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Ágrip 

Heila- og mænusigg (Multiple sclerosis, MS) einkennist af eyðingu ónæmiskerfisins á mýelíni sem 

umlykur sima taugunga miðtaugakerfisins. MS er í meðallagi arfgengur sjúkdómur og 

erfðafræðirannsóknir hafa bendlað breytta virkni ónæmiskerfisins við sjúkdóminn í mun ríkari mæli en 

galla í líffræði miðtaugakerfisins. Margir erfðabreytileikar sem hafa áhrif á áhættuna á MS hafa verið 

tengdir áhættunni á mörgum sjálfsofnæmissjúkdómum og sjálfsofnæmissjúkdómar almennt, deila 

mörgum erfðaþáttum sín á milli. 

Í þessu verkefni var arfgengi og ættlægni MS á Islandi staðfest og mæld. Erfðafylgni milli 

sjálfsofnæmissjúkdóma sem rekja má til algengra einbasabreytileika var kortlögð milli flestra algengra 

sjálfsofnæmissjúkdóma með því að reikna fjölgena áhættuskor fyrir 150,656 Íslendinga, byggt á 

gögnum úr stórum alþjóðlegum rannsóknum. Þetta leiddi í ljós að erfðafræðilega mynda 

sjálfsofnæmissjúkdómar skyldleikaklasa sem gróflega samsvara myndun sjálfsofnæmismótefna í 

sjúkdómunum. Frumkomin gallskorpulifur (Primary biliary cirrhosis, PBC) og MS voru ólíkir öðrum 

sjúkdómum sem prófaðir voru. PBC sýndi erfðafylgni við flesta sjálfsofnæmissjúkdóma, óháð 

mótefnamyndun, en MS sýndi litla fylgni við aðra sjúkdóma en PBC, en tengslin þar á milli voru afar 

sterk.  

Samgreining tengslagreiningargagna (meta-analysis) íslenskra, sænskra, norskra og 

fjölþjóðlegra sjúklingaúrtaka, sem samtals töldu 21,171 sjúkling og 371,388 einstaklinga í 

samanburðarhópum, leiddi í ljós sex nýja erfðabreytileika sem líklega hafa áhrif á áhættuna á að fá 

MS. Út frá sterkri erfðafylgni milli MS og PBC voru einbasabreytileikar tengdir PBC valdir í úrtak og 

fylgni þeirra við MS prófuð sérstaklega. Þetta leiddi í ljós sjö nýja breytileika til viðbótar sem tengdust 

marktækt áhættunni á að fá MS. Fylgni við þessa breytileika þarf þó að staðfesta í óháðu úrtaki.  
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Abstract 

Multiple sclerosis (MS) is a disease caused by the destruction of the myelin sheet surrounding axons 

of the nerve cells of the central nervous system by the immune system. MS is moderately heritable 

and genetic studies have linked defects in immune functions with the disease to much greater extent 

than neuronal defects. Many single nucleotide polymorphisms (SNPs) that affect the risk of MS have 

been associated with multiple autoimmune diseases and autoimmune diseases in general have been 

found to share multiple susceptibility variants.  

In this project, the heredity and familial aggregation of MS in Iceland was confirmed and quantified. 

Genetic correlation between the most common autoimmune diseases was mapped based on 

polygenic risk scores calculated for 150,656 Icelanders using data from large international studies. 

Genetically, autoimmune diseases were found to cluster based on common presence or absence of 

autoantibodies in disease. Primary biliary cirrhosis (PBC) and MS were different from other 

autoimmune diseases. PBC showed genetic correlation with most autoimmune diseases tested, 

independent of cluster, whereas MS showed little genetic correlation with any other disease than PBC, 

the two being highly correlated.   

A meta-analysis of Icelandic, Swedish, Norwegian and international MS cohorts, in total 21,171 MS 

patients and 371,388 controls, revealed six novel sequence variants that confer risk of MS. Based on 

the strong genetic correlation between PBC and MS, candidate SNPs associated with PBC were 

selected and tested for association with MS. This revealed seven additional sequence variants that 

associate with MS. These associations have yet to be confirmed in an independent sample.  

 

 

 

 



  

5 

Þakkir 

Kærar þakkir kann ég leiðbeinendum mínum, Ingileif Jónsdóttur, Hreini Stefánssyni, fyrir ómetanlega 

leiðsögn við verkefnið og fyrir að vera alltaf til taks til að svara spurningum mínum í tima og ótíma. 

Leiðbeinanda mínum Kára Stefánssyni þakka ég leiðsögn sem og tækifærið til að fá að vinna við jafn 

frábært fyrirtæki og Islenska Erfðagreiningu. Það var Íslensk Erfðagreining sem fjármagnaði verkefnið. 

Margir starfsmenn Islenskrar Erfðagreiningar hafa verið boðnir og búnir til að aðstoða mig við 

ýmislegt sem til hefur fallið við framkvæmd verkefnisins og við þau stend ég í mikilli þakkarskuld. 

Sérstaklega vil ég nefna þau Andrés Ingason, Daníel Guðbjartsson og Stacy Steinberg, en án þeirrar 

miklu aðstoðar og leiðsagnar hefði verkefnið ekki verið mögulegt.  

Að síðustu vil ég þakka foreldrum mínum fyrir þeirra stuðning og smitandi áhuga á lífvísindum.  

 





  

7 

Table of contents 

Ágrip ........................................................................................................................................................ 3 

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

Þakkir ....................................................................................................................................................... 5 

Table of contents .................................................................................................................................... 7 

List of figures .......................................................................................................................................... 9 

List of tables .........................................................................................................................................12 

Abbreviations ........................................................................................................................................14 

URLs ......................................................................................................................................................16 

1 Introduction ......................................................................................................................................17 

1.1 Autoimmune diseases ............................................................................................................... 17 

1.2 Multiple sclerosis ....................................................................................................................... 17 

1.2.1 Immunopathology of MS ................................................................................................ 18 

1.3 Genetic overlap between autoimmune diseases ....................................................................... 20 

1.4 Genetics of complex diseases ................................................................................................... 21 

1.4.1 Genetics of MS ............................................................................................................... 22 

1.5 Heritability and heredity ............................................................................................................. 24 

1.5.1 Observed and liability scale heritability .......................................................................... 26 

1.5.2 How to estimate heritability ............................................................................................ 26 

1.6 Method overview........................................................................................................................ 27 

1.6.1 Genome wide association studies .................................................................................. 27 

1.6.2 Association testing.......................................................................................................... 28 

1.6.3 Confounding factors ....................................................................................................... 29 

1.6.3.1 Population stratification ................................................................................... 29 

1.6.3.2 Genomic correction ......................................................................................... 30 

1.6.3.3 LD score regression ........................................................................................ 30 

1.6.3.4 Principal component analysis .......................................................................... 31 

1.6.4 Technical artefacts ......................................................................................................... 32 

1.6.5 Software used in genome wide association studies. ...................................................... 34 

1.7 Imputation .................................................................................................................................. 35 

1.7.1 Reference datasets ........................................................................................................ 37 

1.7.1.1 HapMap ........................................................................................................... 38 

1.7.1.2 1000 Genomes ................................................................................................ 38 

1.7.1.3 The Icelandic sequencing project.................................................................... 38 

1.7.2 Haplotype phasing .......................................................................................................... 39 

1.7.2.1 Software (SHAPEIT) ....................................................................................... 39 

1.7.2.2 Long range phasing (LRP) .............................................................................. 40 

1.7.3 Imputation software ........................................................................................................ 42 

1.8 Meta-analysis ............................................................................................................................. 42 

1.8.1 Meta-analysis software ................................................................................................... 44 

1.8.2 Combination of summary statistics for rare variants ...................................................... 45 

1.9 Methods for estimating genetic correlation between traits ........................................................ 45 

1.9.1 Polygenic risk scores ...................................................................................................... 46 

1.9.2 LD regression ................................................................................................................. 46 

1.9.3 Restricted maximum likelihood ....................................................................................... 48 



  

8 

1.9.4 Genetic correlation software options .............................................................................. 48 

1.9.4.1 PRSice ............................................................................................................ 48 

1.9.4.2 LDpred ............................................................................................................. 48 

1.9.4.3 Ldsc ................................................................................................................. 49 

1.9.4.4 GCTA .............................................................................................................. 49 

2 Aims ...................................................................................................................................................51 

3 Materials and methods ....................................................................................................................53 

3.1 Heredity/heritability .................................................................................................................... 53 

3.2 Target and training sets for polygenic risk scores analyses ...................................................... 53 

3.3 Genotyping and imputation ........................................................................................................ 57 

3.4 Polygenic risk scores and association testing ........................................................................... 57 

3.5 LD regression ............................................................................................................................ 59 

3.6 Association analysis .................................................................................................................. 60 

3.6.1 Meta-analysis ................................................................................................................. 60 

3.6.2 Proxy phenotype analysis .............................................................................................. 62 

3.6.3 Functional annotation ..................................................................................................... 62 

4 Results ..............................................................................................................................................65 

4.1 Estimation of heredity ................................................................................................................ 65 

4.2 Genetic correlation..................................................................................................................... 66 

4.2.1 Polygenic risk scores ...................................................................................................... 66 

4.2.2 LD regression ................................................................................................................. 72 

4.3 Association analysis .................................................................................................................. 73 

4.3.1 Meta-analysis ................................................................................................................. 73 

4.3.2 Proxy-phenotype analysis .............................................................................................. 75 

5 Discussion ........................................................................................................................................83 

5.1 Heredity ..................................................................................................................................... 83 

5.2 Genetic correlation..................................................................................................................... 83 

5.2.1 Polygenic risk scores ...................................................................................................... 83 

5.2.2 LD regression ................................................................................................................. 85 

5.3 Association analysis .................................................................................................................. 85 

6 Conclusions ......................................................................................................................................89 

References ............................................................................................................................................91 

Appendix .............................................................................................................................................103 

6.1 Locus plots ............................................................................................................................... 109 



  

9 

List of figures 

Figure 1: T-cell maturation and homeostasis. A) Under normal conditions antigen presenting cells 

sample microbial agents or self-proteins from the environment and present them to 

naïve T-cells. Depending on the specific cytokines and costimulatory molecules, this 

can drive the T-cell to mature into Th1 or Th17 phenotype, and later to differentiate to 

form a population of myelin-reactive T-cells. In a healthy individual, this fate is 

prevented either through deletion of the autoreactive T-cell in the thymus or through the 

actions of regulatory immune cells in the tissue. The regulatory cells express inhibitory 

molecules and cytokines which, under normal circumstances, render the T-cell anergic. 

B) Failure of any of the processes described above can result in the escape of an 

autoreactive T-cell, which can then multiply, enter the CNS and cause Multiple 

sclerosis. Figure from Nylander & Hafler, 2012, reprinted in accordance with journal 

policies. ...................................................................................................................................19 

Figure 2: A circus plot of known genetic associations with MS. The outermost track represents the 

chromosome, the next the closest gene to the association signal, and the innermost is a 

Manhattan plot colored by –log(P) of the association (with a cut-off at 12). The two rings 

in the middle represent –log(P) = 4 and –log(P) = 7.3 in the discovery phase of the 

IMSGC study. Reprinted with permission from Nature publishing group, license nr 

3925990293276. .....................................................................................................................23 

Figure 3: Plotting of the first two principal components for HapMap 3 reference samples and 

study samples (black crosses) from STRUCTURE. European HapMap samples are red, 

Asian are purple and African samples are green. The dashed line marks a cut-off for 

sample exclusion (Anderson et al., 2010). Reprinted with permission from Nature 

publishing group, license nr 3925990437375. ........................................................................33 

Figure 4: Sex averaged recombination rate for chromosome 3 as a function of length. c 

represents the centromere and cd and j represent recombination deserts and jungle 

identified in a separate study (Kong, et al., 2002). Reprinted with permission from 

Nature publishing group, license nr 3925990097910. ............................................................35 

Figure 5: Characteristics of haplotype blocks observed by Gabriel et,. al in 2002. (A) Size 

distribution of haplotype blocks analyzed. White blocks represent samples of African 

origin while dark blocks represent haplotype blocks from European and Asian samples. 

(B) Although there are fewer large than small haplotypes, most of the genome 

sequence is spanned by large haplotype blocks. This is especially true of samples from 

Europe and Asia. (C) The number of common haplotypes inherited together in a 

haplotype block as a function of number of markers used in the study representing each 

block. (D) The portion of chromosomes found in the populations represented by one of 

the common haplotypes as a function of number of markers (Gabriel et al., 2002). 

Reprinted in accordance with the copy-right policy of American Association for the 

Advancement of Science. .......................................................................................................36 

Figure 6: An overview of how imputation can improve the power of a GWAS to detect 

associations between loci and phenotypes (Marchini & Howie, 2010). Reprinted with 

permission from Nature publishing group, license nr 3925990608569. .................................37 

Figure 7: Schematic demonstration of the phasing method used by the SHAPEIT software. The 

reference set, H, contains 8 haplotypes and the genotype vector, G four heterozygous 

SNPs. The numbers on the nodes of each haplotype represent allele 1 or allele 2 of 

each SNP. (a) The haplotype graph Hg on which the HMM calculations are performed. 



  

10 

Each segment in Hg contains 3 haplotypes and the edges are weighted by the number 

of haplotypes crossing each segment. (b) The structure of the Sg graph. Four 

haplotypes fit G for each segment but only a couple of paths through the haplotypes 

(colored green and blue) fit the observed data (Delaneau et al., 2011). Reprinted with 

permission from Nature publishing group, license nr 3925990783998. .................................40 

Figure 8: The idea of surrogate parenthood. Genotyped members of the population sharing a 

haplotype IBD with the proband are said to be surrogate fathers if they share the 

paternal haplotype with the proband and surrogate mothers if they share the maternal 

haplotype with the proband. Surrogate parenthood is thus independent of the sex of the 

individual. The same individual can be a surrogate father for a proband for one locus 

and a surrogate mother for another locus (Kong et al., 2008). Reprinted with permission 

from Nature publishing group, license nr 3925920151045. ....................................................41 

Figure 9: Average kinship coefficient of patients with MS and matched groups of control subjects. 

The difference between the groups is eliminated when close relatives are excluded from 

the calculations .......................................................................................................................65 

Figure 10: Mean relative risk (RR) of MS. (A) stratified for several groups of close relatives of MS 

patients, (B) combined across groups with the same expected identity by descent, (C) 

same as B but for relatives of mate. Error bars represent standard deviations of the 

estimates. Dashed red line indicates RR of 1. ........................................................................66 

Figure 11: The variance explained by PRS for training diseases predicting the corresponding 

disease in the Icelandic target cohorts. Celiac disease (Cel) and juvenile idiopathic 

arthritis (JIA) are not included in the figure as no target cohorts were available for these 

diseases. For JIA and Cel, a P-value inclusion of 0.001 was arbitrarily selected. UC: 

Ulcerative colitis, CD: Crohn's Disease, PSO: Psoriasis, MS: Multiple Sclerosis RA: 

Rheumatoid arthritis, PBC: Primary biliary cirrhosis, T1D: Type 1 diabetes mellitus. ............67 

Figure 12: A heat map showing the extent of genetic correlation among diseases. Squares 

labelled with an asterisk are significant after correcting for 102 tests. The relative risk 

where P < 0.05 is plotted so as not to obscure suggestive results but results with 

P>0.05 are omitted for clarity. Squares of dashed lines indicate clusters of seronegative 

diseases (upper left) and seropositive (lower right). Diseases for which polygenic risk 

scores were calculated are listed horizontally while diseases for which an Icelandic 

cohort was available are listed vertically.  AS: Ankylosing spondylitis, UC: Ulcerative 

colitis, CD: Crohn’s disease, PSO: Psoriasis, MS: Multiple sclerosis, PBC: Primary 

biliary cirrhosis, SLE: Systemic lupus erythematosus, RA: Rheumatoid arthritis, T1D: 

Type 1 diabetes mellitus, Cel: celiac disease, JIA: Juvenile idiopathic arthritis. ....................69 

Figure 13: Comparison of seropositive and seronegative rheumatoid arthritis (RA). a) Polygenic 

risk scores for RA, Systemic lupus erythematosus (SLE), Celiac disease (Cel), Primary 

biliary cirrhosis (PBC), Type 1 diabetes (T1D) and Juvenile idiopathic arthritis (JIA) all 

show a trend for higher relative risk for the seropositive form of RA than the 

seronegative, although the difference is only significant for RA-PRS and SLE-PRS. b) 

PRS for RA, calculated using a study which predominantly included seropositive cases, 

confers higher relative risk for SLE, PBC, T1D and Autoimmune thyroid disease (AITD) 

than for the seronegative form of RA. This difference was only significant for SLE and 

seronegative RA. Error bars indicate the 95% confidence intervals. ......................................71 

Figure 14: Genetic correlation matrix for autoimmune diseases based on results from LD 

regression. Non-significant correlations are omitted for clarity. UC: Ulcerative colitis; CD: 



  

11 

Crohn’s disease; PSO: Psoriasis; MS: Multiple sclerosis; PBC: Primary biliary cirrhosis; 

RA: Rheumatoid arthritis; SLE: Systemic lupus erythematosus. ............................................72 

Figure 15: Forest plots for new variants identified in a meta-analysis of MS cohorts. ...........................74 

Figure 16: A Q-Q plot showing the distribution of P-values for association with Multiple Sclerosis 

and direction of effect among 255 markers contributing to the most predictive polygenic 

risk score for Primary biliary cirrhosis. Green points indicate SNPs with concordance of 

effect while red points are SNPs that have effects in the opposite direction. Blue-dotted 

line indicates significance threshold of 0.0002 .......................................................................77 

Figure 17: Forest plots for variants identified through the proxy-phenotype method. ............................79 

Figure 18: Locus plot for rs1801133. P-values are from a meta-analysis that excludes the IMSGC 

study. .....................................................................................................................................109 

Figure 19: Locus plot for rs11707807. ..................................................................................................110 

Figure 20: Locus plot for rs13260060. ..................................................................................................110 

Figure 21: Locus plot for rs175126. Note that the P-value before conditioning on rs34383631 is 

shown. ...................................................................................................................................111 

Figure 22: Locus plot for rs4245080. ....................................................................................................111 

Figure 23: Locus plot for rs9562970. ....................................................................................................112 

Figure 24: Locus plot for rs72678531. ..................................................................................................112 

Figure 25: Locus plot for rs17674224. ..................................................................................................113 

Figure 26: Locus plot for rs4743150. ....................................................................................................113 

Figure 27: Locus plot for rs12871645. ..................................................................................................114 

Figure 28: Locus plot for rs2271293. ....................................................................................................114 

Figure 29: Locus plot for rs2073167. ....................................................................................................115 

Figure 30: Locus plot for the association of rs2271293 with Psoriasis in Iceland. ...............................115 

Figure 31: Locus plot for the association of rs4743150 with basophil counts in Iceland. ....................116 

Figure 32: Locus plot for the association of rs4743150 with mean corpuscular hemoglobin in 

Iceland. ..................................................................................................................................116 

Figure 33: Locus plot for the association of rs4743150 with mean corpuscular volume in Iceland. ....117 

Figure 34: Locus plot for the association of rs4743150 with red blood cell counts in Iceland. ............117 

  



  

12 

List of tables 

Table 1: Overview of studies and cohorts from which discovery phase summary statistics were 

used to calculate polygenic risk scores................................................................................. 54 

Table 2: Summary characteristics of the target cohorts. RA: Rheumatoid arthritis; MS: Multiple 

sclerosis; SD: Standard deviation. ........................................................................................ 56 

Table 3: Overview of studies from which summary statistics were used for LD regression. ................ 60 

Table 4: Overview of cohorts that contributed to the meta-analyses. ................................................... 61 

Table 5: Overview of quantitative traits used in the functional annotation of novel MS variants. ......... 63 

Table 6: Summary of most predictive thresholds when PRS were tested against their 

corresponding phenotype in an independent target set. For JIA and Cel, no target data 

was available and the P-value inclusion threshold was arbitrarily selected as 0.001. 

*Studies which did not use the immunochip. For these, variants of the immunochip were 

extracted and used for calculating the scores. ..................................................................... 67 

Table 7: Number of variants making up each polygenic risk score based on variants found on the 

immunochip and passing selection criteria. The most predictive threshold for each 

disease is shown in bold. MS: Multiple sclerosis; Cel: Celiac disease; Jia: Juvenile 

idiopathic arthritis; PBC: Primary biliary cirrhosis; PSO: Psoriasis; T1D: Type 1 

diabetes; RA: Rheumatoid arthritis; SLE: Systemic lupus erythematosus; CD: Crohn’s 

disease; UC: Ulcerative colitis. ............................................................................................. 68 

Table 8: Replication results for polygenic risk score (PRS) prediction of Multiple sclerosis (MS) in 

an independent Swedish cohort and results for the association of those PRSs with the 

expanded disability status scale (EDSS) after correcting for duration of disease. RR: 

Risk ratio; PBC: Primary biliary cirrhosis; T1D: Type 1 diabetes. Brackets enclose 95% 

confidence intervals for risk ratio estimates. ......................................................................... 70 

Table 9: Results for markers achieving genome wide significance in the meta-analysis. MA: Minor 

allele; MAF: Minor allele frequency. OR is the OR of the minor allele. ................................. 73 

Table 10: Counts of direction of effect among the SNPs contributing to the polygenic risk score for 

Primary biliary cirrhosis and showing different evidence of association with multiple 

sclerosis (MS). ...................................................................................................................... 76 

Table 11: Novel sequence variants that associate with MS identified by the proxy-phenotype 

method. MA: Minor allele; MAF: Minor allele frequency; MS: Multiple sclerosis; PBC: 

Primary biliary cirrhosis. The OR reported is the OR of the minor allele. ............................. 78 

Table 12: Summary of findings for novel MS variants. Variant identified through the proxy-

phenotype method are shown in bold. .................................................................................. 89 

Table 13: Risk ratios and 95% confidence intervals for each disease pair with P-values shown in 

italic below. Diseases for which we calculated polygenic risk score are listed 



  

13 

horizontally while diseases for which an Icelandic cohort was available are listed 

vertically. ............................................................................................................................. 103 

Table 14: Summary of most predictive thresholds when PRS from training sets covering the whole 

genome were tested against their corresponding phenotype in an independent target 

set. The reported R
2 
is the variance explained by the full model, including age, sex and 

the first 5 principal components. ......................................................................................... 105 

Table 15: Number of variants making up each score based on markers from all over the genome. 

The most predictive threshold is shown in bold. ................................................................. 105 

Table 16: Risk ratios and 95% confidence intervals for each disease pair with P-values in italic 

below. Diseases for which we calculated polygenic risk score are listed horizontally 

while diseases for which an Icelandic cohort was available are listed vertically. ............... 106 

Table 17: Association statistics for SNPs reaching genome-wide significance in a meta-analysis in 

each cohort individually. Effect allele is the same as in Table 7. ........................................ 107 

Table 18: Association statistics for SNPs identified through the proxy-phenotype method in each 

study cohort individually. Effect allele is the same as in Table 11. ..................................... 108 

 

  



  

14 

Abbreviations 

ACPA    Anti-citrullinated peptide 

antibodies 

ACR American Collage of 

Rheumatology 

AD  Autoimmune disease 

AITD Autoimmune thyroid disease 

ApoM Apolipoprotein M 

BBB  Blood brain barrier 

CD  Crohn’s disease 

CD4/8 Cluster of differentiation 4/8 

Cel  Celiac disease 

CNS  Central nervous system 

CSF  Cerebrospinal fluid 

CTCF CCCTC-Binding Factor 

DAG  Diacylglycerol 

DGKQ Diacylglycerol kinase theta 

DZ  Dizygotic 

EBF1 Early B-cell factor 1 

EDC4 Enhancer of MRNA decapping 

4 

ENCODE ENCyclopedia Of DNA 

Elements 

eQTL Expression quantitative trait 

loci 

FOXA1 Forkhead Box A1 

GCTA Genome-wide complex trait 

analysis 

GRM Genetic relatedness matrix 

GTEx Genotype Tissue Expression 

GWAS Genome wide association 

study 

HDL  High density lipoprotein 

HLA  Human leukocyte antigen 

HMM Hidden Markov model 

HNF4A Hepatocyte Nuclear Factor 4 

alpha 

IBD  Identity by descent 

IBS  Identity by state 

IFNg  Interferon gamma 

IgG  Immunoglobulin type G 

IL  Interleukin 

IL12RB Interleukin 12 Receptor beta 

IMSGC International Multiple Sclerosis 

Genetic Consortium 

IRF5  Interferon regulatory factor 5 

JIA  Juvenile idiopathic arthritis 

KC  Kinship coefficient 

LD  Linkage disequilibrium 

LPP  Lipoma Preferred Partner 

LRP  Long range phasing 

MAF  Minor allele frequency 

MCMC Markov chain Monte Carlo 

MHC Major histocompatibility 

complex 

MRI  Magnetic resonance imaging 

MS  Multiple Sclerosis 

MTHFR 5,10-

Methylenetetrahydrofolate 

reductase 

MZ  Monozygotic 

NCOA2 Nuclear Receptor Coactivator 

2 

NR1H3 Nuclear Receptor Subfamily 1 

Group H Member 3 

OCB  Oligoclonal bands 

OR  Odds ratio 

ORegAnno Open regulatory annotation 

database 



  

15 

PAR Proline and acidic amino acid 

rich 

PCA  Principal Component analysis 

PPMS Primary progressive Multiple 

sclerosis 

PRS  Polygenic risk score 

RA  Rheumatoid arthritis 

RF  Rheumatoid factor 

RR  Relative risk  

RRMS Relapsing remitting Multiple 

sclerosis 

SLE  Systemic lupus erythematosus 

SNP Single nucleotide 

polymorphism 

SPMS Secondary progressive 

Multiple sclerosis 

T1D  Type 1 diabetes 

TEF  Thyrotroph Embryonic factor 

TF  Transcription factor 

TFAP2G  Transcription Factor AP-2 

Gamma 

TH17 T-helper cell 17 

TXK  TXK tyrosine kinase 

UC  Ulcerative colitis 

VANGL2 Vang-like 2 

VCAM Vascular cell adhesion protein 

VLA-4 Very late antigen 4 

WGS Whole genome sequencing 



  

16 

URLs 

Immunobase: A comprehensive database of all sequence variants associated with autoimmune 

diseases to date. http://www.immunobase.org/ 

PLINK: One of the most widely used software for a variety of genetic analyses.  

http://pngu.mgh.harvard.edu/~purcell/plink/ 

SNPtest: A widely used software for carrying out association testing of genotype data. 

https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html 

STRUCTURE: A software for identification of ancestral outliers by principal components.  

http://pritchardlab.stanford.edu/structure_software/release_versions/v2.3.4/html/structure.html  

EIGENSOFT: A software for calculating principal components from genotype data.  

https://www.hsph.harvard.edu/alkes-price/software/  

HapMap: An international genotype data resource. ftp://ftp.ncbi.nlm.nih.gov/hapmap/ 

1000 Genomes: An international genotype and sequencing data resource.  

http://www.1000genomes.org/data/ 

SHAPEIT: A software for haplotype phasing. 

https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html#home 

IMPUTE2: A widely used software for genotype imputation. 

https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#download 

METAL (download): A software for meta-analysis of common variants. 

http://csg.sph.umich.edu/abecasis/metal/download/ 

METAL (documentation): http://genome.sph.umich.edu/wiki/Metal_Documentation 

RAREMETAL (download): A software for meta-analysis of rare variants, combined over some 

functional units. http://genome.sph.umich.edu/wiki/RAREMETAL_DOWNLOAD_%26_BUILD 

PRSice: A software for polygenic risk score calculations. http://prsice.info/ 

LDpred: A software for polygenic risk score calculations, adjusting for LD.  

https://bitbucket.org/bjarni_vilhjalmsson/ldpred 

Ldsc: A software for estimating heritability and genetic correlation for common SNPs by LD 

regression. https://github.com/bulik/ldsc 

GCTA: A tool for genome wide complex trait analysis. http://cnsgenomics.com/software/gcta/ 

GTEx: Database of eQTLs in many tissues. http://www.gtexportal.org/home/ 

ENCODE: Database of functional elements. https://www.encodeproject.org/ 

UCSC genome browser: https://genome.ucsc.edu/ 

SNAP:  A tool for working with LD information from the HapMap/1000 Genomes projects.  

https://www.broadinstitute.org/mpg/snap/index.php

http://www.immunobase.org/
http://pngu.mgh.harvard.edu/~purcell/plink/
https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html
http://pritchardlab.stanford.edu/structure_software/release_versions/v2.3.4/html/structure.html
https://www.hsph.harvard.edu/alkes-price/software/
ftp://ftp.ncbi.nlm.nih.gov/hapmap/
http://www.1000genomes.org/data/
https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html#home
https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#download
http://csg.sph.umich.edu/abecasis/metal/download/
http://genome.sph.umich.edu/wiki/Metal_Documentation
http://genome.sph.umich.edu/wiki/RAREMETAL_DOWNLOAD_%26_BUILD
http://prsice.info/
https://bitbucket.org/bjarni_vilhjalmsson/ldpred
https://github.com/bulik/ldsc
http://cnsgenomics.com/software/gcta/
http://www.gtexportal.org/home/
https://www.encodeproject.org/
https://www.broadinstitute.org/mpg/snap/index.php
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1 Introduction  

1.1 Autoimmune diseases 

Autoimmune diseases (ADs) constitute a group of diseases in which T and/or B-cells are activated in 

the absence of infection, and become autoreactive, attacking and damaging the body’s own tissues. 

