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Preface

Since the publication of the first genome-wide associations study 
(GWAS) in 20051, GWAS have revolutionized the study of the genetics 
of complex diseases. GWAS enable researchers to interrogate the 
genome in a systematic manner that allows for the identification of 
thousands of loci associated to disease. GWAS have become possible 
because of the availability of a catalog of human genetic variation2–4 
and through the development of technology to assess genetic variation 
by microarray, which allows for high-throughput analysis of samples at 
reasonable cost. To perform a GWAS it is necessary to have cohorts of 
1000s individuals who are affected by the disease of interest (cases) and 
1000s of ethnically-matched, unaffected individuals (controls) (Fig 1A). 
DNA of all the individuals is hybridized onto genotype arrays that contain 
hundred thousands of single nucleotide polymorphism (SNPs) that tag 
most of the common variation (Minor allele frequency >5%) across the 
whole genome in Caucasian populations. While the first GWAS arrays 
only contained 100,000 SNPs, current DNA chips can contain 800,000 
SNPs. Determining if one of the genotyped SNPs is associated to the 
disease of interest requires a statistical analysis that tests if a SNP 
is more frequently present in the cases than in the controls. Since the 
number of SNPs tested is extremely large, a conservative p value of 5 x 
10-8 is regarded as significant, and these positive associations always 
require independent validation in other study cohorts5. This method has 
been applied successfully to multiple immune-mediated diseases (IMDs). 
In fact, IMDs have been among the most studied diseases with GWAS 
studies published as early as 20076–8,with one of the most exciting early 
GWAS observations being the overlap in associated SNPs between IMDs9.
Despite these advances, the interpretation of the genetic associations 
and their implications for disease biology has presented three major 
challenges. The first is that it is difficult pinpoint both the causal SNP variant 
and the causal gene because it is not possible to distinguish between 
a direct association (the top SNP showing the association) (Fig 1B) and 
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an indirect association (all the other SNPs that are closely correlated - a 
phenomena known as linkage disequilibrium). The second challenge is 
that the regions containing SNPs in high linkage disequilibrium with each 
other (LD-block, Fig. 1B) can be large and therefore contain multiple genes 
(Fig 1A). The third challenge is that most of the associated variants are 
not in the coding part of the genome and therefore do not affect proteins 
directly.

Figure 1. Genome-wide associations studies. A) GWAS workflow. Dark red individuals represent the individuals 
with that carry the risk allele. The regional plot shows the associated SNPs within the locus.  B) Illustration of direct 
and indirect associations in a locus. The blue arrow represents the SNP with the strongest association within the 
locus (Top SNP). Orange arrows represent the SNPS in high linkage disequilibrium with the Top SNP C) Regional plot 
showing genome-wide association at one locus. SNP with the strongest association in the region is shown in purple. 
SNPs in LD with the strongest associated SNP are shown in light blue(r2 <1 and >0.9), green (r2 <0.9 and >0.7), 
yellow (r2 <0.7 and>0.5), orange (r2 <0.5 and >0.3), dark orange (r2 <0.3 and >0.1), and red(r2 <0.1).

Designed based on the presumed shared etiology between IMDs, the 
Immunochip was introduced in 2010. It is a custom-made genotyping 
chip constructed by an international consortium that densely covers 
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186 distinct loci associated with 11 IMDs, including celiac disease10. The 
Immunochip was developed to fine-map the associations of IMDs to causal 
SNP variants and genes, and to discover new loci. The first association 
analysis using the Immunochip became available just as I started my 
thesis work in October 2011. It reported 39 non-HLA loci encompassing 
57 genetic variants associated to celiac disease11. The Immunochip was 
regarded as the best chip for fine-mapping and pinpointing causal SNPs as 
the chip includes, on average, 467 SNPs per celiac locus vs. 51 per GWAS 
locus, and includes some 25,000 rare SNPs (Minor Allele Frequency (MAF) 
<0.05). In Fig 1C I show an example of the increased number of markers 
present on the Immunochip array compared to the previous GWAS array 
in which the same IL2-IL21 locus that was shown in Fig 1A is represented. 
Since 2011, almost 300 hundred loci have been associated to 15 different 
immune diseases [partly reviewed in chapter 1 and described in Table 1].
The work in this thesis is focused on refining the genetic associations of 
IMDs identified by GWAS and Immunochip. The first part, Chapters 1-5, 
focusses on the genetics of multiple IMDs. The second part, Chapter 6-8, 
focusses on celiac disease. 

Part I: Genetics of immune-mediated diseases

In chapter one we characterized the variants associated by GWAS to 12 
IMDs that were part of the Immunochip consortium. In this research I made 
use of the top associations reported in the GWAS catalog and the SNPs 
in high linkage disequilibrium with them, and I investigated their potential 
functional consequences using the ENCODE database12. I analyzed the 
physical location of the variants in the genome as well as their regulatory 
consequences. What we found is that 90% of the variants are located 
in regulatory regions and almost half of these affect the expression of 
nearby genes. Interestingly, many loci are physically shared between 
the diseases, although it is not clear if the variants are having the same 
downstream effects. To test this, we pinpointed the causal variants and 
the genes affected by them. 
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In chapter  two we used the Immunochip to identify genetic factors 
contributing to Thrombotic thrombocytopenic purpura (TTP), a rare, life-
threatening disease characterized by systemic microvascular thrombosis 
with various symptoms and signs of thrombocytopenia and hemolytic 
anemia, leading to organ dysfunction13. The only genetic factor known 
so far that associates to TTP is human leukocyte antigen (HLA) class II 
alleles (HLA DRB1*11)14. We therefore analyzed 186 cases and 1,255 
controls and identified multiple independent signals reaching genome-
wide significance in the HLA region. However, we found only five 
suggestive associations outside of the HLA region. Taking advantage 
of the Immunochip’s high coverage of markers within the HLA region, 
we performed imputation of classical HLA genes followed by stepwise 
conditional analysis. This approach revealed that the combination of the 
SNP rs6903608 and HLA-DQB1*05:03 seems to explain most of the HLA 
association signal in acquired TTP. Our results refined the association of 
the HLA class II locus with acquired TTP, confirming its importance in the 
etiology of this autoimmune disease. 

In chapter three I explored the contribution of archaic haplotypes inherited 
from the Neanderthal to human IMDs. It is well known that Neanderthal 
haplotypes are enriched for immune genes15,16, suggesting that they 
might be contributing to the pathogenesis of immune diseases. Although 
Neanderthal variants have been associated to immune phenotype 
using GWAS results15,17, the contribution of Neanderthal variants to the 
Immunochip associations had not been studied before. The functional 
role of the variants inherited from the Neanderthal genome in the 
development of diseases was also not clear. We intersected 508 variants 
in 260 loci associated to 14 IMDs by Immunochip and identified 7 loci 
with variants that had been inherited from the Neanderthal. The majority 
of the Neanderthal variants where located in non-coding regions of the 
genome, thus we investigated their regulatory effect on nearby genes 
(cis-eQTLs) and in the alteration of motif-binding sites. We assessed if 
the Neanderthal haplotypes were increasing or decreasing the risk for 
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the associated diseases. Finally, we showed that the regions covering the 
Neanderthal haplotype are 10-50% smaller than the locus size. 

In chapter four I aimed to prioritize candidate causal genes for IMDS. I 
performed a systematic analysis to link 460 SNPs that were associated 
with 14 IMDs by the Immunochip to causal genes using transcriptomic 
data from 629 blood samples. We ultimately prioritized 233 candidate 
causal genes, including 53 non-coding RNAs. Based on our observations 
from chapter one, we knew that many loci were shared between diseases, 
but the downstream consequences were not clear. In chapter  four we 
show that, in some of the loci, the causal genes differed depending on the 
disease. 

Celiac disease as a model
Chapter five gives an overview of the genetics of celiac disease and the 
results that have been achieved so far. Celiac disease is a complex, chronic 
inflammatory disease of the small intestine. The provoking environmental 
factor in celiac disease is dietary gluten, and it is well established that the 
main genetic risk factors for celiac disease are the HLA molecules, which 
are responsible for 40% of the disease heritability. Further, GWAS and 
Immunochip analysis have identified an additional 57 variants outside 
the HLA region that explain another 13.7% of the heritability of celiac 
disease11. 

Part  II:  Hunting  for  the  missing  heritability  in  celiac 
disease

Previous associations by GWAS are based on the “common disease, 
common variant” hypothesis, which states that common diseases are 
partly attributable to allelic variants present in >5% of the population. 
Most of the associated variants only provide small incremental additions to 
the disease risk and only explain a small portion of the familial clustering, 
raising the question of how to explain the “missing” heritability18. In the 
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second part of this thesis I applied different complementary strategies to 
unravel factors contributing to the missing heritability in celiac disease.
It has been suggested that the missing heritability could be explained by 
a combination of common and rare variants19. Only a few low frequency 
or rare variants (MAF <5%) have been associated to complex diseases 
so far, but on average they show much stronger effect sizes and their 
contribution to disease risk or protection is therefore much higher20,21. In 
this thesis I aimed to identify low frequency of rare variants contributing 
to celiac disease.

In the first part of chapter six I described our strategy to identifying rare 
variants contributing to the pathogenesis of celiac disease by analyzing 
the exome- and whole-genome sequencing of families in which celiac 
disease segregates. I explained how the project was developed in three 
main stages. In stage one we performed whole-exome sequencing in 
2 individuals of 23 unrelated families, as part of this stage I performed 
a linkage analysis from a three-generation family followed by exome-
sequencing of two affected individuals, the results of this approach are 
presented in appendix I. In stage two we did whole-exome sequencing 
in 6 and 8 individuals from two multi-generational families, results from 
family 605 are present in the second part of this chapter.  In stage 3 we 
performed whole-genome sequencing (WGS) in 52 individuals members 
of five families. Three of the families segregate only CeD and the other 
two families segregate multiple IMDs within the family, due to the high 
pleiotropy in IMDs, we hypothesized that we could find some shared 
loci. In the second part  of  this  chapter by analyzing many individuals 
from a multi-generation family I could investigate the presence of private 
mutations that might co-segregate with the disease, as well as the 
expression of the affected genes in intestinal biopsies of celiac disease 
patients. After prioritizing two genes with mutations in this initial family, 
we searched for independent families with mutations within the same 
genes; identifying one additional family that has variants in the same two 
genes. 



18

In chapter seven I focused on fine-mapping the LIM Domain Containing 
Preferred Translocation Partner In Lipoma (LPP) locus, which is the 
locus showing the strongest association to celiac disease11. We inferred 
genotypes not directly measured in the study samples by modeling the 
patterns of linkage disequilibrium in a reference panel. This method 
permitted us to deal with the problem of indirect association (Fig 1B). 
We then performed haplotype association analysis in four different 
populations. With this multi-ethnic approach we narrowed down the 
celiac-disease-associated region from 70 kb to 2.8 kb and, by intersecting 
this region with publicly available functional data, were able to pinpoint a 
single potential causal variant.  

In the meta-analysis described in chapter eight, we aimed to discover 
new common and low-frequency variants that contribute to celiac 
disease using Immunochip results. To do this we increased the sample 
size compared to that analyzed in previous studies and we introduced 
new ethnicities to the analysis (Irish and Argentinian). To follow up the 
new associated loci we found, we used transcriptomic data from 2,116 
blood samples to assess the effect of the top-SNPs in the expression 
of nearby genes. We also interrogated the expression of these genes 
in biopsies of celiac patients. Additionally, to prioritize candidate causal 
genes we performed functional annotation of the loci and perform 
pathway enrichment analysis to identify new causal pathways. Finally, in 
chapter nine I discuss the present and future challenges in the immune-
genetics field.
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Chapter 1

Abstract

Genetic studies in immune-mediated diseases have yielded a large number 
of disease-associated loci. Here we review the progress being made in 
12 such diseases for which 200 independently associated loci have been 
identified since 2007 by genome-wide association studies. It is striking 
that many of the loci are not unique to a single disease but shared between 
different immune-mediated diseases. The challenge now is to understand 
how the unique and shared genetic factors can provide insight into the 
underlying disease biology. We annotated disease-associated variants 
using the ENCODE database and demonstrate that of the predisposing 
disease variants, the majority have the potential to be regulatory. We also 
demonstrate that many of these variants affect the expression of nearby 
genes. We further summarize results from the Immunochip, a custom-
array, which allows a detailed comparison between five of the diseases 
that have so far been analyzed using this platform.
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Introduction

Immune-mediated diseases arise from an aberrant activity of the human 
adaptive or innate immune systems. The immune system may either 
overreact (as in inflammatory diseases), or fail to recognize its own cells 
or organs as ‘self’, (as in autoimmune diseases), or start an inappropriate 
immune response to otherwise harmless substances (as in allergies). Well-
known examples of autoimmune diseases include rheumatoid arthritis 
and type 1 diabetes. Crohn’s disease (one of the types of inflammatory 
bowel disease) is a well-known example of an inflammatory disorder. 
Roughly 1 in 30 individuals is affected with some type of autoimmune 
disease, which makes autoimmunity a major global health problem (112).

In this review we will discuss the advances that have been made in the 
genetics of immune-mediated diseases, and in particular the notion that 
many genetic factors are shared amongst multiple immune-mediated 
diseases. Comparing and contrasting these factors may allow us to 
gain insight into the underlying biological mechanisms. We will focus 
particularly on the 12 immune-mediated diseases that were targeted 
by genome-wide association studies (GWAS) and on the Immunochip 
consortium’s studies. The 12 diseases are: ankylosing spondylitis (AS), 
autoimmune thyroiditis (AIT), celiac disease (CeD), Crohn’s disease (CD), 
immunoglobulin A deficiency (IgAD), multiple sclerosis (MS), primary 
biliary cirrhosis (PBC),  psoriasis (PS), rheumatoid arthritis (RA), systemic 
lupus erythematosus (SLE), type 1 diabetes (T1D), and ulcerative colitis 
(UC). AIT consists of Grave’s disease (GD) and Hashimoto’s disease but in 
this review we will only focus on GD. See Table 1 for a description of the 
12 diseases. The Immunochip offers a genetic platform for fine-mapping 
the immune-related loci, which has now been performed for five diseases 
(CeD, IBD, PBC, PS, RA). 
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Chapter 1

Complex genetics

Immune-mediated diseases develop in genetically susceptible individuals, 
but require a complex interaction between the immune system, 
environmental factors and, in some cases, also microbial factors. The 
notion that genetic factors predispose to immune-mediated diseases 
comes from twin and family studies. In general, the disease concordance 
is much higher in monozygotic twins (4, 43, 112) (Table 1) than in dizygotic 
twins or other siblings, and the recurrence risk for a patient’s sibling is 
larger than for a sibling of an individual from a healthy population.

The major histocompatibility complex (MHC) on chromosome 6p21 
contains many immune genes including the human leucocyte antigen 
(HLA) genes. More than 28% of the expressed transcripts from the MHC 
region are believed to have essential functions in the human immune 
system (46). Not surprisingly, the strongest association to immune-
related diseases maps to the HLA region (Table 1), further reinforcing 
the role of predisposing genetic factors in these disorders. For example, 
approximately 90% of AS patients express the HLA-B27 genotype, 
whereas only 2-8% of healthy Europeans carry this particular genotype 
(77). Likewise, almost all CeD patients carry the genes necessary to 
create the HLA-DQ2 heterodimer, whereas the frequency of this allele 
in the general population is no higher than 15% (62). In both examples, 
however, some 5% of the individuals with the appropriate HLA genotype 
actually develop the disease, suggesting that other genetic factors are 
also important. These additional genetic factors are likely to reside outside 
the HLA region.

Some of the HLA alleles associated with immune-mediated diseases are 
present on the same ancestral HLA A1-B8-DR3-DQ2 haplotype, also 
known as the ancestral 8.1 haplotype (in full: HLA A*0101-Cw*0701-
B*0801-DRB1*0301-DQA1*0501-DQB1*0201) (17). This  haplotype, 
which is associated with CeD, GD, IgAD, SLE, and T1D (113), is the most 
common haplotype in northern Europe. The ancestral 8.1 haplotype also 
alters the balance of cytokines produced thereby influencing immune 
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function in healthy carriers of this haplotype (67). Extended haplotypes 
and strong linkage disequilibrium make it difficult to identify independent 
association signals within the HLA region.

Patients suffering from one immune-mediated disease show a markedly 
higher risk of having a second such disease. For example, T1D is 
prevalent in patients with CeD, GD, SLE and RA  (supplemental table 
1). This observation suggests a common genetic background to which 
shared HLA genes as well as genes outside the MHC region are likely to 
contribute.

Genetic studies

Before the era of GWAS (pre-2006), the identification of disease-
predisposing genes was based on candidate gene approaches and 
family-based linkage studies, but for immune-mediated diseases these 
studies had been mostly unsuccessful. There are several reasons why 
these studies did not work out at that time: the knowledge on disease 
processes, and hence potential candidate genes, was rather limited, there 
was no reference map of common genetic variation and such studies were 
often limited to testing one or only a few polymorphisms, and the power 
of the studies undertaken was often too low to establish any association 
even if it was present.
 
Despite these limitations there were some successful candidate gene 
studies. The CTLA-4 gene was suggested as a candidate based on its 
inhibitory signaling of T-cells. A small study in only 133 patients with 
GD and 85 controls was the first to establish association to CTLA-4 
(115), quickly followed by a study showing its association with T1D (82). 
CTLA4 is now a well-established immune-mediated disease locus; it is 
also associated to CeD, RA, and alopecia areata (45). Another successful 
example was the association of a coding variant in the PTPN22 gene 
(R620W) to T1D (11), which was rapidly confirmed in other immune-
mediated diseases (10, 63, 101, 110, 118).
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Chapter 1

Family-based linkage studies were an alternative to candidate gene 
approaches; they were considered more powerful as they did not require 
knowledge of the underlying disease pathophysiology. In contrast, linkage-
based studies are hypothesis-free and treat every gene in the genome 
as equally likely to be involved in the disease etiology. The majority of 
the linkage signals for the diverse immune-mediated diseases have not, 
however, led to candidate genes. This failure of the method is probably 
due to the fact that complex diseases are caused by many genes of 
modest effect and that they are fairly common – and thus the risk alleles 
are also common. Consequently, the affected sibpair studies had limited 
power due to the difficulties of collecting enough sibpairs. Nevertheless, 
a success story in family-based linkage studies was the identification of 
NOD2 as one of the causative genes for IBD (52) after the mapping of 
a CD susceptibility locus to chromosome 16 (53). The NOD2 gene was 
shown to contain a frameshift variant (L980fs minor allele frequency 
(MAF) 2%) and two missense variants that increase the risk to CD 
substantially (R645W MAF 1%, G881R MAF 4%). The genotype relative 
risks for heterozygote NOD2 mutation carriers is 3 and for homozygotes 
or compound heterozygotes it is 23.4 (27).  NOD2  is a bacterial sensor 
and the identification of this gene as one of the CD susceptibility factors 
has provided new insights into the functional pathways and the role of 
bacteria in the disease process (24).

Genome-wide association studies
In an influential perspectives article published in Science in 1996, Risch 
and Merikangas postulated that the future of complex gene discovery 
would require large-scale testing by association analysis (91). Interestingly 
enough, at that time, large-scale variation in the form of SNPs (single 
nucleotide polymorphisms) had not been comprehensively identified or 
characterized, while the technology available to assess genetic variation 
was time-consuming and expensive. It was not until 2005, after the 
Human Genome (65) and HapMap (3) projects had been completed, in 
combination with the introduction of array-based approaches, that GWAS 
allowed the testing of every gene in the human genome for association to 
a disease or trait of interest. These array-based approaches transformed 
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the field of complex genetics research, because they were relatively 
inexpensive and allowed for automated and high-throughput analyses 
of samples.

In general, GWAS test 100,000s of SNPs across the entire genome in 
thousands of patients and ethnically-matched controls. To exclude the 
possibility that the observed genetic association is due to chance, given 
the large number of tests being performed, the test statistic is corrected 
for the number of tests performed. In practice, this means that genome-
wide significance is declared when p values are <5.10-8. In addition, 
findings need to be replicated in independent study samples (19).

Commercial GWAS arrays contain a fixed set of SNP markers and are 
designed in such a way that they capture the majority of common SNP 
variation (MAF >5%) in Caucasian populations, either directly or indirectly 
though linkage disequilibrium by tagging common haplotypes (so-called 
tag SNPs) (28). As of August 2012, 88 GWA studies had been published (45) 
for the 12 immune-mediated diseases that the Immunochip consortium is 
focusing on, which identified 199 independent “genome-wide significant” 
loci, excluding MHC (Supplemental Table 2). Most of the studies were 
based on a case-control design, but unfortunately only a few included 
parent-offspring trios. Moreover, almost all the studies were performed 
on cohorts of Caucasian descent, although a few were performed on 
Ashkenazi Jews (CD), and Chinese (AIT, AS, PS, SLE), Japanese (AIT, RA, 
SLE, UC) and Korean (RA) individuals. Conclusions based on GWAS on 
other populations should keep these design aspects in mind, especially 
since population-based, large scale sequencing studies such as the 1000 
Genomes Project (23) and the Genome of the Netherlands (http://www.
nlgenome.nl) now show that some alleles are clearly population-specific.

What have GWAS revealed so far?
GWA studies have mainly revealed common variants of modest effect 
with odds ratios between 1.04 and 3.99 (mean=1.29) (when excluding 
the MHC region). These explain less than 50% of the genetic variation for 
each of the 12 diseases, which poses the question: what can explain the 
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remainder of the heritability? It is likely that the GWAS have missed many 
rare or population-specific variants that contribute to the heritability. 
Resequencing of genes residing in GWAS loci has indeed discovered the 
presence of rare and potentially causal variants, for example as recently 
shown for the IFIH1 gene in T1D patients (81) and the IL23R gene in 
CD patients (79, 92). In contrast, thousands of common alleles of very 
modest effect may contribute to autoimmune disease susceptibility. We 
will address this polygenic component later.
 
One of the most striking observations from GWAS results is the overlap in 
signals between different diseases. One of the first examples included the 
4q27 locus containing the IL2 and IL21 genes that showed association 
to CeD (109), T1D (12), RA (117) and, more recently, UC (5). Both IL2 
and IL21 are T-cell-derived cytokines, potentially involved in immune-
mediated diseases as they have antagonistic effects on the development 
of Foxp3+ regulatory T-cells (Treg) and proinflammatory Th17 cells. 
Human genetic studies are not likely to reveal the causal disease gene as 
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the 4q27 locus is a region of extensive and strong linkage disequilibrium, 
although a study in Chinese UC patients showed that IL2 and IL21 reside 
in two independent blocks of linkage disequilibrium. However, both IL2 
and IL21 showed association to UC (98), suggesting that both genes 
might be functionally implicated in immune-mediated diseases. 
 
The notion that immune-mediated diseases share some of their genetic 
background is now well accepted and has been reviewed by Zhernakova et 
al. (120). From the GWA studies on the 12 immune-mediated diseases, 68 
non-HLA loci are shared by at least two diseases (Figure 1, Supplemental 
Figure 1, Supplemental Figure 2, Supplemental Table 3, and Supplemental 
Figure 3 for a description of the analysis). Eleven loci are shared by more 
than four diseases, and a single locus (REL-PUS10 on 2p16) is shared 
by six different immune-mediated diseases. The Immunochip array is 
expected to reveal even more of the genetic factors shared by diseases 
(see below). In addition, the Immunochip may better reveal whether the 
loci are truly shared, since the limited resolution provided by GWAS SNPs 
means it is difficult to distinguish shared loci from loci that are just close 
together.

The  genetic  architecture  of  the  immune-mediated 
diseases

Despite the fact that GWA studies are biased towards common variants, 
we may speculate on the underlying genetic architecture of immune-
mediated diseases. Here we will discuss if and how the current data fit into 
one of three models: (1) the infinitesimal model, which comprises many 
variants of small effect sizes, (2) the rare allele model, which comprises 
many rare alleles of large effect, and (3) the broad sense heritability 
model, which comprises non-additive epistasis (both gene-gene and 
gene-environment interactions) as well as epigenetic effects (122).

Potential inheritance models
There is compelling evidence to suggest that immune-mediated diseases 
follow the infinitesimal model of common alleles of small effect size 
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predisposing to disease. Such a model was first described by Fisher in 
1918 (83) and is also referred to as the polygenic model. Under this model, 
most of the associated SNPs result in small increments in the disease risk 
and explain only a small portion of the familial clustering. Some 90% of 
the identified risk loci show odds ratios below 1.5 and, given that these 
are the ‘low-hanging fruits’, the expectation is that many more risk alleles 
will be identified with a marginal effect on the disease risk. Most GWA 
studies indeed show many SNPs that lie just under the level of genome-
wide significance, while a recent study in MS showed that the collective 
effect of 12,627 GWAS SNPs could explain only ~3% of the variance in 
MS risk (14). In a study by Stahl et al. (102), the polygenic model was 
optimized by allowing it to estimate the number and effect sizes of 
associated SNPs. They used this model to estimate that 2,231 SNPs 
that did not reach genome-wide significance in a GWAS on RA together 
explained an additional 18% of the disease risk above that from the 28 
known risk SNPs. For CeD 44% of the additional risk could be explained 
by 2,550 SNPs, excluding the strong risk provided by HLA. By inferring 
these additional disease-associated SNPs, it was found that 981 SNPs 
with moderate effect sizes could explain 33% of the inferred total liability-
scale variance for CeD (102) (That is genotypic relative risks (GRRs) >1.05 
for SNPs with MAF=0.5 and GRR >1.1 for SNPs with MAF= 0.05). For RA 
a smaller number of 212 SNPs of moderate effect size explained a much 
smaller proportion (5%) of the total disease variance. These findings 
suggest that the infinitesimal model – with hundreds of risk loci with 
extremely moderate risk effects – can explain a substantial part of the 
genetic risk to common diseases.

