008 - Stutzmann 2008 0 1 1 3 

23 p.V95I Dempfle 2004 

Hinney 2003 

Lubrano-
Berthelier 2006 
Stutzmann 2008 

Wangensteen 
2009 

- Hinney 2003 
Lubrano-
Berthelier 2006 
Stäubert 2007 
Xiang 2006 

0 18 20 13 

24 p.T101N Buchbinder 
2011 

- - 0 2 6 2 

25 p.V103I Ahituv 2007 
Alharbi 2007 
Beckers 2006 
Branson 2003 
Buono 2005 
Calton 2009 
Dubern 2001 
Farooqi 
20001,2003 
Gotoda 1997 
Gu 1999 
Hainerova 2007 
Hinney 1999, 
2003 
Jacobson 2002 
Larsen 2005 
Lubrano-
Berthelier 2003 
2006 
Marti 2003 
Miraglia del 
Giudice 2002 
 

Ahituv 2007 
Alharbi 2007 
Branson 2003 
Buono 2005 
Calton 2009 
Dubern 2001 
Farooqi 2000 
Farooqi 2003 
Gotoda 1997 
Gu 1999 
Hinney 1999,2003 
Hughes 2009 
Jacobson 2002 
Larsen 2005 
Miraglia del Giudice 
2002 
Ohshiro 1999 
Rong 2006 
Santini 2004 
Santoro 2009 
Vaisse 2000 
Valli-Jaakola 2004 
Wang 2006 
 

Gu 1999 
Hinney 2003 
Ho & MacKenzie 
1999 
Hughes 2009 
Xiang 2006, 
2010 

77 4669 5580 2638 

26 p.L106P Farooqi 2003 

Yeo 2003 
- Farooqi 2003 

Xiang 2006 
Yeo 2003 

0 0 0 2 
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27 p.S116fs Dubern 2007 - - 0 4 2 0 

28 p.I121T Dempfle 2004 

Hinney 2003 
- Hinney 2003 

Xiang 2010 
0 1 1 0 

29 p.S136P Tan 2009 - Tan 2009 0 0 5 4 

30 p.F149fs Farooqi 2003 

Tan 2009 
- - 0 7 4 2 

31 p.T150I Vaisse 2000 - Vaisse 2000 0 5 13 4 

32 p.A154D Lubrano-
Berthelier 2006 
Stutzmann 
20082 

- Govaerts 2005 
Lubrano-
Berthelier 2006 
Tao & Segaloff 
2005 
Xiang 2010 

0 4 4 4 

33 p.Q156P Lubrano-
Berthelier 2003c 

- Govaerts 2005 0 2 4 1 

34 p.T162I Tan 2009 - Tan 2009 0 9 7 0 

35 p.R165W Branson 2003 
Dempfle 2004 

Hinney 1999, 
2003 
Lubrano-
Berthelier 2006 

Melchior 2009 
Potoczna 2004 
Stutzmann 2008 
Tan 2009 

Vaisse 2000 

Stutzmann 2008 Lubrano-
Berthelier 
2003a, 2003b, 
2006 
Nijenhuis 2003 
Vaisse 2000 
Xiang 2006 

0 9 7 5 

36 p.R165Q Farooqi 2000, 
2003 
Krakoff 2008 
Larsen 2005 

Ma 2004 
Tan 2009 

Hinney 2006 Farooqi 2003 
Larsen 2005 
Nijenhuis 2003 
Xiang 2006 
Yeo 2003 0 5 13 13 

37 p.V166I Hinney 2006 
Wang 2006 

Van den Berg 
2011 

Hinney 2006 
Hughes 2009 

Hinney 2006 
Hughes 2009 
 0 3 11 4 

38 p.I170V Dubern 2001 
Lubrano-
Berthelier 2006 
Stutzmann 2008 
Vaisse 2000 

Van den Berg 
2011 

Hughes 2009 Hughes 2009 
Lubrano-
Berthelier 
2003a, 2003b, 
2006 
Nijenhuis 2003 
Tao & Segaloff 
2003 
Vaisse 2000 
Xiang 2006 

1 6 13 8 

39 p.A175T Buono 2005 

Farooqi 2003 

Larsen 2005 

Tortorella 2005 
Yeo 2003 

Calton 2009 Alfieri 2010 
Calton 2009 
Farooqi 2003 
Stäubert 2007 
Xiang 2006 
Yeo 2003 

0 1 5 1 

40 p.M200fs Wangensteen 
2009 

- - 0 4 5 2 

41 p.F201L - Stutzmann 2008 Stutzmann 2008 0 3 1 2 

42 p.F202L Calton 2009 
Cole 2009 
Farooqi 2003 

Van den Berg 
2011 

Hughes 2009 
Jacobson 2002 
Stutzmann 2008 
 

Calton 2009 
Hughes 2009 
Stäubert 2007 
Tao & Segaloff 
2005 
Xiang 2010 

0 4 4 0 
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43 p.L211P - - - 0 1 1 0 