ADs are individually rare but together they have a prevalence of around 3~5% in European 

populations (Davidson & Diamond, 2009). ADs are classically grouped into systemic and organ 

specific, depending on the number of tissue types affected, and into groups of diseases which are 

either T-cell or B-cell mediated (Davidson & Diamond, 2009). 

ADs have a clear genetic component, with heritability estimates (see section 1.5) exceeding 0.6 in 

most cases (Selmi, Lu, & Humble, 2012). Some ADs are explained by mutations in single genes. 

These are very rare and as their genetics has in most cases already been explained, they are not the 

subject of this thesis. Rather, the focus will be on more common ADs, which have complex genetic 

architecture (see section 0). Although the common ADs (hereafter referred to simply as ADs) are 

highly polygenic and display complex patterns of inheritance, their genetics are still massively 

influenced by associations with particular human leukocyte antigen (HLA) haplotypes. The HLA genes 

encode major histocompatibility complex (MHC) molecules, and display very strong associations with 

all ADs and have to be specially considered in any discussion of AD genetics.  

In addition to sequence variants, several environmental risk factors have been shown to contribute 

to risk of ADs. For example, smoking has been shown to increase the production of such pro-

inflammatory cytokines as Tumor Necrosis factor alpha and interleukins (IL) 1, IL6 and IL8 and to alter 

macrophage and dendritic cell behavior to facilitate AD development (Arnson & Amital, 2010). 

Interestingly, the same effect is not seen for snuff use in Sweden, indicating that chemicals specific to 

cigarette smoke are responsible for the effect (Anna K Hedström, Bäärnhielm, Olsson, & Alfredsson, 

2009). Infectious agents are another factor that may contribute to AD risk. Different microbes have 

been suggested to increase or decrease risk of different ADs through a multitude of mechanisms 

(Kivity, Agmon-Levin, Blank, & Shoenfeld, 2009). A particularly tenacious theory is that of molecular 

mimicry, which postulates that microbial components structurally similar to the body’s own 

components can activate autoreactive T-cells that go on to destroy the body’s tissues after elimination 

of the infection (Molina & Shoenfeld, 2005).  

Vitamin D has been suggested to contribute to the etiology of several ADs. It plays a role in 

controlling lymphocyte proliferation and activation, promotes macrophage differentiation and blocks 

dendritic cell differentiation. A major source of vitamin D is that which is synthesized in the skin in 

response to exposure to ultraviolet light and this might explain the observation that AD prevalence 

increases farther from the equator (Arnson, Amital, & Shoenfeld, 2007).  

1.2 Multiple sclerosis 

Multiple sclerosis (MS) is a devastating disorder of the central nervous system in which autoreactive T-

cells destroy the myelin sheath surrounding axons in the brain and spinal cord, resulting in a wide 
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range of debilitating symptoms that vary with respect to the location of neurologic lesions in the central 

nervous system (CNS). Clinically, two subtypes are recognized. The first and more common is 

relapsing remitting MS (RRMS). This subtype is characterized by series of relapsing episodes, 

between which the patient shows few symptoms and almost normal neurologic function, although a 

steady decline takes place during an extended period of time. Patients suffering from RRMS typically 

progress within some years to secondary progressive MS (SPMS), in which the rate of relapses is 

reduced to be replaced by a steady progression of disability. The second subtype is less common. It is 

termed primary progressive MS (PPMS) and is characterized by a steady progression of disability 

throughout the course of the disease, without preceding episodes of relapses (Nylander & Hafler, 

2012).  

Diagnosis of MS is made by a physical examination, typically followed by a magnetic resonance 

imaging (MRI) scan and possibly testing for biomarkers such as IgG antibodies in the cerebrospinal 

fluid (CSF). The McDonald criteria is a guide for physicians performing such diagnosis (Polman et al., 

2011).  

MS is particularly prevalent in populations of Northern European ancestry but its prevalence 

decreases closer to the equator (Islam et al., 2006). However, children of immigrants in countries with 

higher prevalence of MS show similar rates of disease as do natives (Gale & Martyn, 1995), 

suggesting that this difference is due to environmental factors, such as shortage of vitamin D (Munger, 

Levin, Hollis, Howard, & Ascherio, 2006) (see also section 1.1), rather than genetic differences 

between populations.   

As with many other autoimmune diseases, the greater portion of MS patients are female, which 

suggests a role for sex hormones in the pathology of the disease (G. S. Cooper & Stroehla, 2003).  

1.2.1 Immunopathology of MS 

There is a considerable variation in the immunopathological characteristics of MS plagues between 

patients. In the early stage of plague formation, there is infiltration of lymphocytes, monocytes and 

macrophages into the affected area. Autoreactive CD4+ and CD8+ T-cells are frequently found in the 

lesions. Some recognize myelin-related antigens such as myelin basic protein or myelin-associated 

oligodendrocyte basic protein, but T-cells recognizing non-myelin neural antigens have also been 

reported. MS patients have various defects in their immune homeostasis, which leads autoreactive T-

cells to become activated rather than anergic or terminated in negative selection in the thymus. Some 

factor influencing the homeostasis are graphically displayed in Figure 1 below: 
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Figure 1: T-cell maturation and homeostasis. A) Under normal conditions antigen presenting cells 
sample microbial agents or self-proteins from the environment and present them to naïve T-
cells. Depending on the specific cytokines and costimulatory molecules, this can drive the T-
cell to mature into Th1 or Th17 phenotype, and later to differentiate to form a population of 
myelin-reactive T-cells. In a healthy individual, this fate is prevented either through deletion 
of the autoreactive T-cell in the thymus or through the actions of regulatory immune cells in 
the tissue. The regulatory cells express inhibitory molecules and cytokines which, under 
normal circumstances, render the T-cell anergic. B) Failure of any of the processes 
described above can result in the escape of an autoreactive T-cell, which can then multiply, 
enter the CNS and cause Multiple sclerosis. Figure from Nylander & Hafler, 2012, reprinted 
in accordance with journal policies. 

It is not clear what exactly causes autoreactive T-cells to become activated and likely, the 

exact combination of factors varies from patient to patient. It is also possible that infection by a 

pathogen capable of molecular mimicry or neuronal damage might precede might precede the 

activation in some cases (Wu & Alvarez, 2011). 

The brain is an immuneprivileged site and to access it, cells of the immune system must cross 

the blood brain barrier (BBB). Th17 cells have been shown to cross the BBB more effectively than 

other cells of the immune system, and these are critical in the initiation of the disease. Th17 cells 

release interleukin IL17 and IL22, which increase BBB permeability and facilitate entry of other cells to 

the area. When exiting the blood vessel, activated immune cells express the α4β7 integrin very late 

antigen 4 (VLA-4), which binds to vascular cell adhesion proteins (VCAM) expressed by the 

endothelium lining the inner surface of the vessel. The importance of this process in the pathogenesis 

of MS is highlighted by the success of the drug natalizumab, a monoclonal antibody that binds to VLA-

4, and prevents infiltration of immune cells into the CNS (Nylander & Hafler, 2012; Wu & Alvarez, 

2011).  
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B-cells- and plasma cells have also been found to play a role in MS. Increased IgG 

concentration in the CSF is one characteristic of the disease and the presence of so called oligoclonal 

bands (OCB) in electrolysis of CSF samples is associated with increased disease severity. OCBs are 

found in over 90% of patients with RRMS (Wu & Alvarez, 2011).  

Once infiltrated, activated immune cells cause oligodendrocyte destruction and demyelination in 

the plague. Reduction in axon density is sometimes also observed and contributes to disease 

progression as the number of corticospinal axons passing through the spinal cord is inversely 

correlated with motor disability levels and disease progression. Once a plague is formed in the CNS, 

the damage is irreversible and re-myelination generally does not occur, even after cessation of 

inflammation and oligodendrocyte progenerators are not found in plagues (Nylander & Hafler, 2012; 

Wu & Alvarez, 2011).  

1.3 Genetic overlap between autoimmune diseases 

Due to overlap in clinical and immunological characteristics of ADs, genetic correlation among them 

has long been suspected. A high level of comorbidity has been observed for many ADs in 

epidemiological studies and patients suffering from one AD are at an increased risk of developing 

another (G. S. Cooper, Bynum, & Somers, 2009; Hemminki, Li, Sundquist, & Sundquist, 2009b; 

Somers, Thomas, Smeeth, & Hall, 2006). However, this evidence alone does not suffice to establish or 

quantify the extent of genetic correlation. Epidemiological studies are unable to distinguish between 

genetics and environmental factors that can contribute to comorbidity. Additionally, comorbidity might 

be driven by a single or few genes, for example an HLA allele, which might have large effect on 

multiple and otherwise genetically unrelated diseases. 

Early GWAS lead to the identification of many loci harboring sequence variants associating 

with more than one AD (Cotsapas et al., 2011). This prompted the development of the immunochip, an 

Illumina Infinum microarray designed to densely cover loci previously implicated in autoimmune 

diseases (ADs) (Cortes et al., 2010; Parkes, Cortes, van Heel, & Brown, 2013). The use of the 

immunochip in multiple disease cohorts has greatly facilitated the identification of pleiotropic variants 

and pathways affecting risk of more than one AD (J. D. Cooper et al., 2012; Eyre et al., 2012; Hinks et 

al., 2013; International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013; Jin et al., 2012; 

J. Z. Liu et al., 2012; Onengut-Gumuscu et al., 2015; Parkes et al., 2013; Trynka et al., 2011; Tsoi et 

al., 2012). However, studies of genetic architecture in ADs have suggested that hundreds of 

susceptibility variants outside the MHC region, each of small effect, remain to be identified for many 

ADs, including RA (Stahl et al., 2012), Celiac disease (Cel) (Stahl et al., 2012) and MS (The 

International Multiple Sclerosis Genetics Consortium (IMSGC), 2010).  
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1.4 Genetics of complex diseases 

In contrast to Mendelian diseases, which are caused by highly penetrant mutations in single or few 

genes and display clear patterns of inheritance through families, complex diseases (or common 

diseases, as most diseases over 0.1% frequency are complex) are caused by hundreds or even 

thousands of genetic variants, many of which are in high frequency in the population and confer only 

small effect on disease susceptibility.  

The process of variant discovery is the subject of the next few sections. The first step is to gain 

knowledge of which sites in the DNA sequence are actually variable in the population under study, and 

which are fixed. This is done by whole genome sequencing (WGS) a sample of individuals from the 

population. The WGS also gives information on the haplotype structure and recombination rate across 

the genome, which is vital in subsequent steps (see imputation in section 1.7).  

As the great majority of sites in the DNA are not variable and WGS is still expensive (although 

there has been an exceptional drop in cost in the last decade (Wetterstrand, 2016)), methods have 

been developed to capture the vast majority of the common genetic variation with lower cost and effort 

than  with sequencing. The majority of the genome can be divided into segments of strong linkage 

disequilibrium (LD) and a SNP in a particular locus is therefore likely to be strongly correlated with all 

other SNPs within that locus. It is thus possible to determine the patterns of LD by sequencing of only 

few individuals within a population and based on their genotypes, selecting only a few hundred 

thousand SNPs to represent common genomic variation without losing much information in the 

process. Genotyping arrays are designed to directly tag several hundred thousand single nucleotide 

polymorphisms (SNPs) at much lower cost than sequencing. Genotyping is then usually followed by 

imputation. Since haplotypes have already been determined by sequencing of a subset of individuals 

in the population, it is possible to also estimate the effects of variants that are not included on the 

genotyping array. Imputation (section 1.7) is the process of statistically deriving most of the remaining 

variants on the haplotype for them to be included in the association testing. 

Once genotypes have been determined, variants are tested for association with the phenotype of 

interest in a genome wide association study (GWAS, see section 1.6.1). Statistics from individual 

GWAS can then be combined in a meta-analysis, described in section 1.8.  

The method of variant discovery described above has enjoyed enormous success in the last 

decade. The number of variants robustly associated with human traits and diseases is approaching 

3,000 and the majority of these represent associations that were not known before the advent of 

GWASs (Visscher, Brown, McCarthy, & Yang, 2012). Very many of these variants are found in the 

non-coding part of the genome and most have small effect sizes. On their own, these variants are not 

useful for individual risk prediction as most have low penetrance and are neither necessary nor 

sufficient to cause disease on their own. Almost all members of a population will inevitably carry 

several alleles conferring risk for most diseases. By quantifying the combined load of risk alleles an 

individual carries it is possible to identify groups of individuals that are in considerably greater risk than 

average members of the population. This can be useful in selecting people for clinical trials or for 

prioritizing screening (Visscher et al., 2012). One way of doing this is with polygenic risk scores, 
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discussed in section 1.9.1, although even those are still a way off from the specificity and sensitivity 

required in the clinical context.  

Although there are many more rare variants than common (Gudbjartsson et al., 2015), most 

variants associated with diseases so far are common. The study of rare variants has been hampered 

by the fact that they must naturally be in low LD with their neighboring variants and are therefore 

poorly tagged on most genotyping arrays. They will also often be poorly imputed as very few copies of 

the minor allele will be found in the 1000 Genomes reference dataset. 

The number of variants associated with complex phenotypes has in the last years been linearly 

correlated with the number of samples included in the study (Visscher et al., 2012). That, combined 

with a motivation to seek associations with rare variants and increase utility of genomic information for 

precision medicine, has driven plans for massive genomic projects all over the world. In addition to the 

large-scale sequencing currently under way in Iceland (Gudbjartsson et al., 2015), similar projects are 

under way in Estonia (Metspalu, 2004), the Netherlands (Boomsma et al., 2014) and the United 

Kingdom (Walter et al., 2015). China and the United States have also announced plans for similar 

projects (Cyranoski, 2016; Reardon, 2015). 

1.4.1 Genetics of MS 

MS is moderately heritable (Westerlind et al., 2014) and polygenic risk score analysis has shown the 

disease to be highly polygenic with hundreds of loci, each of small effect, contributing to the risk of the 

disease (The International Multiple Sclerosis Genetics Consortium (IMSGC), 2010). In a paper 

published in 2013, The International Multiple sclerosis genetics consortium (IMSGC) raised the 

number of known risk variants to 110 (International Multiple Sclerosis Genetics Consortium (IMSGC) 

et al., 2013), explaining 23% of the genetic variance in liability. Figure 2 provides an overview of the 

known variants. The consortium also showed that a full 22% of the markers achieving genome wide 

significance with MS overlapped with at least one other autoimmune disease, with the greatest overlap 

being observed for Inflammatory bowel disease (IBD~9.1%) and Primary biliary cirrhosis (PBC~9.1%). 

The SNPs identified are common and have small effect sizes. However, small effect sizes don’t 

necessarily mean that the information is not useful for treatment development. For example, 

natalizumab is an effective drug for MS and targets the VCAM gene. Still, the OR for rs7552544, a 

variant in the locus harboring VCAM1, is only 0.91 (International Multiple Sclerosis Genetics 

Consortium (IMSGC) et al., 2013). Another drug for MS, daclizumab, targets the IL2 receptor α-chain 

but the best SNP in the region of IL2RA is rs2104286, with OR = 0.82 (International Multiple Sclerosis 

Genetics Consortium (IMSGC) et al., 2013).  

Nearly all genes associated with MS so far are involved in immunological rather than neurological 

pathways. They are members of cytokine pathways (such as IL7R, IL2RA and CXCR5), costimulation 

of T-cells (CD37, CD40, CD80 and more) or signal-transduction molecules (such as STAT3, GPR65 

and TAGAP). At least two of the genes identified are involved in vitamin D metabolism (CYP27B1 and 

CYP24A1), highlighting vitamin D exposure as a probable reason for the difference in prevalence by 

latitude (International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013).  
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Rare coding-variants have not been found to contribute much to the genetics of MS (Hunt et al., 

2013). Most MS cohorts used for genetic studies are based on sporadic cases. There exists, however, 

families that exhibit unusually high load of disease, and in these, MS appears to follow autosomal 

dominant Mendelian inheritance pattern. The search for mutations responsible for this familial 

aggregation has not yielded great results. The only variant identified to date is a p.Arg415Gln 

missense variant in nuclear receptor subfamily 1 group H member 3 gene, NR1H3, which was 

identified in seven MS patients from two unrelated families. This mutation disrupts transcriptional 

regulation in immune cells and highlights the importance of transcriptional regulation in disease 

pathology previously suggested by the number of non-coding variants identified in GWAS (Wang et 

al., 2016). 

 

Figure 2: A circus plot of known genetic associations with MS. The outermost track represents 
the chromosome, the next the closest gene to the association signal, and the innermost is a 
Manhattan plot colored by –log(P) of the association (with a cut-off at 12). The two rings in 
the middle represent –log(P) = 4 and –log(P) = 7.3 in the discovery phase of the IMSGC 
study. Reprinted with permission from Nature publishing group, license nr 3925990293276. 
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1.5 Heritability and heredity 

It is generally accepted that phenotypes are the results of the additive effects of genotype and 

environmental effects. Formally, we might write: 

𝑃ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒(𝑃) = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒(𝐺) + 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡(𝐸) 

Quantifying the amount of the phenotypic variance that can be attributed to variance in genotype is 

obviously of great interest in genetic studies of medical conditions. By so doing, we are provided with 

an estimate of the relative contribution of genetic factor to the phenotype as well as a tool which allows 

the comparison of genotypic and phenotypic contributions between phenotypes and provides an upper 

limit for any risk prediction made from genetic markers. 

Heredity, the passing of phenotype characteristics through the generations, should be established 

(or at least suspected) before genetic analysis of any trait. Estimation of heredity is possible from 

epidemiological and genealogical data and without individual genotypes of the subjects. However, it is 

also vulnerable to sampling- and ascertainment bias. Apparent familial aggregation of a trait may be 

due to relatives of patients being more likely to seek medical attention or be under surveillance than 

the average member of the population. Furthermore, disease aggregation can be increased by 

environmental factors shared between members of the same family (Guo, 1998).  

Two measures of heredity have most widely been adapted in the literature, the Relative risk (RR) 

and Kinship coefficient (KC). The RR is defined as 

𝑅𝑅 =  
𝑃(𝑅𝑌|𝑃𝑋)

𝑃(𝑅𝑌)
 

Where 𝑃𝑋 denotes the probability that a proband is affected with a disease, X, and 𝑅𝑌 is the event 

of a relative being afflicted with disease Y. The previously mentioned critical assumption of 

independent ascertainment can be formally written as 𝑃(𝑂𝑅𝑌 , 𝑂𝑃𝑋|𝑃𝑋, 𝑅𝑌) = 𝑃(𝑂𝑅𝑌|𝑅𝑌) × 𝑃(𝑂𝑃𝑋|𝑃𝑋), 

where 𝑂𝑅𝑌 and 𝑂𝑃𝑋 represent the events that a relative and proband are observed to have diseases X 

and Y, respectively (Amundadottir et al., 2004). It should be noted that X and Y may represent the 

same disease, as they do in the estimation of MS heredity (see section 4.1).  

KC is defined as the probability that a randomly selected allele from each member of a pair of 

subjects was inherited from a common ancestor (Sveinbjörnsdottir et al., 2000). The KC is half the 

expected fraction of the genome shared by any pair of relatives. First degree relatives have KC=0.25, 

second degree relatives have KC=0.125 etc.  

Heritability is formally defined as the proportion of the phenotypic variance of a particular trait at a 

particular time and in a particular population that is due to genetic variance as opposed to 

environmental effects. If we write 𝑃ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒(𝑃) = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒(𝐺) + 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡(𝐸) so that the 

variance in the observed phenotype equals the sum of the genetic and environmental variances then 

this equation becomes: 

𝜎𝑃
2 = 𝜎𝐺

2 + 𝜎𝐸
2 

 

Then the heritability can be written as 
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𝐻2 =
𝜎𝐺

2

𝜎𝑃
2 

The term H
2
 in the equation above represents the so-called broad sense heritability. This 

parameter captures all genetic effects, be they from dominance, gene-gene interactions, structural 

variation, epigenetics or simply the additive effects of many independent genetic markers. In contrast 

the narrow sense heritability, often denoted h
2
, is the proportion of the phenotypic variance which can 

be explained by additive genetic effects only (Visscher, Hill, & Wray, 2008). Suppose that 

𝜎𝐺
2 = 𝜎𝐴

2 + 𝜎𝐷
2 + 𝜎𝐼

2 

Where 𝜎𝐴
2 represents the variance due to additive effects of multiple markers, 𝜎𝐷

2 the variance due 

to dominance between different alleles of the same loci and 𝜎𝐼
2 represents the variance which can be 

explained by gene-gene interactions. The narrow sense heritability can then be written thus: 

ℎ2 =  
𝜎𝐴

2

𝜎𝑃
2 

As can be understood by the equation, h
2
 ignores the effect of dominance and gene-gene 

interaction on the phenotype. For example, if being heterozygous for a SNP increases ones height by 

1 cm then it is assumed that being homozygous increases the height by 2 cm (Visscher et al., 2008). 

It is worth mentioning that the equation 𝜎𝑃
2 = 𝜎𝐺

2 + 𝜎𝐸
2 above assumes that no gene-environment 

interactions or gene-environment covariance exist. However, such scenarios where there exists an 

interplay between the two are easily conceived. For example, parents with high intelligence quotient 

(IQ) might provide a more intellectually stimulating environment for their children (Visscher et al., 

2008). 

If gene-environment interplay is taken into account then the first equation can be rewritten as: 

𝑃 = 𝐺 + 𝐸 + 𝐺 × 𝐸 

The variance in phenotype is then expressed as:  

𝜎𝑃
2 = 𝜎𝐺

2 + 𝜎𝐸
2 + 2𝜎𝐺,𝐸

2 + 𝜎𝐺×𝐸
2  

Where 𝜎𝐺,𝐸
2  represents the gene-environment covariance and 𝜎𝐺×𝐸

2  the gene-environment 

interaction. 

Despite the often obvious existence of gene-environment interaction, 𝜎𝐺×𝐸
2  and 𝜎𝐺,𝐸

2  are usually 

ignored in estimation of heritability, most often because of difficulty in obtaining reasonable estimates 

of their sizes. It should be noted that ignoring 𝜎𝐺×𝐸
2  will increase 𝜎𝐸

2 and correspondingly decrease any 

estimates of heritability. Simmilarly, ignoring 𝜎𝐺,𝐸
2  will increase 𝜎𝐺

2 and create phantom heritability, 

which likely contributes to the paradox of missing heritability (Visscher et al., 2008).   