There is not yet much evidence providing support for the rare allele 
model. In this model disease variants are expected to be gain-of-
function or haploinsufficient alleles with a relatively strong effect (i.e. 
odds ratios >2). Synthetic association has been suggested as one of 
the underlying mechanisms to explain the observed disease association 
with a common variant, but it is most likely due to linkage disequilibrium 
between a common variant and several disease-promoting, rare variants 
that happen to segregate on the same haplotype (30). Such synthetic 
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association is indeed seen for the NOD2 locus, which is very strongly 
associated with CD in GWA studies (8, 12, 61, 74, 88). We know that 
the true causal variants are three rare NOD2 coding mutations but none 
of these mutations, or their proxies, is present on current GWAS arrays. 
Nevertheless, the aggregate effect size of the coding mutations creates 
genome-wide significant association at common tag SNPs. Resequencing 
studies have revealed more rare alleles but only a few show such large 
effects. On the other hand, it may be too early to fully refute this model 
and we should await the results from more targeted genotyping arrays 
such as the Immunochip and the exome chip. The Immunochip results 
are already available for CeD, IBD, PBC, PS and RA, and these will be 
discussed below.

The evidence supporting the broad sense heritability model is also limited 
so far, however, few studies support the role of non-additive epistatic 
effects in immune-related diseases.  A number of compelling gene-gene 
interactions have been seen, two of which are between HLA and non-
HLA loci. For example, SNPs in ERAP1, which encodes an endoplasmic 
reticulum aminopeptidase involved in peptide trimming before HLA class I 
presentation, only affect AS risk in HLA-B27-positive individuals (32). It is 
interesting that ERAP1 also shows evidence for interaction with HLA-C in 
PS (104). Epistatic interactions are also observed in SLE, mainly between 
the HLA and CTLA4 locus (51). The studies conducted so far have shown 
that although it is possible to find epistatic effects, they require high power 
and, especially for the gene-environment interactions, a controlled way of 
analyzing environmental variation.

Other factors influencing genetic architecture of disease
Epigenetic effects influencing gene regulation that predispose to disease 
susceptibility have also been described for immune-mediated diseases. 
Recently Quintero-Ronderos & Montoya-Ortiz (87) reviewed these effects 
in MS, RA, SLE and T1D. For example, histone modifications were studied 
in monocytes and lymphocytes of patients with T1D, interestingly, a 
subset of auto-immune and inflammation genes showed an increase in 
histone 3 lysine 9 demethylation (H3K9me2) in lymphocytes, suggesting 
a role in the disease (76) Histone modifications have also been associated 
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to vascular complications in T1D(78). Another epigenetic mechanism is 
genomic imprinting, which is suggested by the parent-of-origin effects 
that have also been linked to immune-mediated diseases. The strongest 
evidence comes from a GWA study on T1D (111), which identified a new 
locus in a well-established imprinted region on chromosome 14q32.2. It 
was marked by SNP rs941576, which lies in intron 6 of the maternally 
expressed noncoding RNA gene MEG3. However, since the risk of this 
locus to T1D is paternally transmitted, it was suggested that the causal 
variant influences the paternally imprinted DKL1 gene nearby. In MS, the 
parental transmission of HLA haplotypes was linked to the difference 
in the gender bias characterizing its susceptibility (20). It has also been 
hypothesized that defects in the X chromosome, including acquired X 
chromosome monosomy, skewed X chromosome inactivation, and 
reactivation of inactivated chromosome through loss of epigenetic 
control in females, may result in some immune-mediated diseases (4, 
69). Reactivation of an inactivated X chromosome in females results in 
over-expression of certain X-linked genes affecting the immune function, 
including the immune reaction to self-antigens (85).

In addition, evidence is emerging that interactions between genes and 
pathogens might be important in inducing a disease phenotype. The 
autophagy-related ATG16L1 gene has been associated to CD (15) and 
a recent Atg16l1 knockout mouse model showed nicely that disease 
development in the knockout mice depended on persistent infection with 
murine norovirus (16). Interestingly, the disease severity also seemed to 
depend on the presence of commensal bacteria in the gut. These results 
strongly suggest that complex diseases like CD may result from an 
interplay between genes, the gut microbiome and infection history (57). 
There is evidence that the gut microbiome is different in patients with 
immune-mediated diseases than in controls (6, 29, 95) and that viral 
infections correlate with the onset of some immune-mediated diseases 
(103).
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From gwas to causal genes and causal variants

The current interpretation of GWAS signals is based on widely spaced 
markers in genotyping arrays. Even with a frequently used chip with 
550,000 SNPs, there is only 1 SNP per 5.6 kb on average. Given an average 
size of 10-15 kb for a nuclear gene, this is a rather low resolution, with on 
average only three SNPs covering any gene in the human genome. With a 
denser array of SNPs it would still be difficult to pinpoint SNP associations, 
as the genotyping SNPs capture relatively long haplotypes due to the 
presence of linkage disequilibrium. The median length of haplotypes 
varies from 54.4 kb on chromosome 1 to 34.8 kb on chromosome 21 (3). 
To pinpoint disease associations to single genes and preferentially to 
single genetic variants requires refinement of association signals and/or 
the identification of disease-causing mutations that are strongly enriched 
in patients. The latter has been shown to work extremely well in families 
segregating for Mendelian disorders, but it is much more challenging in 
complex diseases.

Fine-mapping of GWAS associated loci
The first logical steps after performing a GWA study are to try to refine 
the association signal and to identify the most informative loci to perform 
resequencing to identify disease-causing mutations. A powerful way 
to fine-map a GWAS signal is to take advantage of haplotype diversity 
of disease loci across populations (39, 93, 108). Genomic surveys have 
revealed a large divergence of genetic variation across populations, in 
terms of allele frequency, linkage disequilibrium and haplotype structure, 
caused by evolutionary processes such as mutations, migration, genetic 
drift, and natural selection. By comparing risk haplotypes across 
populations the regions of association may be narrowed down. Such 
an approach can only be applied when diseases occur in different 
ethnicities and the association is to the same locus. The TNFAIP3-OLIG3 
locus spanning >400kb has been associated to CeD, PS, RA and SLE. 
Fine-mapping in SLE patients of African-American, Asia, European and 
Hispanic descent reduced the interval to a region of 48.5 kb (2). A more 
sophisticated approach that takes advantage of geographically divergent 
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ancestry is admixture mapping (99). This might be particularly appealing 
for immune-mediated diseases as evolutionary selection has acted on 
many autoimmune loci (1). Nowadays ancestry can easily be detected 
with specific SNP panels of ancestry informative markers (41, 114).

The first results from the Immunochip work have already revealed several 
interesting observations, despite the fact that results have only so far 
been reported for CeD (107), inflammatory bowel disease (CD and UC)
(57), RA (33), PBC (68), and PS (64) (Supplemental Table 4):

(a) Immunochip is an excellent platform for discovering new 
associations, as shown by studies on CeD (n=13), IBD (n=71), RA 
(n=14), PBC (n=3) and PS (n=14). These results may also be partly 
due to the studies’ greater power since they all had much larger 
sample sizes than the GWA studies.

(b) Immunochip allows association signals to be refined and has 
resulted in loci with single genes for CeD (n=19 out of 39), IBD 
(n=39 out of 163), RA (n=19 out of 46, and PBC (n=7 out of 18).

(c) In four diseases conditional analysis was performed, which 
identified independent association signals at 22 separate loci (CeD 
n=13; RA n=6; PBC n=5; PS n=5). Six of these loci (CD28, IL12A, 
TNFAIP3, SOCS1, STAT4, TYK2) are seen in at least two diseases 
and they might be excellent candidates for resequencing studies 
to identify additional causal variants. These independent signals 
may also increase the explained variance, as recently shown by 
Ke et al. (60). This will particularly be the case if the additional 
SNPs show larger effect sizes than the lead SNPs. For example, 
the SOCS1 locus on 16p13 has been associated by GWAS to MS 
and with the Immunochip array to both CeD and PBC; for the latter 
two diseases multiple independent signals were observed at this 
locus. The second independent signal for CeD was a very rare SNP 
(rs80073729, MAF= 0.004, OR=1.70), and this same SNP was the 
third independent signal in PBC.
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(d) Similar to GWAS SNPs, the majority of the lead SNPs from 
Immunochip studies are located in non-coding parts of the genome 
and only a small subset of them or their proxies are protein-altering 
variants (CeD n=3, IBD n=29, RA n=7, PBC n=5, PS n=10).

(e) Most of the association seen in Immunochip studies is to common 
variants. Only a few of the associated SNPs have MAFs <5% 
(CeD n=4, IBD n=2, RA n=1, PBC n=2, PS n=0), although the study 
sample sizes had more power to identify common variants.

The increased resolution obtained by Immunochip can, in theory, also be 
achieved by imputation of GWAS arrays, using the 1000 Genomes Project 
data as a reference for example. By modeling the patterns of linkage 
disequilibrium in a reference panel, genotypes not directly measured in 
the study samples can be inferred by imputation and tested for disease 
association. One of the advantages of imputation is that it allows meta-
analyses to be performed across multiple platforms (37, 75, 96), but 
is it also helpful in discovering new associations. In a recent study, the 
Wellcome Trust Case Control Consortium Phase I genotype data were 
imputed using 1000 Genomes Project data as a reference. The imputed 
dataset revealed two new loci that were missed in the initial analysis and 
potential causal variants were identified from two known loci that may 
provide more insight into the disease biology (50).

Functional gene prioritization
A completely different approach to prioritizing genes from GWAS loci is by 
incorporating functional data, such as gene expression data and protein-
protein interaction data (38, 66, 89, 90, 94). Functional data can also help 
to identify the potentially pathogenic cell types associated to immune-
mediated diseases. Hu et al. (47) developed a statistical approach to 
assist in identifying autoimmune-associated cell types and applied this to 
CD, RA and SLE. They observed, for example, that CD4+ effector memory 
T-cell genes are enriched in RA, that transitional B-cell genes are enriched 
in SLE, and that epithelial-associated stimulated dendritic cell genes are 
enriched in CD.
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Finally, genetically engineered mouse models showing similar phenotypes 
to human immune-mediated diseases may help in prioritizing candidate 
genes in GWAS loci. For example, the locus containing TNFAIP3 is 
associated to CeD, PS, RA and SLE. The TNFAIP3 gene product, A20, is 
involved in the negative feedback regulation of NF-_B signaling in response 
to specific proinflammatory stimuli. The association of TNFAIP3 to SLE is 
through a variant located in a highly conserved region with regulatory 
potential that is thought to affect the binding of transcription factors, 
including NF-_B, and thereby reduce the expression level of TNFAIP3 
(2). In mice, the myeloid-specific ablation of A20 results in spontaneous 
development of a severely destructive polyarthritis with many features of 
RA (72). Another example involves the TNFRSF14 gene product HVEM. 
The TNFRSF14 locus has been found to be associated to CeD, RA and 
UC, while knocking out Tnfrsf14 in the mouse genome results in a defect 
in the intestinal epithelial defense against pathogens due to decreased 
Stat3 activation (100).

Functional annotation of GWAS variants
To further our understanding of where the GWAS SNPs for the 12 
immune-mediated diseases are located, we extracted all the lead SNPs 
from studies performed in Caucasian individuals (n=337, Supplemental 
Tables 5 and 6) and their perfect proxies (2,537 SNPs present in the 1000 
Genomes Project dataset (23), within a 500 kb region and with an r2>1). 
For a total of 2,874 SNPs we determined their localization relative to the 
gene structure in the genome (Figure 2A, Supplemental Table 5): 2.6% 
of the variants map to exons, 42.3% to introns, 2.1% to UTRs and 53% 
to intergenic regions. With the publication of the ENCODE data (22), is 
it now possible to annotate SNPs to regulatory sequences: 7.6% of the 
variants map to promotor histone marks, 18.8% map to enhancer histone 
marks, 32.1% are in DNase hypersensitive sites, 42.3% change motifs, 
and 14.4% map to protein-bound regions (Figure 2B). Similar proportions 
were observed for individual diseases and if we only focus on the 56.64 
% of the SNPs shared by at least two of the phenotypes (198 lead SNPs 
and 1,430 proxy SNPs). Supplemental Table 6 shows the results for each 
disease separately.
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The picture that is emerging for immune-mediated diseases seems to 
be true for many GWAS variants. Maurano et al. (73) showed that 93% 
of the variants identified so far by GWAS are in non-coding regions. 
This clearly suggests that genetic variations providing susceptibility 
to complex diseases modulate transcriptional regulatory mechanisms, 
which also means that these SNPs may affect the expression of nearby 
transcripts (so-called cis-eQTLs). For some GWA studies this has indeed 
been reported. For example, 14 out of 26 CeD loci (54%) (31), 39 out of 
71 CD loci (55 %) (37), and 32 out of 53 T1D loci (60 %) (7) show an eQTL 
effect. We systematically investigated if the lead or proxy SNPs for each 
of the 12 immune-related diseases were also cis-eQTLs, using a set of 
1,240 samples derived from peripheral blood mononuclear cells (PBMCs) 
for which both genome-wide gene expression data and GWAS data 
were available (34). We know from comparing eQTLs across tissues that 
approximately one-third of cis-eQTLs show cell-type-specific differences 
(40). Since immune-mediated disease most likely involve immune cells, 
the eQTL analysis in PBMCs may provide valuable insights for future 
work. Of the 1395 SNPs that could be assessed for eQTL analysis, 766 
affect the expression of a nearby gene (Figure 1; Supplemental Table 5). 
An important question that remains is how these variants influence gene 
expression levels, for example: Do they interfere with transcription factor 
binding sites? Do they modulate promotor or enhancer elements? Do they 
change miRNA binding or target sites? Or do they regulate protein-coding 
genes in another way? The ENCODE data has clearly shown that some 
80% of the genome is functional. Using the ENCODE resource, Maurano 
et al. (73) showed that 76.6 % of all non-coding GWAS SNPs lie in DNase 
hypersensitive sites, when they intersected 5,654 SNPs (associated to 
207 diseases and 447 traits) and compared them to genome-wide DNase 
I maps generated in 349 different cell and tissue types. Interestingly, they 
also showed that DNase hypersensitive sites are significantly enriched in 
AS, CeD and MS. Schaub et al. (97) further showed that GWAS SNPs are 
enriched for the presence of regulatory and transcriptionally functional 
SNPs, by integrating different levels of information (predicted regulatory 
motifs, eQTL information, DNase I footprints and ChiP-seq data).
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Apart from regulatory elements and protein-coding genes, it has also 
become apparent that there are multiple classes of RNA molecules that 
are regulatory and not being transcribed into a protein (the so-called non-
coding RNAs). Important classes of non-coding RNAs include miRNAs 
and lincRNAs. Annotating the 2,874 SNPs with respect to non-coding 
RNAs showed that 1.25% change miRNA binding sites and 8.52% map 
to lincRNAs. A recent study (42) showed that SNP variation can also alter 
miRNA expression levels and probably affect downstream transcriptional 
programs. We made a similar observation for lincRNAs by showing that 
their level of expression can also vary depending on SNP variation (V. 
Kumar and C. Wijmenga, unpublished observations). Both studies are 
intriguing, as this would put the full transcriptome forward as the basic 
unit of heredity and not the ~22,000 protein-coding genes. Focusing more 
on gene regulation also requires the correct cell types – in which disease-
associated transcriptional programs are active – to be studied. Nowadays, 
part of this information might be obtained in silico. Based on the cells and 
tissues in which they detected DNase hypersensitive sites, Maurano et al. 
(73) could, for example, also show that T-helper (Th) cells 17 (Th17) cells 
and Th1 cells are enriched in CD and that both CD3+T cells from umbilical 
cord blood and CD19+/CD20+ B-cells are enriched in MS.

One limitation of the annotation analyses described above is that the 
SNPs they include cover rather large chunks of DNA and that many of 
the lead SNPs are tightly correlated with nearby SNPs. For the immune-
related diseases, there are 7.6 proxy SNPs to each lead SNP. Hence, it 
can be difficult to discern which of the SNPs are the causal variants and 
which SNPs track together with the causal variant because of linkage 
disequilibrium. A study in SLE clearly demonstrated the added value 
of combining the resequencing of a disease-associated locus with 
functional follow-up studies (70). The authors focused on the CSK locus for 
functional reasons because its gene product, Csk, physically interacts with 
PTPN22. The PTPN22 gene is associated with several immune-mediated 
diseases, while the CSK locus was loosely associated in a SLE GWAS (71) 
and is a strong risk factor for CeD. After sequence analysis of the CSK 
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exons and five highly conserved intronic regions was performed for 24 
Caucasian SLE patients homozygous for the risk haplotype, the strongest 
association was observed to an intronic variant (rs34933034) with a MAF 
of 14.07% in controls (70). The rs34933034 SNP is a good candidate to 
be the causal variant, as there are no other variants in the region in strong 
linkage disequilibrium with rs34933034, according to SNAP (56). The risk 
allele of rs34933034 is close to DNase-sensitive sites and was shown to 
be associated with increased CSK expression. In particular, transitional 
B-cells had higher CSK expression than other types of B-cells. Carriers of 
the risk allele also showed a difference in B-cell activation and maturation. 
Interestingly, Hu et al. (47) had already predicted that transitional B-cell 
genes would be enriched in SLE.

Next-generation sequencing to identify causal variants
With new technologies, such as high-throughput sequencing, it has 
been possible to identify causal variants for many Mendelian diseases, 
but it is not yet clear if this will work for common, complex diseases. 
Only a few sequencing studies have been performed so far for immune-
mediated diseases and the relatively small sample sizes are one of the 
major limitations in detecting causal variants and robustly establishing 
association. One example is a sequencing study by Surolia et al. (105) 
in 923 cases with different immune-mediated phenotypes, where rare 
variants in the SIAE gene were reported to be associated to autoimmunity; 
they also reported some functional consequences of the identified variants. 
Nevertheless, the association could not be replicated in an independent 
cohort of 66,924 individuals (54). The likely explanation for the positive 
association found by Surolia et al. might be that it was due to subtle 
population stratification resulting in spurious association. These results 
warrant careful interpretation of the resequencing studies, in particular 
when they entail rare alleles which tend to be more population-specific.

Studies by Nejentsev et al. (81) and Rivas et al. (92) show that although it 
is possible to identify rare variants with moderate effect sizes using high-
throughput sequencing, larger samples sizes are needed (Supplemental 
table 7). Nejentsev et al. sequenced exons and splice sites of ten candidate 
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Figure  2  Characterization  of  variants  associated  to  immune-mediated  diseases.  (a) Circos plot summarizing 
the functional annotation of the associated GWAS SNPs for the GWAS loci present in Caucasian populations. 
From inner to outer rings: promoter histone marks, enhancer histone marks, DNase-hypersensitive sites, protein 
binding, changed motifs, as analyzed for lead SNPs and their proxies (r2 = 1). Each disease is in a different color. (b) 
Localization of GWAS SNPs into functional elements along a chromosome for both shared and unique loci. Lead 
SNPs present in genome-wide significant loci from Caucasian populations and perfect proxies (r2 = 1) were mapped 
to the noncoding genome using HaploReg. Blue bars show the percentage of shared SNPs (i.e., those shared by at 
least two diseases), and red bars show the percentage of unique SNPs; the percentage of eQTL mapping to each 
functional element is shown for both the shared (green) and unique (purple) loci. Abbreviation: UTR, untranslated 
region.
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genes in pools of DNA from 480 T1D cases and controls, followed by 
testing the identified variants for association in 30,000 participants. 
Using this strategy they discovered rare variants in the IFIH1 gene that 
protect against T1D (OR=0.51-0.74). Rivas et al. performed a study in 
which 56 genes were studied in 350 CD cases and 350 controls; they also 
pooled samples for high-throughput sequencing, followed by replication 
of 70 rare non-synonymous, nonsense and splice-site variants in 6,054 
CD cases, 2,052 UC cases and 7,575 healthy controls. They identified 
variants that independently contribute to disease risk in four known loci: 
CARD9, NOD2, CUL2 and IL18RAP with an OR between 1.45 and 4.02. 
In addition, Rivas et al. reported a protective variant in IL23R (OR=0.72, 
p=1.18.10−5) and three other suggestive variants.

The picture that is emerging from large-scale resequencing studies in 
immune-mediated and other common complex diseases is that the missing 
heritability is not so much hidden in rare alleles with strong effect sizes, 
but rather in more common alleles with modest effect sizes. Consequently, 
many of the studies performed so far have been underpowered to detect 
these factors.

The exome genotyping array has been designed for large-scale studies, 
as these arrays outperform resequencing with respect to cost and 
throughput of samples. The exome chip has been assembled based on 
information on ~12,000 sequenced genomes and exomes, and mainly 
includes non-synonymous variants (>240,000) that are seen more than 
three times in each of more than two contributing datasets. The major 
drawback of this chip is its focus on only the coding part of the genome.

The added value of shared genetics

Cross-disease meta-analysis is a strategy that has been proven to boost 
the power for discovering shared immune-mediated disease loci with small 
effects that were not identified in the initial, single-disease analyses. For 
example, a meta-analysis of CD and CeD GWAS datasets (36) confirmed 
these two diseases share two loci independently associated to them and 
identified two new loci: TAGAP and PUS10. The TAGAP locus was later 
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also found to be associated to MS (96). A meta-analysis between CeD 
and RA identified eight loci that were not known to be shared by these 
two diseases, bringing their total number of shared loci to 14 (119). The 
Immunochip platform will provide the opportunity to perform a cross-
disease meta-analysis for any combination of diseases, and ultimately 
for all 12 disorders combined.

Comparing and contrasting the immune-mediated diseases will reveal 
subsets of diseases associated to the same sets of SNPs that may pinpoint 
defined regulatory networks and define specific pathogenic cell types. 
Cotsapas et al.(26) compared GWAS data across seven immune-mediated 
diseases (CD, CeD, MS, RA, PS, SLE, T1D) and identified 47 disease SNPs 
with evidence of association to multiple diseases. These represent 44% of 
the total number of SNPs they tested. Using the set of shared SNPs, they 
grouped the disease phenotypes based on SNP similarities. Subsequently, 
the SNPs per disease cluster were associated to genes and placed in 
pathways using protein-protein interaction data. This analysis showed, 
for example, that a cluster of genes containing IL23R, IL12B, JAK2 and 
STAT3 was associated to CD, MS and PS only, and that a cluster of genes 
containing IL18RAP, TNFAIP3, IL2 and IL21 was associated to CD, RA and 
SLE only. Although the authors were able to construct clusters of genes, it 
was not immediately evident which pathways were represented. Such an 
unbiased approach using a larger set of diseases and more refined genetic 
information (as will be generated by the Immunochip consortium) may be 
more powerful in constructing biological hypotheses on the underlying 
mechanisms of disease pathogenesis and co-morbidity.

Alternatively, a single association signal might be compared to a host of 
phenotypes. Zheng et al. (116) recently investigated the association of the 
PTPN22 C1858T polymorphism across 22 immune-mediated phenotypes 
and observed that diseases that manifest in skin and the gastrointestinal 
tract, such as CD, CeD, PS and UC, were not associated to this locus. 
These data suggest a role of targeted organ variation, although more 
detailed studies are needed to define if this indeed points to a difference 
in underlying disease mechanisms.
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Pathway analysis
We have taken all loci (shared and unique) to perform pathway analysis 
(Supplemental Figure 4, Supplemental Table 8). When we take all 68 
loci that are known to be shared by at least two different immune-
mediated diseases and perform pathway analysis with DAVID (48, 49), 
the top-three KEGG pathways shown to be enriched (58, 59) were: the 
JAK-STAT signaling pathway, the T-cell receptor signaling pathway, and 
cytokine-cytokine interaction. The JAK-STAT pathway was also ranked 
as a top pathway by BBID, the biological-biochemical image database 
(9), Gather (18) and Panther (106). Maurano et al. (73) showed that 
24.4% of the SNPs associated with autoimmune diseases and mapping 
to DNase hypersensitive sites were localized in recognition sites of the 
IRF9 transcription factor,  a critical component of the JAK-STAT signaling 
pathway, also suggesting that JAK-STAT-mediated responses are 
important in immune-mediated diseases. The JAK-STAT signaling pathway 
transmits information from, for example, interleukins and interferons to a 
receptor which triggers activation of Janus kinases (JAKs) and, in turn, 
STATs (Signal Transducer and Activator of Transcription). As there are four 
members of the JAK family (JAK1, JAK2, JAK3, TYK2), seven members of 
the STAT family (STAT1, STAT2, STAT3, STAT4, STAT5A, STAT5B, STAT6), 
and different receptors and multiple ligands, many different signaling 
pathways can be activated (see (84) for a recent review).