44 p.G231S Calton 2009 
Lubrano-
Berthelier 2006 
Ma 2004 
Stutzmann 2008 

Van den Berg 
2011 

- Calton 2009 
Govaerts 2005 
Lubrano-
Berthelier 2006 
Xiang 2010 

0 1 4 2 

45 p.G231V - Stutzmann 2008 Stutzmann 2008 0 8 12 9 

46 p.R236C Calton 2009 

Lubrano-
Berthelier 200 
Wangensteen 
2009 

- Calton 2009 

0 24 30 27 

47 p.G238D Farooqi 2003 

Tan 2009 
- Xiang 2010 0 5 9 3 

48 p.A244E Dempfle 200 

Hinney 2003 

Lubrano-
Berthelier 2003 
Ochoa 2007 
Stutzmann 2008 

- Govaerts 2005 
Hinney 2003 
Lubrano-
Berthelier 
2003a, 2003b 
Xiang 2006 

1 14 11 14 

49 p.G252S Dempfle 2004 

Hinney 
1999,2003,2006 

Lubrano-
Berthelier 2006 
Stutzmann 2008 
Tan 2009 

- Hinney 2003 
Lubrano-
Berthelier 
2003a, 2006 
Nijenhuis 2003 
Xiang 2006 0 36 41 32 

50 p.V253I Farooqi 2000, 
2003 

Hinney 2006 

Lubrano-
Berthelier 2004 
Rettenbacher 
2007 
Stutzmann 
20082 

Wangensteen 
2009 

Marti 2003 
 

Farooqi 2003 
Govaerts 2005 
Lubrano-
Berthelier 2003a 
Nijenhuis 2003 
Xiang 2006 
Yeo 2003 

0 28 42 22 

51 p.F261S Jia 2005 - Fan & Tao 2009 
Fang 2008 

0 0 6 2 

52 p.I269N Calton 2009 

Cole 2009 
Lubrano-
Berthelier 2003c 

Tan 20092 

- Calton 2009 
Tan 2009 

0 12 7 11 

53 p.C271R Agranat-Meged 
2008 
Farooqi 2003 

Stutzmann 2008 

Tarnow 2003 

- Tarnow 2003 
Xiang 2010 

0 1 1 1 

54 p.C271F Calton 2009 - Calton 2009 
Lubrano-
Berthelier 2003a 

0 4 10 11 

55 p.N274S Mergen 2001 
Stutzmann 2008 
Yurtcu 2009 

Yurtcu 2009 Stäubert 2007 
Tao & Segaloff 
2003 
Xiang 2006 

0 3 2 1 

56 p.P275S Hinney 2006 - - 0 2 1 0 

57 p.Phe280
Alafs 

Farooqi 200, 
2003 

Tan 2009 

- Farooqi 
2000,2003 
Xiang 2006 

0 5 23 10 
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58 p.F280L 
 

Beckers 201 - Wang & Tao 
2011 

0 1 0 0 

59 p.Y287X Farooqi 200 

Yeo 2003 
- Farooqi 2003 

Xiang 2006 
Yeo 2003 

0 4 4 0 

60 p.I289L - Stutzmann 2008 Stutzmann 2008 0 4 6 3 

61 p.P299H Ahituv 2007 
Calton 200 
Lubrano-
Berthelier 2003 
Stutzmann 2008 
Tan 2009 

- Ahituv 2007 
Calton 2009 
Govaerts 2005 
Lubrano-
Berthelier 
2003a, 2003b 
Xiang 2006 

0 0 2 6 

62 p.I301T Lubrano-
Berthelier 2006 
Stutzmann 2008 
Vaisse 2000 

- Lubrano-
Berthelier 
2003b, 2006 
Nijenhuis 2003 
Vaisse 2000 
Xiang 2006 

0 2 1 0 

63 p.Y302F Roth 2009 - Roth 2009 0 8 14 13 

64 p.A303T Ahituv 2007 
Calton 2009 

Tan 2009 

- Ahituv 2007 
Calton 2009 
Tan 2009 

0 0 4 1 

65 p.R305Q - Ahituv 2007 
Calton 2009 

Calton 2009 0 1 3 3 

66 p.Q307X Calton 2009 

Lubrano-
Berthelier 2003c 
Santoro 2009 

- Santoro 2009 

0 5 5 5 

67 p.R310K Wang 2006 - - 0 2 1 2 

68 p.I316S Farooqi 2003 

Tan 2009 

Yeo 2003 

- Farooqi 2003 
Xiang 2006 
Yeo 2003 

0 5 7 3 

69 p.I317V Buono 200 - Fan & Tao 2009 
Xiang 2010 

0 7 10 8 

70 p.L325F Larsen 2005 - Fan & Tao 2009 
Larsen 2005 
Xiang 2010 

0 3 5 3 

71 p.Y332C - Stutzmann 2008 Stutzmann 2008 0 9 2 1 

72 p.Y332H Santoro 20092 Stutzmann 2008 Santoro 2009 
Stutzmann 2008 

0 0 2 0 

 
*unrelated individuals. Ethnic background of the control subjects was: Afro-American (Jacobson et al., 2002), British 
(Alharbi et al., 2007; Farooqi et al., 2000; Farooqi et al., 2003), Chinese (Rong et al., 2006), Danish (Larsen et al., 
2005), European-American (Ahituv et al., 2007; Calton et al., 2008; Gu et al., 1999), French (Lubrano-Berthelier et 
al., 2006; Stutzmann et al., 2008; Vaisse et al., 2000), German (Hinney et al., 1999, 2003, 2006), Italian (Buono et 
al., 2005; Santini et al., 2004; Santoro et al., 2009; Tortorella et al., 2005), Japanese (Ohshiro et al., 1999), Spanish 
(Marti et al., 2003; Ochoa et al., 2007), Swedish (Jacobson et al., 2002), and Swiss (Branson et al., 2003; 
Stutzmann et al., 2008), South-African (Logan 2016) 
 