Heritability of a trait is not constant between populations nor in time. Both the genetic and the 

environmental variance may change between populations and with time. The difference between 

populations can be illustrated by an arbitrary example about phenylketonuria (PKU), set forth by Paolo 

Vineis and Neil Pearce in Nature review genetics in 2010 (Vineis & Pearce, 2010). PKU is caused by 

highly penetrant single mutations in the PKU gene but the symptoms of PKU can be avoided by 

removing phenylalanine from the diet. Let’s assume that only one such mutation exists in a population 
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for simplicity. The genetic variance of PKU in the population depends on the penetrance of the 

mutation, the mode of inheritance (dominant, additive or recessive) and finally, on the frequency of the 

mutation. Imagine a population where all individuals are homozygous for a PKU causing mutation. In 

our population there is no genetic variance and the phenotypic variance is completely explained by the 

amount of phenylalanine in the diet of members of the population. In contrast, consider a population in 

which every individual has a diet rich in phenylalanine. In this population, the variance in PKU status 

will depend exclusively on the frequency of the PKU causing mutation in the population.  

1.5.1 Observed and liability scale heritability 

Although it is plausible that an underlying quantitative trait is the cause of multiple common disease, in 

the clinic the diagnosis must usually be made in a yes-or-no manner. When estimating the heritability 

of such binary traits it is necessary to take into account the incidence of the trait in question. 

Heritability for binary traits is reported either on a liability scale or on an observed scale, with the 

liability scale being independent of the incidence of the trait. The relationship between the observed 

scale heritability, ℎ𝑜
2, and the narrow sense heritability on the liability scale is represented by: 

ℎ𝑜
2 =

ℎ2 × 𝑍2

𝐾 × (1 − 𝐾)
 

Where K is the frequency of the disease in the population and Z is the height of the standard 

normal distribution at the threshold that truncates K (Visscher et al., 2008). For risk prediction based 

on genotypes, such as polygenic risk scores, it is the heritability on the observed scale that is most 

important.  

1.5.2 How to estimate heritability 

Estimating heritability of a trait is not trivial. A widely used method for dichotomous traits is to compare 

concordance rates between monozygotic (MZ) and dizygotic (DZ) twins. The theory behind such 

estimates is that while MZ twins are expected to share all of their genome, DZ twins will on average 

share half. Both pairs are expected to share environment, including the womb. Heritability can be 

estimated with: 

Heritability = 2(rMZ - rDZ) 

In other words, the difference between the pairs is on average half a genome. If half a genome 

results in a difference in concordance of X, it is assumed that the variation explained by a whole 

genome is 2X. Although this formula might give useful estimates, it is inefficient at estimating either 

broad sense or narrow sense heritability (Visscher et al., 2008). MZ twins are expected to share all of 

their genome, including any gene-gene interactions, dominance effects etc. Although this might point 

towards broad sense heritability the phenotypic correlation of DZ twins cannot simply be doubled in 

the same manner, as they are only expected to share both alleles of a pair in 25% of cases.  

The narrow sense heritability of a quantitative trait can be approximated by so called midparent 

regression. Here, the offspring phenotypic value is regressed against the average of the value of the 

two parents. The slope of the regression line represents the narrow-sense heritability. The problem 
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with this approach is that it doesn’t take into account shared environment between parents and 

offspring (Visscher et al., 2008).  

Methods have been developed for estimating the heritability attributed to common SNPs. If all 

variants affecting a trait were known, the phenotypic variance explained by these SNPs would equal 

the true narrow sense heritability.  

Heritability of a trait can be estimated from a set of unrelated individuals by regressing their 

genotypic concordance against phenotypic concordance. In the set of unrelated individuals, the IBS 

can be estimated from the genotype matrix by 

𝐴 =
𝑋 × 𝑋𝑇

𝑀
 

Where X denotes the genotype matrix, X
T
 the transposed genotype matrix and M is the number of 

variants in the data. A is an approximation of the genetic relatedness matrix (GRM). If the trait in 

question is sufficiently polygenic that the product of the genotype matrix and effect sizes is normally 

distributed, then the phenotype is also normally distributed. Define a standardized vector of 

phenotypes, y, so that 

𝑦~𝑁(0, ℎ2 × 𝐴 + (1 − ℎ2) × 𝐼) 

The narrow sense heritability can be estimated from this equation using Restricted maximum 

likelihood (REML), which is the method implemented in GCTA (Yang et al., 2010) (see section 

1.9.4.4). What is actually estimated is a lower bound for the narrow sense heritability and only effects 

of SNPs included in the genotype matrix are included. This excludes for example the effect of rare 

variants, not well tagged by current genotyping arrays.  

An alternative to using GCTA to estimate heritability attributed to common SNPs is to use LD 

regression. As explained in section 1.6.3.3, the observed scale heritability can be estimated from the 

slope of the regression line when LD scores are regressed against 𝜒2 statistics.  

1.6 Method overview 

1.6.1 Genome wide association studies 

In the early days of human genetics, genes underlying various traits and diseases were mostly 

searched for using either linkage- or candidate gene study design. Although reasonably successful in 

the identification of genes conferring susceptibility to rare diseases, such as cystic fibrosis or age-

related macular degeneration, their success in identifying susceptibility variants for more common 

diseases, such as autoimmune diseases, was limited.  

It is now understood that the failure of linkage studies to identify variants conferring risk of common 

diseases resulted from the genetic architecture of these traits. Linkage studies depend on risk variants 

segregating with the disease in families. That is, they require the variants to be highly penetrant, as is 

the case for Mendelian diseases (Hirschhorn & Daly, 2005). In the last decade however, it has 

become apparent that a great number of diseases and phenotypes, dubbed complex traits, are not 

explained by single or few genes, despite being highly heritable. Rather, the genetics of complex traits 

are teeming with a great number of variants, with each increasing the risk of disease very modestly, 
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and a considerable number of those variants show biologically pleiotropic effects on different diseases 

(Solovieff, Cotsapas, Lee, Purcell, & Smoller, 2013). 

While candidate genes are in theory capable of detecting variants of small effect on disease, they 

rely on the researcher having correctly predicted the disease causing genes. Therefore, candidate 

gene studies will mostly serve to confirm or disprove hypothesis on the relationship between a gene 

and a trait that are already being made on the basis of some external data. When the pathophysiology 

of the disease is not well known, candidate gene studies are most likely unhelpful (Hirschhorn & Daly, 

2005).  

A second problem of candidate gene studies that we are able to see in hindsight, is that a large 

number of the variants of modest effect identified by GWAS, belong to the non-coding regions of the 

genome, and intergenic variants could have never been detected in candidate gene studies.  

Genome wide association studies (GWAS) overcome the limitation of both candidate gene and 

linkage studies. They employ a hypothesis-free design and use single nucleotide polymorphisms 

(SNPs) as markers of a genomic regions. Most of the genome can be divided into segments of strong 

linkage disequilibrium (LD), separated by recombination hotspots (Kong et al., 2010). Chromosomes 

will carry one haplotype from a small set of haplotypes found in the population under study and each 

haplotype can be tagged with only a few SNPs. Genotyping arrays have been designed to 

preferentially include these tagging SNPs so that haplotypes can be distinguished between in the 

imputation process (Bush et al., 2012). The phasing of genotype data to construct haplotypes and 

derive LD patterns is further discussed in section 1.7.2.  

1.6.2 Association testing 

Depending on whether samples are imputed or not, hundreds of thousands to millions of SNPs can be 

tested for association with the trait of interest without any prior hypothesis of causality of specific 

regions.  

Association testing is done under some assumption about the type of genetic effect being tested. 

While dominant and recessive effects can easily be tested for, an additive model is normally assumed. 

Quantitative traits are generally tested for association with genotype status using a generalized linear 

model while for case-control traits either logistic regression, chi-squared test or Fisher’s exact test are 

used. The model used will often include various covariates and will preferentially account for 

population stratification using either principal components, genomic control or both. The problem of 

spurious associations arising as result of population stratification is further discussed in section 

1.6.3.1.  

The greatest weakness of GWA studies are the large number of tests that are carried out, making it 

necessary to set very low significance cut-offs. Imputation often results in many millions of SNPs being 

available for association testing. However, many of these will be in high LD and it has been estimated 

that for European populations, testing common variants genome wide corresponds to roughly 

1,000,000 independent tests (Pe’er, Yelensky, Altshuler, & Daly, 2008). At a type 1 error rate of 0.05, 

50,000 SNPs would on average be expected to test significant in any association study. To account for 

multiple testing, Bonferroni correction (Bland & Altman, 1995) is typically applied, where the P-value of 
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association is multiplied by the number of independent tests performed. This results in a significance 

cut-off of 5 × 10−8 for GWAS, and this number will be even lower for African populations and studies 

that include rare variants in weak LD with their neighbors. To satisfy this level of significance, GWAS 

require huge numbers of samples, particularly for variants with small effect on the trait of interest.  

Although the actual GWAS significance threshold will differ between studies and populations, 

5 × 10−8 has been widely accepted as a universal level of significance. As sequencing projects 

continue to grow and more variants are identified, this is likely to change as more rare variants will be 

identified that are in low LD with their neighbours. With increased sequence coverage, the probability 

that the variant functionally responsible for a genetic signal at a locus has itself been tested increases. 

The observation that variants with different functional annotations are differentially enriched among 

association signals led Sveinbjornsson et al. to propose a scheme in which variants are weighted 

according to their sequence annotation. Rather than assigning equal prior probability to all, variants 

predicted to be loss-of-function are for example assigned higher prior probability of association than 

are intergenic sequence variants (Sveinbjornsson et al., 2016).  

The proxy phenotype method can increase power in genetic studies. It combines features from 

both GWAS and candidate gene studies. The idea is that having established a genetic relationship 

between two phenotypes, variants showing evidence of association with one in a GWAS can be tested 

for association with the other, thus greatly lowering the burden of multiple testing for the second 

phenotype. This is roughly the equivalent to testing candidate genes except candidates are selected 

on the basis of genetic evidence (Rietveld et al., 2014).  

1.6.3 Confounding factors 

Various confounding factor can introduce spurious associations in a GWAS. The following sections 

review the main confounders and how to avoid them.   

1.6.3.1 Population stratification 

The first confounder involves unequal sampling of subjects for the study. A population may consist of 

several different sub-populations, between which there exist differences in allele frequencies. These 

differences can for example be due to different ancestry of the two populations or can rise when 

individuals preferably mate with individuals of the same sub-population. In genetic association studies, 

spurious associations may arise (type 1 error) or true associations be masked (type 2 error) if cases 

and controls are not equally represented in all sub-populations. In this case, a statistically significant 

difference between the allele frequencies of a genetic variant may be representative of difference in 

allele frequency between the two sub-populations, rather than of the effect of the variant on the 

phenotype in question (Helgason, Yngvadóttir, Hrafnkelsson, Gulcher, & Stefánsson, 2004; Marchini, 

Cardon, Phillips, & Donnelly, 2004).  

When designing genetic association studies, which assume population homogeneity, it is important 

to sample cases and controls from the same geographical area and ethnic groups. However, even in 

carefully planned studies of seemingly homogeneous populations such as the Icelandic, hidden sub-

structure may exist (Helgason et al., 2004) and this has spurred the development of the methods 
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discussed below, which are intended to minimize and account for the bias in association statistics 

introduced by population stratification.  

1.6.3.2 Genomic correction 

Genomic correction is a method for estimating the departure of test statistics from their expected value 

under the null hypothesis. For a set of non-correlated loci tested for association with a phenotype, 

assuming no population structure, we expect the chi-squared test-statistic for a variant i, Yi, to follow a 

chi-squared distribution with one degree of freedom (Devlin & Roeder, 1999). That is  

𝑌𝑖
2~𝜒1

2(0) 

It has been deduced that the effect of population structure will be to shift this null distribution by a 

study specific constant, 𝜆, so that  

𝑌𝑖
2/ 𝜆 ~𝜒1

2(0) 

given a large set of genetic variants,  𝜆 can be estimated as  

�̂� = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑋1, 𝑋2, … , 𝑋𝑛)/0.6752 

(The above) (Devlin & Roeder, 1999) 

 

As �̂� is likely to be scaled upwards for well-powered studies of polygenic traits (see LD score 

regression below), this factor is sometimes scaled to what it would be in an equivalent study of 1000 

cases and 1000 controls (de Bakker et al., 2008). Define  �̂�1000 as: 

�̂�1000 = 1 + (�̂� − 1) ×

1
𝑁𝑐𝑎𝑠𝑒

+
1

𝑁𝑐𝑡𝑟𝑙

1
𝑁𝑐𝑎𝑠𝑒,1000

+
1

𝑁𝑐𝑡𝑟𝑙,1000

 

Where 𝑁𝑐𝑎𝑠𝑒 and 𝑁𝑐𝑡𝑟𝑙 are the number of cases and controls in the study, respectively. It is left to 

the reader to decide if this metric is useful or not.  

1.6.3.3 LD score regression 

As mentioned in the previous section, the null chi-squared distribution of association statistics will be 

shifted in the presence of population stratification. However, another way for the distribution to be 

shifted is if a high number of sequence variants truly associate with the trait. With increasing sample 

size, studies of highly polygenic traits such as height, educational attainment or schizophrenia will 

estimate an ever higher 𝜆, even in the absence of confounding population structure. Correction with 

this factor would needlessly reduce the power of large studies of polygenic traits. An alternative 

approach to account for population stratification is LD score regression (B. K. Bulik-Sullivan et al., 

2015).  

Under a polygenic model and assuming that the effect size of a genetic variant is a function of its 

frequency in the sample (a rather large assumption), the expected 𝜒2 statistic of a variant i is: 

𝐸[𝜒2|𝑙𝑖] =
𝑁 × ℎ2 × 𝑙𝑖

𝑀
+ 𝑁 × 𝑎 + 1 
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Where N is the sample size of the study, M is the number of variants tested, h
2
 is the observed 

scale heritability (see section 1.5.1), a measures the effect of population stratification and other 

confounding biases and li is the LD score (the amount of genetic variation tagged) of variant i, defined 

as 𝑙𝑖 =  ∑ 𝑟𝑖𝑘
2𝑀

𝑘=1 . 

The effect estimated for a variant in an association study is the sum of the effect of all causal 

variants it is correlated with, weighted by the level of correlation. The higher the LD score of a variant, 

the higher the probability that it will be correlated with a true causal variant in a polygenic trait. 

Therefore, we expect the estimated 𝜒2 statistics to be correlated with the LD score for variants truly 

capturing a genetic signal. However, we expect the effect of confounding factors to be independent of 

LD. Therefore, variants with elevated 𝜒2 values due to population stratification for example, will alter 

only the intercept of the regression and not the slope (B. K. Bulik-Sullivan et al., 2015). 

LD score regression can also be used to estimate genetic correlation between traits. This is 

described in section 1.9.2.  

1.6.3.4 Principal component analysis 

Principal component analysis (PCA) is a method for reducing the dimensionality of highly dimensional 

datasets. Genotype data generally consist of many more measured variables than there are samples. 

This makes the data hard to visualize and it is difficult to detect groupings or patterns in the data by 

simple exploratory analysis. Principal components (PCs) are calculated with a linear transformation of 

the original variables so that the first PC is a vector in the direction where lies most of the variance in 

the data. The second PC is orthogonal to the first, and in the direction where second-most of the 

variance can be explained etc. The PCs are therefore uncorrelated with each other. In linear algebra 

terms, PCs represent the eigenvectors of the covariance matrix of the original variables (Ringnér, 

2008).  

PCA is widely used in many aspects of genomic research, but for the purpose of this thesis two 

ways in which they are useful will be under focus. Firstly, PCs can be used to identify samples that are 

genetically different from the rest of the population under study (for example, Icelanders with part-

African ancestry). It is possible to calculate PCs from HapMap genotypes (International et al., 2003) of 

European, African and Asian samples. When the first two PCs are plotted against each other, they 

form three clearly distinguished clusters, representative of the geographical ancestry of these samples 

(Figure 3). It is then possible use the STRUCTURE software (Marchini et al., 2004) to calculate the 

probability that each sample belongs to each cluster (see Technical artefacts, section 1.6.4).  

The second application of PCs is to correct for population structure. The EIGENSOFT software 

(Price et al., 2006) can be used to calculate PCs based on genotype data. The software then allows 

for correction of phenotype and genotype values along the first axes (which are assumed to represent 

geographical variation). This creates a set of virtually matched cases and controls that can then be 

used for association testing (Price et al., 2006). 
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1.6.4 Technical artefacts 

With the large number of alleles genotyped, even unlikely events of erroneous genotyping are likely to 

occur at some point in the course of a GWAS. Poor genotyping quality of 0.1% of the markers could 

cause up to 1,000 false-positives if 1 million markers are genotyped. To minimize the false-positive 

associations, steps should be taken to remove markers and samples with high error rates.  

Samples are traditionally removed based on a) discordant sex information, b) missing genotype 

rates, c) high levels of identity by state (IBS) and d) on low probability of European ancestry (see 

below) (Anderson et al., 2010).  

a) Identifying individuals who genetically seem to be of the other sex than the phenotype file 

would have one believe is a good first step in quality control of genotyping data. We expect 

males to be fully homozygous for all alleles on the X chromosome not found on the 

pseudoautosomal regions of the Y chromosome. In contrast, we expect females to have 

relatively low rates of homozygosity (say <0.2). Discrepancies between these rates and the 

ascertained sex can help to identify sample mix-ups or human errors made in the genotyping 

laboratory.  

b) Genotyping algorithms typically only ‘call’ a genotype if the probe intensities reach a particular 

threshold but will otherwise set the genotype as missing. Poor sampling and DNA isolation 

quality can lead to high missing rates for some individuals. Typically, samples with >5% 

missing rates are removed from further study. It is worth mentioning here however, that which 

is excluded first, markers or samples, may matter in this context. If markers with high missing 

rates are excluded first, this may lead to some samples reaching 95% genotype call rate. 

Similarly, excluding low yielding samples first might result in some markers fulfilling inclusion 

criteria that would otherwise have been excluded. Here, we assume samples are removed 

first.  

c) One of the assumptions of GWAS is that samples are unrelated (or at least samples in 

different cohorts should be equally related). By comparing genotypes at an LD-pruned set of 

autosomal genotypes, the IBS for each pair of individuals can be calculated. In this way, 

duplicate samples, as well as family members can be identified (assuming duplicates and 

monozygotic twins to have IBS = 1, first degree relatives to have IBS = 0.5, second degree 

relatives to have IBS = 0.25 etc.).  

d) As already described, population stratification can be a major source of bias in association 

studies. To minimize his bias, samples with large-scale differences in ancestry are often 

removed before association testing. To identify these samples, principal components (PCs) 

are calculated for a set of ancestry-sensitive SNPs on HapMap (see section 1.6.3.4) genotype 

data from Europe (CEU), Asia (CHB + JPT) and Africa (YRI). When the first two PCs are 

plotted against one another, three clear clusters, representative of the different ancestry, are 

formed (see Figure 3). The PC model can then be applied to the samples of the study to 

determine the probability that each sample belongs to each cluster formed by the HapMap 

samples.  
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Figure 3: Plotting of the first two principal components for HapMap 3 reference samples and 
study samples (black crosses) from STRUCTURE. European HapMap samples are red, 
Asian are purple and African samples are green. The dashed line marks a cut-off for sample 
exclusion (Anderson et al., 2010). Reprinted with permission from Nature publishing group, 
license nr 3925990437375. 

 

Marker-wise quality control likewise consists of i) removal of markers with high rates of missing 

genotypes, ii) removal of markers showing significant deviations from Hardy-Weinberg equilibrium, iii) 

comparison of missing rates between cases and controls and removal of those markers that show 

significantly different genotype-call rates between the two groups, iv) minor allele frequency (MAF) 

filtering (Anderson et al., 2010).  

i) Marker probes on a genotyping array differ in their quality. Markers that are confidently 

called by the genotyping algorithm in less than 95% of the cases are typically removed. As 

previously mentioned, it is a judgement call whether to exclude samples of poor 

genotyping quality before or after this step.  

ii) Deviations from Hardy-Weinberg equilibrium can hint at genotyping or genotype-calling 

errors. The principle makes several assumptions about the population under study, one of 

which is that variants not be under selection. When performing a GWAS on a serious 

disease however, it is logical to expect causal variants to be under negative selection in 

the population. Therefore, only markers that show significant deviation from Hardy-

Weinberg equilibrium in the control group should be excluded from the analysis.  

iii) Markers with different genotyping call-rates between cases and controls should always be 

of concern. Making sure to genotype both groups on the same array and preferentially, to 

include both samples from cases and controls on the very same chips, will minimize this 
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problem. However, real-world scenarios tend not to be optimal and excluding markers with 

different call-rates between groups is recommended.  

iv) Minor allele frequency filters are traditionally applied in GWAS, even before the imputation 

stage. The low frequency of these markers make them difficult to call for some genotype-

calling algorithms. Furthermore, associations with these markers will not be very robust, 

as they are based on very few individuals. It should be noted however, that the great 

number of people whole genome sequenced in deCODE genetics, in addition to the 

extensive genealogy database of the Icelandic nation, makes the deduction of genotype 

status for rare markers not only possible but highly reliable in the Icelandic population 

(Gudbjartsson et al., 2015) (see also long range phasing, section 1.7.2.2).  

1.6.5 Software used in genome wide association studies. 

Several software have been written to aid researchers in performing GWAS. The software listed below 

all have in common to be open source, to be most conveniently used through the Unix operating 

system command line and to be among the most widely used software for human genetics worldwide.  

PLINK was originally written by Shaun Purcell in 2007 to aid researchers in performing GWAS. It is 

written in C/C++ and is open source. Originally, it could manage hard-call genotype files, perform 

association tests, perform multidimensional scaling analysis for accounting for population stratification 

(similar to PCA, see section 1.6.3.4) and identity by state/identity by descent calculations (Purcell et 

al., 2007). Since its original release, the functionality of PLINK has been extended to allow it to handle 

dosage genotypes, annotate results and perform a meta-analysis to name a few. Furthermore, 

dramatic improvements have been made in the speed of the program, to better allow it to handle the 

ever growing datasets of human genomics (Chang et al., 2015).  

Plink can be downloaded from http://pngu.mgh.harvard.edu/~purcell/plink/. The same URL contains 

extensive documentation for its usage.  

 An alternative to PLINK for association studies is SNPtest (Marchini, Howie, Myers, McVean, 

& Donnelly, 2007). Although slower then PLINK, the usage of SNPtest can be convenient due to it 

accepting genotype files directly on IMPUTE2 format (see 1.7.3). SNPtest allows for uncertainty in 

genotype values and association statistics are computed either with a Frequentist test or with 

Bayesian methods. Documentation and download of source file for SNPtest is available from 

https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html. 

 STRUCTURE is a software commonly used to investigate population structure in association 

studies. It can take in data on a variety of genetic markers and identify populations of subjects in the 

dataset. It can then be used to assign individuals of another cohort to these populations. STRUCTURE 

can be downloaded from  

http://pritchardlab.stanford.edu/structure_software/release_versions/v2.3.4/html/structure.html.  

 EIGENSOFT implements ideas from Price et al, 2006, on how to calculate PCs from genotype 

data and use them for adjusting for population stratification. This software can be downloaded from 

https://www.hsph.harvard.edu/alkes-price/software/.  

http://pngu.mgh.harvard.edu/~purcell/plink/
https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html
http://pritchardlab.stanford.edu/structure_software/release_versions/v2.3.4/html/structure.html
https://www.hsph.harvard.edu/alkes-price/software/
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1.7 Imputation 

The human genome has been estimated to contain over 15 million common SNPs (with minor allele 

frequency (MAF) of ≥ 1%), and many more found in lower frequency (Auton et al., 2015). Directly 

genotyping all these variants would be very costly in large genetic studies. Fortunately, this is not 

necessary.  

Recombination rates are far from randomly distributed in the genome. Rather, recombination 

occurs mainly in regions called recombination hotspots or recombination jungles. For example, Kong 

et al. showed in 2002 that recombination rates are correlated with CpG fraction and chromosome 

length and is different between sexes and between gametes produced by the same individual, 

suggesting an underlying environmental component. They furthermore confirmed previous reporting of 

recombination deserts and jungles across single chromosomes (Kong, et al., 2002). The variance in 

recombination rate across the length of chromosome 3 is illustrated in Figure 4 below.  

 

Figure 4: Sex averaged recombination rate for chromosome 3 as a function of length. c 

represents the centromere and cd and j represent recombination deserts and jungle 

identified in a separate study (Kong, et al., 2002). Reprinted with permission from Nature 

publishing group, license nr 3925990097910. 

The great majority of the genome is inherited as blocks of haplotypes, genetic sequences between 

two recombination hotspots, within which recombination rarely occurs in meiosis (Gabriel et al., 2002). 

The number of different haplotypes that can ‘occupy’ an area of the chromosomes in the chromosome-

pool is often limited to a small number, and thus haplotypes can be differentiated between using a 

small number of genotyped variants. This is illustrated in Figure 5 from Gabriel et al. As few as 3-5 

haplotypes can represent the corresponding segments in 90% of all chromosomes found in a 

population, meaning that only two or three carefully chosen tag-SNPs can suffice to assign a 

haplotype to a chromosome (Gabriel et al., 2002). 
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Figure 5: Characteristics of haplotype blocks observed by Gabriel et,. al in 2002. (A) Size 

distribution of haplotype blocks analyzed. White blocks represent samples of African origin 

while dark blocks represent haplotype blocks from European and Asian samples. (B) 

Although there are fewer large than small haplotypes, most of the genome sequence is 

spanned by large haplotype blocks. This is especially true of samples from Europe and Asia. 

(C) The number of common haplotypes inherited together in a haplotype block as a function 

of number of markers used in the study representing each block. (D) The portion of 

chromosomes found in the populations represented by one of the common haplotypes as a 

function of number of markers (Gabriel et al., 2002). Reprinted in accordance with the copy-

right policy of American Association for the Advancement of Science. 