JAK inhibitors are currently being investigated for treatment of RA and 
PS. Given that the JAK-STAT pathway represents a shared pathway for 
immune-mediated diseases, such a treatment might have even wider 
application. In the future, it is conceivable that clinical practice will be 
informed by GWAS findings, as recently demonstrated by a study in 
MS (44). The risk allele of an MS GWAS SNP (rs1800693) in the tumor 
necrosis factor receptor 1 (TNFR1) gene, TNFRSF1A, was found to affect 
expression of a novel soluble form of TNFR1 that can block TNF, suggesting 
that this variant mimics the effect of TNF-blocking drugs. Importantly, 
TNF-blocking drugs have been shown to promote onset or exacerbation 
of MS, whereas they have proven highly efficacious in treating immune-
mediated diseases for which there is no association with rs1800693.
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We can also investigate the loci that are ‘unique’ to a single disease and 
perform pathway analysis (Supplemental Table 8, Supplemental Figure 
4). Such an analysis discloses for example some cell specificity: in MS the 
T cell receptor signaling pathway is one of the top-ranking pathways 
according to KEGG, while in SLE the B cell receptor pathway is suggested 
to be involved. Interestingly, the NOD-like receptor signaling pathway is 
not only associated to CD but also to PS, despite a lack of association for 
PS with the NOD2 locus (121). 

Opposite alleles
The genetic architecture of immune-related diseases might be even more 
complex than thought as we have noticed that disease-associated alleles 
in seven loci can have opposite effects, i.e. the same allele confers risk in 
one disease but is a protective factor in another (Supplemental Table 9). 
We observed this phenomena for the IL23R (has an opposite effect in PS 
to UC), PTPN22 (opposite effect in CD to T1D and RA), PTPN2 (opposite 
effect in CD to T1D), TYK2 (opposite effect in CD to PS), CTLA4 (opposite 
effect in RA to T1D), TAGAP (opposite effect in CeD to MS), and THEMIS 
(opposite effect in CeD to MS) loci. This phenomena was also recently 
described for MS when results from a meta-analysis were compared to 
eight other immune-related diseases (86). Particularly these opposite 
allelic effects might be worth investigating as they could help us to better 
understand the underlying disease biology, especially when we can 
connect the culprit genes from these loci to other genes and target cells.

Conclusions

In the five years since GWA studies have become a reality, we have seen 
that studies of immune-mediated diseases, in particular, have been highly 
successful in discovering disease-associated risk SNPs. The hundreds of 
variants associated to these diseases have increased our knowledge on 
the genetic architecture of these diseases tremendously. The challenge 
now is to translate these findings into a better understanding of the disease 
biology, with the aim to design new diagnostic methods and disease 
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prediction models, and to identify targets for treatment. The increased 
resolution of genetic mapping, together with resources such as ENCODE, 
will define functional roles for many of the disease-predisposing variants. 
At the same time, it is also becoming clear that the genes and pathways 
perturbed in immune-related diseases might be more difficult to define 
as they may be further away from the risk SNPs. Additional studies that 
include a combination of resequencing disease-associated loci, prediction 
tools, and functional studies, will all be needed to move from disease 
association to disease genes. Genes predisposing to a disease are likely 
to be functionally related in interconnected functional networks. The final 
goal is to understand how a combination of multiple genetic risk variants 
can perturb molecular systems in defined cell types. The immune-
mediated diseases will probably serve as model diseases to unravel these 
connections, because the target tissue, i.e. particular immune cells, are 
likely to be readily available. It remains to be seen which pathways show an 
overlap between the different immune-mediated diseases. Nevertheless, 
an important problem for follow-up studies remains the location of the 
target genes with respect to the lead SNPs. Maurano et al. (57) clearly 
showed that the target genes can lie beyond the boundaries of linkage 
disequilibrium. In fact, they observed that 40.8% of SNPs associated with 
DNase hypersensitive sites interact with genes more than 250 kb away, 
and also that these genes are not always the nearest gene.

There are other questions that we have not addressed here but which 
need to be investigated in more detail in the future. For example, only a 
few of the immune-mediated disease loci seem to be unique to a single 
disease, raising the question of what determines disease specificity? 
Future research should also focus on these disease-specific factors, as 
they may yield important clues to the disease mechanisms and may 
provide avenues for prevention and/or treatment.

Another intriguing question that has not been solved by the genetic studies 
is the imbalance in disease prevalence between males and females. It is 
known, for example, that some genes show a sex-specific regulation. In 
future studies it might be worth analyzing the GWAS data and eQTLs 



Review: mapping of immune-mediated disease genes

51

datasets separately in males and females. There is a still a lot of work to 
be done in the field of immune-mediated diseases, but we now have clear 
signs pointing in the directions for moving forward into the next phase.

Summary points

1. Genome-wide association studies in immune-mediated diseases are 
generating new hypotheses on the underlying disease mechanisms.

2. Immune-mediated diseases are often associated to the same loci, 
but detailed fine-mapping is needed to discern if the same causal 
alleles are involved.

3. The causal alleles predisposing to immune-related diseases mostly 
dysregulate gene function. Consequently, the genes involved in the 
disease process are much harder to identify. The ENCODE project 
will be a helpful tool to annotate causal variants and to define the 
target cells associated to disease.

4. Much of the genetic variation to immune-mediated diseases is still 
hidden. The next wave of discoveries is expected to come from 
studies in different ethnic groups and from resequencing efforts.

5. Genetic studies should also test for epistatic interactions, parent-of-
origin effects, and the role of epigenetic modifications.

6. We need to investigate how and to what extent the environment 
and the host microbiome contribute to the development of immune-
mediated diseases.

7. It is still unclear what causes the sex difference in immune-mediated 
diseases (more females affected). Genes on the X chromosomes 
do not appear to be involved, suggesting that the immune system 
operates differently in males and females.
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Abstract

Background: Acquired thrombotic thrombocytopenic purpura (TTP) is a 
rare, life-threatening thrombotic microangiopathy associated with the 
development of autoantibodies against the von Willebrand factor cleaving 
protease, ADAMTS13. Similarly to other autoimmune disorders, evidences 
of a genetic contribution have been reported, including the association of 
the human leukocyte antigen (HLA) class II complex with disease risk. 
Objective: To identify novel genetic risk factors in acquired TTP. Patients/
Methods: We undertook a case-control genetic association study in 190 
European-origin TTP patients and 1255 Italian healthy controls using the 
Illumina Immunochip. Replication analysis in 88 Italian cases and 456 
controls was performed using SNP TaqMan assays. Results and conclusion: 
We identified one common variant (rs6903608) located within the HLA 
class II locus independently associated with acquired TTP at genome-
wide significance and conferring a 2.6-fold increased risk of developing 
a TTP episode (95%CI = 2.02-3.27, P=1.64 x 10-14). We also found five 
non-HLA variants mapping to chromosomes 2, 6, 8 and X suggestively 
associated with the disease: rs9490550, rs115265285, rs5927472, 
rs7823314 and rs1334768 (nominal P values ranging from 1.59 x 10-5 

to 7.60 x 10-5). Replication analysis confirmed the association of HLA 
variant rs6903608 with acquired TTP (pooled P=3.95 x 10-19). Imputation 
of classical HLA genes followed by stepwise conditional analysis revealed 
that the combination of rs6903608 and HLA-DQB1*05:03 may explain 
most of the HLA association signal in acquired TTP. Our results refined 
the association of the HLA class II locus with acquired TTP, confirming its 
importance in the etiology of this autoimmune disease.

Keywords:  Genetic Association Studies, Genetic Predisposition to 
Disease, HLA, Risk Factors, SNPs, Thrombotic Thrombocytopenic Purpura
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Introduction 

Thrombotic thrombocytopenic purpura (TTP) is a rare, life-threatening 
disease characterized by systemic microvascular thrombosis with various 
symptoms and signs of thrombocytopenia and hemolytic anemia, leading 
to organ dysfunction [1]. TTP is associated with the congenital or acquired 
deficiency of the von Willebrand factor-cleaving protease, ADAMTS13. 
Congenital TTP accounts for approximately 5% of the cases and is due 
to mutations in the ADAMTS13 gene [1,2]. Acquired TTP accounts for 
the great majority of TTP cases and is caused by the development of 
ADAMTS13 autoantibodies [1,3].

The etiology of acquired TTP is still not completely understood. Similarly 
to other autoimmune disorders, there is some evidence of genetic 
predisposition. Terrell et al. found that the incidence rates in patients with 
TTP and particularly those with severe ADAMTS13 deficiency were greater 
for women and blacks; for patients with severe ADAMTS13 deficiency, the 
age-sex standardized incidence rate ratio was 9.3-fold higher in blacks 
than non-black subjects [4]. Moreover, ADAMTS13 antibodies were 
found in two identical twins [5]. Finally, an association between human 
leukocyte antigen (HLA) class II alleles and acquired autoimmune TTP has 
been reported, with HLA DRB1*11 consistently identified as a risk factor 
for acquired TTP [6-8].

The Immunochip is a highly dense custom-made chip containing almost 
200 thousands variants from 186 immune-related loci, which has been 
successfully used to refine already established association signals and to 
discover novel susceptibility loci in several autoimmune and inflammatory 
diseases, including celiac disease [9], inflammatory bowel disease [10], 
primary biliary cirrhosis [11], and many others [12-23]. Moreover, due to 
the high density of variants in the HLA locus, it allows imputation of HLA 
alleles. Given the specific design of the Immunochip and the autoimmune 
etiology of acquired TTP, we used this genotyping strategy in our group 
of patients to identify novel genetic risk factors potentially involved in the 
aberrant autoimmune response towards ADAMTS13. Thus, we undertook 
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a case-control genetic association study using the Immunochip in a 
relatively large and well-characterized cohort of European acquired TTP 
patients. We then performed a replication study to validate the found 
associations in an independent Italian case-control population.

Methods

Subjects
We report a case-control genetic association study consisting of two 
experimental phases: a discovery phase (the Immunochip analysis) and 
a replication phase. Cases included in the discovery phase were 190 
European Caucasian individuals affected with acquired TTP, referred to 
the Angelo Bianchi Bonomi Hemophilia and Thrombosis Center of Milan 
from 1999 to 2013 and enrolled in the Milan TTP Registry (Milan, Italy 
- www.ttpdatabase.org) [24] (Supplementary Figure S1). Demographic 
and disease-related information were collected by a standardized 
clinical questionnaire. Inclusion criteria were diagnosis of acquired TTP 
according to internationally accepted criteria (at least one episode of 
thrombocytopenia, microangiopathic hemolytic anemia, with exclusion of 
alternative causes) [1], and presence of ADAMTS13 autoantibodies in at 
least one plasma sample collected during the acute episode or disease 
remission. ADAMTS13 autoantibodies were detected by western blotting 
[25] or ELISA [26]. Cases of non-European and non-Caucasian origin 
and without available DNA were excluded. Controls were 1255 Italian 
individuals (unselected healthy individuals and blood donors recruited in 
Milan and Rome, respectively) previously genotyped in the frame of an 
international Immunochip study in celiac disease [9]. 

In the replication phase, cases were enrolled according to the same criteria 
applied in the discovery phase, with the exception of the geographical 
origin which had to be Italian. A total of 88 Italian patients affected with 
acquired TTP were included in the replication study. Among these, 49 
were patients included in the Milan TTP Registry between 2013 and 2015 
or patients who had not been genotyped in the discovery phase due to 
unavailability of DNA samples at the time of enrolment. The remaining 
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39 patients were selected from the International Registry for HUS and 
TTP (Bergamo, Italy). All cases had evidence of ADAMTS13 antibodies 
detected by western blotting [25], ELISA [26] or a Bethesda-based method 
[27]. Controls were 456 Italian, sex-matched, healthy individuals recruited 
between 2006 and 2014 among friends and non-consanguineous relatives 
of patients tested for thrombophilia at the Hemophilia and Thrombosis 
Center of Milan.

Written informed consent was obtained from all subjects with approval 
of the institutional review board of all involved institutions, in accordance 
with the Declaration of Helsinki.

Genotyping and quality control
In the discovery phase, samples were genotyped using the Immunochip, 
an Illumina Infinium High-Density array (Illumina Inc., San Diego, CA, USA), 
at the Genetics Department of the University Medical Center Groningen 
(Groningen, The Netherlands), according to the manufacturer’s protocol. 
NCBI build 36 (hg 18) mapping was used (Illumina manifest file Immuno_
BeadChip_11419691_B.bpm). Genomic coordinates were converted to 
GRCh37/hg19 assembly using LiftOver tool (https://genome.ucsc.edu/cgi-
bin/hgLiftOver) [28].

Since cases and controls were not recruited and genotyped simultaneously 
for this study, a stringent quality control including several per-individual 
(Supplementary Table S1 and Figure S1) and per-marker (Supplementary 
Table S2 and Figure S2) steps was carried out using PLINK v.1.07 (http://
pngu.mgh.harvard.edu/purcell/plink/) [29] and Perl scripts [30]. Cases with 
incompatible recorded and genotype-inferred gender, elevated missing 
data rates (per-individual call rate < 99%) and outlying heterozygosity rate 
(±3 standard deviation from the mean) were excluded (Supplementary 
Figure S2). Data quality control on controls was performed similarly, 
as previously described [9]. Thereafter, case and control datasets were 
merged and checked for duplicates and first- or second-degree relatives 
(identity by descent > 0.185) [30]. Markers were excluded for differential 
missingness in no-call genotypes (P<0.001) between cases and controls, 
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deviation from Hardy-Weinberg equilibrium in controls (P<0.0001), call 
rate < 99.5% and minor allele frequency (MAF) < 10-10 (non-polymorphic 
markers). Principal components analysis using SMARTPCA software 
(EIGENSOFT package, version 5.0.1, http://www.hsph.harvard.edu/alkes-
price/software/) [31] was carried out on case-control dataset merged 
with HapMap3 data [32] to identify ethnic outliers and ensure cases and 
controls were ethnically matched (Supplementary Table S1 and Figure S1). 
A set of 11,574 SNPs that were pruned based on linkage disequilibrium 
(LD) (r2<0.2 and after removal of extended regions of high LD) [30] and 
with MAF>5% were used for the analysis. Individuals deviating more than 
6 standard deviations from the mean of any principal component were 
considered outliers. 

To avoid false positives due to genotyping problems in the discovery 
phase, genotype intensity cluster plots of all associated variants were 
visually inspected and found to be of high quality. Immunochip results were 
validated using SNP TaqMan assays (Thermo Fisher Scientific, Carlsbad, 
CA, USA) in 5 to 10% of the cases, depending on the variant. Variants 
with discordant results were double checked using Sanger sequencing 
and, if results of TaqMan assay were confirmed, they were excluded from 
further analysis.

Genotyping of the replication cohort was performed using SNP TaqMan 
assays (Thermo Fisher Scientific, Carlsbad, CA, USA) and the high-
performance StepOnePlus Real-Time PCR System (Thermo Fisher 
Scientific), according to the manufacturer’s instructions. Alleles were 
called either automatically or after manual inspection of the amplification 
curves using StepOne Software version 2.3 (Thermo Fisher Scientific).

HLA imputation
Imputation of classical HLA class I (HLA-A, HLA-B, HLA-C) and HLA class 
II (HLA-DRB1, HLA-DQA1, HLA-DQB1) genes from Immunochip data was 
performed using HLA*IMP:02 software and a reference panel of European 
populations, following the developers’ instructions [33-35]. Imputed HLA 
genotypes were set to missing when their posterior probability was below 
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0.70. Imputed HLA alleles with a MAF<1% were excluded from further 
analysis. The accuracy of imputation was calculated based on four-digit 
HLA typing data obtained in 128 TTP cases using INNO-LiPA HLA typing 
kits (Innogenetics - Fujirebio Europe N.V., Ghent, Belgium) (unpublished 
data). 

Statistical analysis
All association analyses were carried out using PLINK v1.07 [29]. In 
the discovery phase, case-control association tests were performed 
by multiple logistic regression, using sex and the first two principal 
components as covariates to correct for population stratification. The 
principal components were based on genotyping data only and calculated 
as described above (Genotyping and quality control). An additive effect of 
each extra minor allele was assumed in the model. Conditional regression 
analysis was carried out to test for the independency of signals at loci 
selected for replication. Variants independently associated with the 
disease showing P values smaller than 10-4 were selected for replication. 
In the replication phase, case-control association tests were performed by 
multiple logistic regression, assuming additive effects of each tested allele 
and adjusting for sex. Variants with a P value below 0.05, along with an 
odds ratio (OR) in a direction consistent with that previously obtained, 
were considered confirmed associations with acquired TTP. The post-hoc 
replication population’s power to confirm the associations found in the 
discovery phase was calculated using G*Power version 3.0.10 software 
[36], based on frequency and effect size of the identified variants, the 
replication sample size and assuming a 0.05 two-tail alpha error. P values 
adjusted for multiple testing were calculated by Benjamini and Hochberg’s 
false discovery rate [37].

A meta-analysis pooling the ORs and standard errors (SE) of discovery 
and replication stages was performed by the inverse variance method 
under the assumption of a random effect [29].

Case-control association analysis of imputed HLA alleles was carried 
out using the multiple logistic regression model described above, with 
a Bonferroni corrected threshold for significance (P<0.0005). Stepwise 
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conditional regression including both HLA alleles and top SNP was 
performed to determine independent HLA association signals.

In silico functional annotation of variants
After replication analysis, variants confirmed to be associated with 
acquired TTP were annotated using multiple human genome annotation 
databases, including RefSeq [38], UCSC [39] and Ensembl [40]. To 
investigate the potential causal role of variants mapping to non-coding 
regions of the genome, we functionally annotated these variants and 
variants in high LD with these (r2>0.8, 1000 Genomes Phase 1 version 3 
European population) [41] focusing on expression quantitative trait locus 
(eQTL) data. To this purpose, web tools such as SNiPA (version 2) [42], 
Blood eQTL Browser (http://genenetwork.nl/bloodeqtlbrowser/) [43] and 
NCBI eQTL Browser (http://www.ncbi.nlm.nih.gov/projects/gap/eqtl/index.
cgi) [44] were used.

Results

Discovery phase
Demographic data of all cases and controls analyzed using the Illumina 
Immunochip are summarized in Supplementary Table S3. The proportion 
of sexes was similar between the two groups (76% female in cases versus 
81% in controls), whereas the proportion of Italian-origin subjects differed 
(80% in cases versus 100% in controls). However, principal component 
analysis revealed no evidence of divergent ancestry, indicating that cases 
and controls were genetically well-matched (Supplementary Figure S2 
and Table S1). After quality control, 130,918 markers in 186 cases and 
1,255 controls were available for analysis (Supplementary Figures S2 and 
S3 and Tables S1 and S2), with a total genotyping rate of 99.996%.

The Manhattan and quantile-quantile (QQ) plots of case-control 
association analysis results are reported in Figure 1. The strongest 
signals were located in the HLA locus on chromosome 6p21.32, with 30 
variants reaching genome-wide significance (Supplementary Table S4). 
The highest hit was the common SNP rs6903608 (MAF in controls = 0.47, 
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OR [95% CI] = 2.57 [2.02-3.27], P=1.64 x 10-14), located between the HLA 
class II genes HLA-DRA and HLA-DRB5 (Table 1 and Figure 2). Given 
the extensive LD across the HLA locus, we performed conditional logistic 
regression to test for the independency of signals. After adjustment for 
the top SNP rs6903608, the remaining 29 variants at 6p21.32 were no 
longer genome-wide significant, likely indicating that all these SNPs were 
on a single haplotype tagged by top SNP rs6903608 (Supplementary 
Table S4). The QQ plot of all analyzed variants showed signal inflation, 
but this was most likely due to the high variant density, the high linkage 
disequilibrium and the strong effect of the HLA locus in acquired TTP, as 
shown by the reduction of signal inflation after exclusion of HLA variants 
(Figure 1B).

We also identified five non-HLA SNPs with nominal P values ranging 
from 1.59 x 10-5 to 7.6 x 10-5 (false discovery rates: 0.04-0.11), suggestive 
of association with acquired TTP (Table 1 and Supplementary Figure 
S3). These SNPs were low-frequency (0.01<MAF<0.05) or common 
variant (MAF≥0.05), except for rs115265285 (MAF in controls = 0.004). 
Variants rs9490550 (OR [95% CI] = 0.60 [0.47-0.75], P=1.59 x 10-5) and 
rs115265285 (OR [95% CI] = 7.48 [2.89-19.37], P=3.44 x 10-5) were 
located within intron 3 of the FABP7 gene on chromosome 6 and 3.5 
kb into the 3’UTR of the DNMT3A gene on chromosome 2, respectively. 
Variants rs5927472 (OR [95% CI] = 2.80 [1.71-4.58], P=4.56 x 10-5) and 
rs7823314 (OR [95% CI] = 2.45 [1.58-3.81], P=7.02 x 10-5) mapped to 
an intergenic region downstream of the CHDC2 gene on chromosome X 
and to intron 1 of the MSRA gene on chromosome 8, respectively. Finally, 
rs1334768 (OR [95% CI] = 2.13 [1.46-3.09], P=7.60 x 10-5) mapped to 
an intergenic region, almost 300 kb downstream of the microRNA gene 
MIR548A1 on chromosome 6.

Given the partial heterogeneity of cases in terms of geographic origin and 
ADAMTS13 levels (Table S3), we performed two additional analyses, the 
first restricted to Italian individuals and the second to individuals with 
evidence of ADAMTS13 severe deficiency only. In both analyses, the effect 
estimates were similar to those obtained in the whole study population 
(Supplementary Tables S5 and S6). 
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Fig. 1. Association results of Immunochip analysis in acquired thrombotic thrombocytopenic purpura. Manhattan 
and quantile-quantile (QQ) plots of association statistics are shown in panel A and B, respectively (A) Solid blue and 
red lines indicate genome-wide (P = 5 9 10_8) and suggestive (P = 10_4) significance thresholds, respectively. Plots 
were generated with HAPLOVIEW [62]. (B) QQ plots of all test statistics (black) and after exclusion of statistics at 
the heavily genotyped human leukocyte antigen locus (red) (hg19, Chr6: 28,866,528-33,775,446 [63]). The genomic 
inflation factor equalled 1.00 in both cases. QQ plots were generated with R, release 3.1.1. Chr, chromosome. 

Replication phase
To validate our findings, the variants with the lowest P value at every 
identified locus according to our criteria (P<10-4) were selected for 
replication in an independent set of 88 Italian cases with acquired 
TTP and 456 Italian controls (Supplementary Table S3). Results of the 
replication phase are shown in Table 1. The HLA variant rs6903608 was 
significantly associated with acquired TTP, showing a similar OR of 2.29 
(95% CI = 1.61- 3.26) as in the discovery phase, with a P value of 4.17 x 
10-6. With regards to the remaining non-HLA variants, although two of 
the five SNPs had estimated ORs in the same direction as in the discovery 
phase, no significant association was observed in the replication phase. 
Results for three SNPs, rs9490550, rs7823314 and rs1334768, were in 
the opposite direction compared with what previously found. Given the 
small sample size of our study, we calculated the post-hoc power to 
replicate the identified variants, based on their allele frequency and effect 
size estimates in the discovery phase as well as on the sample size of the 
replication population. Power to detect nominally significant evidence (P 
≤ 0.05) was good for rs9490550 (82%) and moderate for rs115265285 
(78%), rs5927472 (77%), rs7823314 (76%) and rs1334768 (67%).

A meta-analysis pooling the results of the discovery and replication 
datasets for the replicated SNP rs6903608 yielded an association with 
increased statistical significance (OR [95% CI] = 2.48 [2.03-3.02], P=3.95 
x 10-19, P for Cochrane’s Q statistic test = 0.60, I2=0) as compared with the 
discovery phase alone (Supplementary Table S7).
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These results indicate that the HLA class II locus at band 6p21.3 is the 
main genetic risk factor for acquired TTP among variants included in 
the Immunochip. To investigate the potential causal role of rs6903608 
in disease development, we searched for the functional consequence of 
this SNP and SNPs in high LD with it (r2>0.8) on gene expression using 
eQTL data. eQTL genes included HLA-DRA, LIMS1, AOAH, TRBV18 and 
TRAV20 genes in peripheral blood [43] and HLA-DQA1 and HLA-DQB1 
genes in lymphoblastoid cell lines [45-47] (Supplementary Table S8). Since 
any SNP within the haplotype tagged by rs6903608 could be causal, we 

Fig.  2.  Regional  plots  of  association  results  and  recombination  rates  for  human  leukocyte  antigen  variant 
rs6903608 associated with acquired thrombotic thrombocytopenic purpura at genome-wide significance. The 
– log10 P-values (y-axis) of the genotyped single-nucleotide polymor- phisms (SNPs) are shown according to their 
chromosomal positions (x-axis). Color intensity indicates the extent of linkage disequilibrium with the top SNP, from 
red (r

2 
> 0.8) to blue (r

2 
< 0.2). Genetic recombination rates (cM/Mb), estimated by use of the 1000 Genomes Phase 

3 European population [41], are indicated by light blue lines. Genomic coordinates are based on build GRCh37/hg19. 
The relative positions of genes are also shown. Plots were generated with LOCUSZOOM [64]. Chr, chromosome.
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also looked at eQTLs data of other genome-wide associated HLA variants 
identified in the discovery phase (Supplementary Table S4). Additional 
eQTL genes included TAP2, PSMB9, HLA-DRB5, HLA-DOB, AGPAT1, 
LY96 and TRIM56 genes. A summary of candidate genes identified using 
eQTL data is provided in Supplementary Table S9.