 

Imputation is the process of assigning haplotypes to individuals in silico by comparing the alleles at 

genotyped tag-SNPs with those of haplotypes from a reference set, obtained either by dense-

genotyping or whole genome sequencing. In this way, it is possible to reliably assign alleles to millions 

of ungenotyped sequence variants within the genome of an individual and test them for association 

with diseases and traits (see section 1.6.1).  

By including the markers identified in the reference set in the set of variants tested for association 

with the trait of interest, the power of the GWAS is greatly increased. The imputation allows for a fine 

mapping of the association signal, as the probability that the variant actually responsible for the signal 

observed at a locus has itself been tested. An illustration of how imputation increases power in a 

GWAS can be seen in Figure 6 below.  
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Figure 6: An overview of how imputation can improve the power of a GWAS to detect 

associations between loci and phenotypes (Marchini & Howie, 2010). Reprinted with 

permission from Nature publishing group, license nr 3925990608569. 

  

Imputation into the same reference set is also crucial for meta-analyses (see section 1.8), as 

summary statistics can only be combined for markers that are shared between studies. Rather than 

including in the analyses only those SNPs present on all genotyping platforms employed by various 

groups participating in an analysis, imputation of all samples into a mutual reference set allows the 

study to be carried out even when samples have been genotyped on different genotyping platforms. A 

last utility of imputation is to allow the inclusion in a GWAS of phenotype data for individuals that have 

not been genotyped but can be deduced to share haplotypes with genotyped individuals on the basis 

of familial relations (Kong, et al., 2008). The process of familial imputation through long-range phasing 

is further discussed in section 1.7.2.2.  

1.7.1 Reference datasets 

As already mentioned, imputation requires reference datasets from which information on the genetic 

variation and haplotype structure can be drawn. The reference set is a panel of individuals that have 

either been densely genotyped (as in HapMap) or whole genome sequenced (as in 1000 Genomes 

and most large genomic projects currently under way, see below). Large sizes of the reference 

datasets are crucial for imputation accuracy. Imputation quality increases with the size of the reference 

dataset. Bigger datasets capture larger part of the population variation and provide more statistical 

power for analysis. In standard imputation methods, it is also preferable that the reference set should 

come from a population whose LD structure matches that of the population under study. This 

increases the size and number of shared haplotypes between sets and improves accuracy (Y. Li, 

Willer, Sanna, & Abecasis, 2009).  

Globally, the most common reference sets employed in genetic studies are the HapMap and 1000 

Genomes datasets (see below). Although currently widely used, these are expected to be largely 
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replaced as large scale, population specific sequencing projects generate larger and better reference 

datasets (Boomsma et al., 2014; Cyranoski, 2016; Gudbjartsson et al., 2015; Metspalu, 2004; 

Reardon, 2015; Walter et al., 2015).  

1.7.1.1 HapMap 

The International HapMap project was lounged in 2002 with the aim to map human genetic variation 

and make it publicly available for facilitating research on disease susceptibility factors. Phases I and II 

covered 210 individuals whose ancestry was from Nigeria, China, Japan and Western Europe and 

covered up to a million SNPs (International et al., 2003), but by phase III, this number had risen to 

1,301 samples from 11 distinct locations genotyped at over two million SNPs (Altshuler et al., 2010). 

The data has all been released into the public domain and is available for download at 

ftp://ftp.ncbi.nlm.nih.gov/hapmap/. In the work presented in this thesis, the HapMap data was only 

used to derive probabilities for individual having different genetic ancestry than the rest of the group 

under study for association testing and for matching SNP alleles in LD regression. It is uncommon that 

Hapmap data is used for imputation as the 1000 Genomes data provides more complete coverage.   

1.7.1.2 1000 Genomes 

The 1000 Genomes project ran between 2008 and 2015 with the aim to identify most genetic variants 

with MAF ≥ 1% throughout the human population as a whole. In the first phase of the project, the low 

sequence coverage meant that parts of the genome were not covered at all. Still, information on 15 

million SNPs, 1 million insertions and deletions and 20.000 structural modifications was released into 

the public domain (McVean et al., 2012). The final dataset contains low-coverage sequencing- and 

exome sequence data for 2,504 individuals from 26 distinct populations from five continental regions. It 

has information on 88 million variants, and is estimated to include >99% of all genetic variation in more 

than 1% frequency across all 26 of the human populations studied (Auton et al., 2015). The data from 

the 1000 Genomes project can be downloaded from http://www.1000genomes.org/data/. 

1.7.1.3 The Icelandic sequencing project 

The large-scale genetic analysis of the Icelandic population is currently among the largest genetics 

projects in the world. As of June 2016, 150,656 Icelanders had been genotyped and of those 21,407 

had been whole genome sequenced according to methods previously described (Gudbjartsson et al., 

2015). Early in 2015, 20 million SNPs and 1.5 million indels had been identified in this project and 

these numbers have since increased substantially as many more people have been sequenced. 

Essentially all common variants found in Iceland have also been recorded in international studies and 

high-impact variants are enriched among rare variants, suggesting negative selection (Gudbjartsson et 

al., 2015). The project has also resulted in high quality maps of the linkage structure of the genome 

(Kong et al., 2010) and made long range phasing and imputation of haplotypes in ungenotyped 

individuals (see section 1.7.2.2) possible (Kong et al., 2008). 

 

ftp://ftp.ncbi.nlm.nih.gov/hapmap/
http://www.1000genomes.org/data/


  

39 

1.7.2 Haplotype phasing 

The derivation of haplotypes from genotype data is called phasing. Most standard phasing methods 

use hidden Markov models (HMM) to iteratively update the estimated haplotype (denoted here h) from 

the set of phased haplotypes (denoted H). If z denotes the sequence of states in the model, the 

probability of h is: 

 

𝑃(ℎ|𝐻) =  ∑ 𝑃(ℎ |𝑧, 𝐻) × 𝑃(𝑧 |𝐻)

𝑧

 

 

In these models, the observed states represent the genotyped markers but the hidden states the 

ones only typed in the reference set (Browning, 2008). 

1.7.2.1 Software (SHAPEIT) 

Haplotype phasing is a common feature of most imputation software. However, phasing can also be 

done separately. One of the most popular software for separate phasing of haplotypes is Segmented 

haplotype estimation and imputation tool (SHAPEIT). It was developed by Oliver Delaneau and its use 

is for example encouraged together with IMPUTE2 (see section 1.7.3).  

SHAPEIT phases haplotypes with linear complexity with respect to number of markers, M, and the 

number of states, J, that is: O(MJ). This is a considerable improvement over older methods, which had 

quadratic complexity (Delaneau, Marchini, & Zagury, 2011; Delaneau, Zagury, & Marchini, 2012).  

The SHAPEIT method collapses haplotypes from the reference set, H, into a graph structure, Hg, 

on which HMM computations can be performed. If the segments each contain J haplotypes, the set of 

all possible values, for a given marker has J states. The probability of each of these J states is 

weighted by the number of haplotypes crisscrossing the segments, and state transitions are derived 

from a HMM model as previously described. The genotype vector, G,  is subdivided into segments and 

all haplotypes compatible with the markers in each segment are specified. If this segmentation is 

represented by a graph, Sg, the nodes on the graph represent the set of potential haplotypes and a 

path through the nodes a potential orientation of haplotypes on G (Delaneau et al., 2011). 

 

 



  

40 

 

Figure 7: Schematic demonstration of the phasing method used by the SHAPEIT software. The 

reference set, H, contains 8 haplotypes and the genotype vector, G four heterozygous SNPs. 

The numbers on the nodes of each haplotype represent allele 1 or allele 2 of each SNP. (a) 

The haplotype graph Hg on which the HMM calculations are performed. Each segment in Hg 

contains 3 haplotypes and the edges are weighted by the number of haplotypes crossing 

each segment. (b) The structure of the Sg graph. Four haplotypes fit G for each segment but 

only a couple of paths through the haplotypes (colored green and blue) fit the observed data 

(Delaneau et al., 2011). Reprinted with permission from Nature publishing group, license nr 

3925990783998. 

The SHAPEIT software is freely available for academic use and can be downloaded from the URL: 

https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html#home 

1.7.2.2 Long range phasing (LRP) 

When a sizable fraction of a population is genotyped, not to mention when genealogical data is 

available, it becomes possible to extract more information than just the raw genotypes for the typed 

individuals from the data. Based on knowledge of the principles of meiotic recombination, one is able 

to derive genotypes for large segments of the chromosomes, even without a closely related genotyped 

individual (Kong et al., 2008).  

When two individuals share a region of their genome they are said to be identical by state (IBS). If 

they have inherited the region from a mutual ancestor, possibly many generations back, they are said 

to be identical by descent (IBD) in the region. When a shared region reaches a certain size, it 

becomes highly unlikely that the two individuals are IBS without being IBD (of course, assuming that a 

variant only arises once in evolution, all variants that are IBS are also IBD but we will ignore this for 

the time being). 

When an individual is homozygous for a haplotype in a particular region of the chromosome, the 

phase of that haplotype is known. For any proband heterozygous at a locus A, one can form sets of 

surrogate parents, with surrogate mothers and fathers being IBD for A1 and A2 to the proband, 

respectively. Phase of A1 or A2 is determined if only a single member of each set of surrogate parents 

is homozygous for the haplotype at that locus (Kong et al., 2008).  

https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html#home
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Figure 8: The idea of surrogate parenthood. Genotyped members of the population sharing a 
haplotype IBD with the proband are said to be surrogate fathers if they share the paternal 
haplotype with the proband and surrogate mothers if they share the maternal haplotype with 
the proband. Surrogate parenthood is thus independent of the sex of the individual. The 
same individual can be a surrogate father for a proband for one locus and a surrogate 
mother for another locus (Kong et al., 2008). Reprinted with permission from Nature 
publishing group, license nr 3925920151045. 

 

With knowledge of genealogy, haplotypes can be imputed into individuals that have not been 

genotyped. The simplest example is that both parents are obligate carriers for any haplotype their child 

is homozygous for, and vice versa, but the process extends further. When two relatives are genotyped 

and share a haplotype IBD, any relative “in the path” of the IBD can be imputed partially or completely. 

Unless the mate of the proband has also been genotyped, the chance of success is greatly increased 

if the first two relatives include one offspring and one non-offspring of the proband. As more relatives 

are genotyped, these conditions can be relaxed and the certainty of the imputation is increased (Kong 

et al., 2008). With approximately half the population genotyped, any proband in the Icelandic data will 

almost certainly have several genotyped relatives and ungenotyped individuals are thus imputed at 

great accuracy.  

For a long time, LRP was only possible for isolated populations or populations with large fraction of 

the people genotyped. Kong et al noted in 2008 that the method could be useful with less than 1% of 

the population genotyped. With large-scale genetic projects such as the UK-biobank project, this 

prediction is becoming true and the method has been shown to be feasible for the British population, 

where only 0.2% have been genotyped. The software Eagle can be used to phase distantly related 

individuals on the basis of long tracts of IBD segments. Eagle scans the genome for segments that are 

both IBD and homozygous. From the set of haplotypes thus identified, it detects complementary 

haplotypes and phases those in heterozygous individuals. The remaining sites of the genome are 

phased similarly to the method used by SHAPEIT by running two HMM iterations on local reference 

haplotypes (Loh, Francesco Palamara, & Price, 2016). 
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1.7.3 Imputation software 

Multiple software have been written to carry out imputation but the most popular of those is IMPUTE2 

(B. Howie, Marchini, & Stephens, 2011). IMPUTE2 is a command-line operated software, available for 

all major computing platforms and freely distributed for academic use. It is based on methods 

proposed by Howie et al in 2009 and some aspects of the original IMPUTE software presented by 

Marchini et al in 2007 (see references).  

The process of imputation is typically completed in 30-40 iterations of a Markov chain Monte Carlo 

(MCMC) algorithm. In a version employing a cosmopolitan reference set, this algorithm is composed of 

three steps (B. N. Howie, Donnelly, & Marchini, 2009). 

1.  Using combined information from multiple individuals in the study sample, a new phase 

configuration is sampled for the haplotypes of each individual. In the first round, haplotypes 

consistent with the observed genotype data are simply guessed and phased at random. 

Alternatively, the complexity of this step can be greatly reduced by using SHAPEIT and one of 

the available pre-phased reference sets. The haplotypes of an individual are assumed to be 

an incomplete mosaic of the haplotypes from the reference panel and uses the forward-

backward algorithm for HMMs to sample appropriate haplotypes for the observed genotypes 

from the subset H. This forward-backward algorithm however, has computational complexity 

O(MK
2
), where M denotes the number of markers and K the number of known haplotypes for 

these markers from the reference set, and does thus quickly become very computationally 

expensive as M and K are increased. 

2. The Hamming distance, the number of sites where the sampled haplotype differs from the 

potential reference haplotype, is computed and each time a haplotype with lower distance is 

sampled, that haplotype is stored in the memory and used to create the HMM. 

3. The alleles are assigned a genotype probability by running a forward-backward algorithm for 

each haplotype independently and summing up the allelic posterior probability, weighing each 

probability against the probability of the corresponding haplotype. 

 

The IMPUTE2 software is freely available for download at the URL:  

https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#download.  

1.8 Meta-analysis 

Meta-analysis is a method for combining summary association statistics across independent studies 

and has been widely applied in human genetics as it has been realized that individual disease cohorts 

have too low power to detect associations of small effect. This has allowed combination of tens- or 

hundreds of thousands of samples and such large-scale efforts have yielded most associations of 

common variants that have been reported in the last few years for all the common autoimmune 

diseases (Bentham et al., 2015; J. D. Cooper et al., 2012; Cordell et al., 2015; International Multiple 

Sclerosis Genetics Consortium (IMSGC) et al., 2013; Jostins et al., 2012; Okada et al., 2014; 

Onengut-Gumuscu et al., 2015; Trynka et al., 2011; Tsoi et al., 2012), as well as most other complex 

traits. 

https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#download
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For combining summary statistics, several mathematical methods exist. The simplest, and among 

the most widely used, is Fisher’s method for the combination of P-values: 

Χ2 = −2 × ∑ log (𝑃𝑖)

𝑘

𝑖=1

 

Where k is the total number of studies and 𝑃𝑖 is the P-value for the variant in study i. Χ2 follows a 

chi-squared distribution with 2k degrees of freedom. A highly related approach with the advantage of 

weighing studies depending on their sample size and taking into account the direction of the effect is 

combining Z-statistics: 

𝑍 =  
∑ 𝑍𝑖 × 𝑤𝑖

𝑘
𝑖

√∑ 𝑤𝑖
2𝑘

𝑖

 

Where 𝑤𝑖 is the square-root of the sample size of the i
th 

study and 𝑍𝑖 is the Z-score of the variant 

from the standard normal distribution defined as: 

𝑍𝑖 = (𝑠𝑖𝑔𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑒𝑓𝑓𝑒𝑐𝑡 𝑖𝑛 𝑠𝑡𝑢𝑑𝑦 𝑖) × Φ−1(1 −
𝑃𝑖

2
) 

Where Φ is the standard normal cumulative distribution function (Evangelou & Ioannidis, 2013). It 

should be noted that when a study contains very different number of cases and controls, rather than 

using the sample size, the effective sample size should be used for computing the weight for that 

study (Willer, Li, & Abecasis, 2010). The effective sample size, 𝑁𝑒, can be approximated by: 

𝑁𝑒 =  
4

1
𝑁𝑐𝑎𝑠𝑒

+
1

𝑁𝑐𝑡𝑟𝑙

 

In a meta-analysis, assumptions must be made about the variation in effect sizes between cohorts. 

The most popular approach is to assume that the true effect of all variants under study is the same in 

all cohorts (fixed effect meta-analysis). Under this assumption, the combined effect of a variant from k 

studies is: 

𝛽𝐹 =  
∑ 𝛽𝑖 × 𝑤𝑖

𝑘
𝑖

∑ 𝑤𝑖
𝑘
𝑖

 

The average effect estimates across studies, 𝛽𝐹, have the variance 

𝑣𝑎𝑟(𝛽𝐹) =  
1

∑ 𝑤𝑖
𝑘
𝑖

 

Thus 𝛽𝐹 is weighted by the inverse variance of effect estimates in each study, giving greater weight 

to large studies (which have lower variance in effect estimate) (Higgins & Thompson, 2002; Willer et 

al., 2010). 

In contrast to the fixed effects meta-analyses, random effect analyses allow effect sizes to vary 

between study cohorts. In these analyses, the weight of each study is given by: 

𝑤𝑖
𝑅 =  

1

1
𝑤𝑖

+ 𝜏2
 

Where  
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𝜏 =
(𝑄 − (𝑘 − 1))

∑ 𝑤𝑖
𝑘
𝑖 −

∑ 𝑤𝑖
2𝑘

𝑖

∑ 𝑤𝑖
𝑘
𝑖

 

And Q is Cochran’s Q statistic, given by: 

𝑄 = ∑ 𝑤𝑖(𝛽𝑖 − 𝛽𝐹)2
𝑘

𝑖
 

Where Q follows a chi-squared distribution with k-1 degrees of freedom.  

Random effect analyses have much lower power than fixed-effect analyses and are usually not 

used in the discovery phase of meta-analyses, but are rather useful when the generalizability of the 

findings is considered (Evangelou & Ioannidis, 2013). 

 The Cochran’s Q-statistic from the equation above can be used to assess the heterogeneity of the 

effect estimates between studies. Under the null hypothesis of no heterogeneity, it is expected to 

follow a chi-squared distribution with k-1 degrees of freedom. A significant deviation from this 

distribution may mean that combination of the effects under fixed effect assumption is not appropriate 

(Higgins & Thompson, 2002).  

Another metric of population heterogeneity is 𝐼2. This metric describes the percentage of total 

variation across the studies included in the meta-analysis that can be traced to heterogeneity rather 

than chance (Julian T Higgins, Thompson, & Deeks, 2003). 𝐼2 is calculated from the Cochran’s Q-

statistic in the following way (and negative values are set as 0): 

𝐼2 = 100% ×
𝑄 − (𝑘 − 1)

𝑄
 

Larger values mean that more heterogeneity is observed between the studies of the analysis. 

While Cochran’s Q-statistic has low power for detecting heterogeneity in analyses that include a small 

number of studies (significance is often set at 0.1 to account for this), 𝐼2 can be readily compared 

between studies of different sizes and regardless of the effect measure (beta, odds ratio, hazard ratio 

etc.) (Julian T Higgins et al., 2003). 

 

‘Best-practice’ guidelines for forming big consortia from scratch have been published and include 

standardization of phenotype criteria and common exclusion and quality control protocols (Evangelou 

& Ioannidis, 2013). The main object of these guidelines are to minimize the heterogeneity between 

studies. However, the real world seldom fits such ideal scenarios and it is likely that some level of 

heterogeneity will be inevitable. Heterogeneity can arise when phenotypes are difficult to define, for 

example behavioral and cognitive traits, but even when phenotypes fulfil accepted clinical criteria, 

such as the McDonald criteria for MS (Polman et al., 2011), heterogeneity can still arise due to 

population stratification (see section 1.6.3.1) or simply because genetic variants have different effects 

in different ancestral groups (Evangelou & Ioannidis, 2013).  

1.8.1 Meta-analysis software 

The mathematical theory described in last section has been implemented in METAL. This software 

was written in C++ and runs on the command-line. It is very fast and memory efficient and runtime 
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scales linearly with the number of studies included in the analysis (i.e. O(k)). METAL is flexible in 

terms of input file format. It resolves obvious strand-mismatches automatically and can be set to track 

many types of custom statistics. It implements Cochran’s Q-test for heterogeneity (Willer et al., 2010). 

METAL can be freely downloaded from http://csg.sph.umich.edu/abecasis/metal/download/. Further 

documentation is provided in http://genome.sph.umich.edu/wiki/Metal_Documentation.  

Meta-analysis has also been implemented as one of many features of PLINK. PLINK outputs 

statistics for both fixed effect and random effect models. It also outputs both P-value from a Cochran’s 

Q-test for heterogeneity and 𝐼2 (Purcell et al., 2007). The documentation for meta-analysis with PLINK 

can be found at http://pngu.mgh.harvard.edu/~purcell/plink/metaanal.shtml.  

1.8.2 Combination of summary statistics for rare variants 

Power to detect rare variants is limited in traditional association studies. A possible alternative to 

testing individual variants for association with a trait is to group together variants in a gene, pathway or 

some other functional unit and test variants in that unit for association with the phenotype of interest. 

This is mentioned here for completeness sake but meta-analysis of rare variants was not conducted 

as part of the work presented in this thesis.  

One method for the combination of rare-variant statistics is implemented in the RAREMETAL 

software (S. Feng, Liu, Zhan, Wing, & Abecasis, 2014). Meta-analysis of single-variant statistics is 

performed using the Cochran-Mantel-Haenszel method. The covariance matrix is then calculated for 

these statistics and gene-level functional tests constructed by combining the two. Significance of the 

model is determined using Monte-Carlo methods that incorporate LD relationship between the variants 

to sample single-variant statistics and generate distributions for gene-level statistics. This method can 

be applied on summary-statistics data and has been shown to have identical power to sharing of 

individual-level genotypes (D. J. Liu et al., 2013).  

RAREMETAL shares many features with METAL. It is written in C++ and runs on the command-

line. RAREMETAL is freely available for download at  

http://genome.sph.umich.edu/wiki/RAREMETAL_DOWNLOAD_%26_BUILD. 

 Detailed documentation is available at 

http://genome.sph.umich.edu/wiki/RAREMETAL_Documentation.   

 

1.9 Methods for estimating genetic correlation between traits 

It is becoming increasingly evident that biological pleiotropy is abundant among disease-causing 

variants (Sivakumaran et al., 2011; Solovieff et al., 2013). Understanding the relative contributions of 

these pleiotropic variants to the pathology of different traits and diseases constitutes an important part 

of understanding the biology of those phenotypes. Several methods have been developed to quantify 

genetic correlation between traits. Three among the most widely used are described below.  

http://csg.sph.umich.edu/abecasis/metal/download/
http://genome.sph.umich.edu/wiki/Metal_Documentation
http://pngu.mgh.harvard.edu/~purcell/plink/metaanal.shtml
http://genome.sph.umich.edu/wiki/RAREMETAL_DOWNLOAD_%26_BUILD
http://genome.sph.umich.edu/wiki/RAREMETAL_Documentation
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1.9.1 Polygenic risk scores 

Polygenic risk scores (PRS) are a measure of the additive risk of disease for an individual that is due 

to the combination of common variants she carries in her genome. PRS can be used to confirm the 

presence of a genetic signal in a study that is underpowered to detect single sequence variants 

(International Schizophrenia Consortium et al., 2009), to draw conclusions on the genetic architecture 

of a trait (The International Multiple Sclerosis Genetics Consortium (IMSGC), 2010) and to select 

people for participation in phenotyping efforts or clinical trials and for individual risk prediction. The 

holy grail of PRS is to achieve enough prediction accuracy to be able to predict the contraction of a 

disease with levels of sensitivity and specificity acceptable for clinical use, although current efforts fall 

well short of these standards (Chatterjee, Shi, & García-Closas, 2016).  

Using PRS is the only method for estimating genetic correlation covered herein that can also be 

used for quantification of individual risk. They are calculated as follows for individual j: 

𝑃𝑅𝑆𝑗 =  ∑ 𝛽𝑖 × 𝐺𝑖𝑗

𝑛

𝑖∈𝑆

 

Where S is the set of SNPs to be included in the score, n is the size of S, 𝛽𝑖 is the effect of SNP i and 

𝐺𝑖𝑗 is the genotype of individual j for SNP i (International Schizophrenia Consortium et al., 2009).  

Selecting SNPs to be included in the set S can be done in several different ways. One option is to 

include all SNPs for which effect estimates are available. Another is to randomly prune variants so that 

only a single marker is retained for each LD block. The approach taken in the work presented in this 

thesis is evidence-based LD pruning, in which the variant showing the strongest evidence of 

association with the trait of interest is retained for each LD block. Membership of the remaining SNPs 

in S is then conditioned on the P-value of association and several PRS’ are calculated in an iteration 

over a set of P-value inclusion thresholds (see methods, section 3.4). This is a standard methodology 

going back to the early days of PRS (International Schizophrenia Consortium et al., 2009) and has 

been shown to be significantly superior to including all SNPs and random pruning of SNPs before 

scoring (Vilhjálmsson et al., 2015). It has also been suggested that calculating the scores at a high 

number of thresholds can increase prediction accuracy for highly polygenic traits (Euesden, Lewis, & 

O’Reilly, 2015).  

In LD pruning of variants, information is lost. It is assumed that only a single variant is responsible 

for all the signal in the block. However, this may not always be the case. If there exists a secondary 

causal variant at a locus, moderately correlated with the primary signal, then this secondary variant is 

removed in LD pruning. This problem is tackled in the software LDpred, in which the effect estimates 

of all potential secondary SNPs are corrected for the primary signal, and thus yielding better prediction 

values (Vilhjálmsson et al., 2015).  

1.9.2 LD regression 

LD regression is a method for estimating genetic correlation between complex traits that does not 

depend on individual genotypes but requires only GWAS summary statistics. It builds on the fact that a 

SNP j, in LD with many other SNPs, will partially tag the effects of all SNPs with which it is frequently 
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inherited. Thus, for polygenic traits, the higher the number of SNPs in LD with an individual SNP, the 

higher its 𝜒2 value on average (B. K. Bulik-Sullivan et al., 2015).  

By replacing the 𝜒2 value with the product of z-scores from two genetic studies, an estimate of the 

genetic correlation between the traits in those studies is obtained. The expected value of 𝑧1𝑧2𝑗 for SNP 

j is: 

𝐸[𝑧1𝑧2𝑙𝑗] =  
√𝑁1𝑁2𝜗𝑔

𝑀
 𝑙𝑗 +  

𝜗 𝑁𝑠

√𝑁1𝑁2

 

Where Ni is the sample size for study i, 𝜗𝑔 is the genetic covariance between traits 1 and 2, M is the 

number of SNPs common to both studies, 𝑙𝑗 is the LD score (see below) of SNP j, 𝜗 is the phenotypic 

covariance among the Ns overlapping subject in the two studies. The parameter 𝑙𝑗 is the LD score of 

SNP j which quantifies the extent to which SNP j correlates with neighboring SNPs, 𝑙𝑗 = ∑ 𝑟𝑗𝑘
2

𝑘   (B. 

Bulik-Sullivan et al., 2015).  

From the above equation it follows that estimates of genetic covariance are not biased by sample 

overlap or shared population stratification. Although both will inflate 𝑧1𝑧2, this effect is independent of 

the LD score and will therefore only affect the intercept, 
𝜗 𝑁𝑠

√𝑁1𝑁2
,  of the line and not the slope. It is thus 

possible to obtain accurate estimates of the correlation even in the presence of complete sample 

overlap. If the amount of sample overlap and phenotypic correlation is known (in particular, if there are 

no overlapping samples), the intercept of the line can be constrained, which results in lower standard 

error.  

Once the genetic covariance has been determined, it can be normalized by SNP heritability to 

obtain a measure of genetic correlation: 

𝑟𝑔 =  
𝜗𝑔

√ℎ1
2ℎ2

2
 

Where ℎ𝑖
2 denotes the SNP heritability from study i estimated from common SNPs.  

 

Several limitations of LD regression should be noted. The first is regarding the assumptions made 

by the method about the estimates of heritability of each SNP. LD regression assumes that h
2
 for each 

SNP is a constant function of the MAF for that SNP. This assumption holds reasonably well for SNPs 

with MAF>5% but does not hold for SNPs with very low frequency. In the case where one includes 

rare markers in the regression, the slope of the line represents some sort of weighted average of the 

values of h
2
 per SNP, with the weights depending on the representation of each class of SNPs in the 

model. This has the potential to greatly skew the estimates of genetic correlation.  

A second limitation is the power of the method. Even when the intercept is constrained the 

standard error tends to be large and the method requires much larger sample sizes than methods 

which make use of individual genotype data to obtain comparable standard error.  

A third limitation of the LD regression method is that, similar to REML or polygenic risk score, it is 

most effective when applied to highly polygenic traits. In the case that only a few genetic markers 
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contribute to the heritability of the trait, analyzing only those markers will produce better result than 

fitting the LD regression line (B. Bulik-Sullivan et al., 2015).  

1.9.3 Restricted maximum likelihood 

Restricted maximum likelihood (REML) is one method for estimating genetic correlation between traits 

that depends on individual genotypes being available for all subjects. The method is based on much 

the same principles as estimates of heritability from IBS in distantly related individuals (Yang et al., 

2010) (see section 1.5.2), that is the variance in phenotypic observations is 

𝑣𝑎𝑟(𝑦) = 𝐴 × 𝜎𝑔
2 + 𝐼 × 𝜎𝑒

2 = ℎ2 × 𝐴 + (1 − ℎ2) × 𝐼 

Where A is the GRM and I is the identity matrix as in section 1.5.2. If this is done for two traits, then 

the genetic correlation between them, 𝑟𝑔, can be estimated from the genetic covariance, 𝜎𝑔12, of the 

two (S H Lee, Yang, Goddard, Visscher, & Wray, 2012; S Hong Lee et al., 2013): 

𝑟𝑔 =
𝜎𝑔12

𝜎𝑔1 × 𝜎𝑔2

 

REML is only described briefly here for completeness as it is a common method for estimating 

genetic correlation between two traits but it was not used in the work presented in this thesis. Its use 

was particularly discouraged by the fact that it has 𝑂(𝑁3) complexity with sample size, and is thus 

computationally unattractable for the very large sample sizes in deCODE.  

1.9.4 Genetic correlation software options 

1.9.4.1 PRSice 

PRSice (pronounced precise) is a software for calculating polygenic risk scores, written by Jack 

Euesden in 2015. The software requires only GWAS summary statistics of the training phenotype 

(base phenotype) and genotype data from the target cohort (and of course phenotype data from the 

target cohort). It can then calculate polygenic risk scores at a high number of thresholds (high 

resolution) to find the most predictive (most precise) threshold. The software runs on the command-

line and is written in R but also uses PLINK to perform a variety of computations, such as the scoring 

and calculation of ancestry-informative dimensions that can be used as covariates. In addition to the 

polygenic risk scores themselves, PRSice can return association statistics and figures, showing the 

variance explained at high resolution (Euesden et al., 2015).  

Although PRSice cannot handle the size of the genotype files used in deCODE genetics, the 

pipeline used to calculate PRS shares a number of features and functionality with PRSice. 

PRSice is available for free download at: http://prsice.info/.  

1.9.4.2 LDpred 

Another software for calculating polygenic risk score is LDpred. This software, written by Bjarni 

Vilhjálmsson in 2015, only returns a single PRS, one that includes all SNPs in the summary statistics. 

Rather than LD-pruning the markers, LDpred uses LD information from a reference panel to correct for 

LD between markers. Unlike pruning and thresholding, this method doesn’t discard any information 

http://prsice.info/
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and prediction accuracy will converge to the heritability explained by the SNPs as sample sizes grow 

(Vilhjálmsson et al., 2015).  

LDpred is a command-line tool written in python. It takes in summary statistics from a training set, 

genotypes for a target set and a set of genotypes that are to serve as LD reference (can be the same 

as target set genotypes). It also takes in the heritability explained by all SNPs and the fraction of 

causal variants among the variants included in the summary statistics. These are used as priors in a 

Markov Chain Monte Carlo that is applied to the LD-reference to obtain re-weighted effect sizes for the 

variants in the training set. These effect sizes can then be used to calculate PRS in the usual manner. 

The fraction of the causal variants is typically not known and the calculations can be performed for a 

series of fractions, similar to how P-value thresholds are varied in the pruning-and-thresholding 

method (Vilhjálmsson et al., 2015).  

LDpred can be freely downloaded at https://bitbucket.org/bjarni_vilhjalmsson/ldpred. 

1.9.4.3 Ldsc 

The method of LD regression has been implemented in the Ldsc software, available in github at 

https://github.com/bulik/ldsc. This page also contains a wiki describing its usage. Ldsc is a command 

line tool, written in python, and can be used to calculate LD scores, estimate heritability and genetic 

correlation and for partitioning heritability by functional annotation.  

1.9.4.4 GCTA 

Genome-wide complex trade analysis (GCTA) is a software that, like PLINK, can be used for a variety 

of different things in genetic analyses (Yang, Lee, Goddard, & Visscher, 2011). Particularly relevant to 

this thesis are GCTAs functions to estimate heritability from common SNPs (see section 1.5.2), to 

estimate the coheritability between two traits and thus the genetic correlation (see section 1.9.3) and 

to perform conditional analysis on summary statistics without individual genotypes (Yang et al., 2012) 

(see section 3.6). A complete overview of the functionality, documentation and download files are 

available at http://cnsgenomics.com/software/gcta/.  

https://bitbucket.org/bjarni_vilhjalmsson/ldpred
https://github.com/bulik/ldsc
http://cnsgenomics.com/software/gcta/
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2 Aims 

The aims of the work presented in this thesis are threefold: 

 

1. To estimate the relative risk of Multiple sclerosis among the relatives of MS patients, for an 

estimate of the heredity of the disease. 

2. To estimate the genetic overlap between Multiple sclerosis and several other autoimmune 

diseases that is attributable to common variants using both polygenic risk scores and LD 

regression. 

3. To find novel sequence variants conferring susceptibility to Multiple sclerosis.  
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3 Materials and methods 

3.1 Heredity/heritability 

Heredity of MS was estimated using a database of genealogy of over 687,500 Icelanders that have 

lived in the country since settlement, combined with MS diagnostics of 551 individual. The database 

includes the names of all living Icelanders and was constructed in deCODE Genetics (Gulcher & 

Stefansson, 1998). It was assumed that the MS cohort consisted of the vast majority of all living MS 

cases at the time of last recruitment (2009). Kinship coefficients were calculated between every 

possible pair of patients and the average KC was compared with that of matched control pairs (see 

below). We also calculated the average KC for only those pairs of patients that were not X-degree 

relatives where 𝑋 ∈ {0. .10} and compared with matched control pairs. When 𝑋 > 0, the KC may not 

have been calculated from all possible pairs of patients, although all patients were used.  

We similarly computed RR for groups of relatives of cases by dividing the risk of disease among 

relatives of patients with the risk of disease in the general population.  

We compared the KC and RR thus estimated for cases with the values calculated in the same way 

for controls. Each case was matched with a member of the control group in terms of sex, age and 

number of ancestors recorded in the genealogy database. To assess significance of this comparison, 

the process was repeated for 10,000 randomly drawn groups of controls. The reported P-values 

represent the fraction of groups thus drawn with values equal to- or larger than those estimated from 

the case group. For example, P = 0.1 would be taken to mean that a 1000 groups showed equal or 

higher average relatedness than the case group under study. When no group showed greater level of 

relatedness than the case group under study, P < 0.0001 is reported. Note that in this context the word 

control refers to a random member of the population, irrespective of its disease status (naturally, or 

𝑃(𝑅𝑌) from section 1.5 would be 0). 

3.2 Target and training sets for polygenic risk scores analyses 

For polygenic risk score calculations, two types of datasets are required. The first, referred to as 

training set, comprises summary statistics from an external GWAS or a meta-analysis. The second, 

referred to as target set, consists of genotypes and phenotypes for a cohort that is independent of the 

training set cohort. For use as training sets, summary statistics from the discovery phase of many of 

the largest association studies of autoimmune diseases to date were downloaded from 

http://www.immunobase.org/. Many of these studies have employed the immunochip, an Illumina 

Infinum microarray developed by the Immunochip Consortium, to densely cover loci previously 

implicated in autoimmune diseases (Cortes et al., 2010; Parkes et al., 2013). For consistency, when a 

study covered the whole genome, we calculated PRS using only those SNPs found on the 

immunochip. 

 

http://www.immunobase.org/
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From all training datasets, we drew the effect allele, the effect estimate and the P-value of the 

effect estimate and used those to calculate a polygenic risk score (PRS) as described below. An 

overview of the respective studies is provided in Table 1 below.  

 

Table 1: Overview of studies and cohorts from which discovery phase summary statistics were 
used to calculate polygenic risk scores. 

 

For Ulcerative colitis (UC), Crohn’s disease (CD) and systemic lupus erythematosus (SLE) only 

studies covering the whole genome were available. As stated above, PRS was only calculated for 

SNPs found on the immunochip.  

A sample of 150,656 genotyped Icelanders, representing approximately half the Icelandic 

population, served as a target set. Subjects were drawn based on the following criteria:  

1. Start with the genotypes of all 150,656 genotyped Icelanders. 

2. Identify the age range of cases for each disease and include in the control group only people 

who fall within this age range. 

3. Remove individuals who harbor long-range phased haplotypes found not to belong to the set 

of Icelandic haplotypes.  

4. Remove individuals who have less than 98% probability of being of European ancestry based 

on results from Structure (see section 1.6.5) using genotypes for 2766 ethnicity-sensitive 

SNPs common to all Illumina SNP arrays  and the HapMap CEU, CHB+JPT and YRI 

individuals as reference samples (International et al., 2003).  

 

When the Swedish MS cohort was used as target dataset, only individuals with more than 95% 

probability of European ancestry, again based on results from Structure, were included in the analysis.  

Phenotype # cases # controls Reference 

Juvenile idiopathic arthritis 772 8,530 (Hinks et al., 2013), UK cohort only 

Celiac disease 12,041 12,228 (Trynka et al., 2011) 

Primary Biliary cirrhosis 2,861 8,514 (J. Z. Liu et al., 2012) 

Type 1 diabetes 10,796 12,173 (Onengut-Gumuscu et al., 2015) 

Psoriasis 2,997 9,183 (Tsoi et al., 2012), GAPC only 

Multiple Sclerosis 14,498 24,091 (International Multiple Sclerosis 

Genetics Consortium (IMSGC) et al., 

2013) 

Rheumatoid arthritis 11,475 15,870 (Eyre et al., 2012) 

Systemic Lupus Erythematosus 4,036 6,959 (Bentham et al., 2015) 

Crohn’s disease 6,333 15,056 (Franke et al., 2010) 

Ulcerative colitis 9,628 12,917 (Anderson et al., 2011) 
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Our Icelandic Multiple sclerosis (MS) cohort consisted of patients diagnosed from 1950-2005 and 

followed up at Landspitali, the National University Hospital of Iceland, or an outpatient department for 

MS patients in Reykjavik, Iceland (Benedikz et al., 2002).  

The Rheumatoid arthritis (RA) patients were diagnosed in 1942-2010 at Landspitali, the National 

University Hospital of Iceland, at a Centre for Rheumatology Research or at a private clinic in 

Reykjavik (Grant et al., 2001). RA was defined according to the 1987 revised criteria of the American 

College of Rheumatology (ACR) (Arnett et al., 1988). All patients met four or more of the ACR criteria. 

Our cohort of Inflammatory Bowel Disease patients consisted of all patients diagnosed with UC or 

CD by a gastroenterologist in Iceland 1950-2013. The diagnoses of all the patients were reviewed 

independently and fulfilled accepted diagnostic criteria. All the patients have had at least 1 year of 

follow-up evaluation and many patients have had decades of re-evaluation and confirmation of their 

final diagnosis (Björnsson & Jóhannsson, 2000; Reynisdottir et al., 2004) 

The AS cohort consisted of all known patients in Iceland in 2010 (Geirsson, Eyjolfsdottir, 

Bjornsdottir, Kristjansson, & Gudbjornsson, n.d.). All patients were interviewed and examined by a 

rheumatologist and found to fulfil the modified New York classification criteria for AS (van der Linden, 

Valkenburg, & Cats, 1984).  

Psoriasis patients were diagnosed by dermatologists at Reykjavik Dermatology Clinic (1991-2014) 

or recruited through the Icelandic Psoriasis Association (SPOEX). A detailed clinical history was 

obtained by a structured questionnaire, and a careful physical examination was also carried out and 

the localization, distribution, and the size of the lesions were recorded (Karason et al., 2005).  

The Type 1 diabetes (T1D) cohort consisted of patients diagnosed and admitted to the National 

pediatric diabetes center at Landspitali, the National University Hospital of Iceland, for treatment and 

follow up until 2009 (Hanberger et al., 2014).  

The Autoimmune thyroiditis (AITD) cohort was composed of all patients diagnosed with Grave‘s 

disease or Hashimoto‘s thyroiditis according to the ICD10 codes and ICD9 codes at Landspitali, the 

National University Hospital of Iceland until 2010. 

Included in the SLE cohort were all SLE patients diagnosed at the Landspítali, the National 

University Hospital of Iceland, Center for Rheumatology Research or at a private clinic of Reykjavik 

until 2011 (Kristjansdottir et al., 2008), and that met at least four of the American College of 

Rheumatology (ACR) criteria for the classification of SLE (Tan et al., 1982).  

Patients with primary biliary cirrhosis (PBC) were identified at Landspitali the National University 

Hospital of Iceland, by presence of antimitochondrial antibodies, ICD9 and ICD10 codes and 

pathological registries and the National Death Registry from 1991 to 2010 (Baldursdottir et al., 2012) 

Asthma patients, 18-45 years of age, who visited an asthma clinic or emergency room at the 

National University Hospital of Iceland or the Icelandic Medical Center (Laeknasetrid) during the years 

1977 to 2014, received the ICD diagnosis or responded positively to the question: “Has a doctor 

confirmed your asthma diagnosis?” were included (Gudbjartsson et al., 2009).  

The studies of these disease cohorts were approved by the Icelandic Data Protection Authority and 

the National Bioethics Committee (permit numbers: MS-VSN_15-212, RA-VSN_15-045, IBD-VSN_98-
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059, AS-VSN_98-020, PSO-VSN_14-118, T1D-VSN_12-156, AITD, SLE and PBC - VSN_08-059, 

Asthma - VSN-14-099). All patients and controls who donated DNA samples signed informed consent. 

Personal identifiers of the patients and biological samples were encrypted by a third party system 

approved and monitored by the Data Protection Authority of Iceland.  

The Swedish MS cohort represents an extended collection of subjects from two population based 

case-control studies in Sweden, the Epidemiological Investigation of Multiple Sclerosis (EIMS) study 

and the Genes and Environment in Multiple Sclerosis (GEMS) study (Anna Karin Hedström, Hillert, 

Olsson, & Alfredsson, 2014). All patients were diagnosed according to the McDonald criteria (Polman 

et al., 2011). Controls were randomly chosen from population registers and matched with cases by 

sex, age and region of residence. Summary characteristics of the target cohorts can be found in Table 

2 below.  

Table 2: Summary characteristics of the target cohorts. RA: Rheumatoid arthritis; MS: Multiple 
sclerosis; SD: Standard deviation. 

Disease # cases 

(Female) 

# controls 

(Female) 

Mean age 

[years] 

(case/control) 

SD age [years] 

(case/control) 

Ankylosing 

spondylitis 

298 (115) 133,101 (71,113) 54.43/55.25 12.52/18.13 

Autoimmune 

thyroiditis 

916 (753) 139,574 (74,434) 55.61/55.66 16.12/19.49 

Crohn‘s disease 262(142) 137,444 (73,732) 55.12/56.40 17.49/18.95 

Multiple Sclerosis 358 (255) 130,086 (70,029) 59.16/58.69 13.46/17.75 

Psoriasis 4,343 (2,405) 137,376 (73,535) 58.02/55.76 16.63/19.85 

Primary Biliary 

cirrhosis 

110 (95) 117,522 (63,069) 70.8/61.19 11.67/15.63 

Rheumatoid 

arthritis 

1,069 (823) 127,776 (68,551) 67.88/58.92 14.56/17.45 

Seropositive RA  599 (470) 128,247 (68,904) 68.49/58.95 14.34/17.45 

Seronegative RA  333 (251) 124,402 (66,992) 67.14/60.00 14.77/16.78 

Systemic Lupus 225 (206) 132,623 (71,018) 61.93/56.80 15.83/18.04 

Type 1 diabetes 462 (225) 140,190 (74,909) 43.95/55.41 18.75/19.52 

Ulcerative colitis 1,120 (522) 134,362 (72,460) 59.98/57.54 16.40/18.66 

Asthma 1,843 (1,195) 47,298 (25,343) 34.98/33.76 7.92/8.63 

Swedish MS 

cohort 

6,281 (4,542) 5,330 (4,003) 55.30/55.53 13.44/13.24 
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3.3 Genotyping and imputation 

Icelandic samples were genotyped on Illumina HumanHap300, HumanCNV30, HumanHap610, 

HumanHap1M, HumanHap660, Omni-1, Omni2.5 or Omni Express bead chips at decode genetics. 

Prior to imputation, samples with <97% call rate were excluded as well as all SNPs with genotyping 

yield <95% or MAF<1% in the population. Some samples were genotyped on more than one chip and 

in those cases, all SNPs with substantial difference between chip types were excluded. Further, all 

SNPs showing P < 0.001 of deriving from Hardy-Weinberg equilibrium or >0.1% inheritance error rate 

after comparing with genealogy were removed. This process has been described in greater detail 

elsewhere (Gudbjartsson et al., 2015; Kong et al., 2008; Styrkarsdottir et al., 2013). 

Genotyping of all Swedish samples was carried out at deCODE using Illumina Omni chips. 

Phasing was performed using SHAPEIT2 (Delaneau et al., 2011, 2012), and imputation was carried 

out using IMPUTE2 (B. Howie et al., 2011; B. N. Howie et al., 2009) based on the 1000 Genomes 

Phase I integrated haplotypes generated using SHAPEIT2 (Auton et al., 2015). Prior to imputation, 

SNPs having yield less than 95%, Hardy-Weinberg equilibrium P-values less than 1 × 10−5, or either 

A/T or G/C allele combinations  were removed. Association analysis was carried out using SNPTEST2 

(Marchini et al., 2007) with 10 principal components included as covariates. Principal components 

were calculated using EIGENSOFT (Price et al., 2006). 

The data processing of the Swedish cohort described above was performed by Dr. Stacy 

Steinberg.  

3.4 Polygenic risk scores and association testing 

Polygenic risk scores were calculated based on the summary statistics of the training sets previously 

listed, excluding the extended MHC region (25-35Mb of chromosome 6, build hg38) to ensure no 

variants in LD with the MHC region were included in the score (Stahl et al., 2012). Markers found in 

the training data were matched with a set of in-house SNPs and only autosomal, biallelic SNPs with 

MAF>1% and info>0.9 in Iceland were included. We furthermore excluded AT/GC SNPs to avoid 

strand matching issues.  

As variants within the MHC region show very strong association with all the diseases studied 

here, the exclusion of the MHC might be a source of controversy. However, its exclusion is absolutely 

critical to the study. Polygenic risk scores can be used to establish biological pleiotropy by testing a 

score composed of a set of genetic variants contributing to the risk of a given trait for association with 

another. In this way, genetic overlap between traits can be detected, even in the absence of 

significantly associating signals (International Schizophrenia Consortium et al., 2009). An underlying 

assumption is that the effect of a variant represents the effect of a single biological process common to 

both traits and variants are pruned so that only the variant showing the strongest evidence of 

association within a linkage disequilibrium (LD) block is retained. However, due to extensive LD within 

the MHC region, the effect of a variant within that region is likely to be composed of the combined 

effect of several different genes on the disease. Some of these genes might contribute to both 
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diseases while others will not. Excluding the MHC is therefore critical for avoiding the detection of 

spurious pleiotropy.  

 

PLINK 1.9 (Purcell et al., 2007) was used to prune SNPs in a sliding window of 500 kb, retaining 

the SNP which showed the strongest evidence of association with the phenotype in the training data 

and removed SNPs having r
2 

> 0.1 with that SNP. A set of 960 whole genome sequenced Icelanders, 

unrelated by 6 meiosis served as LD reference (Gudbjartsson et al., 2015).  

We calculated a polygenic score for each individual, j, in the target data at 10 different P-value 

inclusion thresholds using the formula  

𝑃𝑅𝑆𝑗 =  ∑ 𝛽𝑖 × 𝐺𝑗

𝑖∈𝑆

 

Where S is the set of SNPs retained after pruning that have P-values below the inclusion threshold, 

𝛽 is the effect and 𝐺𝑗 is the sum of the probability of the effect allele being found on either of 

individual’s j chromosomes.  

Each PRS, except those calculated for JIA and Cel, was tested for association with its 

corresponding disease in Iceland using generalized additive regression with smoothed age, sex and 

the first five principal components as covariates. The best P-value inclusion threshold was identified 

for each disease and the score at this threshold was calibrated so that a unit increase in the score 

represented a doubling in risk of its corresponding phenotype. This can be written as follows: 

𝑃𝑅𝑆′ =
𝑃𝑅𝑆 × 𝛽𝑃𝑅𝑆

log (2)
 

 

Where PRS and PRS’ are the uncalibrated and calibrated polygenic risk scores, respectively, and 

𝛽𝑃𝑅𝑆 represents the first coefficient of the regression of the score against its corresponding disease. 

The calibrated score was then tested for association with disease status in each of the other target 

cohorts, using the same model as described above. Models were compared against null models that 

consisted of the covariates only and results were considered significant if 𝑃 < 5.0 × 10−4.  

For JIA and Cel, PRS were normalized to have a mean of 0 and a standard deviation of 1 in our 

sample of 150,656 Icelanders. As the most predictive threshold could not be determined, we arbitrarily 

selected the P-value inclusion threshold 0.001 and tested those scores for association with disease 

status in the same manner as described above.  

Population stratification was estimated by randomly selecting 10.000 variants with minor allele 

frequency >5% from all over the genome and testing them for association with disease in each of the 

target cohorts. We calculated genomic inflation factor 𝜆 for the target phenotype in Iceland and 

adjusted the P-values of PRS-disease association accordingly. Nagelkerke‘s pseudo-R
2
 was used as 

a measure of the variance explained.  
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3.5 LD regression 

LD regression was only possible where summary statistics covering the whole genome were available. 

The immunochip represents a highly biased selection of variants. It was designed to fine-map many 

known autoimmune loci and thus the variants are likely to have much higher LD scores than the 

genomic average. Furthermore, the immunochip contains too few SNPs to be used in LD regression.  

Summary statistics covering the whole genome were downloaded from Immunobase for RA, SLE, 

UC, CD and PBC. For MS, the summary statistics from the Swedish MS cohort, described in section 

3.2, were used. For PSO, summary statistics from the Icelandic cohort of psoriasis patients were used. 

This includes all the samples listed in section 3.2 and a large number of additional cases and controls 

that were LRP and familially imputed as previously described (Kong et al., 2008). In total, the summary 

statistics for the Icelandic psoriasis sample were based on complete or partial information on 6,354 

cases and 314,144 controls. The studies used are listed in Table 3. The MHC region was removed 

prior to the analysis in the same way as in the PRS analysis.  

Imputation quality is a potential source of bias in LD regression as is both correlated with LD score 

and low imputation quality leads to lower test statistics. Summary statistics were therefore filtered to 

include only SNPs with imputation info > 0.9. As imputation info is not included as part of summary 

statistics on Immunobase, the analysis was restricted to HapMap3 SNPs (Altshuler et al., 2010) as 

these tend to be well imputed in most studies, independently of genotyping platform. When performing 

LD regression, one makes the assumption that the per SNP heritability is a constant function of the 

MAF (B. Bulik-Sullivan et al., 2015). This assumption holds reasonably well for common variants but 

breaks down for rare variants. There are many more rare than common variants and the majority of 

them will be uncorrelated with disease. To minimize bias by extrapolation error, summary statistics 

were filtered to include only SNPs with MAF>1% in Iceland but as they were also conditioned on 

HapMap3 SNPs, the majority of the variants had MAF>5% in Iceland.  