HLA imputation
The classical HLA class I (HLA-A, HLA-B, HLA-C) and HLA class II (HLA-
DRB1, HLA-DQA1, HLA-DQB1) genes were imputed with high quality, as 
shown by an accuracy at two-digit level for HLA-DRB1 and at four-digit 
for HLA-DQA1 and HLA-DQB1 of 97%, 96% and 100%, respectively. Per-
allele case-control association analyses of imputed HLA data revealed 
significant associations with the following HLA alleles: HLA-DQB1*03:01, 
HLA-DQA1*05:05, HLA-B*18:01, HLA-DRB1*11 (increased risk), HLA-
DRB1*07 and HLA-DQA1*01:01 (protective effect) (Table 2 and Table 
S9).

We also performed a stepwise conditional regression analysis including 
both the top SNP rs6903608 and HLA alleles to test for the independency 
of signals (Table 3). LD analysis in our population indicated that the lead 
SNP was independent (r2<0.2) from most of the above mentioned HLA 
alleles, but likely within the same haplotype of HLA-DRB1*11 (D’=1), HLA-
DRB1*07 (D’=0.989) and HLA-DQA1*05:05 (D’=0.961). According to our 
model, the combination of rs6903608 and HLA-DQB1*05:03 seems to 
explain most of the HLA association signal in acquired TTP (Table 3). 

HLA-DQB1*05:03 was associated with acquired TTP also at unconditional 
analysis (OR 0.30, 95%CI 0.14-0.65, nominal P=0.0023, Bonferroni 
P=0.21, Table 3 and S9), but did not reach our set threshold of Bonferroni 
significance (P < 0.0005), until the effect of rs6903608 was removed by 
inclusion as covariate in the model (Table 3 and Table S10).

CI, confidence interval; FDR, false discovery rate; HLA, human leukocyte antigen; MAF, minor allele frequency; 
OR, odds ratio; SNP, single nucleotide polymorphism; Case-control associa tion analyses were performed with 
a multiple logistic regression model, with sex and the first two principal components as covariates. Conditional 
regression analysis was carried out to test for the independency of signals. Only the most significantly associated 
risk variant with an independent signal is shown. *dbSNP142 ID. †Genomic position according to human genome 
build GRCh37/hg19 mapping. ‡According to logistic regression analysis. §Adjusted for multiple testing according to 
the FDR method. Position relative to Ensembl genome annotation only (ver- sion 77) [40]. 
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Table 2. Imputed HLA alleles associated with acquired TTP.

HLA Allele Frequen-
cy Cases

Frequency 
Controls OR (95% CI) P value* Bonferroni P 

value†

DQB1*03:01 0.51 0.34 1.95 (1.55-2.44) 1 x 10-8 9.12 x 10-7

DQA1*05:05 0.38 0.24 2.39 (1.74-3.29) 9.17 x 10-8 8.35 x 10-6

B*18:01 0.24 0.13 2.22 (1.61-3.05) 1.04 x 10-6 9.47 x 10-5

DRB1*11 0.19 0.11 1.87 (1.39-2.52) 3.46 x 10-5 0.003

DRB1*07 0.04 0.11 0.34 (0.20-0.58) 7.81 x 10-5 0.007

DQA1*01:01 0.10 0.20 0.48 (0.32-0.71) 3.26 x 10-4 0.03
CI, confidence interval; OR, odds ratio. Imputation of classic HLA class I (HLA-A, HLA-B, and HLA-C) and HLA 
class II (HLA-DRB1, HLA-DQA1, and HLA-DQB1) genes from Immunochip data was performed with HLA*IMP:02 
and a reference panel of European populations [33–35]. Case–control association analyses were performed with 
a multiple logistic regression model, with sex and the first two principal compo- nents as covariates. *According to 
logistic regression analysis. †Adjusted for multiple testing according to Bonferroni correction. 

Table 3. Stepwise conditional analysis of  top variant  rs6903608 and 
imputed  HLA  alleles. 

Per-allele analysis rs6903608

HLA allele Frequency 
Controls OR (95% CI) P value OR (95% CI) P value

rs6903608 0.47 2.57 (2.02-3.27) 1.64 x 10-14 - -

DQB1*05:03 0.07 0.30 (0.14-0.65) 0.0023 0.24 (0.11-
0.52) 2,95 x 10-4

CI, confidence interval; OR, odds ratio. ORs and P-values were calculated with a multiple logistic regression model.
The results of unconditioned analysis (per-allele analysis) and after one round of conditioning are presented. The 
most significant marker after each round of conditioning is listed in each row. No Bonferroni-significant HLA allele 
remained after two rounds of conditioning (P < 0.0005). Forward stepwise conditional logistic regression was 
implemented with the PLINK ‘condition-list’ command [29]. The most associated variant was included in the model 
as a covariate, and the association statistics were calculated for the remaining variants. This process was repeated 
in a stepwise manner until no variant reached the minimum level of significance. Sex and the first two principal 
components were always included as a basis in the model. 

Discussion

We performed a large-scale genetic association study using the 
Immunochip in a well-characterized cohort of 190 Caucasian acquired 
TTP patients and 1255 healthy controls. We identified the common 
variant rs6903608 within the HLA locus as a main genetic risk factor for 
acquired TTP, conferring more than two-fold increased risk of developing 
a TTP episode. Replication analysis on an independent Italian population 
confirmed the association of rs6903608 with acquired TTP (pooled P=1 x 
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10-19). We also found five non-HLA variants mapping to chromosomes 2, 6, 
8 and X suggestively associated with the disease, which did not replicate, 
indicating they were most likely false positives. To our knowledge, this 
is the first study that applied high-throughput DNA-chip genotyping 
technology to identify genetic risk factors associated with acquired TTP. 
Variant rs6903608 is a common SNP previously associated with type 1 
diabetes (P=2 x 10-144) [48], Hodgkin’s lymphoma (P=3 x 10-50) [49,50] 
and nodular sclerosing Hodgkin’s lymphoma (P=4 x 10-10) [51]. It maps 
to an intergenic region between HLA-DRA and HLA-DRB5 genes, which 
encode the alpha and beta 5 chain of the HLA class II DR Histocompatibility 
Antigens, respectively. These class II molecules play a central role in 
the immune system by presenting extracellularly-derived peptides 
to CD4-positive T cells, which in turn stimulate the differentiation of B 
cells and the production of antibodies [52]. Genetic variation at the HLA 
class II locus has been reported for several autoimmune diseases [53], 
as well as for acquired TTP [6-8]. Three independent studies analyzed 
the HLA phenotype of acquired TTP patients presenting with severe 
ADAMTS13 deficiency and ADAMTS13 antibodies and compared HLA 
alleles frequencies with those of origin-matched healthy subjects [6-8]. All 
studies reported a higher phenotypic frequency of HLA-DRB1*11 in cases 
compared with controls. Conversely, the frequency of HLA-DRB1*04 was 
lower in patients with acquired TTP than in controls, although the strength 
of this association was variable among these studies [6-8]. Scully et al. 
also reported an over-representation of the HLA-DQB1*03:01 allele, 
which was in high linkage disequilibrium with HLA-DRB1*11 [6]. This 
finding was confirmed by Coppo et al. at a lower two-digit resolution [7], 
whereas John and colleagues described instead a higher occurrence of 
the HLA-DQB1*02:02 allele in cases compared with controls [8]. Finally, 
Coppo et al. found an over-representation of the class I HLA-B*18 allele 
in cases compared with controls [7]. In agreement with previous findings, 
we confirmed the association between the consistently reported HLA-
DRB1*11 allele and acquired TTP in our discovery population, which 
included mainly Italian individuals. With regards to the other, above 
mentioned and already reported HLA alleles, we also observed the 
association with HLA-DQB1*03:01 and HLA-B*18:01 [6,7]. Conversely, 
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HLA alleles DQA1*05:05, DRB1*07 and DQA1*01:01 were not reported 
to be associated with acquired TTP in previous reports [6-8]. In addition 
to a per-allele association analysis of imputed HLA data, we performed 
stepwise conditional regression including both HLA alleles and top SNP 
rs6903608 to identify independent associations with acquired TTP within 
this locus. According to our model, rs6903608 and HLA-DQB1*05:03 
explained most of the HLA association with acquired TTP in our discovery 
population, suggesting that variant rs6903608 likely captures the signal 
of other above mentioned HLA alleles, including the widely reported HLA-
DRB1*11 [6-8]. The independent association with DQB1*05:03 was not 
observed in previous studies. Since our analysis on HLA phenotype was 
based on imputed data and limited to the discovery population, additional 
studies employing direct genotyping of HLA alleles are needed to confirm 
the independent association of HLA-DQB1*05:03 with acquired TTP in 
the Italian population.  

Further analyses are needed to investigate the functional effects 
of the variation in the HLA region in acquired TTP. In previous in vitro 
studies, Sorvillo and colleagues demonstrated that ADAMTS13 CUB2 
domain-derived peptides are preferentially loaded onto HLA class II 
molecules and presented on human dendritic cells isolated from healthy 
donors [54]. Interestingly, DRB1*11-positive subjects were shown to 
exclusively present ADAMTS13 CUB2 domain-derived peptides with 
the specific core sequence FINVAPHAR [54]. In a recent paper by the 
same group, CD4+ T cells reactive to this peptide were found in a HLA-
DRB1*11-positive patient with acute relapsing TTP [55]. Although these 
results clearly demonstrated a functional link between the increased 
frequency of HLA allele DRB1*11 and the onset of acquired TTP, it is 
not clear whether they could be attributed only to the presence of the 
DRB1*11 allele. Based on our data, the role of each genetic risk factor in 
this locus requires further analysis. Variant rs6903608, which appeared to 
be in linkage disequilibrium with HLA-DRB1*11, could have contributed 
with a yet unknown mechanism. Quantitative expression trait analysis 
in peripheral blood tissue [43] and lymphoblastoid cell lines [45-47] 
revealed that rs6903608 may alter gene expression of nearby HLA genes, 
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acting as a cis-eQTL for HLA-DRA (P=8.38 x 10-10) [43], HLA-DQA1 
(P=1.00 x 10-9) [45] and HLA-DQB1 (P values in the order of 10-9 and 
10-11) genes [46,47]. Moreover, rs6903608 was found to act as a trans-
eQTL for genes of the beta and alpha T-cell receptor locus (TRBV18 on 
chromosome 7, P=1.91 x 10-8 and TRAV20 on chromosome 14, P=4.24 
x 10-7, respectively) [43], which mediate the recognition of antigens by 
T-lymphocytes, thus providing an additional potential link between the 
HLA-mediated recognition of ADAMTS13 antigen and T-cell response.

Top SNP rs6903608 was also found to be associated with the altered 
expression of another immune-related gene, AOAH (chromosome 7, 
P=3.47 x 10-9) [43]. This gene encodes an enzyme catalyzing the hydrolysis 
of acyloxylacyl-linked fatty acyl chains from bacterial lipopolysaccharides, 
possibly playing a role in modulating host inflammatory response to 
gram-negative bacteria. This is of interest, as TTP onset has often been 
described in association with infections [56-58]. 

The Immunochip has been proven successful for discovering novel 
susceptible loci for autoimmune diseases and more than 200 independent 
genome-wide significant loci have been identified so far [59]. However, 
success was dependent on cohort sizes, with the most successful study 
testing more than 30 thousand cases with inflammatory bowel disease 
[10,59]. In our study, the Immunochip strategy was applied to approximate 
200 cases and a 6-fold higher number of controls, therefore representing 
our first, major limitation. Due to lack of power, we might have missed true 
signals of association, observed as false negatives in our analysis. On the 
other hand TTP is a very rare disorder, with an estimated incidence of 2-6 
cases/million/year [4,60,61], making it challenging to achieve larger sample 
sizes. The second and third limitations related to the discovery phase of 
our study were the inclusion of cases of different origin, inevitable due to 
the rarity of this disorder, and the use of a control dataset enrolled and 
genotyped in a previous study [9]. However, cases were all Caucasians of 
European origin and principal component analysis revealed no evidence 
of population stratification. In addition, size effect estimates did not 
substantially change after removing non-Italian cases from the analysis. 
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A fourth limitation was represented by the fact that association analyses 
involving HLA alleles were based on imputed data and results were not 
replicated in the replication population by direct genotyping. However, 
the high quality of HLA imputation was verified by comparison with 
HLA direct genotyping results obtained in a subset of patients from the 
discovery phase and a conservative Bonferroni threshold for association 
was assumed to account for multiple testing.  

In summary, we performed the first high-throughput genetic association 
study to investigate the genetic predisposition to acquired TTP. We refined 
the association between the HLA region and acquired TTP, identifying 
the common variant rs6903608, potentially influencing the expression of 
HLA and other immune-related genes, as independently associated with 
a higher risk of developing a TTP episode in the Italian population. We 
also identified HLA allele DQB1*05:03 to be independently associated 
with a lower risk of acquired TTP, although further studies are needed to 
replicate this finding. Overall, our study further established the importance 
of the HLA region in the etiology of acquired TTP.
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Abstract

As a consequence of interbreeding with Neanderthals after migrating out 
of Africa, the genome of modern humans contains around 2% Neanderthal 
variants. The full impact of these variants within the human genome has 
not been well established, but Neanderthal variants have been associated 
to multiple phenotypes. These include immune-related phenotypes, which 
suggests that Neanderthal variants have helped shape our immune 
system. Here we explore the contribution of Neanderthal variants to 
immune-mediated diseases. We show that 36 Neanderthal variants are 
present in seven loci associated to six immune-mediated diseases: celiac 
disease, inflammatory bowel disease, primary biliary cirrhosis, psoriasis, 
rheumatoid arthritis and systemic sclerosis. Most of these Neanderthal 
variants have regulatory potential; 95% have an effect on the expression 
of at least one nearby gene and 81% alter the binding site of transcription 
factors. To test whether they increase or decrease the risk of developing 
immune-mediated diseases, we performed haplotype association analysis 
and found that all haplotypes (except one associated to psoriasis and one 
to inflammatory bowel disease that is not conclusive) increase risk. We 
also demonstrate the potential of Neanderthal variants for fine-mapping: 
by focusing in on regions containing Neanderthal variants we were able 
to reduce the size of associated loci by 13-80%. Our results highlight the 
influence of Neanderthal variants in immune-mediated diseases and their 
potential use in fine-mapping previously associated regions. 
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Main Text

As modern humans dispersed out of Africa they encountered and mated 
with Neanderthals1. All contemporaneous non-African individuals 
studied to date have inherited approximately 2% of their genomes from 
Neanderthal ancestors, and methods have been developed to identify 
introgressed Neanderthal sequences2. Although genome-scale catalogs of 
Neanderthal and other archaic hominin sequences now exist3,2,4, questions 
remain about the functional, phenotypic, and evolutionary consequences 
of hybridization. Preliminary work has shown that Neanderthal sequences 
that persist in modern humans potentially influence a wide range of 
phenotypes2,4–8, including a range of immune diseases (IMDs) such as 
Crohn’s disease, primary biliary cirrhosis, systemic lupus erythematosus, 
celiac disease, rheumatoid arthritis, and atopic dermatitis. In addition, 
given that adaptively introgressed loci are enriched for immune-related 
genes, archaic admixture may have played an important role in shaping 
the immune system of modern humans9. 
 
Here we leverage the Immunochip platform to better understand the 
potential contribution of Neanderthal ancestry to IMDs. Immunochip is a 
custom-made platform comprising 196,524 SNPs that densely genotype 
180 regions of immunologic interest previously identified by a genome-
wide association study (GWAS) of 12 different IMD10. Immunochip also 
includes a high percentage of low frequency variants10 from the 1000 
Genomes Project pilot 1 and from sequencing studies of IMD patients 
that were not included in the chips used in previous GWAS studies. The 
Immunochip design, combined with the increased sample size analyzed, 
has facilitated the identification of more than 300 loci (including low 
frequency variants) and the fine-mapping of well-established GWAS loci. 
However, Immunochip associations due to Neanderthal sequences have 
not been investigated to date.

We first selected 508 top SNPs from 280 unique loci that were associated 
to fourteen IMDs in 15 studies using Immunochip (Sup. Table 1). We then 
calculated all SNPs in high linkage disequilibrium with each of these 508 
top SNPs (r2>0.8 in European populations using the CEU population of 
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the 1000 Genomes Project), resulting in a set of 9,428 SNPs (IMD-SNPs, 
Sup. Table 2). Next, we intersected these IMD-SNPs with a set of variants 
previously identified by two different studies2,3 as introgressed from the 
Neanderthal genome into European populations. This analysis identified 
36 Neanderthal variants within seven loci associated to six different 
IMDs (Table 1). We identified loci associated to inflammatory bowel 
disease (IBD), primary biliary cirrhosis and systemic sclerosis, psoriasis, 
and rheumatoid arthritis (RA). The TNOP3 locus on chromosome 7 is 
associated to both primary biliary cirrhosis and systemic sclerosis, and 
we identified the same two Neanderthal variants for both diseases. The 
remaining three loci were associated to celiac disease (CeD) (Table 1). 

Table 1. Neanderthal variants within loci associated to immune-
mediated diseases

Locus

D
isease

TOPSNP Neanderthal 
variant

N
eand. allele

C
hr Position

Func-
tional 

annota-
tion

closest 
Gene^ All eQTLs

1 CeD rs6441991 rs71327066 A 3 46486292 Intronic LTF CCR1, RTP3,LTF

  rs34904359 G 3 46503906 Intronic LTF CCR1, RTP3,LTF

   

2 CeD rs62323881 rs1383044 C 4 123342324 Intronic ADAD1 KIAA1109

  rs62321757 T 4 123344678 Intronic ADAD1 KIAA1109

  rs62321758 A 4 123355848 . ADAD1 KIAA1109

  rs55909629 A 4 123367997 . IL2 KIAA1109

  rs56067118 T 4 123370673 . IL2 KIAA1109

  rs11575810 G 4 123371292 . IL2 KIAA1109

  rs74388271 G 4 123508611 . IL21 KIAA1109

  rs74985076 C 4 123520646 . IL21 KIAA1109

  rs62324170 A 4 123521851 . IL21 KIAA1109

  rs62324192 C 4 123524257 . IL21 KIAA1109

  rs62324194 T 4 123524666 . IL21 KIAA1109

  rs78541112 T 4 123526068 . IL21 KIAA1109

  rs17886348 A 4 123533820 3'-UTR IL21 KIAA1109

  rs17879298 T 4 123533834 3'-UTR IL21 KIAA1109

   

3 RA rs2233424 rs28362859 G 6 44228815 Intronic NFKBIE TMEM151B, TCTE1

  rs2233433 T 6 44232977 mis-
sense NFKBIE TMEM151B, TCTE1

  rs28362855 A 6 44234621 . NFKBIE TMEM151B, TCTE1

  rs77986492 T 6 44237549 . TMEM151B TMEM151B, TCTE1

  rs79959806 A 6 44258330 Intronic TCTE1 TMEM151B, TCTE1

  rs76731976 T 6 44275517 Intronic AARS2 TMEM151B, TCTE1

   

4 PBC rs35188261 rs71581958 T 7 128665542 Intronic TNPO3 IRF5,FAM71F2

  SS rs62478615 rs71581958 T 7 128665542 Intronic TNPO3 IRF5,FAM71F2
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  PBC rs35188261 rs17339836 T 7 128681062 Intronic TNPO3 IRF5,FAM71F2, RP11-
286H14.4

  SS rs62478615 rs17339836 T 7 128681062 Intronic TNPO3 IRF5,FAM71F2, RP11-
286H14.4

   

5 IBD rs11564258 rs17466907 G 12 40784574 . LRRK2 LRRK2

  rs11564258 rs17466969 T 12 40786828 . LRRK2 LRRK2

  rs11564258 rs148698440 G 12 40787264 synony-
mous LRRK2 LRRK2

   

6 PS rs2066819 rs77415512 G 12 56627300 Intronic SLC39A5

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, RP11-
977G19.10, PAN2, 

IL23A, CNPY2, 
RP11-603J24.7, RP11-

977G19.12, IKZF4, 
RAB5B

  rs2066819 rs59626664 G 12 56636975 mis-
sense ANKRD52

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, 
RP11-977G19.10, 

PAN2,RPS26, IL23A, 
CNPY2, RP11-

603J24.7, RP11-
977G19.12, IKZF5, 

COQ10A

  rs2066819 rs117305040 G 12 56657888 . COQ10A

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, 
RP11-977G19.10, 

PAN2,RPS26, IL23A, 
CNPY2, RP11-

603J24.7, RP11-
977G19.12, IKZF6, 

COQ10A

  rs2066819 rs41423244 A 12 56693520 Intronic CS

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, 
RP11-977G19.10, 

PAN2,RPS26, IL23A, 
CNPY2, RP11-

603J24.7, RP11-
977G19.12, IKZF7, 

COQ10A

  rs2066819 rs77768890 G 12 56725121 Intronic PAN2

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, 
RP11-977G19.10, 

PAN2,RPS26, IL23A, 
CNPY2, RP11-

603J24.7, RP11-
977G19.12, IKZF8, 

COQ10A

  rs2066819 rs79824801 C 12 56728137 . PAN2

CS, STAT2, SPRYD4, 
SLC39A5, RP11-

977G19.11, 
RP11-977G19.10, 

PAN2,RPS26, IL23A, 
CNPY2, RP11-

603J24.7, RP11-
977G19.12, IKZF9, 

COQ10A
   
7 CeD rs11851414 rs735292 A 14 69233985 . ZFP36L1 .

  rs11851414 rs72731547 T 14 69241939 . ZFP36L1 ACT1

    rs11851414 rs56119720 A 14 69247480 . ZFP36L1 ACT1
CeD, celiac disease; RA, rheumatoid arthritis; PBC, primary biliary cirrhosis; SS, systematic sclerosis; IBD, 
inflammatory bowel disease; PS, psoriasis. ^ Closest Refseq gene to the Neanderthal-variant.
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This is especially interesting because fewer genetic associations have 
been reported for CeD overall (n=48, Sup. Table 1) as compared to 
other IMDs such as RA (n=105) and IBD (n=97), for which we observe 
association with only one locus with Neanderthal variants, or multiple 
sclerosis (n=97), for which we observe no association with Neanderthal 
variants. 

To functionally characterize the Neanderthal variants, we annotated them 
using Haploreg v4.111,12 (archive.broadinstitute.org/mammals/haploreg/
haploreg.php). While most of the Neanderthal variants are located in 
non-coding regions (Table 1), we found three SNPs within coding regions: 
one on the NFKBIE gene located in chromosome 6 that is associated to 
RA, one on the ANKRD52 gene in chromosome 12 that is associated to 
psoriasis and results in amino acid changes, and one on the LRRK2 gene 
in chromosome 12 that is associated to IBD but does not lead to amino 
acid changes. Non-synonymous variants in NFKBIE and ANKRD52 are 
evolutionarily conserved according to GERP13, a measure that identifies 
constrained elements in multiple alignments by quantifying substitution 
deficits. These deficits represent substitutions that would have occurred if 
the element of interest was neutral DNA, but which did not occur because 
the element has been under functional constraint. GERP scores are a 
natural measure of constraint that reflects the strength of past purifying 
selection on the genetic element of interest. None of the Neanderthal 
variants we identified are predicted to be functional according to SIFT 
and Polyphen. 
 
It has been suggested that the functional effects of introgressed SNPs 
are largely mediated by influencing gene regulation rather than protein 
structure14. Thus, to explore the regulatory potential of the Neanderthal 
variants within the IMD loci, we investigated the effect of the genotype of 
Neanderthal SNPs on genes (eQTLs) using Haploreg v415 and the GTEx 
Analysis Release V7 from the GTEx portal (http://www.gtexportal.org/
home/). We then mapped cis-eQTLs (eQTLs within a 250 kb region on 
each side of the SNPs in the locus) using peripheral blood RNA-seq data 
from 2,116 unrelated individuals from the BIOS dataset, as described 
by Zhernakova et al16. After identifying the top eQTLs in the locus, we 

http://www.gtexportal.org/home/
http://www.gtexportal.org/home/
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determined which top eQTL SNPs are in high linkage disequilibrium 
(r2>0.8) with the Neanderthal variants. This showed that 35 of the 36 
Neanderthal variants (95%, Table 1, Sup. Table 3) affected the expression 
of at least one nearby gene (Table 1), an effect four times higher than 
what has previously been shown for all Neanderthal sequences in 
relation to allele-specific effects17. The effect on expression suggests that 
Neanderthal variants have a functional effect within IMD loci. 