Estimates of genetic correlation depend on the sample size behind the summary statistics. Rather 

than summing together the number of cases and controls in each study, effective sample size was 

calculated for each study to account for different proportion of cases and controls: 

𝑁𝑒𝑓𝑓 =
4

1
𝑁𝑐𝑎𝑠𝑒𝑠

+
1

𝑁𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠

 

The summary statistics from the Icelandic psoriasis cohort are based on large number of 

individuals for which only partial information is available. The proportion of missing data is unequal 

between cases and controls so the equation above is not applicable for this cohort. Rather, the 

effective sample size was calculated for each SNP by the following equation: 

𝑁𝑒𝑓𝑓 =
4

2 × 𝑓 × (1 − 𝑓) × (
𝛽
𝑍

)
2 

Where f is the MAF of the SNP, 𝛽 is the log(OR) and 𝑍 =  √𝜒1
2 from the chi-squared test for 

association with psoriasis. The 𝑁𝑒𝑓𝑓 for psoriasis was then set as the median value over all SNPs. The 

effective sample size for each study is listed in Table 3. 
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Table 3: Overview of studies from which summary statistics were used for LD regression.  

Phenotype 𝑵𝒆𝒇𝒇 Reference 

PSO 20,460 Unpublished data 

MS 11,533 Unpublished data 

RA 26,639 

(Okada et al., 2014), 

European subset 

CD 17,832 (Franke et al., 2010) 

UC 22,065 (Anderson et al., 2011) 

SLE 10,218 (Bentham et al., 2015) 

PBC 8,748 (Cordell et al., 2015) 

 

It is possible to use LD regression to estimate genetic correlation despite sample overlap (see 

section 461.9.2). The power of the analysis is greatest when the intercept of the regression line with 

the y-axis is constrained, that is, when 
𝜗 𝑁𝑠

√𝑁1𝑁2
 is known (B. Bulik-Sullivan et al., 2015). When there is no 

sample overlap, this parameter can be set equal to 0. When there is sample overlap however, 

accurately estimating the value of the intercept gets a bit more difficult and impossible without 

individual level data. The psoriasis and the MS cohort did not overlap with any of the other studies 

listed in Table 3 but there was partial sample overlap between all the other studies, with controls from 

the British birth cohort and the Welcome Trust Case Control Consortium being used in all of them.  

LD scores computed based on variants in the European data of 1000 Genomes (Auton et al., 2015) 

were downloaded from https://data.broadinstitute.org/alkesgroup/LDSCORE/ and Ldsc (see section 

1.9.4.3) was used to perform the regression. Significance was set at 
0.05

21
= 2.38 × 10−3.  

3.6 Association analysis 

3.6.1 Meta-analysis 

Two meta-analyses were performed. In the first analysis, summary statistics from the discovery phase 

of the IMSGC study were combined with summary statistics from cohorts from Iceland, Sweden and 

Norway. The Swedish cohort mostly consisted of the same subjects as were used in the PRS 

calculation except 1,704 cases and 1,557 controls that overlapped with the IMSGC study were 

excluded and 2,387 additional controls (referred to as blood-bank controls, see below) were added. In 

the second meta-analysis, the IMSGC study was excluded and all Swedish samples were included. 

This second analysis has less power for the variants on the immunochip than the first, but has the 

added benefit of covering the whole genome and could allow for detection of variants not found on the 

immunochip.  

 Subject were recruited to the three Nordic cohorts as follows: 

https://data.broadinstitute.org/alkesgroup/LDSCORE/
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The recruitment of the Swedish MS samples has been described in section 3.2. In addition to these, 

we included as controls in the meta-analysis 2,387 Swedish blood donors that were randomly 

ascertained from Skåne county in southern Sweden. Sample collection took place during summer and 

autumn of 2014. All samples were collected subject to ethical approval (Lund University Ethical 

Review Board; dnr 2013/54). The blood-bank controls were genotyped and imputed in deCODE in the 

same manner as the Swedish MS cohort, described in section 3.3.  

 All Icelandic subjects described in section 3.2 were included in the association analysis and in 

addition to those Icelandic samples used in the polygenic risk score calculations (see section 3.2),  a 

further 416 genotyped MS cases were added to the analysis and a further 242 cases and 166,983 

controls that had at least one genotyped first degree relative were long-range phased as previously 

described (Kong et al., 2008) followed by familial imputation.  

The Norwegian MS cohort consists of 1,013 MS patients recruited from the Oslo MS clinic and 

Norwegian MS Biobank and registry. All patient were diagnosed according to the McDonald 

criteria(Polman et al., 2011). Samples were genotyped on Illumina Human660-Quad chips at the 

Welcome Trust center for human genetics, UK. These samples overlapped with an IMSGC study from 

2011 (International Multiple Sclerosis Genetics Consortium et al., 2011) but not with the more recent 

immunochip study. 23,363 Norwegian controls, representing a geographically heterogeneous group of 

subjects, were recruited from several on-going projects in deCODE. These were genotyped on a few 

different Illumina Human660 and Omni series chips and imputed and quality controlled in the same 

way as already described for the Swedish cohort (see section 3.3).  

Association analysis of the Swedish and Norwegian cohorts was carried out using SNPTEST2 

(Marchini et al., 2007) with 10 principal components included as covariates. Principal components 

were calculated using EIGENSOFT (Price et al., 2006). P-values were corrected by dividing the chi-

squared value with the genomic inflation factor 𝜆. An overview of the study cohorts and their 

respective genomic inflation factors is provided in Table 4 below.  

Table 4: Overview of cohorts that contributed to the meta-analyses. 

 Nr of cases Nr of controls 𝝀𝑮𝑪 

IMSGC study 14,498 24,091 NA 

Swedish cohort including IMSGC overlap 6,301 7,852 1.16 

Swedish cohort excluding IMSGC overlap 4,597 6,295 1.14 

Icelandic cohort 1,063 317,639 1.10 

Icelandic cohort - genotyped 774 149,882 - 

Norwegian cohort 1,013 23,363 1.04 

Total excluding IMSGC overlap 21,171 371,388  

 

 Summary statistics were combined by carrying out an inverse-variance weighted meta-

analysis under the assumption of fixed effect (see section 1.8) using METAL software (section 1.8.1). 

This resulted in combined summary statistics for 104,797 variants that survived quality control in all 
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four cohorts and a further 6,460,702 variants survived quality control in all three Nordic cohorts but 

were not included on the Immunochip.  

 For prospective secondary signals in known loci, the association calculations were repeated in 

each individual cohort, conditioning on the known marker. The meta-analysis was then repeated using 

the summary statistics from the conditional analysis. For the summary statistics from the IMSGC 

study, where individual genotypes were not available, GCTA (see section 1.9.4.4) was used to 

condition on the known markers using both Icelandic and Swedish genotypes as LD reference set. 

The reported P-value is always the higher of the two thus obtained (see (Yang et al., 2012) for details 

of this methodology).  

For some of the candidate markers, for example in the case of rs175126, the adjusted P-value was 

reported in Supplementary table 2 of the IMSGC study (International Multiple Sclerosis Genetics 

Consortium (IMSGC) et al., 2013). Where this information was available, we used the P-value 

provided by the IMSGC as that more accurately reflects the LD structure of all the study cohorts.   

3.6.2 Proxy phenotype analysis 

Two-hundred-fifty-two SNPs that contributed to the PRS for PBC and survived quality control in three 

or more studies were extracted from the combined summary statistics from above. Of those, all four 

study cohorts contributed to the statistics for two-hundred-twenty-two SNPs. For these variants, a 

significance threshold of 2.0 × 10−4 =
0.05

252
 was applied. It is important to note that there was some 

sample overlap between the PBC study used to construct the PRS and the IMSGC discovery phase 

included in the meta-analysis. Out of 24,091 controls used in the IMSGC study, 4,422 came from three 

sites within the United Kingdom, two of which also provided controls to the PBC study of Liu et al. 

 Traditionally, only variants achieving genome wide significance for phenotype A are tested in 

phenotype B in the proxy-phenotype method. Here we show that a substantial genetic signal is found 

among variants that have less significant P-values of association and take the novel approach to test 

all variants that make up the most predictive PRS for PBC for association with MS, including variants 

that do not reach genome wide significance for PBC.  

3.6.3 Functional annotation 

We performed no functional studies of significant variants as part of this thesis but attempted to assign 

functionality to the variants based on literary search and by looking them up in existing publicly 

available datasets such as the Genotype Tissue Expression (GTEx) and The ENCyclopedia Of DNA 

Elements (ENCODE) projects. We also explored the effect of the variants on the expression of close 

genes by looking them up in a large in-house database of Expression quantitative trait loci (eQTLs) 

available for whole blood and adipose tissue (Emilsson et al., 2008). 

The Genotype Tissue Expression (GTEx) project was motivated by the observation that the 

majority of variants identified in GWAS lie within the non-coding region of the genome and have 

potential regulatory roles on gene expression. The GTEx consortium has mapped eQTLs in hundreds 

of people across a range of different tissues and released the data to the public (Lonsdale et al., 

2013). This data can be accessed at http://www.gtexportal.org/home/.  

http://www.gtexportal.org/home/
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We looked for overlap of our newly identified loci with other ADs by performing a literary search 

and by looking them up in Immunobase, a webpage containing most or all risk loci for ADs, available 

at http://www.immunobase.org/. We also tested the association of the variants in the deCODE AD 

sample sets. It is conceivable that a variant mediates its effect on disease through changes in some 

quantitative traits. From the extensive database of quantitative traits available in deCODE 

(Sveinbjornsson et al., 2016), we selected 20 traits representative of immunological processes or 

blood cell homeostasis for which we had data on more than 10,000 individuals (Table 5) and tested 

the newly identified MS variants for association with these traits. Quantitative phenotypes were 

obtained through an on-going collaboration of deCODE and Landspitali University Hospital. The study 

of all traits has been approved by the National Bioethics committee.  

Table 5: Overview of quantitative traits used in the functional annotation of novel MS variants. 

Quantitative trait Sample size 

Basophil counts - White Blood Cells Corrected 266,401 

Large undyed blood cells - White Blood Cells Corrected 81,976 

Eosinophil counts - White Blood Cells Corrected 266,442 

Germ count 93,693 

Granulocyte counts - White Blood Cells Corrected 266,383 

IgA in blood 17,375 

IgE in blood 10,445 

IgG in blood 15,999 

IgM in blood 14,857 

Lymphocyte counts - White Blood Cells Corrected 267,297 

Mean Corpuscular Hemoglobin 289,451 

Mean Corpuscular Volume 289,454 

Mean Platelet Volume 111,100 

Monocyte counts - White Blood Cells Corrected 267,286 

Myelocyte counts 12,929 

Neutrophil counts - White Blood Cells Corrected 267,203 

Platelet counts 284,792 

Red Blood Cell counts 287,486 

Total Platelet Volume 111,050 

White Blood Cell counts 289,850 

 

The ENCyclopedia Of DNA Elements (ENCODE) project was lounged shortly after the completion 

of the sequencing of the human genome with the purpose of identifying all functional elements in the 

sequence (ENCODE Project Consortium, 2004). To this end, genome wide data on several types of 

http://www.immunobase.org/
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genetic regions has been collected in multiple cell types. One type of data gathered and released by 

the ENCODE consortium is that of DNase-I hypersensitivity sites. Cleaving of the DNA by DNase-I 

depends on the region being accessible in the particular cell type, rather than packed densely into 

heterochromatin. Heterochromatin formation also prevents transcription factor (TF) binding and 

formation of the transcription complex on promoters. An important factor in the packing of chromatin is 

histone modification, specifically methylation or acetylation of lysine residues. Although the precise 

mechanism by which histone modification regulates gene expression remains to be worked out, some 

patterns have emerged. These include that high levels of H3K4Me1 (single methylation on lysine 

residue number four of histone 3) but low levels of H3K4Me3 are indicative of an enhancer element 

while high H3K4Me3 characterizes promoter regions (Heintzman et al., 2007). Similarly, acetylation of 

lysine residue number 27 of histone 3 (H3K27ac) has been found to discriminate between active and 

inactive enhancer regions (Creyghton et al., 2010). When exploring the ENCODE results, we focused 

on results from GM12878, which is a lymphoblastoid cell line and likely represents the most relevant 

cell type for the study of an autoimmune disease.  

 The ENCODE data can be conveniently viewed in University of Santa Cruz (UCSC) genome 

browser (Karolchik, Hinrichs, & Kent, 2009; Kent et al., 2002), accessible at https://genome.ucsc.edu/. 

Different histone-methylation and acetylation profiles as well as DNase-I hypersensitivity sites can be 

viewed by selecting the relevant tracks in the browser. Also incorporated in the UCSC is data from the 

open regulatory annotation database (ORegAnno), which contains information on experimentally 

identified regulatory regions and TF binding sites (Griffith et al., 2007). 

 

 

file://///odinn/users/sigurgeo/Thesis/(Karolchik,%20Hinrichs,%20&%20Kent,%202009;%20Kent%20et%20al.,%202002)
file://///odinn/users/sigurgeo/Thesis/(Karolchik,%20Hinrichs,%20&%20Kent,%202009;%20Kent%20et%20al.,%202002)
https://genome.ucsc.edu/
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4 Results 

4.1 Estimation of heredity 

The average kinship coefficient for MS cases deviated significantly from that of controls, indicating that 

pairs of MS patients were on average more related than randomly drawn pairs from the population 

(Figure 9). This difference remained significant when calculations were repeated excluding close 

relatives.  

 

Figure 9: Average kinship coefficient of patients with MS and matched groups of control 
subjects. The difference between the groups is eliminated when close relatives are 
excluded from the calculations 

 

Relative risk of MS among relatives of each proband was calculated for each MS patient and then 

for each mate of an MS patient for comparison (mate being defined as a member of the population 

with which the proband has one or more children). The results are displayed in Figure 10. As the 

sample size is small, considerable fluctuations in the RR estimates are to be expected when close 

relatives are stratified into children, parents, siblings etc. Highlighting this, but not shown in the figure, 

is the RR for mates of MS patients, which was estimated to be 0.0 (0.0-1.51, P = 0.38). Combining the 

results across degrees of relatedness (defined as the meiotic distance between two individuals) 

increases the size of each group considerably, and thus the reliability of the estimate.   
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Figure 10: Mean relative risk (RR) of MS. (A) stratified for several groups of close relatives of MS 
patients, (B) combined across groups with the same expected identity by descent, (C) same 
as B but for relatives of mate. Error bars represent standard deviations of the estimates. 
Dashed red line indicates RR of 1.  

4.2 Genetic correlation 

4.2.1 Polygenic risk scores 

Risk alleles, P-values and effect estimates were extracted from 10 studies of ADs, referred to as 

training sets (Table 1), and excluding the extended MHC region (chr6:25000000-35000000, build 

hg38), a PRS was calculated for each of 150,656 genotyped Icelanders.  

The association of the PRS for each training set was tested with its corresponding phenotype in 

Iceland at 10 P-value inclusion thresholds, and the P-value threshold at which most of the variance in 

case-control status of Icelanders was explained by the score was identified (Figure 11 and Table 6). 

With the exception of Crohn’s disease (CD) and Ulcerative colitis (UC), the most predictive PRSs were 

found to be ones calculated at relatively high P-value inclusion thresholds. These were composed of 

hundreds or thousands of independent sequence variants, reflecting the polygenic architecture of 

autoimmune diseases (Table 7). 
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Figure 11: The variance explained by PRS for training diseases predicting the corresponding 
disease in the Icelandic target cohorts. Celiac disease (Cel) and juvenile idiopathic 
arthritis (JIA) are not included in the figure as no target cohorts were available for these 
diseases. For JIA and Cel, a P-value inclusion of 0.001 was arbitrarily selected. UC: 
Ulcerative colitis, CD: Crohn's Disease, PSO: Psoriasis, MS: Multiple Sclerosis RA: 
Rheumatoid arthritis, PBC: Primary biliary cirrhosis, T1D: Type 1 diabetes mellitus. 

 

Table 6: Summary of most predictive thresholds when PRS were tested against their 
corresponding phenotype in an independent target set. For JIA and Cel, no target data 
was available and the P-value inclusion threshold was arbitrarily selected as 0.001. *Studies 
which did not use the immunochip. For these, variants of the immunochip were extracted 
and used for calculating the scores.  

 

 

 

 

 

 

 

 

Training phenotype Pt R
2 

(%) 

P 

Juvenile idiopathic arthritis 0.001 NA NA 

Celiac 0.001 NA NA 

Primary Biliary cirrhosis 0.001 4.0 9.53 × 10−16 

Type 1 diabetes 0.1 4.3 6.11 × 10−51 

Psoriasis 0.5 0.25 1.45 × 10−15 

Multiple Sclerosis 0.01 2.8 4.13 × 10−33 

Rheumatoid arthritis 0.01 0.59 2.45 × 10−15 

Systemic lupus erythematosus* 0.4 3.6 9.44 × 10−24 

Crohn’s disease* 0.000001 1.6 2.78 × 10−14 

Ulcerative colitis* 0.000001 2.1 1.52 × 10−51 
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Table 7: Number of variants making up each polygenic risk score based on variants found on 
the immunochip and passing selection criteria. The most predictive threshold for each 
disease is shown in bold. MS: Multiple sclerosis; Cel: Celiac disease; Jia: Juvenile idiopathic 
arthritis; PBC: Primary biliary cirrhosis; PSO: Psoriasis; T1D: Type 1 diabetes; RA: 
Rheumatoid arthritis; SLE: Systemic lupus erythematosus; CD: Crohn’s disease; UC: 
Ulcerative colitis. 

 

 

For eight ADs, the most predictive score was calibrated so that a unit increase in PRS 

corresponded to a doubling of risk of the corresponding disease (see section 3.4). In the cases of 

Juvenile idiopathic arthritis (JIA) and Celiac disease, Icelandic target cohorts were not available to us 

so the scores were normalized to have a mean of zero and a standard deviation of one.  

Next we tested each PRS for association with nine other ADs and asthma, as an example of non-

autoimmune inflammatory disease. The association results are displayed in Figure 12 and Table 13 in 

the Appendix. Apart from the MHC, we did not exclude risk variants known to associate with ADs and 

these are likely to drive the association at lower inclusion thresholds. However, for most ADs (except 

CD and UC), the most predictive PRS is composed of hundreds or thousands of variants indicating 

that pleiotropy extends to other variants than those with confirmed association with disease. This could 

be established by calculating the PRSs excluding the known variants, but that was not done as part of 

the work presented here.  

 

Phenotype 1E-6 1E-5 1E-4 1E-3 1E-2 0.1 0.2 0.3 0.4 0.5 

MS 75 117 183 328 879 3,947 6,559 8,898 11,146 13,257 

Cel 73 98 163 342 952 4,093 6,582 8,686 10,643 12,370 

Jia 2 5 24 89 495 3,278 5,870 8,159 10,305 12,211 

PBC 42 59 112 263 898 4,168 6,989 9,310 11,443 13,386 

PSO 91 129 203 383 1,045 4,462 7,125 9,437 11,524 13,410 

T1D 81 114 199 380 1,063 4,322 6,976 9,251 11,310 13,166 

RA 28 42 81 176 713 3,957 6,727 9,023 11,101 13,043 

SLE 49 68 112 262 893 4,082 6,745 9,015 11,085 12,884 

CD 102 148 335 1,022 1,446 3,549 5,052 6,374 7,606 8,784 

UC 84 155 337 764 1,457 4,206 6,265 8,080 9,645 11,072 
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Figure 12: A heat map showing the extent of genetic correlation among diseases. Squares 
labelled with an asterisk are significant after correcting for 102 tests. The relative risk where 
P < 0.05 is plotted so as not to obscure suggestive results but results with P>0.05 are 
omitted for clarity. Squares of dashed lines indicate clusters of seronegative diseases (upper 
left) and seropositive (lower right). Diseases for which polygenic risk scores were calculated 
are listed horizontally while diseases for which an Icelandic cohort was available are listed 
vertically.  AS: Ankylosing spondylitis, UC: Ulcerative colitis, CD: Crohn’s disease, PSO: 
Psoriasis, MS: Multiple sclerosis, PBC: Primary biliary cirrhosis, SLE: Systemic lupus 
erythematosus, RA: Rheumatoid arthritis, T1D: Type 1 diabetes mellitus, Cel: celiac disease, 
JIA: Juvenile idiopathic arthritis. 

 

These results show that ADs can be genetically divided into clusters of seronegative ADs (CD, UC, 

PSO and AS), in which autoantibodies are rarely seen, and seropositive ADs (JIA, RA, Cel T1D, AITD 

and SLE), where autoantibodies are commonly found or represent characteristic features. However, 

this classification was not absolute. PRS for PBC in particular, was associated with multiple diseases, 

both classified as seronegative and seropositive. 

PBC-PRS and T1D-PRS were the only risk scores to associate with MS. Doubling in risk of 

PBC and T1D corresponded to 29% and 18% increase in risk of MS in Iceland, respectively (Table 13 

in the Appendix). We replicated these results in an independent cohort of 6,281 case and 5,330 
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controls from Sweden for which we had genotype data (Table 8). Data on the expanded disability 

status scale (EDSS) (Kurtzke, 1983) was available for 5,406 Swedish MS patients. Adjusting for the 

time from disease onset to the time of estimation of disability, we found that higher EDSS was 

significantly associated with PBC-PRS and T1D-PRS, showing that a high PRS for these diseases not 

only contributes to the risk of MS but also to increased level of disability among affected individuals 

(Table 8).  

MS-PRS was only associated with PBC in Iceland. For every unit of PRS corresponding to 

doubling of MS risk, the risk of PBC was increased by 81% (𝑃 = 1.56 × 10−7) (Table 13). 

 

Table 8: Replication results for polygenic risk score (PRS) prediction of Multiple sclerosis (MS) 
in an independent Swedish cohort and results for the association of those PRSs with 
the expanded disability status scale (EDSS) after correcting for duration of disease. 
RR: Risk ratio; PBC: Primary biliary cirrhosis; T1D: Type 1 diabetes. Brackets enclose 95% 
confidence intervals for risk ratio estimates.  

 PBC-PRS T1D-PRS 

MS status RR = 1.25 (1.21-1.29) RR = 1.06 (1.02-1.10) 

 𝑃 = 3.09 × 10−40 𝑃 = 1.91 × 10−3 

EDSS 𝛽 = 0.07 (0.04, 0.09) EDSS units 𝛽 = 0.03 (0.01, 0.06) EDSS units 

 𝑃 = 5.01 × 10−8 𝑃 = 8.62 × 10−3 

 

 

Among the seronegative ADs, we had low power to detect association with CD and AS and apart 

from UC PRS associating with CD, we detected no significant associations for these diseases, 

although both UC- and CD PRS showed suggestive association with AS. The PRSs for UC and CD 

were composed of relatively few markers and include a high portion of variants that reached 

significance in the replication phase of the respective GWAS studies (Anderson et al., 2011; Franke et 

al., 2010). Interestingly, PRS for CD was significantly associated with PSO in Iceland (𝑃 = 2.05 ×

10−6) while the PRS for UC was not (P = 0.098). 

Across the serological divide, we observed an association of Cel-PRS with PSO and suggestive 

association of Cel-PRS with UC. These correlations may reflect overlap in autoimmune response to 

epithelial tissue, breakdown of epithelial barrier function and homeostasis (Anderson et al., 2011; 

Trynka et al., 2011; Tsoi et al., 2012). 

Within the cluster of seropositive diseases consisting of SLE, RA, JIA, T1D, AITD and Cel, most 

disease pairs showed evidence of genetic correlation. The highest degree of overlap observed within 

this cluster was between RA and SLE. RA-PRS corresponding to a doubling of RA risk increased the 

risk of SLE by 135%. We noted that the patients contributing to the RA training dataset were largely 

positive for anti-citrullinated peptide antibodies (ACPA) (Eyre et al., 2012). We tested separately 

seropositive (positive for ACPA and/or RF) and seronegative (negative for both ACPA and RF) RA 

patients and found that the RA-PRS increased the risk of SLE significantly more than it increased risk 
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of seronegative RA (RR = 2.35 and RR = 1.31, respectively P = 0.015). Furthermore, we found that 

PRS for SLE, T1D, PBC, Cel and JIA consistently associated more strongly with seropositive than 

seronegative RA, although this difference was only significant for SLE (𝑃 = 6.9 × 10−4) (Figure 13). 

 

Figure 13: Comparison of seropositive and seronegative rheumatoid arthritis (RA). a) Polygenic 
risk scores for RA, Systemic lupus erythematosus (SLE), Celiac disease (Cel), Primary 
biliary cirrhosis (PBC), Type 1 diabetes (T1D) and Juvenile idiopathic arthritis (JIA) all show 
a trend for higher relative risk for the seropositive form of RA than the seronegative, although 
the difference is only significant for RA-PRS and SLE-PRS. b) PRS for RA, calculated using 
a study which predominantly included seropositive cases, confers higher relative risk for 
SLE, PBC, T1D and Autoimmune thyroid disease (AITD) than for the seronegative form of 
RA. This difference was only significant for SLE and seronegative RA. Error bars indicate the 
95% confidence intervals. 
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Multiple studies have reported a concomitance of autoimmune diseases and asthma. Asthma has 

been positively correlated with RA (Hemminki, Li, Sundquist, & Sundquist, 2009a, 2010; Kero, Gissler, 

Hemminki, & Isolauri, 2001), Cel (Hemminki et al., 2010; Kero et al., 2001), T1D (Hemminki et al., 

2009a, 2010; Kero et al., 2001) and Inflammatory bowel disease (Bernstein, Wajda, & Blanchard, 

2005; Hemminki et al., 2010). However, despite our analysis being well powered, we find no evidence 

of genetic correlation between asthma and any autoimmune disease among non-MHC loci. This 

suggests that the observed overlap is likely due to markers in the MHC region, rare markers and/or 

some shared environmental component. 

4.2.2 LD regression 

As an alternative to PRS, genetic correlation among ADs was also estimated by LD regression. This 

was only possible for traits for which summary statistics covering the whole genome were available. 

The correlation matrix is plotted in Figure 14. All significant correlations observed were positive. 