To test whether the Neanderthal allele increases or decreases the 
expression of affected genes, we focused on the cis-eQTLs identified in 
the BIOS dataset (Sup. Table 3). To this end, we found the most common 
haplotype that contained the eQTL-assessed allele  (a proxy of the 
Neanderthal variant) to determine the assessed allele for the Neanderthal 
variant. In this approach the Z-score of the eQTL-assessed allele provides 
the direction of effect for the Neanderthal-assessed allele. The majority 
of cis-eQTLs decreased the expression of the nearby genes, and we 
observed this for cis-eQTLs at gene- (54%) and exon-level (64%) and for 
eQTLs where SNPs affected the inclusion rate of exons (exon-ratio level, 
63%). This observation is consistent with a previous study that reported 
Neanderthal alleles down-regulate genes in brain and testes17. 

To better understand the regulatory mechanisms of Neanderthal variants 
that are associated with transcript abundance, we looked for changes 
in regulatory motif-binding in the seven IMD-associated loci. We found 
that 29 of the 36 variants (80.5%) altered transcription factor binding 
motifs according to Haploreg v4.1 annotation. We then selected 45 motifs 
that were directly altered by the Neanderthal variants, but not by their 
proxies. To select the strong effects from these variants, we filtered out 
weak changes and selected motifs from three loci where the binding 
was altered at least 5-fold compared to the reference allele (Sup. Table 
4). At the rs17339836 locus at 7q32.1 associated with primary biliary 
cirrhosis and systemic sclerosis, we found the Neanderthal-allele of the 
SNP increases the binding of the Sox_17. At the 6p21.1 locus associated 
to RA, the Neanderthal allele of rs28362855 decreases binding of CHD2_
disc3. In the 7q32.1 locus associated to CeD, the binding of MAZ was 
reduced by the Neanderthal allele of rs34904359. 
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In the 14q24.1 locus, for the two SNPs associated to the other two CeD-
associated loci, the Neanderthal alleles also alter the binding of Rad21. 
Rad21 (RAD21 cohesin complex component) is well known for its function 
in holding sister chromatids together and the repair of DNA double-
strand breaks; however Rad21 also promotes apoptosis, which is a key 
affected pathway in the mucosa of the small intestine of celiac patients18. 
This led us to examine the expression of Rad21 in intestinal biopsies of 
celiac patients (n=12) versus healthy controls (n=12). The methods of 
biopsy sampling, RNA isolation19 and details of microarray hybridization 
for these samples have been described previously20. The expression 
data were quantile normalized using the Illumina Beadstudio program. 
The quantile-normalized and log2-transformed expression values were 
compared using a Wilcoxon signed-rank test in R. What we found was 
that Rad21 is significantly over-expressed (P=0.0023) in cases compared 
to healthy controls (Sup. Figure 1), which supports a role for Rad21 in 
CeD.  

To test if the haplotypes containing Neanderthal variants were increasing 
or decreasing the risk of disease, we performed a haplotype association 
analysis. The haplotypes were constructed using all the Neanderthal 
variants at the locus, with haplotypes considered Neanderthal if they 
contained the alleles present in the Neanderthal genome. Haplotype 
association tests were performed in PLINK21 (http://pngu.mgh.harvard.
edu/~purcell/plink/) using 12 different disease-specific case-control 
cohorts (Sup. Table 5). While six Neanderthal haplotypes turned out to 
increase the risk for the disease (Table 2, Sup. Table 6 A-F), the Neanderthal 
haplotype containing the variant associated to psoriasis was protective 
in the two cohorts we analyzed (Sup. Table 6 G). At the 12q12 locus 
associated to IBD (Sup. Table 6 H), the Neanderthal alleles are present 
in both haplotypes: the risk haplotype contained one Neanderthal allele, 
while the protective haplotype contained 2 Neanderthal alleles.

http://pngu.mgh.harvard.edu/~purcell/plink/
http://pngu.mgh.harvard.edu/~purcell/plink/
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Table 2. Results from Neanderthal haplotypes association analysis  

Chr TopSNP Disease Size of locus1

Size of 
Neanderthal 
haplotype2

Neanderthal 
haplotype3

3 rs6441991 CeD 21.68 17.614 risk

4 rs62323881 CeD 504.54 191.51 risk

6 rs2233424 RA 54.08 46.70 risk

7 rs35188261 PBC 126.26 15.52 risk

7 rs62478615 SS 126.26 15.52 risk

12 rs11564258 IBD 80.55 2.69 risk

12 rs2066819 PS 126.52 100.83 protective

14 rs11851414 CeD 37.98 13.49 risk
CeD, celiac disease; RA, rheumatoid arthritis; PBC, primary biliary cirrhosis; SS, systematic sclerosis; IBD, 
inflammatory bowel disease; PS, psoriasis
1 Size of the locus was defined as the region that includes the top SNP and its proxies (r2>0.8 in CEU population of 
1000g). It is shown in kilobases
2 Neanderthal-haplotype is the region between all the Neanderthal variants. It is presented in kilobases.
3 Risk haplotypes increase the risk for the disease. Protective haplotypes decrease the risk for the disease.

The top SNPs associated to disease are located in non-coding regions 
of the genome: two top SNPs were in intergenic regions and six were 
located in introns of ZFP36L1, TNPO3, RP11-115F18.1, LTF and STAT2. 
In all cases, the regions encompassing the Neanderthal haplotypes were 
smaller than the associated locus (Table 2). The 7q32.1 locus associated 
to primary biliary cirrhosis and systemic sclerosis, for example, was 
reduced by 88% from 126.26kb to 15.52kb, while the reduction in size of 
the rest of the loci varied from 13 to 62% (84kb on average).

Intersecting GWAS variants for IMDs with SNPs derived from the 
Neanderthal genome also provides an opportunity to fine-map IMD loci. 
The fact that SNPs with Neanderthal ancestry are often non-coding, 
yet still affect gene expression and overlap regulatory motifs, can teach 
us about the differences between genomes of us and our ancestors. 
Associations between Neanderthal variants and phenotypes derived 
from medical records have shown that neurological and psychiatric 
phenotypes are enriched for Neanderthal variants, while Neanderthal 
variants were under-represented in digestive phenotypes5. In contrast, 
our study found CeD to be the disease with the most Neanderthal 
variants, even though the number of associations tested is lower for CeD 
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than for other IMDs. While the incidence of IMDs in African populations 
is higher than in Caucasian populations, for CeD, the disease with more 
variants introgressed from the Neanderthal, the prevalence in the African 
population is not well established. One study has reported it to be very 
high (5.8%)in a north African population called the Saharawi22, but a 
recent study in the American population found the adjusted prevalence 
of CeD was significantly higher (P<0.0001) among non-Hispanic whites 
(1.0%) than among non-Hispanic blacks (0.2%) and Hispanics (0.3%)23, 
suggesting that it is more frequent in Caucasian population. It has been 
suggested that some Neanderthal alleles provided a benefit to early 
anatomically modern human populations as they moved out of Africa, but 
that this early benefit has now become detrimental in modern Western 
environments. Specifically, Simonti et al5 showed how a SNP in SLC35F3, 
a putative thiamine transporter that associates with protein-calorie 
malnutrition, was beneficial for the Neanderthal, but the difference in diet 
between ancient and modern populations has now made it potentially 
harmful for modern humans. Therefore, many factors such as diet and 
exposure to infectious agents might be playing a role in the different 
prevalence of the disease, thus further studies are needed to investigate 
the contribution of the Neanderthal inheritance in this respect. 

To conclude, in addition to earlier GWAS studies that implicated 
associations of Neanderthal variants to primary biliary cirrhosis, CeD, 
IBD and RA, our study using Immunochip data identified additional 
associations to psoriasis and systemic sclerosis. Future studies should 
experimentally test whether the Neanderthal-introgressed SNPs detected 
at IMD loci have any functional impact on either infectious or life-style 
related phenotypes.

Description of Supplemental Data
Supplemental Data include one figure and six tables.

Supplementary figure 1. Rad21 expression in intestinal biopsies of celiac 
disease cases vs. healthy controls
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Supplementary table 1. Immunochip studies of immune-mediated 
diseases
Supplementary table 2. IMDs top SNPs and proxies included in the analysis
Supplementary table 3. Summary of eQTLs from Neanderthal variants
Supplementary table 4. Motif biding alteration by Neanderthal variants
Supplementary table 5. Cohorts included in the haplotype association 
analysis
Supplementary table 6. Haplotype association analysis of Neanderthal 
variants
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Web Resources
Haploreg: archive.broadinstitute.org/
mammals/haploreg/haploreg.php

PLINK: https://www.partners.org/~purcell/
plink/

GTEx portal (http://www.gtexportal.org/
home/).
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Abstract

Genome-wide association and fine-mapping studies in 14 autoimmune 
diseases (AID) have implicated more than 250 loci in one or more of these 
diseases. As more than 90% of AID-associated SNPs are intergenic or 
intronic, pinpointing the causal genes is challenging. We performed a 
systematic analysis to link 460 SNPs that are associated with 14 AID 
to causal genes using transcriptomic data from 629 blood samples. We 
were able to link 71 (39%) of the AID-SNPs to two or more nearby genes, 
providing evidence that for part of the AID loci multiple causal genes exist. 
While 54 of the AID loci are shared by one or more AID, 17% of them do 
not share candidate causal genes. In addition to finding novel genes such 
as ULK3, we also implicate novel disease mechanisms and pathways like 
autophagy in celiac disease pathogenesis. Furthermore, 42 of the AID 
SNPs specifically affected the expression of 53 non-coding RNA genes. 
To further understand how the non-coding genome contributes to AID, 
the SNPs were linked to functional regulatory elements, which suggest a 
model where AID genes are regulated by network of chromatin looping/
non-coding RNAs interactions. The looping model also explains how a 
causal candidate gene is not necessarily the gene closest to the AID SNP, 
which was the case in nearly 50% of cases. 
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Introduction

The genetic basis for autoimmune diseases (AID) has been successfully 
demonstrated by GWAS, which have now firmly associated more than 
250 loci to 14 common AID[1]. Some of these loci are also shared by more 
than one AIDs. Fine-mapping studies have drastically refined the regions 
of association and revealed that more than 90% of the AID-associated 
SNPs are found in non-coding regions (summarized by Ricaño-Ponce & 
Wijmenga)[2]. These studies have further shown that more than 40% 
of AID-associated SNPs affect the expression levels of nearby protein-
coding genes (cis-eQTLs)[2, 3] and sometimes those of genes located 
elsewhere in the genome (trans-eQTLs)[4]. These studies indicate that 
causative genes can be located outside the peak of association and that 
fine-mapping merely points towards the location of the causal variants. 
Moreover, eQTL studies have focused on the protein-coding genes while 
completely ignoring the 65% of annotated human genome transcribed 
into non-coding RNAs (ncRNAs)[5]. To date, only a few ncRNAs have 
been implicated in diseases, but this mostly seems to reflect the difficulty 
of studying them. Although the function of the majority of ncRNAs 
is unknown, it has become clear that they are important regulators of 
gene expression. In a proof-of-concept study, we recently showed that 
disease-associated SNPs can also impact the expression of ncRNAs[6]. 
By annotating GWAS loci with ncRNA transcripts, we demonstrated that 
ncRNAs can physically overlap AID-SNPs[2]. These two observations 
led us to hypothesize that ncRNAs might be crucial regulators in AIDs 
by affecting the expression levels of protein-coding genes, either in cis 
or in trans, thereby providing a link between non-coding AID-SNPs and 
protein-coding genes.

In this study we performed cis-eQTL analysis on AID-SNPs using RNA-
sequencing data from peripheral blood mononuclear cells (PBMCs) from 
629 healthy individuals. We identified cis-eQTL effect on 233 genes, 
including 53 ncRNAs. We found that the regulation is rather more complex 
than a single SNP affecting the closest gene, as we observed that half of 
the SNPs affect more than one gene and that in more than 50% of the 
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loci, the gene closest to the AID-SNP was not the candidate causal gene. 
Moreover, some of the loci shared by AID do not share causal SNPs or 
candidate causal genes, further contributing to the complexities of AID 
genetic architecture.

Materials and methods

Ethical statement and study cohorts 
The study procedures were approved by the authorities in all the 
participating centres and the studies were conducted according to Dutch 
rules for approval by ethics committee and for gaining informed consent. 
Participants of the LifeLines Deep population cohort were enrolled after 
giving informed consent, following an institutional review board protocol 
approved by the University Medical Centre Groningen (Groningen, the 
Netherlands). The Rotterdam Study (Rotterdam cohort) was approved by 
the medical ethics committee according to the Dutch Population Screening 
Act, Rotterdam Study), as executed by the Netherlands Ministry of Health, 
Welfare and Sports. Written informed consent was obtained from all the 
participants. Blood samples for DNA isolation and subsequent genotyping 
analysis were collected in EDTA Vacutainer® tubes (BD Biosciences, 
San Jose, CA, USA). Blood samples for RNA isolation and subsequent 
RNA-seq analysis were collected in PAXgene tubes (PAXgene Blood 
RNATube, PreAnalytix GmbH, Switzerland, ref 762165). Peripheral blood 
mononuclear cells (PBMCs) were isolated using 2 ml of whole blood with 
EDTA in a cell preparation tube (CPT) containing Heparin (BD Vacutainer 
CPT, ref 362780), according to the manufacturer’s instructions. 

SNPs associated to autoimmune diseases
We collected data on 14 different AID phenotypes (Supplemental Table 
1) previously genotyped by Immunochip analysis [as of February 2014] 
in 15 different studies (including two studies on rheumatoid arthritis). In 
total, we extracted 543 SNPs that showed significant association (P < 5 x 
10-8) to any of the 14 AID (referred to as AID-SNPs); 35 SNPs are shared 
by at least two diseases, yielding 508 unique SNPs. After applying SNP 
genotype quality control filters, we obtained a final set of 460 different 
AID-SNPs for cis-eQTL mapping (Supplemental Table 2).
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Genotyping and genotype imputation 
DNA isolation was performed by the Qiagen robots using Autopure LS 
kits. Genotyping of DNA from the LifeLines Deep cohort was performed 
using both the HumanCytoSNP-12 BeadChip and the ImmunoChip 
platforms (Illumina, San Diego, CA, USA). First, SNP quality control was 
applied independently for both platforms. SNPs were filtered on MAF 
above 0.001, a Hardy-Weinberg equivalent P value >1e-4 and a call 
rate of > 0.98 using Plink[7]. Genotyping of the Rotterdam samples was 
performed with the Infinium II HumanHap 550K + 610K Quad Genotyping 
GenomeStudio® (Illumina). Polymorphisms were genotyped according to 
the manufacturer’s instructions. Quality controls and the results of the 
genotyping have been published elsewhere[8].

The genotypes from both platforms were merged into one dataset. After 
merging, SNPs were again filtered on MAF 0.05 and a call rate of 0.98, 
resulting in a total of 379,885 genotyped SNPs. Next, this data was imputed 
based on the Genome of the Netherlands (GoNL) reference panel[9-11]. 
The merged genotypes were pre-phased using SHAPEIT2[12] and aligned 
to the GoNL reference panel using Genotype Harmonizer[13] (http://
www.molgenis.org/systemsgenetics/) in order to resolve strand issues. 
Imputation was performed using IMPUTE2[14] version 2.3.0 against 
the GoNL reference panel. We used the MOLGENIS compute imputation 
pipeline to generate our scripts and monitor the imputation[15]. 

RNA isolation and library preparation 
RNA from PBMCs was extracted using the PAXgene Blood miRNA Kit 
(Qiagen) according to the manufacturer’s instructions. RNA quantity and 
quality were determined using the Nanodrop 1000 spectrometer (Thermo 
Fisher Scientific, Landsmeer, the Netherlands) and the Expirion High-
sensitivity RNA analysis kit (Bio-Rad, Waltham, MA, USA), respectively. 
Total RNA from whole blood was deprived of globin using Ambion’s 
GLOBINclear kit. RNAseq libraries were prepared from 1 µg RNA of each 
cell population using the TruSeq RNA sample preparation kit v2 (Illumina) 
according to the manufacturer’s instructions, and these libraries were 
subsequently sequenced on a HiSeq 2000 sequencer (Illumina) using 

http://www.molgenis.org/systemsgenetics/
http://www.molgenis.org/systemsgenetics/
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paired-end sequencing of 2 x 50 bp, upon pooling of 10 samples per lane. 
Finally, read sets per sample were generated using CASAVA, retaining 
only reads passing Illumina’s Chastity Filter for further processing.

Analysis of RNAseq reads 
The sequencing reads from the LifeLines Deep data were mapped to human 
reference genome NCBI build 37 using STAR v2.3.1[16], allowing for eight 
mismatches and five mapping positions. To reduce reference mapping 
bias, GoNL SNPs with MAF > 1% were masked by “N”. On average, 92% 
of the reads were mapped, and 88% of all reads were mapped uniquely. 
In total, 88% of all aligned reads were mapping to exons. 

Gene expression was estimated using HTSeq count[17] using Ensembl 
GRCh37.71 gene annotation. Only uniquely mapping reads were used for 
estimating expression. Before eQTL mapping, gene expression data was 
TMM (trimmed mean of M values), normalized[18] and log2-transformed. 
The expression of each gene was centred and scaled. To reduce the effect 
of non-genetic sources of variability, we applied principal component 
analysis on the sample correlation matrix and the first five components 
were used as covariates[19].

Cis- and trans-eQTL mapping 
As a discovery set, 629 peripheral blood samples from the LifeLines 
Deep cohort were investigated to map cis-eQTLs. For trans-eQTL 
analysis, we performed a meta-analysis with 456 haematological 
samples downloaded from public databases (https://www.ebi.ac.uk/
arrayexpress/)[20]. The eQTL mapping strategy data has been described 
in detail previously[19, 21]. Briefly, cis-eQTL analysis was performed on 
transcript-SNP combinations for which the distance from the centre of 
the transcript to the genomic location of the SNP was ≤ 250 kb, whereas 
eQTLs with a distance greater than 5 Mb were defined as trans-eQTLs. 
Associations were tested by non-parametric Spearman’s rank correlation 
test and the FDR significance thresholds (P < 0.05; Supplemental Table 1) 
were defined based on the number of SNPs associated to each disease. 
We categorized the SNPs as follows: (1) SNPs showing primary effect 

https://www.ebi.ac.uk/arrayexpress/
https://www.ebi.ac.uk/arrayexpress/
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where the index SNP is same as the SNP showing the strongest eQTL 
effect, or is a different SNP but in perfect LD (D’ = 1) or in high LD (r2≥0.8). 
(2) SNPs showing secondary effect  where the index SNP and SNP 
showing the strongest eQTL effect show differences in allele frequency 
resulting in low D’ values and r2 values < 0.8, but after conditioning on the 
eQTL SNP, the eQTL effect of index SNP is still significant. We excluded 
SNPs where the index SNP and SNP showing the strongest eQTL affect 
show differences in allele frequency resulting in low D’ values and r2 
values < 0.8 and where, after conditioning on the eQTL SNP, the eQTL 
effect is gone (n = 237). 

An additional cis-eQTL mapping was performed to include all the SNPs, 
extending the mapping distance to 1 Mb up- and downstream. 

Replication cohort 
The cis-eQTL results were replicated in the Rotterdam cohort, comprising 
651 PBMCs samples. RNA-seq data was obtained in the same way as 
LifeLines Deep samples. The adaptors identified by FastQC (v0.10.1) 
were clipped using cutadapt (v1.1) applying default settings. Sickle 
(v1.200) was used to trim low quality ends of the reads (minimum length 
25, minimum quality 20). The sequencing reads were mapped to human 
reference genome NCBI build 37 using STAR v2.3.1[16], allowing for eight 
mismatches and five mapping positions. To reduce reference mapping 
bias, GoNL SNPs with MAF > 1% in the reference genome were masked by 
“N”. Ensembl GRCh37.71 was used for gene annotation. The overlapping 
exons were merged into meta-exons and gene expression was calculated 
as the sum of expression values of all meta-exons of each gene. To do 
this, custom scripts were developed which use coverage per base from 
coverageBed, and intersectBed from the Bedtools suite (v2.17.0)[22] and 
R (v2.15.1). Before the eQTL analysis, the data was normalized as for 
LifeLines Deep and corrected for the first 25 principal components. In the 
replication set,  P  values < 0.05 were considered to indicate significant 
eQTLs, but only if the direction of the effect was the same as in the 
LifeLines Deep data.
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Expression data from seven cell types 
We used the expression data generated from immune cell subsets from 
two individuals (granulocytes, monocytes, NK cells, B cells, memory T-cells 
(both CD4+ and CD8+), naive CD4+ (T-helper cells) and naive CD8+ 
(cytotoxic T-cells). These datasets has been described previously[23].

Analysis of autophagy genes expression data in coeliac disease biopsies 
Intestinal biopsies from 31 coeliac disease (CeD) patients and 12 
healthy controls were investigated according to the United European 
Gastroenterology (UEG) criteria. Biopsy sampling, RNA isolation, details 
of microarray hybridization and data analyses have been described 
previously[24, 25]. DNA from the 31 patients was genotyped using the 
Immunochip platform[26] and the genotype data at ULK3 SNP was 
extracted. A list of 222 autophagy genes was extracted from Human 
Autophagy Database (HADb; http://autophagy.lu/clustering/index.html) 
and, for 217 of these genes, we could extract their expression data from 
biopsies. In total, we found 1,155 out of 28,000 genes showing significant 
differential expression between the CeD biopsies and controls (P < 
0.05). Among these, nearly 50% of autophagy genes (107 genes out of 
217) showed differential expression. A Fisher exact test indicated that 
autophagy genes are more enriched in differentially expressed genes 
(P < 2.2 x 10-16) than non-autophagy genes. In addition, a 1,000 times 
random sampling of genes from the same dataset produced a similar 
result (Kolmogorov-Smirnov test; P = 0.002), suggesting enrichment of 
autophagy genes within the differentially expressed genes in the CeD 
biopsies. To correlate the expression data with genotypes, the normalized 
expression values were stratified according to the genotypes. The 
significant differences were tested using the t-test and P values < 0.05 
were considered significant.

Cytokine analysis 
Cytokines from Candida albicans and LPS stimulation in human PBMCs 
were measured using an enzyme-linked immunosorbent assay (R&D 
Systems, Minneapolis, MN, USA), as previously described[27, 28]. The 
cytokine levels were log-transformed and the correlation between 

http://autophagy.lu/clustering/index.html
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cytokine production and genotypes was tested by a linear regression 
model, which included age and gender as co-variables. P values < 0.05 
were considered significant.

Size  of  the  linkage  disequilibrium  blocks,  transcription  factor-  and 
super enhancer enrichment analyses 
The enrichment analysis was done to test whether there is any significant 
difference in the sizes of the LD block, type of transcription factor (TF) 
binding, or number of super enhancers encompassed in single-gene 
SNP and multi-gene SNP  regions. Initial cis-eQTL mapping within a 
500 kb cis-window identified 112 single-gene SNP and 71 multi-gene 
SNP   regions. The size of the LD blocks for these regions was defined 
based on the location of their proxy SNPs (r2 ≥ 0.8; extracted using the 
CEU population in 1000 Genomes data). The difference in the size of the 
LD blocks between these two groups was calculated using the Wilcoxon 
Rank test and P values < 0.05 were considered significant. 

Upon cis-eQTL mapping in a 2 Mb extended window, we obtained 90 
single-gene SNP regions and 92 multi-gene SNP regions. The super 
enhancers within 86 cell lines were extracted from a published source[29]. 
(See Supplemental Table 3 for more detailed information about the cell 
lines.) The 90 single-gene SNP regions and 92 multi-gene SNP regions 
were intersected with the chromosomal coordinates of these super 
enhancers. The significant difference was tested by the Fisher Exact test 
and a P value of < 0.05 was considered significant.

We extracted transcription factor (TF) binding data from ChIP-seq 
experiments using RegulomeDB (http://regulomedb.org/). These regions 
were intersected with gSNPs and their proxies (r2 ≥ 0.8). We calculated 
the number of binding events per TF in each loci. The difference in the 
number of binding events per TF between multi-gene SNP and single-
gene SNP regions was calculated using the Fisher Exact test and P values 
< 0.05 were considered significant. 

http://regulomedb.org/
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Intersecting DNase I hypersensitivity sites 
The DNase I hypersensitive sites from different cell lines were extracted 
from the BluePrint epigenome project (http://www.blueprint-epigenome.
eu/index.cfm?p=B5E93EE0-09E2-5736-A708817C27EF2DB7) and the 
ENCODE data from the UCSC browser (http://ucscbrowser.genap.ca/
cgi-bin/hgTrackUi?g=wgEncodeAwgDnaseUniform). These regions were 
intersected with gSNPs and their proxies (r2 ≥ 0.8). See Supplemental 
Table 4 for more information about the cell lines. 

RNA network for gene function and pathway prediction 
The RNA network is an extension of the gene network[6, 30] and was 
built to generate functional predictions for non-coding RNA genes. The 
gene network database contains data extracted from approximately 
80,000 microarray experiments that are publically available from the Gene 
Expression Omnibus. It contains data on 54,736 human, 17,081 mouse 
and 6,023 rat Affymetrix array experiments. Principal component analysis 
was performed on probe-set correlation matrices of each of four platforms 
(two human platforms, one mouse and one rat platform), resulting in 777, 
377, 677 and 375 robust principal components, respectively. Jointly these 
components explain between 79% and 90% of the variance in the data, 
depending on the species or platform. Many of these components are well 
conserved across species and enriched for known biological phenomena. 
This meant we were able to combine the results into a multi-species 
gene network with 19,997 unique human genes, allowing us to utilize 
the principal components to accurately predict gene function by using a 
‘guilt-by-association’ procedure. Pathway prediction for each gene was 
performed as described by Fehrmann et al7. Prediction was based on the 
5,000 RNA-seq samples, using the Gene Ontology Biological Processes 
gene set for pathway definition. The resulting gene-pathway association 
Z-scores were compared between selected genes and all the other genes 
in the genome using Mann-Whitney U tests. The resulting P values 
therefore describe the predicted enrichment of each Gene Ontology term 
for the selected genes (manuscript in preparation). The most significant 
top-five terms are reported in the figures..

http://www.blueprint-epigenome.eu/index.cfm?p=B5E93EE0-09E2-5736-A708817C27EF2DB7
http://www.blueprint-epigenome.eu/index.cfm?p=B5E93EE0-09E2-5736-A708817C27EF2DB7
http://ucscbrowser.genap.ca/cgi-bin/hgTrackUi?g=wgEncodeAwgDnaseUniform
http://ucscbrowser.genap.ca/cgi-bin/hgTrackUi?g=wgEncodeAwgDnaseUniform
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CHIA-PET analysis
The RNAPII mediated interactions were identified by ChIA-PET in 
GM12878 cells with stringent quality filtering. The ChIA-PET experimental 
and informatics protocols used to elucidate these chromatin interactions 
have been previously described[31, 32]. The full dataset is published 
elsewhere[33].

Results

RNAseq based eQTL-mapping identifies 233 causal AID genes including 
53 non-coding RNA genes
To systematically examine the effect of AID-SNPs on the expression of 
both protein-coding and ncRNA genes, we used RNA-sequencing data 
from PBMCs from 629 healthy individuals. We performed conditional 
cis-eQTL mapping on a final set of 460 unique SNPs encompassing 268 
loci (defined as 1 Mb region around the index SNPs), which have been 
associated to 14 different AIDs (Supplemental Fig. 1, Supplemental Table 
2). By mapping the cis-eQTLs at 460 AID SNPs, we identified 183 SNPs 
as cis-eQTLs (40%) that were correlated with the expression of 233 
different transcripts (resulting in 326 SNP-gene pairs). Replication (P < 
0.05) in the same direction was achieved for 84% of the SNP-gene pairs 
in independent RNA-sequencing data (651 PBMCs) (Supplemental Fig. 
2). Our cis-eQTL mapping implicated 63 SNPs that affect the expression 
of 53 ncRNAs, and 157 SNPs that affect the expression of 180 protein-
coding genes (Supplemental Table 5). Of these, 112 were associated to 
the expression levels of single genes (i.e. 87 AID-SNPs were associated 
to 68 protein-coding genes, and 25 AID-SNPs to 22 ncRNAs), while the 
other 71 AID cis-eQTL SNPs affect the expression levels of two to seven 
different genes in a 500 Kb region (Fig. 1A). The percentage of cis-eQTLs 
observed for each AID varied from 25% for juvenile idiopathic arthritis 
to almost 70% for primary sclerosing cholangitis (Fig. 1B). To reveal the 
regulatory consequences of the eQTL SNPs on downstream pathways 
and cellular phenotypes, we investigated the expression-specificity 
of the eQTL-affected genes across seven different immune cell types 
(Supplemental Fig. 1) and predicted the gene function using co-expression 
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analysis[30]. This was particularly necessary for the ncRNA genes since 
their molecular functions are largely unknown.

Integrative  genomic  analyses  implicate  novel  genes  for  AIDs  and 
implicate autophagy in celiac disease
Our cis-eQTL mapping revealed novel candidate genes in several loci, of 
which GPR25 (G protein-coupled receptor 25; associated with ankylosing 
spondylitis (AS), coeliac disease (CeD), inflammatory bowel disease 
(IBD), multiple sclerosis (MS) locus on 1q32.1) and ULK3 (unc-51-like 
kinase 3; CeD locus on 15q24.1) are examples (Fig. 2A, 2B). Previously, 
C1orf106 was implicated as a causal gene for IBD at 1q32.1[34]. While 
the expression level of C1orf106 was moderately correlated with four 
disease-associated SNPs, our analysis unequivocally identified GPR25 as 
the most significantly affected gene in this locus (Fig. 2A). We found GPR25 
to be strongly expressed in memory T-cells and NK-cells, and predicted to 
be involved in the positive regulation of B-cell proliferation (P = 1.21x10-

6). Nonetheless, C1orf106 is suggested to be involved in epithelial cell-cell 
adhesion[35], an essential process in keeping the intestinal epithelial-
barrier intact in the context of IBD and CeD. Therefore, it is possible that 
both genes in this locus contribute to disease through different cell types. 
A similar observation was made for the CeD locus on 15q24 (Fig. 2B). The 
expression level of ULK3 is much more strongly affected by rs1378938 
(P = 1.21 x 10-46) than CSK (P = 7.08 x 10-6). CSK is involved in B-cell 
activation[36] and ULK3 encodes a kinase involved in autophagy[37]. 
However, the autophagy pathway has never been implicated in CeD, 
which highlights the possibility of identifying novel pathways underlying 
CeD. 

Studying patient biomaterials validate the functional role of ULK3 locus 
in autophagy in celiac disease
To investigate the functional impact of ULK3 locus on autophagy pathway 
in CeD, we tested whether known autophagy genes were differentially 
regulated in intestinal biopsies of CeD patients [35]. We indeed observed 
an enrichment of autophagy genes being differentially expressed (Fig. 3A) 
compared to a random set of genes in CeD biopsies (P = 2.2 x 10-16). We 
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Fig. 1. Break down of cis-eQTLs into coding and non-coding genes. (A) The pie-chart summarizes the cis-eQTLs 
we identified in which, 112 out of 183 cis-eQTL AID-SNPs were associated to single genes (i.e. 87 AID-SNPs to 
68 protein-coding genes and 25 AID-SNPs to 22 ncRNAs), while the other 71 AID cis-eQTL SNPs affected the 
expression levels of two to seven different genes within the 500 kb region (see Supplemental Table 2). (B) The 
cis-eQTL mapping results per disease are shown to indicate the number of SNPs remaining for eQTL mapping 
(shown on top of the purple bars) as well as the number of SNPs that showed significant cis-eQTLs (shown on 
top of the orange bars). Because of the wide range in the number of SNPs associated to each of the AIDs, we 
defined false discovery rate (FDR) significance thresholds for each disease separately to assist in the eQTL analysis 
(see Methods). *These loci are shared between ulcerative colitis (UC) and Crohn’s disease (CD). The non-shared 
loci are listed separately. Alopecia areata (AA), atopic dermatitis (AD), ankylosing spondylitis (AS), autoimmune 
thyroid disease (ATD), coeliac disease (CeD), inflammatory bowel disease (IBD), juvenile idiopathic arthritis (JIA), 
multiple sclerosis (MS), primary biliary cirrhosis (PBC), psoriasis (PS), rheumatoid arthritis (RA), primary sclerosing 
cholangitis (PSCh), and systemic sclerosis (SS). 

Figure 1A: Break down of cis-eQTLs into coding and non-coding genes. 
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Fig. 2. Cis-eQTL identifies novel candidate causal genes for AID. The top panel is a locus plot to show the location 
of all the genes tested in a 500 kb cis-window (hg19). The plot centred below indicates the correlation between 
the expression of eQTL-genes with genotypes of AID-SNPs. The risk genotypes are in red. The expression pattern 
for eQTL-genes across seven different immune cell types were obtained from two individuals and the average 
expression levels are shown as a heatmap in the lowest panel. (A) An example of different AID-SNPs affecting the 
same genes and thus representing a truly shared locus. Four different SNPs at 1q32.1 show association to four 
different diseases (MS, IBD, AS and CeD). All four SNPs are in absolute LD (r2 1⁄4 1, D’ 1⁄4 1) and affect two protein-
coding genes. The MS-associated risk allele rs55838263*T is associated with lower expression of both GPR25 (P 
1⁄4 3.02 10_16) and C1ORF106 (P 1⁄4 0.0012) genes. The risk alleles for the other three SNPs show similar results. 
(B) Example of a cis-eQTL identifying novel candidate genes and novel pathways. The CeD-associated risk allele, 
rs1378938*T is associated with a higher expression of both CSK (P 1⁄4 7.08 10_6) and ULK3 (P 1⁄4 1.21 10_46). 
ULK3 encodes a kinase involved in autophagy. This pathway has not been implicated in CeD so far. We found an 
enrichment of autophagy genes being differentially expressed compared to a random set of genes in CeD biopsies 
(P 1⁄4 2.2 10_16). We further showed that the SNP affecting ULK3 is also correlated with the expression levels of 
autophagy genes in CeD biopsies (Supplemental Fig. 3). 

Figure	  2A:	  An	  example	  of	  different	  AID	  SNPs	  affec=ng	  the	  same	  genes	  and	  thereby	  
represents	  a	  true	  shared	  locus.	  	  

Figure	  2B:	  Example	  of	  an	  cis-‐eQTL	  inferring	  a	  novel	  candidate	  gene	  and	  pathway	  
that	  was	  not	  considered	  before.	  	  	  

A

B
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further confirmed that the ULK3 affecting SNP genotype is correlated with 
the expression levels of autophagy genes in CeD biopsies (Supplemental 
Fig. 3). Autophagy is also involved in regulating inflammatory process 
in response to human pathogens by influencing cytokine production 
and secretion. We therefore tested whether ULK3 SNP influences the 
production of cytokines in PBMCs in response to lipopolysaccharide (LPS), 
a cell-wall component of Gram negative bacteria. We found a significant 
difference (P = 0.019) in the levels of IL-6 levels between rs1378938 CC 
and TT genotypes, where the risk allele T is associated with lower levels 
of IL-6 in response to LPS (Figure 3B). This finding indicated that ULK3 
dependent autophagy might be involved in regulation of inflammation 
and emphasizes the importance of studying non-gluten antigens (e.g. 
host-microbiome interaction) in the context of CeD pathogenesis.

AID-associated  lncRNAs  are  involved  in  immune  cell  activation  and 
cytokine regulation
Our study identified 27 ncRNAs at 25 AID-loci as candidate causal genes 
as these were the only affected transcripts in PBMCs (Table 1). Although 
previous microarray-based eQTL studies suggested UBE2E3 as the causal 
gene at 2q31.3, a locus associated with CeD and AS[35], our analysis 
indicates that the AS (rs12615545)- and CeD (rs1018326)-associated 
SNPs are not in LD with the eQTL SNP that affects UBE2E3 expression 
(r2 = 0.16). Instead, both the AD and CeD index SNPs (r2 = 0.94) affect the 
expression of long non-coding RNA (lncRNA) AC104820.2 (P = 9.22 x 
10-8). 

AC104820.2 is strongly expressed in CD8+ T-cells (Fig. 4A) and is 
suggested to function in alpha-beta T-cell proliferation (P = 4.1 x 10-6), 
which is a crucial process in autoimmunity[38]. AC104820.2 was also found 
to be up-regulated in intestinal biopsies of patients with active CeD[39]. 
Another example is lncRNA AP002954.4 at 11q23.3, whose expression 
was significantly affected by three unrelated SNPs associated to three 
different AIDs (MS, RA and CeD). AP002954.4 is expressed specifically in 
monocytes and may function in regulating cytokine responses (P = 5.95 x 
10-6) and defence against fungal infection (P = 3.79 x 10-5) (Fig. 4B).
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Fig. 3. Validation of the functional role of ULK3 locus in autophagy in celiac disease. (A) Genotype-dependent 
expression levels of autophagy genes in coeliac disease biopsies. There were 3 AA, 15 AG and 13 GG genotypes. 
The expression for 217 autophagy genes could be extracted from the microarray data of coeliac disease biopsies 
and the genotype data at the ULK3 SNP were extracted using Immunochip for 31 CeD patients. The heatmap 
shows the normalized expression values stratified according to the genotypes. The difference in gene expression 
between AA and GG was tested by t-test and P < 0.05 was considered significant. (B) Association of rs1378938 
with interleukin 6 levels in response to lipopolysaccharide. The CeD-associated risk allele rs1378938*T (in red) 
results in lowered interleukin 6 (P 1⁄4 0.019) cytokine levels upon LPS stimulation of primary mononuclear cells. The 
x-axis displays the three different genotypes and the number of individuals in each group. The y-axis presents the 
age and gender corrected cytokine levels. 

Mean AA Mean GG Log. fold

Figure	  3A:	  Genotype-‐dependent	  expression	  levels	  of	  autophagy	  
genes	  in	  celiac	  disease	  biopsies.	  	  

Figure	  3B:	  Associa0on	  of	  rs1378938	  with	  interleukin	  6	  levels	  in	  
response	  to	  lipopolysaccharide.	  

A
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Indeed, the cytokine levels produced by fungus-stimulated, human 
PBMCs[27, 28] were dependent on SNP rs533646, with the risk allele 
G causing higher IL-6 and TNF-alpha levels (Supplemental Fig. 3). Both 
examples highlight the potential functional role of lncRNAs in AID.

Different AID-SNPs in shared disease loci may affect different genes 
Although we found cis-eQTLs for 183 SNPs, they define only 120 loci 
(based on the 1 Mb region around the index SNPs). Among these 120 
loci, 54 loci were found shared between two or more AID (Supplemental 
Table 6). In nine of the shared loci (16.7%), we found different AID-SNPs 
affecting different genes. 

The MS and IBD associated locus at 11q13.1 provides an illustrative 
example. MS SNP rs694739 affects two protein-coding genes and a 
lncRNA gene, while the IBD SNP rs559928 affects a different lncRNA 
(Fig. 4). The MS SNP rs694739 and its close proxies overlap with DNAse 
I hypersensitivity sites (DHSs) of many immune cells, whereas one of the 
two proxies of the IBD SNP rs559928 specifically overlaps with DHSs in 
Caco-2 cells (intestinal epithelial cells), suggesting that different usage of 
cell-type-specific enhancers could be one mechanism by which different 
genes could be affected by different AID-SNPs in a shared disease locus.

Table 1. AID-SNPs that affect the expression levels of only non-coding 
RNAs

AID SNP SNP 
Chr

SNP Chr 
Positiona HUGO Gene ID Gene Chr 

Positiona

Risk 
alleleb Directionc eQTL P

CD rs1260326 2 27730940 AC109828.1 27561937 T up 1.44 x 10-4

CD rs1260326 2 27730940 FTH1P3 27615942 T up 8.40 x 10-3

RA rs34695944 2 61124850 RP11-373L24.1 61154165 C up 7.99 x 10-8

IBD rs6708413 2 103063369 MIR4772 103048787 G down 8.01 x 10-15

CeD rs1018326 2 182007800 AC104820.2 182115472 C up 9.22 x 10-8

AS rs12615545 2 182048452 AC104820.2 182115472 C up 5.99 x 10-8

AS rs10045403 5 96147733 CTD-2260A17.1 96121092 A down 7.89 x 10-14

MS rs941816 6 36375304 MIR3925 36590251 G down 3.88 x 10-3

MS rs706015 7 27014988 HOTAIRM1 27137575 C up 1.51 x 10-36

IBD rs4743820 9 93928416 RP11-305L7.1 93868412 T up 4.86 x 10-23

PS rs10979182 9 110817020 RP11-240E2.2 110802683 A down 5.56 x 10-5
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RA rs2671692 10 50097819 RP11-563N6.6 50086380 A up 3.90x 10-4

IBD rs7097656 10 82250831 RP11-137H2.4 82292525 C down 1.41 x 10-7

MS rs694739 11 64097233 AP003774.1 64094749 A down 2.65 x 10-130

IBD rs559928 11 64150370 AP003774.6 64162558 C up 3.21 x 10-4

UC rs561722 11 114386830 RP11-64D24.2 114154315 C down 4.55 x 10-3

MS rs533646 11 118566746 AP002954.4 118598144 G down 6.41 x 10-80

CeD rs10892258 11 118579865 AP002954.4 118598144 G up 2.18 x 10-3

RA rs10790268 11 118729391 AP002954.4 118598144 G down 4.55 x 10-3

MS rs12296430 12 6503500 RP1-102E24.8 6503653 C up 1.01 x 10-21

PS rs2066819 12 56750204 RP11-977G19.11 56701259 C down 2.00 x 10-3

MS rs6498184 16 11435990 RP11-485G7.5 11437367 G down 4.92 x 10-3

RA rs4780401 16 11839326 UBL5P4 12062482 T down 3.88 x 10-3

RA rs13330176 16 86019087 RP11-542M13.2 86016842 A down 6.88 x 10-4

IBD rs727088 18 67530439 RP11-543H23.2 67382212 G up 1.37 x 10-18

PS rs892085 19 10818092 ILF3-AS1 10763529 A down 9.05 x 10-4

UC rs6017342 20 43065028 RP5-1013A22.2 43078074 C down 3.58 x 10-3

IBD rs913678 20 48955424 RP11-290F20.1 48920358 T up 7.99 x 10-8

AS rs7282490 21 45615741 AP001057.1 45621876 G down 4.29 x 10-4

IBD rs7282490 21 45615741 AP001057.1 45621876 G down 4.29 x 10-4

IBD rs2413583 22 39659773 RP4-742C19.8 39534946 C down 3.04 x 10-3

aAll chromosomal positions are based on UCSC/hg19 coordinates.
bRisk alleles are as reported in the original publications.
cThe direction of the eQTL effect by the risk allele.
AS=ankylosing spondylitis, CeD=coeliac disease, CD= Crohn’s disease, IBD=inflammatory bowel disease, 
MS=multiple sclerosis, PS=psoriasis, RA= rheumatoid arthritis and UC=ulcerative colitis. 

Nearly 40% of AID-SNPs modulate the expression of multiple genes in 
cis due to extended linkage disequilibrium
About 39% of AID-SNPs (71/183 SNPs) affect the expression levels of 
two or more genes (multi-gene SNPs) compared to 61% (112/183 SNPs) 
that affect only a single gene (single-gene SNPs) (Fig. 1A). We found 
no difference in the average number of genes present in these loci, the 
allele frequencies of the SNPs, or local patterns of co-expression of genes 
(Supplemental Figs. 4, 5 & 6) that could explain the differences. 

However, we observed significant differences in the size of the LD blocks 
(P = 0.0002), with multi-gene SNPs located within larger LD blocks 
(average LD block size 175 kb) than single-gene SNPs (average LD block 
size 100 kb) (Fig. 6A). 
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Fig. 4. Examples of long non-coding RNAs as candidate causal genes for AIDs. (A) The locus on chromosome 
2q32.3 is associated to AD (rs12615545) and CeD (rs1018326), and both SNPs are in strong LD (r2 1⁄4 0.96, D’ 1⁄4 
1). The CeD-associated risk allele, rs1018326*C is associated with higher levels of expression of the AC104820.2 
lncRNA (similar results were observed for AD risk allele at rs12615545). The function prediction based on co-
expression (GO biological processes) suggested this lncRNA is involved in alpha-beta T-cell pro- liferation. The 
right-hand panel shows the expression pattern for AC104820.2 lncRNA across seven different immune cell types 
(obtained from two individuals and the average expression levels are shown), which indicates its strong expression 
in CD8þ T-cells. (B) The locus on chromosome 11q23.3 is associated to CeD (rs10892258), MS (rs533646) and 
RA (rs10790268). The MS-associated risk allele rs533646*G is associated with lower levels of expression of the 
AP002954.4 lncRNA (eQTL P 1⁄4 6.41 10_80; similar results were also observed for the CeD and RA risk alleles). The 
expression patterns across seven cell types were obtained from two individuals and the average expression levels 
are shown as a heatmap, which confirms the strong expression of AP002954.4 in monocytes. The function prediction 
based on co-expression (GO biological processes) was obtained from the RNA network (http://genenetwork.nl/)7. 

Figure	  4A:	  Examples	  of	  long	  non-‐coding	  RNAs	  as	  causal	  genes	  for	  AIDs.	  	  	  
	  

Figure	  4B:	  Examples	  of	  long	  non-‐coding	  RNAs	  as	  causal	  genes	  for	  AIDs	  
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Figure	  5:	  Shared	  disease	  loci	  may	  harbour	  different	  causal	  genes	  for	  different	  AIDs.	  	  

This suggests that multi-gene SNPs may regulate gene expression in a 
larger cis-window. To test this, we extended the cis-window to 2 Mb and 
repeated the cis-eQTL mapping. We observed that 42% of multi-gene 
SNPs (30/71) affect genes that are located in the extended 2 Mb cis-
window compared to only 19% of single-gene SNPs (21/112, P = 0.0001; 
Supplemental Fig. 7), suggesting that some AID-SNPs are located within 
regulatory regions that can control the expression of multiple genes 
spread over long distances in cis. In support of this we found that multi-
gene SNPs regions are enriched for super-enhancers[29] (P = 0.0018) 
and CTCF binding sites (Supplemental Figs. 8 & 9), which are known to 
mediate chromatin looping[40, 41]. 

Fig. 5. Shared disease loci may harbour different candidate causal genes for different AIDs. (A) The upper panel 
shows the regional plot of MS- (rs694739) and IBD- (rs559928) associated SNPs at 11q13.1 that affect expression 
of independent genes. The DNAse H1 sites (DHSs) from different cell lines were intersected with both gSNPs and 
their proxies. The gSNPs are highlighted with an oval shape around the line. DHSs of immune cells (alpha-beta 
T-cells, Jurkat T-cells, monocytes, naive B cells, T helper cells (Th0, Th1, Th2) and regulatory T-cells (Treg) and 
Caco-2 cells (intestinal epithelial cells) were extracted from the databases of ENCODE and the Blueprint epigenome 
project. (B) The MS SNP rs694739 affects the expression levels of lncRNA AP003774.1 (P 1⁄4 2.65 10_130), followed 
by CCDC88B (P 1⁄4 7.89 10_14) and PPP1R14B (P 1⁄4 7.08 10_6), while IBD SNP rs559928 only weakly affects 
the expression level of lncRNA AP003774.6 (P 1⁄4 3.21 10_4). The function prediction based on co-expression (GO 
biological processes) was obtained from the RNA network [30]. Consistent with the DHSs pattern, the MS SNP 
affected genes are predicted to be involved in immune cell activation and the lncRNA affected by the IBD SNP is 
involved in innate immune function. (C) The expression pattern for eQTL genes across seven different immune cell 
types were obtained from two individuals and the average expression levels are shown as a heatmap. 
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Expression regulation of multiple genes  in cis  is partly via chromatin 
looping interactions
Recent studies by others suggest that lncRNAs play a role in regulating 
transcription of genes over longer distances, by mediating chromatin 
looping that brings enhancers and promoters together[42, 43]. We 
therefore tested whether AID-SNPs affecting lncRNAs are involved 
in regulating multiple genes in cis more often than AID-SNPs affecting 
only protein-coding genes. We found that 69% of AID-SNPs that impact 
lncRNAs are also multi-gene SNPs (based on the 2 Mb cis-window) 
compared to 40% of AID-SNPs that impact only protein-coding genes (P 
= 0.0002; Fig. 6B), suggesting that lncRNAs could be one of the factors in 
regulating the expression of multiple cis genes. To confirm the observation 
that AID-SNPs and lncRNAs are potentially involved in looping interactions 
to regulate gene expression, we manually cross-referenced our lncRNA-
eQTLs with genome-wide RNA polymerase II (RNAPII) interactions, 
mapped by ChIA-PET assay[31, 32] in GM12878 (B-lymphoblastoid)[33]. 
We found that multi-gene SNPs are more often (64 SNPs out of 92; 70%) 
involved in looping interactions in B cells (P = 0.048) than single-gene 
SNPs (55%; Supplementary Table 7 & 8). Many of these loci show very 
strong interaction where more than 50 independent interactions between 
AID SNPs and regulatory regions of eQTL genes are found (Supplementary 
Fig. 10 a-s).  We found that some lncRNA-eQTLs, the affected lncRNAs 
and the promoters of the protein-coding genes are organized in the same 
transcription topological unit mediated by RNA Polymerase II (RNAPII). 
For example, SNP rs6667605 at 1q32.1 associated with UC affects the 
levels of transcription of four genes (MMEL1, TNFRSF14, RP3-395M20.7 
and RP3-395M20.8). According to the RNAPII ChIA-PET interaction data, 
we observed that SNP rs6667605 and the lncRNAs RP3-395M20.7 and 
RP3-395M20.8 were interacting with the promoter region of the protein-
coding gene TNFRSF14 (Fig. 65C). All three genes are expressed in 
lymphoblast cells and predicted to be involved in B- and T-cell activation 
(Supplemental Figs. 11 & 12), supporting the idea that co-regulation of 
TNFRSF14 and the two lncRNAs may occur through looping interactions.
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Rheumatoid arthritis lncRNA as an example of trans-regulator of genes 
enriched for B cell proliferation
Some AID-SNPs can affect the expression of multiple genes in trans[4]. 
We tested whether lncRNA cis-eQTLs can also be trans-eQTLs. We 
observed that the RA-associated SNP rs13330176 at 16q24.1 affects 
levels of expression of lncRNA RP11-542M13.2 in cis, which is predicted 
to be involved in B-cell proliferation (Supplemental Fig. 13). The same 
SNP is also moderately associated (P < 0.0009) with the expression level 
of more than ten genes in trans (Supplemental Table 9), which are also 
involved in B-cell related processes. Although our sample size is a limiting 
factor in trans-eQTL mapping, this example illustrates the possibility of 
identifying downstream consequences of AID-associated lncRNAs.