 

Figure 14: Genetic correlation matrix for autoimmune diseases based on results from LD 
regression. Non-significant correlations are omitted for clarity. UC: Ulcerative colitis; CD: 
Crohn’s disease; PSO: Psoriasis; MS: Multiple sclerosis; PBC: Primary biliary cirrhosis; RA: 
Rheumatoid arthritis; SLE: Systemic lupus erythematosus.  
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4.3 Association analysis 

4.3.1 Meta-analysis 

Summary statistics from four sources were combined in two different meta-analyses of MS. The first 

included the IMSGC study and excludes overlapping Swedish samples (see methods) while the 

second excludes the IMSGC and includes all Swedish samples. While less powered for many variants, 

the second meta-analysis has the benefit of testing variants genome-wide and is not restricted to the 

relatively few variants found on the immunochip. All results presented hereafter are from the first 

analysis unless otherwise stated.  

Excluding the MHC region, a total of 102 variants, independent in the sense that each had r
2 

< 

0.1 with all other variants closer than 500 kb, reached genome wide significance with 𝑃 < 5 × 10−8 and 

539 had 𝑃 < 1 × 10−4. Of those, six variants represented signals not previously reported for MS at 

genome wide significance level and five represented loci not previously associated with the disease in 

GWAS while the sixth was a secondary signal in a known locus. These variants are listed in Table 9 

below and their association statistics from each study cohort individually are presented graphically in 

Figure 15 and numerically in Table 17 in the Appendix.  

 

Table 9: Results for markers achieving genome wide significance in the meta-analysis. MA: 
Minor allele; MAF: Minor allele frequency. OR is the OR of the minor allele.  

Chr rsID Position
a
 MA OA MAF P-value OR (95% CI) Closes 

Gene(s) 

Annotation 

1 11796321 rs1801133
b
 T C 34.4 4.6 × 10−8 0.88 (0.85, 0.92) MTHFR Missense 

3 188370473 rs11707807 G A 41.5 2.6 × 10−8 1.08 (1.06, 1.10) LPP Intronic 

8 70306125 rs13260060 A G 8.5 5.6 × 10−9 1.13 (1.09, 1.18) NCOA2 Intronic 

11 61066152 rs175126
c
 G A 45.5 3.9 × 10−12 1.09 (1.07, 1.11) CD6, CD5 Intergenic 

11 128551691 rs4245080 A G 47.2 2.4 × 10−8 1.09 (1.05, 1.11) ETS1 Intronic 

13 50428479 rs9562970 A G 14.4 3.4 × 10−8 1.12 (1.08, 1.17) DLEU1 Intergenic 

 

a
Build hg38 

b
Variant not included in the IMSGC study. 

c
After conditioning on rs34383631. 

 

All the variants except for rs175126 represent loci that have not been previously linked with MS in 

GWAS. rs175126 is in the CD6/CD5 locus,  as is the known variant rs34383631, but remains 

significant after conditioning on that variant and thus represents a secondary signal in the locus.  
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Figure 15: Forest plots for new variants identified in a meta-analysis of MS cohorts. 

 

rs1801133 is not found on the immunochip but was significant in the combined analysis of the three 

Nordic cohorts (second meta-analysis). Of those described here, it is likely the variant with the most 

obvious functional consequence. It is a missense variant in 5,10-Methylenetetrahydrofolate reductase 

(MTHFR), a key enzyme in the intracellular folate (vitamin B9) metabolism and homeostasis. The T 

allele causes change of alanine in position 222 to valine. This particular mutation has been studied in 

the context of cardiovascular disease and is known to disrupt the function of MTHFR so that 

rs1801133(T;C) heterozygotes have 35% reduced function and rs1801133(T;T) homozygotes have 

70% reduced function of the enzyme compared with rs1801133(C;C) homozygotes. This is known to 

cause an increase in the levels of homocysteine, a non-protein amino acid created as an intermediate 

when methionine is converted into cysteine, as well as altered folate levels (Frosst et al., 1995). The T-

allele has been established as risk allele for coronary heart disease (Klerk et al., 2010) but has been 

found to be protective for Graves’ disease (Mao et al., 2010). Although not reported before in a 

GWAS, one study reported association between the T-allele of this polymorphism and increased risk 

of MS in Iran (Naghibalhossaini, Ehyakonandeh, Nikseresht, & Kamali, 2015). This finding contrasts 

our results, which show that the T-allele is protective for MS.  

rs11707807 is in an intron of the Lipoma Preferred Partner (LPP) gene. The encoded protein 

contains three LIM domains, a cysteine-rich, zinc-binding domains often found in transcription 
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regulators and the protein has been suggested to function as a transcriptional co-activator as it is 

known to enter the nucleus. Chimeric transcripts with LPP fused with other proteins are frequently 

found in lipomas and leukemia (Petit, Mols, Schoenmakers, Mandahl, & Van de Ven, 1996) and this 

gene has been suggested as a candidate gene for association of the locus with celiac disease (Trynka 

et al., 2011), Autoimmune thyroiditis (J. D. Cooper et al., 2012) and vitiligo (Jin et al., 2012). The 

specific variant is found within the binding site for CCCTC-Binding Factor (CTCF) but no effect on 

expression was detected in GTEx or deCODE in-house eQTL data for blood (Emilsson et al., 2008).  

rs13260060 is located in the intron of Nuclear Receptor Coactivator 2 (NCOA2). It is not in a 

DNase I hypersensitivity cluster and no methylation profile indicative of a particular regulatory element 

was found in the ENCODE data. The encoded protein of NCOA2 is central in hormone-mediated 

transcriptional regulation. It functions as a transcriptional coactivator for all steroid receptors and with 

many class II nuclear receptors, such as thyroid, retinoic acid, retinoid X and vitamin D receptors 

(Bledsoe et al., 2002; Hong, Kohli, Garabedian, & Stallcup, 1997; Takeyama et al., 1999). It might 

therefore be reasonable to expect that the variant mediates its effect through some form of 

transcriptional regulation although no association with expression of any gene was found in the GTEx 

or the deCODE in-house eQTL data.  

rs175126 is an intergenic variant found within a DNase I hypersensitivity cluster in the ENCODE 

data. In GM12878 cells, the region has high H3K4Me1 but little H3K27Ac, but this profile has been 

found to be indicative of inactive enhancer regions (Heintzman et al., 2007). It also overlaps a binding 

site for the transcription factor Early growth response-1 (EGR1). rs175126 did not significantly 

associate with the expression of any gene in GETx nor in deCODE in-house eQTL data.  

rs4245080 is located in the intron of ETS Proto-Oncogene 1 (ETS1). The encoded protein is a 

transcription factor known to play a central role in T-cell maturation and development in the thymus. 

Specifically, it promotes the expression of Runt Related Transcription Factor 3 (RUNX3) and is 

required for the development of CD8+ T-cells (Zamisch et al., 2009). ETS1 is also a negative regulator 

of Th17 cells and knock-out mice have increased levels of Th17 cells and high levels of IL-17 as a 

result  (Moisan, Grenningloh, Bettelli, Oukka, & Ho, 2007). Variants in ETS1 have been associated 

with RA, PSO, SLE and Cel (Bentham et al., 2015; Okada et al., 2014; Trynka et al., 2011; Tsoi et al., 

2012).  rs4245080 is found within a DNase I hypersensitivity cluster in a region with high levels of 

H3K4Me1 and H3K27Ac in GM12878 cells in the ENCODE data, but this histone modification profile 

has been found to be indicative for active enhancer regions (Creyghton et al., 2010). 

rs9562970 in located in an intron of the Deleted In Lymphocytic Leukemia 1 (DLEU1) gene. This 

gene doesn’t encode a protein but encodes a long non-coding RNA (lncRNA) molecule. The region is 

frequently deleted in leukemia and it has been suggested that the lncRNAs of DLEU1 and the 

neighboring DLEU2 have tumor repressive functions (Garding et al., 2013).  

4.3.2 Proxy-phenotype analysis 

As we have established genetic correlation between MS and PBC, testing the SNPs contributing to the 

PBC-PRS for association with MS is justified. Association statistics for MS from the three Nordic 
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cohorts were combined with summary statistics from the discovery phase of the IMSGC study for 263 

SNPs making up the PBC-PRS, 252 of which survived quality control in three or more cohorts and 222 

of which survived quality control in all four cohorts. Out of the 252 markers, 109 showed nominal 

association with MS with P< 0.05 and 48 survived Bonferroni correction for 252 tests (P < 2.0 × 10−4). 

As listed in Table 10 and displayed in Figure 16, a great majority of the markers with P < 0.05 showed 

concordance in effect compared with PBC. Out of the 48 significant markers for MS thus identified, 

seven represent novel signals and are listed in Table 11. Association results for each cohort are 

shown graphically in Figure 17 and numerically in Table 17 in the Appendix.  

Table 10: Counts of direction of effect among the SNPs contributing to the polygenic risk score 
for Primary biliary cirrhosis and showing different evidence of association with 
multiple sclerosis (MS). 

 Direction of effect  

Association with 

MS 

Concordant Different Total 

P < 0.00020 46 2 48 

2.0 × 10−4 < P < 0.05 47 14 61 

P > 0.05 82 61 143 

All 175 77 252 
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Figure 16: A Q-Q plot showing the distribution of P-values for association with Multiple 
Sclerosis and direction of effect among 255 markers contributing to the most 
predictive polygenic risk score for Primary biliary cirrhosis. Green points indicate SNPs 
with concordance of effect while red points are SNPs that have effects in the opposite 
direction. Blue-dotted line indicates significance threshold of 0.0002. 



  

78 

Table 11: Novel sequence variants that associate with MS identified by the proxy-phenotype method. MA: Minor allele; MAF: Minor allele frequency; 
MS: Multiple sclerosis; PBC: Primary biliary cirrhosis. The OR reported is the OR of the minor allele.  

      MS meta-analysis PBC meta-analysis   

Chr BP (hg38) SNP MA OA MAF
a
 P OR (95% CI) P OR (95% CI) Function Closest Gene(s) 

1 67332762 rs72678531 G A 20.2 2.5 × 10−5 1.08 (1.04, 1.11) 2.5 × 10−38 1.61 (1.50-1.74) Intronic IL12RB2 

4 48075312 rs17674224 C T 47.5 1.4 × 10−4 1.05 (1.02, 1.08) 4.8 × 10−4 1.11 (1.05-1.18) Intronic TXK 

9 97977842 rs4743150 A G 21.8 1.7 × 10−4 0.94 (0.91, 0.97) 1.4 × 10−5 0.85 (0.79-0.91) Intergenic ANP32B,HEMGN,C9orf156,N
ANS,TRIM14,FOXE1 

13 50357429 rs12871645 A C 4.6 2.8 × 10−6 0.86 (0.80, 0.91) 3.3 × 10−4 0.77 (0.66-0.89) Intergenic DLEU1,DLEU1-
AS1,ST13P4,DLEU2,MIR15A,

MIR16-1 

16 67868167 rs2271293
b
 A G 10.2 1.1 × 10−4 1.07 (1.04, 1.11) 5.1 × 10−5 1.20 (1.10-1.31) Upstream gene variant EDC4 

19 10354167 rs35018800 A G 1.4 1.4 × 10−5 0.70 (0.59, 0.82) 3.3 × 10−4 0.41 (0.25, 0.68) Missense TYK2 

22 41395532 rs2073167 G A 46.1 5.2 × 10−6 0.95 (0.93, 0.97) 4.0 × 10−5 0.88 (0.83-0.94) Intronic TEF 

 

a
Minor allele frequency in Iceland 

b
Conditioned on rs1886700. 

c
Conditioned on rs34536443. 
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Figure 17: Forest plots for variants identified through the proxy-phenotype method. 

 

All but one of the variants identified in the proxy-phenotype phase of this study are found within 

non-coding regions of the genome. rs72678531 is located within an intron of IL12RB2. The encoded 

protein forms a subunit of a cytokine IL12 receptor that is important for the differentiation of naive T-

cells into Th1 cells (Hsieh et al., 1993). Importantly, the gene encoding the other subunit of the 

receptor, IL12RB1, has already been associated with MS (International Multiple Sclerosis Genetics 

Consortium (IMSGC) et al., 2013). Variants in the gene, in addition to having been reported for PBC 

(J. Z. Liu et al., 2012), have been associated both with Bechet’s disease (Mizuki et al., 2010), systemic 

sclerosis (Bossini-Castillo et al., 2012), ulcerative colitis (Jostins et al., 2012) and Crohn’s disease 

(Jostins et al., 2012; Raelson et al., 2007). Furthermore, IL12RB2(-/-) mice have been shown to be at 

increased risk of developing experimental autoimmune encephalomyelitis, which is sometimes used 

as a murine model for MS (Zhang et al., 2003). rs72678531 is also in a region with high H3K4Me1 and 

high H3K27Ac in GM12878 cells. The G-allele of rs72678531, in an intron of IL12RB2, is associated 

with increased risk of MS as well as increased expression of IL12RB2 in whole blood 

(5.2% increase, 𝑃 = 7.0 × 10−15) in our in-house eQTL and in the GTEx data (𝛽 = 0.37 𝑆𝐷, 𝑃 = 7.1 ×

10−13). Different variants showed the best correlation with IL12RB2 in these datasets but those were 

highly correlated both with each other and with rs72678531 (𝑟2 > 0.94 for all possible pairs).  

rs17674224 is within an intron of (TXK), which encodes TXK Tyrosine kinase. Tyrosine kinases 

strongly influence gene expression and differentiation of immune cells and participate in regulation of 

immune response. However, variants in TXK  have so for only been associated with Crohn’s disease 

(Jostins et al., 2012) in GWAS, although excessive expression of TXK has also been found in patients 

with Bechet’s disease (Nagafuchi et al., 2005). TXK is a Th1 specific transcription factor and regulates 

the production of IFNg and other cytokines produced by these cells (Takeba, Nagafuchi, Takeno, 

Kashiwakura, & Suzuki, 2002). We could not find any evidence of this variant belonging to a regulatory 

region, nor could we contribute to it any significant change in expression of any gene in any tissue. 
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rs4743150 is an intergenic variant located between HEMGN and ANP32B. The A-allele of this 

variant, which protects against both MS and PBC, is associated with increased basophil counts in 

blood (0.91% increase, 𝑃 = 4.7 × 10−8, 𝑁 = 266,401), lower mean corpuscular haemoglobin and mean 

corpuscular volume (0.10% decrease, 𝑃 = 6.0 × 10−10, 𝑁 = 289,451 and 𝛽 =  −0.21
𝑓𝑒𝑚𝑡𝑜𝑙𝑖𝑡𝑒𝑟𝑠

𝑟𝑒𝑑 𝑏𝑙𝑜𝑜𝑑 𝑐𝑒𝑙𝑙
, 𝑃 =

1.3 × 10−15, 𝑁 = 289,454, respectively) and with higher red blood cell count (0.16% increase, 𝑃 = 9.8 ×

10−9, 𝑁 = 287,486)  (Figure 31-34). It is likely these associations result from effect on HEMGN, as the 

encoded protein, Hemogen, is a known regulator of proliferation of hematopoietic cells and activator of 

nuclear factor-kappa-B (NFkB) (C. Y. Li et al., 2004). rs4743150 is the only variant showing 

association with any of the quantitative traits tested. 

rs12871645 is intergenic found in a region with high levels of H3K4Me1 but no H3K27Ac in 

GM12878 cells in ENCODE, which indicates that there may be an inactive enhancer in the region 

(Creyghton et al., 2010). However, we found no evidence of this variant associating with the 

expression of any gene in whole blood the in-house eQTL data nor with the expression of any gene in 

any tissue in the GTEx data. We note that this variants is in close proximity to rs9562970, which was 

one of the variants achieving significance in the meta-analysis step. The two are however completely 

uncorrelated (𝑟2 = 1 × 10−6). As already mentioned, the area is often deleted in leukemia. The 

MIR15A and MIR16-1 genes in this locus are known to have tumor suppressor function. They encode 

micro-RNAs that are involved in post-transcriptional regulation of many genes. These miRNAs can 

influence immune response by activating both the NF-kB and the TLR4 pathways (Garding et al., 

2013; Moon, Yang, Zheng, & Jin, 2014).  

rs2271293 is found in the same locus as the known variant rs1886700, but represents a 

secondary signal in that locus. It is found upstream of the Enhancer of MRNA Decapping 4 (EDC4) 

gene. The encoded protein is a subunit of a complex involved in the decapping of mRNA after its 

transfer from the nucleus. This decapping complex plays a role in immune response through post-

transcriptional regulation of various cytokines and chemokines (Ivanov & Anderson, 2013). The risk 

allele for MS (A) has been associated with decreased High-density lipoprotein (HDL) concentration in 

blood (Aulchenko et al., 2009) but no associations with other ADs have been reported. However, 

rs2271293, shows highly suggestive evidence of association with Psoriasis in our Icelandic cohort. 

The allele conferring risk of MS and PBC also confers risk of PSO (𝑂𝑅 = 1.20, 𝑃 = 5 × 10−7, Figure 

30). Upon combining the Icelandic dataset with the GAPC cohort from Tsoi et al., this variant reached 

genome-wide significance for PSO (𝑂𝑅 = 1.19 (1.12, 1.26), 𝑃 = 4.8 × 10−9). This finding further 

highlights the pleiotropic effect of this locus on ADs.  

rs35018800 is a missense variant in Tyrosine kinase 2 (TYK2) which causes alanine in 

positon 928 to be substituted for valine. Tyrosine kinases play central roles in intracellular signaling 

following cytokine binding to extracellular domains of membrane bound receptors but the effect of this 

substitution on the function of the enzyme (if any) is unclear. Out of the variants identified in this study, 

rs35018800 is by far the variant that has the highest effect on the risk of MS. With a minor allele 

frequency of only 1.4% in Iceland, it is also among the rarest variants ever to be associated with MS. 

rs35018800 shows very low correlation with rs34536443, which is an established variant in TYK2 and 
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remains significant after conditioning on that variant. Variants in TYK2 have been associated with MS 

as well as almost all other common ADs to date (Eyre et al., 2012; Hinks et al., 2013; International 

Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013; Jostins et al., 2012; J. Z. Liu et al., 2012; 

Onengut-Gumuscu et al., 2015; Sigurdsson et al., 2005; Tsoi et al., 2012).  

rs2073167 lies within an intron of the Thyrotroph embryonic factor (TEF) gene. This gene encodes 

a member of the proline and acidic amino acid-rich (PAR) superfamily of leucine zipper transcription 

factors (Drolet et al., 1991). We could not find evidence linking this association signal with changes in 

gene expression but the locus has previously been linked with vitiligo (Jin et al., 2012). 
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5 Discussion 

5.1 Heredity 

The results from the heredity analysis should be interpreted with caution as they are based on 

relatively few individuals. A noticeable result is that RR for siblings is considerably higher than the RR 

for children or parents of MS patients, which are expected to be equally IBD to the proband on 

average as the siblings (Figure 10A). Although possibly an artefact of ascertainment or small sample 

size, this finding might also suggest a role for shared environmental factors acting early in life or 

recessive mode of inheritance of susceptibility. Large scale genetic studies of MS have assumed an 

additive model of inheritance (International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 

2013) and no variant acting in a recessive manner is currently known.  

 No relative-group of mates showed significant elevation of RR compared with the population 

as a whole except for first degree relatives (Figure 10C). The finding that first degree relatives of 

mates have an elevated risk of MS is not surprising and almost certainly driven by children the 

probands must have with MS patients to be defined as mates in the analysis. The fact that RR for 

mates and relatives of mates does not depart from one might suggest that environmental factors 

affecting late in life do not contribute much to MS.   

5.2 Genetic correlation 

5.2.1 Polygenic risk scores 

We have quantified the genetic overlap between most common autoimmune diseases relative to the 

portion of the phenotypic variance that is explained by common variants outside the MHC region. ADs 

are classically divided into systemic and tissue-specific diseases depending on the number of organs 

affected (Murphy, 2012). No genetic evidence was found in support of this distinction. Classification on 

the basis of autoantibody presence/absence would be much more in agreement with the results 

presented here.  

The genetic difference between seronegative and seropositive RA is well established and in 

GWA studies of RA, association statistics of both subgroups are often reported as well as results for 

the pooled sample (Eyre et al., 2012). We believe this difference between RA sub-phenotypes was 

visible in our study as seropositive ADs consistently predicted seropositive RA better than 

seronegative RA (Figure 13a), although the difference was only significant for SLE, most likely due to 

limited sample size. We note that the RA-PRS was calibrated so that a unit increase corresponded to 

a doubling in RA risk in our combined cohort, which elevates the RR estimate for some of the ADs we 

believe to be predominantly associated with the seropositive form of RA, such as AITD, T1D, PBC, Cel 

and SLE, compared with if the score had been calibrated using seropositive RA patients only 

(although it does not affect the P-value of association). We show that the RR estimate for SLE was 

significantly higher than the estimate for seronegative RA. In fact, the RR was higher for AITD, T1D 

and PBC as well (Figure 13b), but this difference was not statistically significant. Together these 

observations, although somewhat hampered by sample size limitations, highlight the importance of 
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determining the autoantibody profiles of RA patients and discourage pooling of patients of different 

profiles in association studies.  

The high level of overlap we observed between PBC and other ADs suggests that the high 

prevalence of other ADs among PBC patients is in large part caused by common sequence variants. 

The strong genetic correlation observed between PBC and MS was of particular interest given that few 

other ADs associated with MS. We replicated this finding in a large independent Swedish sample and 

this is to our knowledge the first time a connection between these two diseases is established through 

individual level genotype data. We also found evidence of correlation between MS and T1D but MS 

did not overlap with any other AD. A large number of studies have explored the concordance of MS 

with other ADs but with heterogeneous outcomes (Disanto & Ramagopalan, 2012). A large recent 

study found that increased occurrence of other ADs in MS reported in epidemiological studies was 

likely in large part or entirely accounted for by surveillance bias (Roshanisefat, Bahmanyar, Hillert, 

Olsson, & Montgomery, 2012) and our results are in agreement with this finding. However, a high level 

of overlap among established MS variants has been observed with variants conferring risk of PBC, UC 

and CD (International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013) and it was 

therefore unexpected that PRS for CD and UC did not associate with MS, nor did MS-PRS associate 

with UC or CD in Iceland. 

Almost all disease pairs in our analysis share at least a few variants associated with both 

diseases (Parkes et al., 2013). Our analysis suggests that these may in some cases represent 

isolated overlaps rather than a general genetic correlation between the traits in question. It is also 

possible that two diseases share many loci without a high genetic risk score for one necessarily 

placing an individual at risk for the other. For example, extensive overlap among loci associated with 

IBD and T1D and RA has been reported (Parkes et al., 2013). However, PRS for neither UC nor CD 

showed association with RA or T1D in this study, nor did RA-PRS or T1D-PRS associate with UC or 

CD. Although many loci overlap, there is also a high level of discordance of the effects between these 

diseases and in a PRS, the combined effect of discordant SNPs will function to mask the effect of 

concordant SNPs. Thus, CD and RA might share a number of causal loci although a high genetic risk 

for one need not place an individual at risk for the other. We note that all genetic correlations we report 

are positive and a high PRS for one AD never decreases the risk of another.   

For several ADs, only summary statistics from studies using the immunochip were available to 

us. We decided to use only immunochip variants throughout the study for consistency and to facilitate 

comparison. The analysis was repeated using as training sets the complete summary statistics from 

the Swedish MS cohort, the full summary statistics (excluding only the MHC region) for SLE, CD and 

UC from the same studies as before (Anderson et al., 2011; Bentham et al., 2015; Franke et al., 

2010), summary statistics for RA from the European subset of Okada et al (Okada et al., 2014), 

summary statistics for PBC from Cordell et al (Cordell et al., 2015) and summary statistics for PSO 

from Feng et al (B.-J. Feng et al., 2009) Taking into account the different power of the training studies 

we obtained similar results as when limited to the variants of the immunochip. The results for these 

cohorts are presented in Tables 14-16 in the Appendix.  
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We have used individual genotype data on a population level to comprehensively map genetic 

overlap in most common ADs within a single population. We provide evidence of the polygenic 

architecture of these diseases and show that there is extensive genetic overlap between many pairs of 

ADs, which extends beyond genome wide significant markers to markers of small effect that have not 

reached significance in reported association studies. While this study establishes genetic correlations 

between many pairs of ADs, the identification of the specific sequence variants, genes and pathways 

responsible for the correlations is a direction for future research. 

5.2.2 LD regression 

The results from the LD regression are similar although not the same as the results from the polygenic 

risk score analysis. No correlation is observed between the groups of seropositive and seronegative 

diseases while most diseases are correlated within groups. The exception to this is that PBC was 

correlated with diseases in both groups. CD seems correlated with PSO while UC is not, which is also 

observed in the PRS analysis. The strongest associations observed was between PBC and SLE on 

one hand and PBC and MS on the other, which is also in agreement with the PRS analysis. The 

biggest source of discrepancy between the two methods is in regard to MS. While highly correlated 

with PBC, a significant although weaker correlation with SLE, RA and UC is also observed in the LD 

regression that is not observed in the PRS analysis.  

It might be tempting to blame the discrepancy on the use of larger datasets which cover more than 

the limited set of loci covered by the immunochip. However, the PRS analysis was repeated using the 

same datasets as in the LD regression (see Tables 14-16 in the Appendix) and did not yield significant 

predictions. Another possible explanation might be that there is unknown sample overlap between the 

Swedish MS cohort and the Swedish cohorts used in the UC and RA studies, for example if some of 

the controls participated in both studies. If this was the case then constraining the intercept to 0 would 

cause an increase in the slope and thus elevated rg. This could not explain the correlation of MS with 

SLE however, as the SLE study included no Swedish subjects (Bentham et al., 2015).  

5.3 Association analysis 

We have identified 13 new sequence variants conferring susceptibility to MS. All the variants identified 

through either the meta-analysis or the use of PBC as a proxy for MS are intronic or intergenic except 

for one missense variant in MTHFR and a missense variant in TYK2. This is the same trend as has 

been observed in association studies of MS so far, where most of the variants identified reside outside 

of coding regions (International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013). The 

contribution of common variants to MS (and in fact many complex diseases) seems to be through 

changes in gene expression, many of which are likely to be small and/or cell type specific. This is 

further highlighted by our observation that many of the variants were found within binding sites of 

transcription factors, within regions with histone methylation/acetylation profiles characteristic of 

enhancer regions and/or found to directly influence the transcription level of their closest genes.  

 We have used data from the ENCODE and ORegAnno projects to search for evidence of 

potential functional consequences of our variants. These data need to be interpreted with caution. The 



  

86 

histone methylation/acetylation profiles from the ENCODE project are based on data from the 

lymphoblastoid cell line GM12878. This cell line was chosen because out of the seven cell types used 

in the ENCODE project, GM12878 is the most relevant cell type to study an autoimmune disease but 

also because no histone methylation/acetylation was typically observed at the associated loci in any of 

the other six cell lines used in the first phase of the project (Becker, 2011). This lack of generality in 

methylation/acetylation patterns among other cell types highlights the limitation of this approach for 

functional characterization of a genetic signal. Regulatory elements may only be functional in specific 

cell types and even at specific stages in the life cycle of the cells. Even if we find a variant to be in an 

area with a specific histone profile, the effect of the variant on disease might be through its effect on 

another cell type with a different profile and/or it might affect a cell only in a particular stage of 

development, at which time some transcriptional regulation event might be taking place that is then not 

reflected in the ENCODE data. The same is true of gene expression data. We looked up our variants 

both in GTEx and in an in-house database of eQTLs to determine if the genetic signal could be linked 

with changes in gene expression. Although the GTEx project provides data on multiple tissues 

(Lonsdale et al., 2013), we only looked at in-house eQTLs in whole blood (Emilsson et al., 2008).  

 In all cases where we report association of a newly discovered MS variant with gene 

expression, this is in whole blood tissue. While blood is quite a relevant tissue for an immune-

mediated disease, whole blood represents a heterogeneous mixture of cells likely to have different 

expression profiles. We are unable to determine if the effect of these variants is in all white blood cells 

or only a subset.  

 Several of the variants were found to lie within transcription factor binding sites according to 

the ORegAnno database (Griffith et al., 2007). These binding sites have been experimentally validated 

but we are unable to predict whether the variant affects the binding affinity in any way.  

 For some of the variants, we could not find any evidence or clues for a role of the variant in 

transcriptional regulation. For the reasons already described, this need not be disheartening. The 

same lack of functional evidence is found for many of the variants that have very robustly been 

associated with MS (International Multiple Sclerosis Genetics Consortium (IMSGC) et al., 2013).  

 The biological effect of the missense variant rs1801133 have been well described in the 

literature. The T-allele causes change of alanine in position 222 to valine, resulting in decreased 

enzyme activity and increase in homocysteine levels in blood (Frosst et al., 1995). Homocysteine 

levels in the blood and cerebrospinal fluid of MS patients have been found to be elevated by some 

studies(Kocer, Engur, Ak, & Yılmaz, 2009; Ramsaransing et al., 2006; Vrethem et al., 2003), while 

others have found no elevation (Kararizou et al., 2013; Rio et al., 1994). Our results conflict with the 

results of a small study of the Iranian population, where the T-allele of rs1801133 was found to confer 

high risk of MS (Naghibalhossaini et al., 2015). Homocysteine levels are likely to vary with diet, 

particularly with the amounts of vitamin B12, folate and general protein content and different ethnic 

groups are known to show different homocysteine levels (Cappuccio et al., 2002). The heterogeneity 

of the association results may reflect geographical differences in culture and diet between Iranians 

and our relatively homogenous Nordic cohorts. The minor allele (A) of another variant in MTHFR, 

rs1801131, causes change of glutamate in position 429 to alanine. This variant has also been 
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associated with decreased functionality of MTHFR but to a lesser degree than rs1801133 and was not 

associated with the risk of MS in our study (𝑃 = 0.12, OR = 0.98).  

Several of the variants we report have previously been associated with other autoimmune disease. 

This is in keeping with the wide sharing of variants between autoimmune disease observed in other 

studies (Cotsapas et al., 2011; Parkes et al., 2013). The variants identified through the proxy-

phenotype method are of course pleiotropic by definition but many have been associated with multiple 

ADs, not just PBC.  

In the proxy-phenotype step, we observed strong enrichment for concordance of effect between 

PBC and MS (Table 10 and Figure 16). It is possible that this enrichment is partly explained by the 

overlap in controls between the immunochip studies of PBC and MS (see section 3.6.2). In the proxy-

phenotype analysis the best independent sequence variant for PBC in a region was selected and 

tested for association with MS. It is important to realize that the best variant for PBC in a locus may not 

necessarily be the variant most strongly associated with MS in that locus. This can for example be 

seen in the locus plot for rs72678531 in Figure 26 in the Appendix. In these loci, different members of 

pairs of highly correlated SNPs show the strongest evidence of association with PBC and MS. It is 

likely that the same variant is responsible for the signal observed in these two diseases but sampling 

noise determines precisely which variant in an LD block tests most significant. As we have tested 

relatively few markers, it is also very conceivable that neither of the top variants is the true causal 

variant responsible for the signal at the locus.  

Many common traits are thought to be determined by hundreds of variants of tiny effects that will 

require sample sizes in the range of tens or hundreds of thousands to be identified. With so many 

SNPs implicated in a disease, many are bound to affect multiple phenotypes. Indeed, a great number 

of the SNPs and genes so far associated with a variety of diseases show evidence of pleiotropy 

(Sivakumaran et al., 2011; Solovieff et al., 2013) and much work has been done to quantify the 

genetic overlap between traits (B. Bulik-Sullivan et al., 2015; International Schizophrenia Consortium 

et al., 2009). We have demonstrated the usefulness of knowledge of genetic correlation between traits 

to establish priors for increasing power to detect pleiotropic sequence variants in association studies.  
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6 Conclusions 

Apart from the simple fact that MS is clearly heritable and aggregates in families more than expected 

by chance, limited sample size limits the conclusions that can be drawn from the analysis of MS 

heredity.  

Polygenic risk score analysis showed that autoimmune diseases can be divided into clusters of 

seropositive and seronegative diseases, with MS belonging to neither cluster but PBC belonging to 

both.  

For some pairs of diseases, the overlap observed among genome wide significant loci extends to 

variants not achieving significance in association studies but other pairs, such as MS and CD, showed 

no evidence of genetic correlation despite many established risk loci being shared between the two 

diseases. The results from the PRS analysis were robust to changes in training cohorts and LD 

regression showed the same results for all diseases tested except for MS. The strong association of 

MS with PBC was replicated in an independent Swedish cohort and confirmed by LD regression.  

Thirteen novel sequence variants associating with MS were identified, although they remain to be 

replicated in independent cohorts. Seven out of the 13 variants were discovered using the proxy 

phenotype method, which demonstrates the value of knowledge of genetic correlation in association 

studies. Most of the variants discovered could be linked with immunological pathways and many have 

been associated with other autoimmune diseases. All but one variant were intergenic or intronic, 

possibly indicating a role in transcriptional regulation. The signal at two of the new loci could directly 

be connected with changes in gene expression. The variants are briefly summarized in Table 12. 

Table 12: Summary of findings for novel MS variants. Variant identified through the proxy-
phenotype method are shown in bold.  

rs1801133 A missense variant in MTHFR known to change homocysteine levels in blood. 

rs11707807 In the LPP gene, which has been associated with Cel, AITD and vitiligo. 

rs13260060 In NCOA2, a nuclear receptor not before associated with any AD. 

rs175126 A secondary signal in a known locus. 

rs4245080 In the ETS1 gene, regulator of T-cell development. Variants in the gene have been 

associated with RA, PSO, SLE and Cel. 

rs9562970 An intergenic variant of undefined function. 

rs7267853 Associated with changes in IL12RB2 expression in whole blood. 

rs17674224 In the TXK gene, which has been associated with CD and Bechet’s disease.  

rs4743150 Associated with four different blood traits. 

rs12871645 An intergenic variant of undefined function. 

rs2271293 A secondary signal in a known locus. Newly associated with Psoriasis.  

rs35018800 Causes a A928V missense mutation in TYK2 

rs2073167 In a locus previously associated with vitiligo. 
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Appendix 

Table 13: Risk ratios and 95% confidence intervals for each disease pair with P-values shown in italic below. Diseases for which we calculated 
polygenic risk score are listed horizontally while diseases for which an Icelandic cohort was available are listed vertically.   

Disease UC CD PSO MS PBC Cel T1D JIA RA SLE 

AS 

1.23 (1.02, 

1.48) 

1.22 (1.01, 

1.47) 

0.87 (0.48, 

1.59) 

0.97 (0.85, 

1.11) 

1.02 (0.90, 

1.15) 

1.14 (1.01, 

1.29) 

1.01 (0.90, 

1.13) 

1.07 (0.94, 

1.21) 

1.26 (0.90, 

1.77) 

1.00 (0.90, 

1.11) 

 0.031 0.038 0.65 0.66 0.75 0.039 0.86 0.29 0.18 0.96 

AITD 

0.97 (0.89, 

1.06) 

0.94 (0.85, 

1.04) 

1.28 (0.93, 

1.76) 

1.04 (0.97, 

1.11) 

1.12 (1.06, 

1.19) 

1.14 (1.06, 

1.22) 

1.25 (1.18, 

1.33) 

1.16 (1.09, 

1.24) 

1.62 (1.36, 

1.93) 

1.14 (1.07, 

1.22) 

 0.48 0.23 0.13 0.25 1.4 × 10−4 1.7 × 10−4 4.7 × 10−13 1.3 × 10−5 6.2 × 10−8 
7.7 × 10−5 

CD 

1.57 (1.31, 

1.87) 

2.00 (1.67, 

2.39) 

1.40 (0.77, 

2.55) 

1.10 (0.95, 

1.27) 

1.07 (0.97, 

1.18) 

1.00 (1.00, 

1.00) 

1.06 (0.94, 

1.19) 

1.12 (0.99, 

1.27) 

1.18 (0.86, 

1.62) 

0.94 (0.83, 

1.06) 

 6.2 × 10−7 2.8 × 10−14 0.27 0.20 0.19 0.99 0.33 0.079 0.31 0.28 

MS 

1.03 (0.87, 

1.23) 

0.99 (0.89, 

1.10) 

1.85 (1.14, 

2.99) 

2.00 (1.79, 

2.24) 

1.29 (1.18, 

1.40) 

0.98 (0.88, 

1.09) 

1.18 (1.08, 

1.30) 

1.01 (0.91, 

1.12) 

1.16 (0.89, 

1.51) 

1.09 (0.98, 

1.20) 

 0.74 0.85 0.012 4.1 × 10−33 4.3 × 10−9 0.72 4.9 × 10−4 0.85 0.27 0.10 

PBC 

1.20 (0.90, 

1.60) 

1.13 (0.85, 

1.50) 

1.53 (0.60, 

3.88) 

1.81 (1.45, 

2.26) 

2.00 (1.69, 

2.37) 

1.29 (1.06, 

1.57) 

1.05 (0.89, 

1.24) 

1.17 (0.97, 

1.42) 

1.90 (1.13, 

3.19) 

1.54 (1.27, 

1.86) 

 0.21 0.40 0.37 1.6 × 10−7 9.5 × 10−16 9.9 × 10−3 0.56 0.11 0.015 1.0 × 10−5 

PSO 

1.04 (0.99, 

1.09) 

1.13 (1.07, 

1.19) 

2.00 (1.69, 

2.37) 

1.05 (1.01, 

1.09) 

1.08 (1.05, 

1.11) 

1.10 (1.06, 

1.14) 

1.04 (1.01, 

1.07) 

1.06 (1.02, 

1.10) 

1.06 (0.97, 

1.16) 

0.97 (0.94, 

1.00) 

 0.098 2.1 × 10−6 1.5 × 10−15 0.011 1.9 × 10−7 1.1 × 10−7 0.020 2.3 × 10−3 0.19 0.087 

RA 

1.00 (1.00, 

1.00) 

0.99 (0.92, 

1.07) 

0.99 (0.79, 

1.24) 

1.04 (0.97, 

1.12) 

1.10 (1.04, 

1.17) 

1.13 (1.06, 

1.20) 

1.13 (1.07, 

1.20) 

1.13 (1.06, 

1.21) 

2.00 (1.68, 

2.37) 

1.19 (1.12, 

1.27) 
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 0.96 0.79 0.93 0.28 1.3 × 10−3 1.9 × 10−4 4.6 × 10−5 2.3 × 10−4 2.5 × 10−15 
5.4 × 10−8 

SLE 

1.05 (0.85, 

1.30) 

1.08 (0.88, 

1.33) 

1.37 (0.70, 

2.69) 

1.04 (0.88, 

1.23) 

1.37 (1.22, 

1.54) 

1.34 (1.17, 

1.54) 

1.12 (0.99, 

1.27) 

1.13 (0.99, 

1.29) 

2.35 (1.63, 

3.39) 

2.00 (1.75, 

2.29) 

 0.65 0.47 0.36 0.64 2.0 × 10−7 3.9 × 10−5 0.072 0.074 4.7 × 10−6 
9.4 × 10−24 

T1D 

0.96 (0.82, 

1.13) 

1.05 (0.90, 

1.22) 

1.49 (0.94, 

2.37) 

1.08 (0.96, 

1.21) 

1.07 (0.98, 

1.16) 

1.21 (1.10, 

1.33) 

2.00 (1.83, 

2.19) 

1.16 (1.05, 

1.28) 

1.85 (1.43, 

2.39) 

1.10 (1.00, 

1.22) 

 0.62 0.52 0.091 0.19 0.11 1.4 × 10−4 6.1 × 10−51 3.0 × 10−3 2.9 × 10−6 
0.045 

UC 

2.00 (1.83, 

2.19) 

1.50 (1.37, 

1.64) 

1.58 (1.17, 

2.14) 

1.03 (0.96, 

1.10) 

1.10 (1.04, 

1.16) 

1.09 (1.03, 

1.16) 

1.06 (1.00, 

1.13) 

1.04 (0.98, 

1.10) 

1.05 (0.90, 

1.22) 

1.00 (0.93, 

1.06) 

 1.5 × 10−51 5.6 × 10−18 3.0 × 10−3 0.38 3.1 × 10−4 5.1 × 10−3 0.061 0.18 0.53 0.89 

Asthma 

0.95 (0.88, 

1.02) 

0.98 (0.92, 

1.04) 

1.19 (0.94, 

1.50) 

0.97 (0.92, 

1.02) 

0.98 (0.94, 

1.02) 

1.02 (0.97, 

1.07) 

0.98 (0.94, 

1.02) 

0.98 (0.94, 

1.02) 

0.97 (0.87, 

1.08) 

0.99 (0.94, 

1.03) 

 0.18 0.53 0.14 0.24 0.33 0.41 0.30 0.32 0.59 0.56 
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Table 14: Summary of most predictive thresholds when PRS from training sets covering the whole genome were tested against their 
corresponding phenotype in an independent target set. The reported R

2 
is the variance explained by the full model, including age, sex and 

the first 5 principal components. 

Training phenotype Pt R
2 
(%) P 

Psoriasis 0.000001 0.42 3.3 × 10−24 

Multiple Sclerosis 0.5 0.57 5.9 × 10−8 

Primary Biliary 

Cirrhosis 

0.0001 2.2 3.9 × 10−9 

Rheumatoid arthritis 0.00001 0.76 2.8 × 10−18 

Systemic Lupus 

Erythematosus 

0.2 5.7 7.8 × 10−37 

Crohn’s disease 0.000001 1.6 2.4 × 10−14 

Ulcerative colitis 0.001 1.3 4.4 × 10−31 

 

 

Table 15: Number of variants making up each score based on markers from all over the genome. The most predictive threshold is shown in bold. 

Phenotype 1E-6 1E-5 1E-4 1E-3 1E-2 0.1 0.2 0.3 0.4 0.5 

MS 23 49 157 834 5,837 38,414 64,534 85,467 102,820 117,252 

RA 96 144 308 1,085 6,307 39,080 64,063 85,174 102,926 117,659 

CD 106 160 361 1,150 4,979 22,314 34,021 43,568 51,421 57,907 

UC 174 272 543 1,754 7,209 32,611 50,031 63,031 73,390 81,921 

PSO 4 11 50 316 2,535 17,393 29,562 39,734 48,310 55,593 

SLE 88 164 497 2,333 12,773 64,700 100,451 127,632 149,251 166,965 

PBC 44 77 179 682 3,701 21,697 35,745 47,419 57,152 65,558 
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Table 16: Risk ratios and 95% confidence intervals for each disease pair with P-values in italic below. Diseases for which we calculated polygenic 
risk score are listed horizontally while diseases for which an Icelandic cohort was available are listed vertically.   

Disease MS CD UC RA PSO SLE PBC 

AS 1.26 (0.92, 1.73) 1.26 (1.05, 1.52) 1.16 (0.91, 1.49) 1.03 (0.72, 1.47) 0.82 (0.51, 1.33) 1.04 (0.94, 1.16) 1.03 (0.89, 1.21) 

 0.15 0.014 0.24 0.87 0.42 0.42 0.66 

AITD 0.93 (0.79, 1.09) 0.95 (0.86, 1.05) 0.98 (0.88, 1.09) 1.79 (1.54, 2.08) 1.00 (0.99, 1.01) 1.05 (0.99, 1.11) 1.08 (1.00, 1.16) 

 0.37 0.30 0.71 6.4 × 10−14 0.98 0.11 0.062 

CD 0.87 (0.64, 1.18) 2.00 (1.68, 2.39) 1.70 (1.34, 2.16) 1.28 (0.96, 1.71) 1.08 (0.66, 1.77) 1.05 (0.95, 1.17) 1.00 (0.87, 1.16) 

 0.37 1.7 × 10−14 1.2 × 10−5 0.096 0.76 0.31 0.95 

MS 2.00 (1.56, 2.56) 1.00 (0.98, 1.02) 1.02 (0.82, 1.27) 1.09 (0.86, 1.38) 1.40 (0.96, 2.05) 1.02 (0.94, 1.11) 1.28 (1.14, 1.44) 

 3.1 × 10−8 0.99 0.86 0.47 0.082 0.62 4.6 × 10−5 

PBC 1.63 (1.01, 2.63) 1.13 (0.86, 1.49) 1.22 (0.84, 1.78) 2.31 (1.47, 3.62) 1.06 (0.53, 2.13) 1.20 (1.02, 1.41) 2.00 (1.59, 2.52) 

 0.045 0.39 0.30 2.6 × 10−4 0.87 0.027 3.9 × 10−9 

PSO 1.09 (1.00, 1.19) 1.13 (1.08, 1.19) 1.13 (1.05, 1.21) 0.97 (0.89, 1.06) 2.00 (1.75, 2.29) 0.99 (0.96, 1.02) 1.12 (1.07, 1.17) 

 0.044 1.3 × 10−6 6.1 × 10−4 0.50 3.3 × 10−24 0.53 2.7 × 10−7 

RA 1.00 (0.98, 1.02) 1.00 (1.00, 1.00) 1.09 (0.96, 1.24) 2.00 (1.72, 2.32) 0.87 (0.68, 1.11) 1.11 (1.06, 1.18) 1.10 (1.02, 1.19) 

 0.99 0.92 0.18 1.6 × 10−19 0.27 6.8 × 10−5 0.011 

SLE 0.96 (0.71, 1.30) 1.08 (0.89, 1.31) 1.16 (0.88, 1.53) 2.38 (1.73, 3.27) 1.52 (0.90, 2.58) 2.00 (1.80, 2.23) 1.50 (1.28, 1.77) 

 0.79 0.44 0.29 8.1 × 10−8 0.12 7.8 × 10−37 1.6 × 10−6 

T1D 0.96 (0.77, 1.20) 1.05 (0.90, 1.22) 1.23 (1.02, 1.49) 2.10 (1.68, 2.63) 0.90 (0.62, 1.31) 1.10 (1.01, 1.19) 1.20 (1.07, 1.34) 

 0.72 0.53 0.033 7.5 × 10−11 0.58 0.028 0.0024 

UC 1.03 (0.88, 1.20) 1.50 (1.37, 1.64) 2.00 (1.77, 2.26) 1.13 (0.98, 1.31) 1.13 (0.90, 1.42) 0.99 (0.94, 1.05) 1.02 (0.95, 1.10) 

 0.71 1.5 × 10−18 4.4 × 10−31 0.10 0.30 0.77 0.52 

Asthma 1.07 (0.96, 1.20) 0.97 (0.90, 1.04) 0.98 (0.90, 1.06) 0.94 (0.85, 1.04) 1.00 (0.98, 1.02) 1.02 (0.99, 1.07) 0.96 (0.90, 1.01) 

 0.24 0.40 0.63 0.25 0.99 0.21 0.13 
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Table 17: Association statistics for SNPs reaching genome-wide significance in a meta-analysis in each cohort individually. Effect allele is the 
same as in Table 9. 

 IMSGC meta-analysis Swedish cohort Icelandic cohort Norwegian cohort 

rsID P OR P OR P OR P OR 

rs1801133 (T) NA NA 6.8 × 10−6 0.88 (0.83, 0.93) 0.063 0.91 (0.82, 1.01) 0.012 0.88 (0.80, 0.97) 

rs11707807 (G) 2.2 × 10−5 1.07 (1.04, 1.11) 0.0049 1.09 (1.03, 1.15) 0.14 1.08 (0.98, 1.19) 0.072 1.08 (0.99, 1.18) 

rs13260060 (A) 5.9 × 10−6 1.13 (1.07, 1.19) 0.0019 1.16 (1.06, 1.27) 0.24 1.11 (0.93, 1.31) 0.049 1.13 (1.00, 1.27) 

rs175126 (G) 3.0 × 10−5 1.07 (1.04, 1.11) 2.3 × 10−8 1.20 (1.13, 1.28) 0.0074 1.15 (1.04, 1.26) 0.018 1.11 (1.02, 1.20) 

rs4245080 (A) 0.00095 1.06 (1.03, 1.11) 0.0011 1.10 (1.04, 1.16) 0.0046 1.15 (1.04, 1.27) 0.048 1.10 (1.00, 1.20) 

rs9562970 (A) 1.1 × 10−5 1.12 (1.06, 1.18) 0.082 1.09 (0.99, 1.19) 0.018 1.17 (1.03, 1.34) 0.072 1.15 (0.99, 1.34) 
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Table 18: Association statistics for SNPs identified through the proxy-phenotype method in each study cohort individually. Effect allele is the same 
as in Table 11. 

 IMSGC meta-analysis Swedish cohort Icelandic cohort Norwegian cohort 

rsID P OR P OR P OR P OR 

rs72678531 (G) 9.3 × 10−4 1.07 (1.03, 1.12) 0.0060 1.12 (1.03, 1.22) 0.33 1.06 (0.94, 1.20) 0.80 1.02 (0.90, 1.14) 

rs17674224 (C) 0.036 1.03 (1.00, 1.07) 0.11 1.05 (0.99, 1.11) 0.074 1.09 (0.99, 1.21) 0.0014 1.16 (1.06, 1.27) 

rs4743150 (A) 2.1 × 10−4 0.93 (0.89, 0.96) 0.20 0.93 (0.84, 1.04) 0.97 1.00 (0.89, 1.12) 0.76 1.01 (0.95, 1.08) 

rs12871645 (A) 2.5 × 10−4 0.87 (0.81, 0.94) 0.44 0.94 (0.81, 1.10) 0.011 0.72 (0.56, 0.93) 0.66 0.95 (0.75, 1.20) 

rs2271293 (A) 0.015 1.06 (1.01, 1.11) 0.068 1.07 (1.00, 1.15) 0.0063 1.24 (1.06, 1.44) 0.0061 1.18 (1.05, 1.33) 

rs34536443 (A) 0.0027 0.74 (0.61, 0.90) 0.025 0.70 (0.51, 0.96) 0.0011 0.36 (0.19, 0.66) 0.95 0.97 (0.35, 2.69) 

rs2073167 (G) 2.2 × 10−5 0.93 (0.90, 0.96) 0.040 0.94 (0.89, 1.00) 0.78 1.01 (0.92, 1.12) 0.21 0.95 (0.88, 1.03) 
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6.1 Locus plots  

Locus plots for all variants listed in Table 9 and Table 11 are shown below. The locus plots were 

generated using only SNPs that were included in all four studies of the first meta-analysis, except for 

rs1801133, where only SNPs surviving quality control in all three Nordic cohorts of the second meta-

analysis (see methods) were used. The recombination rates are derived from the European subset 

(CEU) of the 1000 Genomes phase I data (McVean et al., 2012). Figures were generated using 

SNAP, a web based tool developed at the Broad institute of Harvard and MIT (Johnson et al., 2008). 

SNAP is available at https://www.broadinstitute.org/mpg/snap/index.php.  

 

Figure 18: Locus plot for rs1801133. P-values are from a meta-analysis that excludes the 
IMSGC study.  

 

 

 

https://www.broadinstitute.org/mpg/snap/index.php
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Figure 19: Locus plot for rs11707807. 

 

 

Figure 20: Locus plot for rs13260060. 
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Figure 21: Locus plot for rs175126. Note that the P-value before conditioning on rs34383631 is 
shown. 

 

Figure 22: Locus plot for rs4245080. 
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Figure 23: Locus plot for rs9562970. 

 

 

 

Figure 24: Locus plot for rs72678531. 
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Figure 25: Locus plot for rs17674224. 

 

 

Figure 26: Locus plot for rs4743150. 
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Figure 27: Locus plot for rs12871645. 

 

 

Figure 28: Locus plot for rs2271293. 
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Figure 29: Locus plot for rs2073167. 

 

 

Figure 30: Locus plot for the association of rs2271293 with Psoriasis in Iceland. 
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Figure 31: Locus plot for the association of rs4743150 with basophil counts in Iceland. 

 

 

Figure 32: Locus plot for the association of rs4743150 with mean corpuscular hemoglobin in 
Iceland. 
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Figure 33: Locus plot for the association of rs4743150 with mean corpuscular volume in 
Iceland. 

 

 

Figure 34: Locus plot for the association of rs4743150 with red blood cell counts in Iceland. 