Discussion

Identification of the correct causal genes within GWAS loci is critical not 
only for the proper interpretation of associated loci but also to pinpoint 
potential therapeutic targets. RNA-sequencing will identify causal 
genes in an unbiased manner as it provides quantification of the global 
transcriptome at high resolution to efficiently capture all transcripts 
including lowly abundant transcripts such as lncRNA genes, [23]. Our 
study indeed shows that eQTL analysis based on RNA-sequencing data is 
a first and important step in delineating the complex genetic architecture 
of AIDs. We made use of the currently largest available cohort of PMBC-
based RNA-sequencing data and report, for the first time, an extensive 
list of 53 ncRNAs as candidate causal genes for AIDs, which highlight 
the added value of RNA-sequencing over conventional microarrays. Since 
lncRNA genes have shown to be more cell-type specific than protein-
coding genes[44], further eQTL analysis in disease specific cell-types may 
identify additional lncRNA genes as potential causal genes for AID.

In addition to lncRNAs, we also identified 157 cis-eQTLs on protein 
coding genes, which helped us to implicate novel candidate causal genes 
and pathways in several loci. We found that a SNP associated to CeD 
was affecting ULK3 that encodes a kinase involved in autophagy. By 



efined mapping of autoimmune disease associated genetic variants ith gene e pression suggests 
an important role for non coding As

123

Fig. 6. The size of the LD block and lncRNAs facilitate looping interactions to regulate multiple genes in cis. (A) 
The size of the LD blocks between SNPs that affect single genes (single-gene SNPs) and SNPs that affect multiple 
genes (multi-gene SNPs) was compared. The average size of the LD block for single-gene SNPs (100 kb) was 
significantly different from the 175 kb for multi-gene SNPs (P 1⁄4 0.0002). The significant difference was tested 
using the Wilcoxon Rank test. (B) Mapping eQTLs for SNPs affecting lncRNA and using a 2 Mb cis-window found 
69% of the AID-SNPs that impact lncRNAs are SNPs affecting multiple genes compared to 40% of AID-SNPs 
that impact only protein-coding genes. (C) Ulcerative colitis-associated SNP rs6667605 at 1q36.32 affects three 
genes (TNFRSF14 is a protein-coding gene, RP3-395M20.8 and RP3-395M20.7 are lncRNAs). Pink loops depict 
the looping interactions mediated by RNAPII that lie between the UC-associated eQTL locus and the corresponding 
target genes in GM12878 (B-lymphoblastoid) cells. The peaks in the middle panel depict the RNAPII occupancy 
along this locus in GM12878 cells. The bottom panel shows the expression levels of genes in this locus. Expression 
signals from the þ and e strands are separated into green and blue, respectively. 

Figure	  6A:	  The	  size	  of	  the	  LD	  block	  and	  lncRNAs	  may	  facilitate	  
looping	  interac@ons	  to	  regulate	  mul@ple	  genes	  in	  cis	  

Figure	  6B:	  The	  size	  of	  the	  LD	  block	  and	  lncRNAs	  may	  facilitate	  
looping	  interacAons	  to	  regulate	  mulAple	  genes	  in	  cis.	  	  	  
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Figure	  6C:	  The	  size	  of	  the	  LD	  block	  and	  lncRNAs	  may	  facilitate	  
looping	  interacAons	  to	  regulate	  mulAple	  genes	  in	  cis.	  	  
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analysing intestinal biopsies of CeD patients, we observed that ULK3 
is co-regulated with genes involved in autophagy thereby implicating a 
possible role of the autophagy pathway in CeD pathogenesis that was 
not considered before [35]. Another example is a shared AID locus for MS, 
IBD, AS and CeD at 1q32.1 region, where our analysis identified GPR25 
as a primary causal gene. G protein-coupled receptors (GPCRs) are one of 
the best-studied classes of cell surface receptors and the most amenable 
group of proteins for novel small molecule drug discovery. GPR35 is one 
such example where it emerged as a potential therapeutic target through 
its association with IBD, type 2 diabetes and coronary heart disease[45]. 
The newly identified GPR25 gene could be another attractive target to 
exploit therapeutically since it is associated with four different AIDs. 
Interestingly, both ULK3 and GPR25 did not turn out to be the genes 
nearest to the index SNPs which is rather frequently the case since only 
in 50% of cases the nearest gene is suggested to be the candidate causal 
gene (Supplemental Table 5). This finding again highlights the importance 
of a more careful follow up analysis of disease associated SNPs for the 
correct interpretation of associated loci.

Another important observation from this study is that in 40% of AID-loci 
multiple genes may predispose to disease. In addition, by comparing the 
genetics of different diseases, we show that the associated loci for many 
different diseases can be physically the same but yet different genes in 
these loci may affect different AIDs. The latter may be caused by cell 
type specificity, as suggested by our analysis of DNAse I hypersensitive 
sites. Integrating eQTL analysis with regulatory information may mark 
the cell-types critical to disease and techniques like ChIA-PET will be 
critical to eventually unmask the cell-type specific regulatory networks 
for different diseases. The ability to perform trans-eQTL mapping will 
facilitate the identification of the downstream effects of disease SNPs. 
In particular the further understanding of lncRNAs will benefit from such 
investigations. In this study we focused on the identification of cis-eQTLs 
because our sample size had limited power for trans-eQTL mapping. 
Since the majority of the GWAS SNPs regulate gene-expression, our 
systematic approach of conditional eQTL mapping and cell-type specific 
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expression characterization of candidate causal genes for autoimmune 
diseases could be efficient strategy to identify novel causal genes for 
other complex diseases. We anticipate that our study will facilitate the 
understanding of lncRNA-mediated cis gene expression regulation in AID 
loci and encourage further studies with bigger sample size to identify the 
downstream consequences of AID-SNPs on lncRNAs. 
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Abstract

New insights into the underlying molecular pathophysiology of celiac 
disease (CeD) over the last few years have been guided by major advances 
in the fields of genetics and genomics. The development and use of the 
Immunochip genotyping platform paved the way for the discovery of 39 
non-HLA loci associated to CeD, and for follow-up functional genomics 
studies that pinpointed new disease genes, biological pathways and 
regulatory elements. By combining information from genetics with 
gene expression data, it has become clear that CeD is a disease with a 
dysregulated immune response, which can probably occur in a variety of 
immune cells. This type of information is crucial for our understanding of 
the disease and for providing leads for developing alternative therapies to 
the current gluten-free diet. In this review, we place these genetic findings 
in a wider context and suggest how they can assist the clinical care of 
CeD patients.
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Introduction

During the last few years, the field of human genetics has benefited from 
an enormous gain of knowledge, specially due to the development of new 
technologies and techniques, growing disease cohorts, and new methods 
of data analysis and data integration to uncover new disease genes, 
pathways and regulatory networks for complex diseases.

Nowadays it is possible to analyze almost every kind of biological sample. 
Apart from DNA for genotyping, samples can cover individual cell types, 
RNA for gene expression, and proteins and metabolites from serum or 
plasma. The information extracted from these biological systems yields 
important insights into the complex biology of disease.

This technological leap initially allowed for the interrogation of hundreds of 
thousands of single nucleotide polymorphisms (SNPs) across the human 
genome, a process called genome-wide association studies (GWAS). With 
genotype information from a random sample of the population and from a 
group of patients, case-control association studies are able to pinpoint the 
regions or genes potentially related to the pathophysiology of a disease, 
for example on celiac disease (CeD) [1, 2]. Two GWAS studies in CeD on 
some 4,918 patients and 5,684 controls led to the discovery of 26 loci 
outside the well-known HLA association. By comparing GWAS results 
between different diseases, we can detect regions and genes common to 
multiple diseases. Such pleiotropic effects can discover common pathways 
involved in phenotypically different, but biologically related pathologies, 
as shown for a group of autoimmune diseases [3]. By 2010, GWAS had 
found 186 loci to be associated to ten different autoimmune diseases and 
many of these loci showed association to more than one disease. 

The genetic analysis of CeD represents an outstanding example of this 
development, with an important number of loci discovered not only 
in Caucasian populations but also in other ethnicities. New disease 
pathways have been linked to these loci [4]. 
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Immunochip in celiac disease 
The release of the dedicated Immunochip platform in 2010 gave a huge boost 
to the process of discovering new genetic regions linked to autoimmunity. 
This customized array contains 196,524 SNPs that are located in the 
186 regions of immunologic interest and includes evidence of association 
based on previous GWAS analyses in 10 different autoimmune diseases 
[5]. The Immunochip has become a popular genotyping platform because 
of its customized coverage and cost-efficiency. Its special design means 
it is suitable for use in European populations, but it is less informative 
for other ethnic groups. The chip contains SNPs that were known in the 
public domain by February 2010 [6], which means it lacks an important 
number of rare variants that have been discovered since then. It has 
been assumed that these rare variants have a stronger effect on disease 
susceptibility, but they are also more difficult to find as this requires large-
scale sequencing studies. Probably one of the major weaknesses of the 
Immunochip is that it does not cover the entire genome, it is now apparent 
that it eliminates potentially important regions for autoimmune diseases 
from analysis [5]. Nevertheless, the array has proven to be extremely 
efficient for deep replication of associations across a wide range of 
autoimmune diseases, as well as for the purpose of fine-mapping well-
established and significant GWAS loci.

New findings from Immunochip
Using the Immunochip platform, in 2011 Trynka et al. [7] analyzed CeD 
cohorts from six different countries, encompassing 12,041 cases and 
12,228 controls. They not only confirmed the loci discovered in previous 
analyses [1, 2], but also identified new associations, bringing the number 
of known CeD loci, including the MHC-HLA region, to 40 (Figure 1). These 
loci are represented by 57 independent SNP associations, of which 29 were 
localized to a single gene. With the use of proxies (i.e. closely correlated 
SNPs), three protein-altering SNPs were identified in the MMEL1, SH2B3 
and IRAK1 genes, while other disease SNPs where localized in regulatory 
regions of the RUNX3, RSG1, ETS1, TAGAP, ZFP36L1, IRF4, PTPRK and 
ICOSLG genes. The remaining disease SNPs lie in intergenic regions [7]. 
The genes from these associated regions can be connected to multiple 
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biological pathways like hematopoiesis, cell differentiation and selection, 
activation, co-stimulation and maturation of effector cells, or to regulation 
of the immune processes. 

By linking genes and potential pathways it is possible to pinpoint genes 
that affect multiple independent autoimmune diseases (genes with 
pleiotropic effects), such as CCR1/CCR2 (on chromosome 3p21.31) 
involved in cell differentiation, recruitment and signaling, or FASLG (on 
chromosome 1q24.3) involved in cell selection, survival, activation and co-
stimulation of T cells. Other genes like IL2, IL21 and CTLA4 are involved 
in the creation of a pro-inflammatory environment. This is the final result 
of the interaction with cytokines (like IL-15, IL-21, IFN-g), autoantibodies 
and the activation of intraepithelial lymphocytes. The outcome of this 
complex interaction network is an impairment of the intestinal barrier 
function, which may contribute to the development of CeD [8].

Fig. 1. Chronological line representing how the number of discoveries has risen since 2007 when the first GWAS 
analysis was performed in 778 cases and the important increase in discoveries and number of samples analyzed 
since the arrival of the Immunochip in 2010. 
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Immunochip in other autoimmune diseases
To date (January 2015), the Immunochip platform has been applied to 14 
different autoimmune diseases, including alopecia areata (AA) [9], atopic 
dermatitis (AD) [10], ankylosing spondylitis (AS) [11], autoimmune thyroid 
disease (ATD) [12], celiac disease (CeD) [7], inflammatory bowel disease 
(IBD) [13], juvenile idiopathic arthritis (JIA) [14], multiple sclerosis (MS) 
[15], primary biliary cirrhosis (PBC) [16], psoriasis (PS) [17], rheumatoid 
arthritis (RA) [18, 19], primary sclerosing cholangitis (PSCh) [20], Sjögren’s 
syndrome (SJO) [21], and systemic scleroderma (SS) [22]. Although the 
replication and discovery of new loci via Immunochip has been successful 
for many of these diseases, the results depend strongly on the prevalence 

Fig.  2. Power  calculation  for autoimmune diseases with a  relatively  high prevalence (alopecia areata, atopic 
dermatitis and Sjögren syndrome) with a low number of discovered loci compared with autoimmune diseases with 
a low prevalence but high number of discovered loci (inflammatory bowel disease, rheumatoid arthritis and multiple 
sclerosis). The power was calculated for rare variants (MAF 1%), low frequency variants (MAF 2e5%) and high 
frequency variants (MAF >5%), using the last sample size reported for each disease. As can be observed, the low 
prevalence diseases have benefited for the important sample size used in it analysis, reaching a proper statistical 
power for all the range of frequencies, compared with the high prevalence diseases (which in theory could be more 
easy to obtain a proper sample size for analysis). 
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of the disease, the population under study, the sample size, the relative 
risk conferred by each of the loci under analysis (the genetic architecture 
of the disease), and the proximity of the causal variant to the interrogated 
SNP markers on the Immunochip array (Figure 2).

Most of these autoimmune diseases show a varied prevalence, depending 
on the population (e.g. CeD in Brazil or Argentina is 0.4-0.6% compared 
to 2% in Finland) [23]. Most of the Immunochip analyses so far have been 
carried out in Caucasian populations where the prevalence of autoimmune 
diseases is relatively high, but some studies have been conducted in other 
ethnicities like East Asians and Latin Americans [7, 11, 19]. 

The combined Immunochip data of all 14 autoimmune diseases (Figure 
3) shows that there are fewer than 60 associated loci for most of the 
diseases (from GWAS or Immunochip studies). Only three diseases have 
more associated loci: 110 for IBD, 97 for MS and 101 for RA. A common 
denominator for these three phenotypes is the large sample size analyzed 
in each of the studies. Another factor is the inherent genetic architecture 
of each of the diseases, which is also related to the statistical power of the 
analysis. The huge number of SNPs tested in an analysis like Immunochip 
means that an association must reach a stringent statistical significance 
(P < 5x10-8) to be considered as a true positive [24]. Such a stringent 
threshold excludes many common SNPs (usually hundreds of them) with 
suggestive p-values and modest risk effects on disease from the current 
analyses, although together these SNPs are known to make a major 
contribution to the heritability of complex  diseases [25]. 

A major challenge in the immunogenetics field has been to increase the 
power of the diseases under study in order to capture all the risk SNPs, 
notwithstanding that they also depend on the disease prevalence. 
There is, however, a trade-off between sample size and prevalence in 
the power to detect genetic associations: a higher prevalence and larger 
sample sizes increase power. It is interesting that AA, AD and SJO show 
a relatively high disease prevalence (1.7%, 13% and 0.7%, respectively) 
while IBD, RA and MS show lower disease prevalences (0.5%, 0.8% and 
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0.2%, respectively). Yet studies on the latter diseases have been highly 
efficient in gene discovery because the sample size has lifted the study 
power substantially (Figure 2). The reason why one category of diseases 
is studied more than another might be related to the clinical symptoms 
and the detrimental effects of the condition for the patients. Hence, AA or 
AD could be seen as diseases with a mere cosmetic component and not 
life-threatening, whereas IBD, RA or MS are severe morbidities. In CeD, 
the increase in the sample size (and number of loci discovered so far) 
has been advancing since the first GWAS performed in 2007 [2]: with 
778 cases in the first GWAS to 4,500 cases in the second [1], and 12,041 
cases in the Immunochip analysis [7] (Figure 1). 

Despite the difference in the number of loci discovered for each disease, 
it is possible to observe relationships among the biological and genetic 
factors involved in the individual diseases (Figure 4). Some loci are 

Fig. 3. Number of loci discovered in different autoimmune diseases since 2009. The bubbles plot shows each of 
the diseases in which Immunochip has been applied to discover new genetic associations (with the exception of T1D 
and SLE). Each of the bubbles represents one disease and its size correlates with the number of samples analyzed. 
Note that none of the diseases, with the exception of RA, MS and IBD, reach the threshold of 50 associated loci 
(this is also related to the sample size). Alopecia areata (AA), atopic dermatitis (AD), ankylosing spondylitis (AS), 
autoimmune thyroid disease (ATD), celiac disease (CeD), inflammatory bowel disease (IBD), juvenile idiopathic 
arthritis (JIA), multiple sclerosis (MS), primary biliary cirrhosis (PBC), psoriasis (PS), rheumatoid arthritis (RA), 
primary sclerosing cholangitis (PSCh), Sjögren’s syndrome (SJO) and systemic scleroderma (SS). 



Genetics of celiac disease

141

associated to five or more diseases, while others are associated only to a 
single disease. Loci in the first case might be involved in early or commons 
steps in the development of autoimmunity, whereas those associated to a 
single disease could point to more specific disease processes. 

It is important to realize that nearly all the genetic associations to 
autoimmune diseases that have been found so far correspond to common 
variations (frequency ≥ 5%) with very modest effects (odds ratio (OR) 
< 1.5). Only in some exceptions have associations been seen to rare or 
low frequency variants (in CeD, IBD, PBC and RA), and these are often 
related to the number of samples analyzed and hence the study’s power 
or methodology (e.g. the use of sequences instead of genotypes) [26]. 
Two examples serve to demonstrate the complex analysis leading to 
the discovery of rare variants. A recent exome sequencing study in CeD, 
using extended families (in a linkage analysis) and with re-sequencing 
of GWAS candidate genes, did not find any rare alleles in coding regions 
associated to the disease [27]. A similar scenario was presented by Hunt 
et al., who, after re-sequencing the exons of 25 candidate genes in 41,911 
individuals, only identified a nearly “common” non-synonymous variant 
with very modest effect (rs17849502, minor allele frequency (MAF) = 
0.049, OR = 1.35) in the NCF2 gene [26]. With hindsight, this variant was 
also found to be present in the CeD Immunochip study by Trynka et al., but 
it had been removed from further analysis by their quality control criteria 
[7]. 

The common variants explain a very small proportion of the phenotypic 
variation in the population attributable to the genetic variation among 
individuals, which is also known as heritability [28]. The explained 
heritability also depends on the type of study used for the analysis (family 
studies or case-control GWAS data), the prevalence of the disease, the 
allelic frequency of the variables included in the model (which will depend 
on the population under analysis) and the risk provided by those variables. 
According to our estimates based on case-control GWAS data, 41% of 
the heritability of CeD resides in the MCH-HLA region and only 6% in non-
HLA significant associations [29]. However, based on family studies, 87% 
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of the total heritability of CeD can be explained [30]. The 40% difference 
between the heritability explained by known variants and by family 
studies is known as the “missing” heritability. It might be explained in part 
by thousands of common variants with very low effects  – or rare variants 
with modest effects – which are not identified by association analysis 
because of power issues. A recent study suggested that another 2,550 
common SNPs with modest effect may contribute to CeD susceptibility 
[25, 28].

Fig. 4.  It  is well known  that phenotypically different autoimmune diseases are  related biologically, although 
the amount of overlap between diseases  is not completely clear yet. From the genetics findings, it is possible 
to determine that most of the diseases share at least one locus, even though some loci are associated to only one 
disease. Both scenarios are interesting, since those loci only associated to one disease could be related to specific 
biological pathways leading to the development of the specific phenotype, while, on the other hand, those loci 
shared by several diseases could be involved in the initial steps of autoimmune deregulation. The number of loci 
found so far (in parenthesis) is shown for each disease represented in the circus plot. 
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Fig. 5. Some SNPs play a regulatory role in the expression of genes located nearby (cis-eQTL effect) or several 
thousands of nu- cleotides away, even in different chromosomes (trans-eQTL effect). This effect can be measured 
in nearly all kinds of tissues, thus yielding information about specific functional patterns, depending on the tissue 
analyzed. 

The majority of CeD SNPS map to regulatory variations
One of the biggest challenges lies in the interpretation of the genetic 
associations identified so far. For all autoimmune diseases, including CeD, 
more than 90% of the disease SNPs are located outside protein-coding 
genes, which suggests they may have a regulatory role [31], although 
how this works is not yet clear.
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One way to test if disease-associated SNPs are regulatory is to investigate 
if they regulate the expression of nearby protein-coding genes (so-
called cis-eQTLs) (Figure 5). At the same time, expression quantitative 
trait loci (eQTL) analysis allows for prioritization of genes from regions 
of association that often contain more than one gene [8]. The first eQTL 
analysis in CeD, conducted in 1,469 whole blood samples reflecting 
primary leucocyte expression, showed that 38% of the disease SNPs 
were cis-eQTLs [1]. This is significantly higher than would be expected 
by chance (P = 9.3 × 10−5) and indicates that CeD-associated SNPs are 
greatly enriched for cis-eQTLs. Despite the importance of blood as an 
informative tissue in CeD due to the role of immune cells, one-third of the 
cis-eQTLs act in a tissue-specific manner, highlighting the importance of 
performing cis-eQTLs analyses in other relevant tissues [32].

Based on the hypothesis that the thymus plays a role in the deregulation 
of T cells in the development of CeD, Amundsen et al. analyzed thymic 
tissue for cis-eQTL effects of 50 SNPs located in the 39 non-HLA regions 
associated with CeD [33]. They found that 54% of the SNPs analyzed 
showed a cis-eQTL effect, of which 11 SNPs could represent potentially 
novel, thymus-specific, cis-eQTLs. These interesting results still need to 
be replicated due to the limited sample size studied (42 samples) and the 
lack of significant statistical evidence for some of the eQTLs they found.

The analysis of cis-eQTLs could be even more complex because some of 
them are also stimulus-dependent. Fairfax et al. found that more than 
50% of the cis-eQTL overlapping GWAS loci were observed only in cells 
after stimulation with IFN-gamma [34]. In a similar study [35], in which 
dendritic cells were stimulated with lipopolysaccharides (LPS), influenza 
virus, or IFN-beta, 38 SNPs associated with immune-mediated diseases 
were found to be significant cis-eQTL only after the stimulation. In this 
case, Lee et al. observed that a SNP associated to CeD and RA affected the 
expression of TRAF1, a gene playing a role in cell survival and apoptosis 
in dendritic cells after stimulation with LPS and influenza virus [35].
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A recent study [36] mapped cis-eQTLs using intestinal biopsies from CeD 
patients with active disease, from patients who had followed a gluten-
free diet (GFD), and from healthy individuals. In this study, 44 SNPs and 
45 candidate genes were investigated, which resulted in four cis-eQTL 
as well as multiple CeD SNPs that affected the expression of genes far 
away (often on other chromosomes, so-called trans-eQTLs). In agreement 
with the other studies mentioned above, they also found some stimulus-
dependent eQTLs [36]. To obtain a full picture, more eQTL studies need to 
be done in disease-specific tissues and under different conditions, in order 
to prioritize the candidate genes from the associated loci. 

Non-coding RNAs and CeD
Non-coding RNAs (ncRNAs) are functional molecules that are not 
translated into proteins [3], and their role in the immune system and 
immune diseases has been recently reviewed [37]. Long non-coding 
RNAs (lncRNAs) and microRNAs (miRNAs) are two important classes 
of ncRNAs: lncRNAs are transcribed RNA molecules longer than 200 
nucleotides, while miRNAs are small (22 nucleotides on average). Both 
types of ncRNAs regulate gene expression in a sequence-specific manner.

In previous work we have shown that 10% of the SNPs associated to 11 
immune-mediated diseases overlapped with lncRNAs [3], suggesting a 
possible role in the gene regulation of these diseases. To test if disease 
SNPs also can affect the expression of ncRNA genes, similar to that 
observed for protein-coding genes, Kumar et al. performed an eQTL 
analysis specifically aimed at lncRNAs. In this study, 125 cis-eQTLs were 
identified and some 10% overlapped with SNPs present in the GWAS 
catalog [38]. This number is low since they used a platform in which 
microarrays contained only a small fraction of all ncRNA genes. RNA 
sequencing (RNA-seq) is a much better technique for studying ncRNAs, 
as it allows all the transcripts (protein-coding and ncRNA genes) in the 
genome to be quantified [38]. Using RNA-seq data did indeed show that 
many of the immune-mediated disease loci contained lncRNA genes: the 
loci of nine diseases (including CeD) were found to contain 240 lncRNAs 
and 626 protein-coding genes in 11 different immune cell types [39]. The 



146

Chapter 5

study revealed a ratio of approximately 1:3 of lncRNA to protein-coding 
gene in almost all the associated disease loci. As expected, the loci shared 
by immune-mediated diseases, meant that the lncRNAs were also shared 
among diseases. Interestingly, the highest number of shared lncRNAs 
(11), as well as the highest number of protein-coding genes (51), were 
observed between RA and CeD (representing 31% of all RA lncRNAs and 
30% of all CeD lncRNAs vs. 40% of all RA protein-coding genes and 40% 
of all CeD protein-coding genes) [39]. The lncRNAs in these loci showed, 
on average, a 2.5-fold higher expression than the remaining lncRNAs in 
the genome in the immune cell types analyzed, suggesting they do indeed 
play a role in immune processes. 

RNA-seq data will also be crucial in implicating ncRNAs as causal genes. 
By performing a cis-eQTL analysis in peripheral mononuclear cells from 
629 healthy individuals, we have shown that 42 risk SNPs associated to 14 
immune-mediated diseases affect the expression of 47 lncRNAs (Ricaño-
Ponce et al., manuscript submitted). We tested 40 SNPs associated to 
CeD and found 17 that regulate the expression of 28 genes, of which 
eight (i.e. 29%) correspond to ncRNAs. An interesting example occurs in 
the 2q31.3 locus, which is shared by CeD and AS. Previous eQTL analysis 
suggested UBE2E3 as a causal gene, however, using the RNA-seq 
approach, we determined a cis-eQTL effect on lncRNA AC104820.2. This 
lncRNA is strongly expressed in CD8+ T-cells and is suggested to function 
in alpha-beta T-cell proliferation and B-cell activation, both of which are 
crucial processes in autoimmunity. AC104820.2 was also found to be up-
regulated in the intestinal biopsies of patients with active CeD, further 
confirming its role in the disease [36].
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Table 1. Overview of eQTLs in loci associated to celiac disease 

C
H

R Region

N
um

ber of 
genes

Reported candi-
date genes Blooda Thymusb Mo-

no-cytesc
Dentrit-
ic cellsd

Celiac 
disease 

biopsiese

1 1p36.32 57 C1orf93, MMEL1, 
TTC34

PLCH2, 
TNFRSF14, 

C1orf93, 
MMEL1

HES5, 
PANK4

1 1p36.11 160 RUNX3
GRHL3, 
IL28RA, 
IL22RA1

1 1q24.3 48 FASLG/ TNFSR18 TNFS18

1 1q31.2 35 RGS1 DDX59 RSG13, 
TROVE2 RGS1

1 1q32.1 237 C1orf106 DDX59
GPR25, 
DDX59, 
KIF21B

2 2p16.1 82 PUS10*** AHSA2
AHSA2, 
C2orf74, 

XPO1

2 2p16.1 82 PLEK and FBX048 
*** - PLEK, 

PPP3R1

2 2q12.1 62 IL18R1, IL18RAP IL18RAP IL18RAP, 
TMEM182 IL18R1

2 2q31.3 29 UBE2E3 and ITGA4

2 2q32.3 45 STAT4

2 2q33.2 40 CD28, CTLA4 and 
ICOS RAPH1 ICOS

3 3p22.3 73 CCR4 and GLB1

3 3p21.31 236 CCR1, CCR2, CCR3 
and LTF

CCR3, 
CDCR6

TSP50, 
CCR1, 
LRRC2

3 3q13.33 64 ARHGAP31 ARHGAP31

3 3q25.33 30 SCHIP1 and IL12A IL12A

3 3q28 44 LPP

4 4q27 42 KIAA1109, ADAD1, 
IL2, IL21 NUDT6

6 6p25.3 30 IRF4 
(NM_002460.3)

6 6q15 75 BACH2 
(NM_001170794.1)

6 6q22.33 39 PTPRK 
(NM_002844.3)

6 6q23.3 67 OLIG3 and TN-
FAIP3

6 6q25.3 92 TAGAP 
(NM_152133.1) TAGAP EZR-AS1

7 7p14.1 42 ELMO1 ELMO1 ELMO1 ELMO1

8 8q24.21 59 PVT1

10 10p15.1 65 PFKFB3 and 
PRKCQ

10 10q22.3 79 ZMIZ1 ZMIZ1 PPIF

11 11q23.1 70 POU2AF1, 
C11orf93
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11 11q23.3 171 TREH and DDX6

11 11q24.3 49 ETS1 
(NM_001162422.1)

12 12q24.12 20 SH2B3 and ATXN2
SH2B3, 
ALDH2, 

TMEM116

FAM109A, 
ERP29

14 14q24.1 52 ZFP36L1

15 15q24.1 76 CLK3, CSK

16 16p13.13 71 CIITA*** C16orf75

16 16p13.13 71 SOCS1, PRM1 and 
PRM2 ***

18 18p11.21 142 PTPN2 SLMO1

21 21q22.3 195 UBASH3A

21 21q22.3 195 ICOSLG RRP1 PDXK

22 22q11.21 195 UBE2L3, YDJC UBE2L3
UBE2L3, 
TOP3B, 

HIC2

X Xq28 244 HCFC1, TMEM187, 
IRAK1 TMEM187

Abbreviations: CHR 1⁄4 chromosome. The number of genes in the region was calculated using Annovar. *** Loci 
containing in- dependent signals. 

a  As reported by Dubois et al. in the first CeD GWAS.  
b  This study analyzed 50 SNPs associated to CeD and 42 samples from thymic tissue.  
c  Primary CD14þ human monocytes (N 1⁄4 432) stimulated with interferon-g or lipopolysaccharide (LPS).  
d Dentritic cells from 534 individuals split into three populations stimulated with lipopolysaccharide, influenza 

virus, or interferon-b. 
e This analysis used a candidate gene approach, included biopsies from 14 celiac patients and 9 healthy 

controls, and analyzed 45 genes. 

MiRNAs are also recognized as important in CeD. A recent study found 
that 20% of the miRNAs studied in intestinal biopsies from children 
with CeD and in healthy controls were differentially expressed [40]. For 
example, miR-449a was found to be overexpressed in patients. This 
miRNA is known to target and reduce the levels of NOTCH1 and KLF4, 
which were shown to correlate with a lower number of goblet cells in the 
small intestine of CeD patients [40]. The differences in the levels of miRNAs 
were not only related with the disease status (healthy or affected), but 
also with the phenotype expression: for example, miR-194-5p and miR-
368 were found to be differentially expressed in anemic CeD patients [41]. 

Cellular and animal models in CeD
In order to understand how the different genes associated with CeD 
relate to the disease biology, in vitro or in vivo models can be useful. In 
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addition, the limited number of phenotypes that can be safely measured 
in humans contrasts with the potentially exhaustive manipulation that 
can be performed in a model organism [42, 43]. The in vitro models of 
CeD include non-T cells (epithelial cells, macrophages, dendritic cells and 
monocytes) or T cell cultures propagated from small intestinal biopsies 
of patients and tumor cell lines (THP monocytic or Caco-2 cell lines) [44, 
45]. These models have helped to evaluate the contribution of different 
cell types to disease, as key cell types relevant to a disease can be 
selectively isolated by using cell sorting or magnetic separation, then 
expanded with growth factors, cytokines and/or antigen cocktails, and 
finally manipulated to evaluate particular cell functions [46]. An example 
is the potential use of regulatory T cells (Tregs) as immuno suppressive 
agents to repress autoimmune diseases, or the ex vivo expansion of intra-
epithelial lymphocytes that are present as an infiltrating population in 
CeD to evaluate the mechanisms involved in their expansion [47]. 

Despite the importance of in vitro models, there are limitations in mimicking 
the environment, hormones, signals and cell-cell interactions in the organs. 
In vivo models for spontaneous or induced CeD have been developed in 
dog, monkey, rabbit, rat and mouse. Although each animal model has a 
typical pathophysiology and both strengths and weaknesses, they have 
provided essential information towards the systematic understanding of 
diseases [48, 49]. For example, the most widely used animal models in 
CeD are mice that express the HLA genes DQ8 or DQ2, the major genetic 
risk factor contributing to CeD. These mice elicit a potent inflammatory 
T cell response against gliadin, but this trigger alone is not sufficient to 
develop a gluten-dependent enteropathy characterized by shortened villi. 
Thus, this stresses the importance of the non-HLA loci [48].

Prioritization of causal variants and genes by an integrative approach
The availability of huge amounts of functional data in the public domain 
and the integration of this information across different cell types have 
contributed to the development of new prioritization methods for causal 
variants and genes, revealing new pathways involved in disease. For 
example, Kumar et al. prioritized 41 SNPs and 49 genes as causal for 
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CeD [8] after intersecting the SNPs associated to CeD with regulatory 
elements generated by the ENCODE consortium, such as DNase I 
hypersensitive sites (DHS), DNase I footprints, and transcription factor 
binding motifs. Interestingly, they observed that 60% of the SNPs were 
overlapping at least one regulatory element, thereby confirming earlier 
observations based on eQTLs. Looking at the enrichment of enhancers 
in different cell types, Kumar et al. confirmed an important role for T-cells 
in CeD and also discovered B-cells to be important players [8]. Using co-
expression analysis, they implicated four genes in the intestinal barrier 
function, further substantiating a role for this pathway in CeD [50]. They 
also observed that 30% of the prioritized genes were co-expressed with 
INFG, confirming a genetic link with the strong, pro-inflammatory IFN-
gamma directed response observed in CeD.

The future of CeD genetics 
Studies of human genetics have been extremely successful over the 
last 10 years and led to major new insights into human disease. This 
success is reflected by the large number of GWAS discoveries that have 
furthered our understanding of the biological pathways predisposing 
to disease. However, translating this knowledge to the clinical and 
molecular phenotyping of disease has been slow. One key aspect has 
been the time required to collect large numbers of patient samples and 
the time needed to develop cost-effective molecular biology techniques. 
These important steps have so far mostly been implemented in studies 
of Caucasian populations. Some small steps have been taken in other 
ethnicities. Senapati et al. studied a cohort of North Indian CeD patients 
and compared the results with a similar sized Caucasian sample using the 
Immunochip platform [4]. Apart from the MHC-HLA region, five other loci 
previously associated in Caucasian populations were also replicated in the 
North Indian samples (corresponding to FASLG/TNFSF18, SCHIP1/IL12A, 
PFKFB3/PRKCQ, ZMIZ1 and ICOSLG). Two other loci, PFKFB3/PRKCQ and 
PTPRK/THEMIS, also showed association, but with different SNPs, which 
probably reflects the ethnic differences in genetic background. This type 
of cross-ethnic analysis has also been applied to other immune-related 
diseases, such as RA and asthma, and to non-immune related disease, 
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such as type 2 diabetes, lipid levels, body mass index, and cancer [51-55]. 
These studies have demonstrated the effective use of this methodology in 
the process of discovering new variants and pathways involved in disease, 
as well as opening up the possibility of performing cross-population 
analyses for different diseases. 

Is the current genetic information useful in clinical practice?
In silico analysis and experimental models of CeD may provide mechanistic 
insights which might lead to the development of novel treatments [19, 42, 
56]. An interesting example of how genetic data can be integrated into 
drug discovery in autoimmune diseases is a recent study in which – by 
combining genetic analyses and functional in silico annotation – 27 drug 
target genes for RA treatment were found to overlap with 98 biological 
RA risk genes (this number of risk genes overlapped with 871 drug target 
genes for other diseases). This shows the potential of genetics and the 
impact that these kinds of studies can have on translational medicine [19, 
57]. 

Another exciting possibility lies in the use of ncRNAs as biomarkers for 
disease. Although miRNAs in CeD have so far only been investigated in 
intestinal biopsies, these molecules also appear to be stable in circulating 
and other body fluids, which means they carry the potential for developing 
into non-invasive tests. For example, circulating miRNA profiling in the 
plasma showed up-regulation of 11 miRNAs specifically in patients 
compared to controls [58]. 

In summary, just four years after the release of the Immunochip platform, 
the results of sequencing in a wide range of autoimmune diseases have 
greatly expanded our knowledge. This is reflected by the number of loci 
discovered for autoimmune disorders, the ever-increasing number of 
samples being studied, and the functional studies now being conducted 
to try and understand the biological roles of the genes in the associated 
loci. However, it is also clear that we have not yet found all the genetic 
variants, nor do we fully understand how genetics contributes to 
phenotype expression. We also need to determine how we can use 
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genetics to predict disease susceptibility or how genetic factors can be 
used to develop better treatments. New studies need to be designed and 
the sample size of some of the disease cohorts needs to be expanded 
so that researchers can take full advantage of the power of genetics 
to address many fundamental questions. Their answers will enhance 
understanding of the different steps that lead to autoimmunity in general 
and to each of the different diseases in particular, even those with a high 
prevalence (but perhaps of lower clinical or financial interest).

For CeD, the field of research is expected to migrate away from the 
statistical analysis of genetic variants towards the development of 
functional disease models, which will help further understanding of the 
biological pathways underlying the phenotype and the development of 
new therapies to increase the quality of life of patients.
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Celiac disease: insights from sequencing
In the last decade, hundreds of genes have been associated to immune-
mediated diseases (IMDs) through genome-wide association studies 
(GWAS). However, the significantly associated variants thus discovered 
confer only a small risk to the disease susceptibility and do not explain a 
high percentage of the disease heritability, an observation that challenges 
the “common disease-common variant” hypothesis. Since then, the 
genetic contribution to IMDs has been attributed instead to one of three 
scenarios1: 

The infinitesimal model, in which heritability comes from a large number 
of common variants with small effects;
The broad-sense heritability model, in which heritability is due to some 
combination of genotypic, environmental and epigenetic interactions;
or The rare allele model, in which heritability comes from a large number of 
rare variants that are expected to be gain-of-function or haploinsufficient 
alleles with a relatively strong effect. 

GWAS are, however, limited in their ability to test these three models. 
In order to detect a large number of common variants with small effect, 
hundreds of thousands of densely genotyped samples are needed that 
span the genome. Moreover, it is not possible to take environmental and 
epigenetics factors into account with a GWAS. Finally, the genotyping 
chips used for GWAS primarily test common variants for technical 
reasons (minor allele frequency (MAF) >5%) thereby not interrogating the 
effect of rare variants. Detecting associations with rare variants is the first 
step towards a better understanding of the extent of their contribution 
to the genetic architecture of complex diseases2. To be able to identify 
rare variants we need very large sample sizes and/or next-generation 
sequencing (NGS) technology that allows us to capture most of the 
variation in the genome.

NGS allows us to simultaneously sequence the whole exome or the 
whole genome of an individual. This impressive amount of data provides 
sufficient ‘coverage’ to identify most variants present in a given genome, 
and the increase in sequencing capacity is allowing more laboratories to 
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sequence whole genomes3. However, relatively few case-control studies 
have succeeded in identifying rare variants associated to complex diseases, 
and the variants identified did not have the strong an effect as expected. 
A recent study for IBD used WGS from a discovery cohort of 7932 cases 
and controls followed by imputation of a larger cohort identified a rare 
(MAF=0.6%) missense variant at ADCY7 that moderately increases the 
risk of ulcerative colitis (OR=2.19). Similar approach was used in a study 
of type 2 diabetes, which included even bigger cohorts, but only found 
association to four loci, comprising 126 rare variants, suggesting that rare 
variants are not playing an important role for type 2 diabetes. 

The limited number of large-scale sequencing studies for common diseases 
might be due to the large number of case-control samples needed to be 
able to identify these rare variants, given the still approx. 10 times higher 
cost of NGS compared to chip-based genotyping. The cost, however, are 
decreasing rapidly and we may expect to see more positive results in the 
next few years. 

An alternative to a case-control design might come from family-based 
sequencing studies. Some complex diseases, such as celiac disease (CeD), 
present a seemingly autosomal dominant inheritance in multigenerational 
families. In fact, perusal of the Online Mendelian Inheritance in Man 
(OMIM) database provides examples of near-Mendelian cases for many 
common disorders1. Based on this near-Mendelian inheritance, Cirulli and 
Goldstein proposed family-based sequencing studies as an economical 
way to identify rare variants involved in complex disease heritability3.

The case of celiac disease… 
To date, 40 loci have been associated to CeD, including the HLA region. 
Together these variants explain at most 50% of the disease heritability, 
even though family-based studies suggest that disease heritability is 
nearly 90%. This ~40% difference between the heritability explained by 
known variants and that explained by family studies is referred to as the 
“missing” heritability4. In this project, we hypothesized that part of this 
missing heritability might be due to rare variants with MAF <5%, and set 
about to test this hypothesis.
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First stage

To test this hypothesis in a cost-effective manner, in the first stage of the 
project we followed the Cirulli and Goldstein study design and performed 
whole exome sequencing (WES) in 46 individuals from 23 unrelated 
multigenerational-families segregating CeD (Table 1). For this purpose, 
we selected two members of each family that were the most distantly 
related and had CeD, to reduce the number of overlapping variants due to 
the meiotic distance. Twelve of the families were of Caucasian origin and 
the other eleven where Saharawi, a population of Arab-Berber origin in 
which the CeD prevalence is 6 times higher than in Caucasians. 

As most of the pedigrees exhibited a dominant-like inheritance, we aimed 
to identify heterozygous low frequency mutations (MAF>5%) shared by 
both probands, as we hypothesized that the causative variant will be 
present in all the affected individuals within a single family. However, even 
distant relatives will share too many variants to allow easy identification 
of the causal variants, so the list of variants needed to be further filtered 
based on their chromosomal location (i.e. presence in candidate loci), 
population frequency and function, and then prioritized using in silico 
prediction tools. 

In most of our analysis, we selected variants that were heterozygously 
shared by the two affected members of the family and had low MAF in 
the 1000 Genome project, the Genome of the Netherlands and the Exome 
Aggregation Consortium browser. This was a crucial step for our analysis 
because most of the rare variants were population-specific. One of the 
biggest limitations in our analysis of the Saharawi families was that we 
did not have a population-specific reference panel, as this population has 
not been sequenced yet. 

We then performed functional annotation of the variants using SNPeff and 
ANNOVAR, selecting only those variants that directly affect the protein 
(i.e. missense, non-sense and splice site variants). Next we predicted 
damaging consequences of the change in coding and regulatory regions 
using SIFT, PolyPhen and CADD. This left us with a list of approximately 
100-120 variants per family. To further reduce this list, we focused on
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Table 1. Summary of families segregating celiac disease included in the 
project. 

Stage ID family Ancestry
Family 

members 
with DNA

Affected family 
members with DNA

Exome 
sequencing

Whole-
genome 

sequencing

1 CD0463 Dutch 17 4 2  

CD0421 Dutch 10 3 2  

CD0377 Dutch 16 3 2  

CD0376 Dutch 4 2 2  

CD0360 Dutch 7 4 2  

CD0326 Dutch 7 2 2  

CD0322 Dutch 10 4 2  

CD0316 Dutch 6 3 2  

CD0398 Faroe Islands 5 3 2  

CD5258 Saharawi 3 1 2  

CD5257 Saharawi 8 4 2  

CD5249 Saharawi 3 1 2  

CD5176 Saharawi 6 2 2  

CD5166 Saharawi 5 2 2  

CD5096 Saharawi 4 1 2  

CD5084 Saharawi 7 3 2  

CD5066 Saharawi 4 1 2  

CD5065 Saharawi 6 3 2  

CD5063 Saharawi 9 2 2  

CD5059 Saharawi 6 4 2  

CD2018 Spanish 7 3 2  

1/2 CD0605 Dutch 38 15 2,8  

CD0304 Dutch 46 7 2,6  

3 CP0107 Catalan 32 9   23

CP0504 Catalan 11 4   9

CD4044 Dutch 12 7   9

CeD + IMDs Dutch 10 6   9
CeD+IgA 

def Dutch 2 2   2

CeD: Celiac disease, IMDs: Immune-mediated diseases, IgA def: Immunoglobulin A deficiency 

candidate loci to prioritize our variants. Candidate variants, chosen based 
on the predictions, were investigated further for co-segregation with the 
disease in the family as a whole.
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Choosing candidate loci 
Exome sequencing allowed us to selectively sequence the coding regions 
of the human genome, identifying approximately 20,000 sequencing 
variants covering 180,000 exons, or 30Mb of the expressed regions. To 
prioritize variants, there were some special regions that we took into 
consideration:

Case-control regions. It has been shown that there is an excess of rare 
missense and nonsense variants in GWAS regions for complex diseases5,6, 
so we restricted our analysis to these. In CeD, for example, part of our 
analysis was restricted to the 40 loci identified by case-control GWAS 
studies7,8 and Immunochip association studies9.

Family-based regions. Another strategy we used was to combine exome 
sequencing with linkage analysis or homozygosity mapping, depending 
on the family studied. If the family was multigenerational and we had 
enough samples, linkage analysis was applied. Members of the family 
were genotyped using another platform, such as Cytochip or Immunochip, 
and linkage analysis was performed, which allowed us to narrow down 
our candidate regions. It is recommended that both parametrical and non-
parametrical analysis be performed to avoid missing linkage regions due 
to the use of a wrong model of inheritance, and we show two examples of 
this kind of analysis, one in the second part of this chapter and the other 
in Appendix I 10. 

Homozygosity mapping analysis was only performed when the studied 
family was consanguineous, restricting our search to these regions and 
looking only for homozygous variants. 

1. Entire exome. An entire exome screen analysis could be the best option 
to avoid missing causal variants, but it has the disadvantage that the 
number of variants is usually too large to follow-up on all of them. For 
extreme phenotypes a useful step to decrease the number of variants is 
to exclude variants that are present in healthy controls. However, using 
this approach might exclude variants that do not have full penetrance. 
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Second stage

One limitation of our initial study was the low coverage of our WES, 
which introduced many false positives. This became apparent when we 
validated the variants using Sanger sequencing and realized that the 
variants were likely to be artifacts. Another limitation was that we ended 
up with a large list of candidate variants. To overcome this, we started 
a collaboration with the University of Washington Center for Mendelian 
Genomics in which we selected two four-generation families segregating 
CeD (Second part of this chapter and the family for Appendix 1 10). We 
performed linkage analysis and high coverage WES on 8 members of 
family CD0605 and 6 members of family CD0304 (Table 1). This led to the 
identification of two potential causal variants in family CD0605 (Second 
part of this chapter) and two potential causal variants in family CD0304 
within the LACE1 (Lactation Elevated Protein 1) and REV3L (REV3 Like, 
DNA Directed Polymerase Zeta Catalytic Subunit) genes (Data not 
shown). 

Third stage

In the previous stages of the project, we had focused on WES and coding 
variants. However, most of the common variants associated to CeD to date, 
and to other common diseases in general, have been found in regulatory 
regions that will be missed by WES. For this reason we decided to pursue 
Whole Genome Sequencing (WGS) that covers the fast majority of the 
human genome. In the third stage of the project we performed WGS in 52 
individuals who are members of five CeD families. Three of the families 
segregate only CeD, and we sequenced 23 members of the biggest family 
(CP0107), which consists of 32 family members , 9 of whom have CeD; 9 
members of the CP0504 family, four of whom have CeD; and 9 individuals 
of the CD4044 family, which consists of 12 members of whom 7 have CeD. 
The first two families are of Catalan origin and the third is Dutch. In the 
other two families, multiple IMDs segregate within the family. However, 
previous GWAS results have shown that there is a large overlap in the 
genetic associations of IMDs. Thus we hypothesized that we could find 
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some shared loci. Six individuals among the 9 members of the first family 
(CeD + IMDs) that we sequenced were affected with rheumatoid arthritis, 
psoriasis, thyroid disease, Crohn’s disease and CeD. We sequenced two 
members of the second family (CeD + IgA deficiency), which comprises 
32 members of whom 5 have CeD, however we only had DNA for two 
members, one of them affected by Immunoglobulin A deficiency and chronic 
diarrhea and the other by common variable immunodeficiency (CVID), 
iron deficiency, vitamin D deficiency and chronic diarrhea. Interestingly, 
the latter family had mutations in the same potential candidate genes as 
we found in family 605 (Second part of this chapter). 

The annotation of WGS data was a big limitation for us at the beginning 
of this study because there were not many tools and resources to properly 
annotate non-coding variants. However the annotation of the non-coding 
genome has improved in recent years, and this data will be re-analyzed 
soon. 

Results from other groups

Apart of our article presented in the Appendix 1 10, three other studies 
have been published analyzing sequencing data from families segregating 
CeD. 

In the first, Mistry et al.11 performed WES of 75 CeD individuals of European 
ancestry from 55 multiple-affected families. After filtering based on a 
MAF<5%, model-free linkage analysis regions and burden test, they 
performed highly multiplexed amplicon re-sequencing of all RefSeq exons 
from 24 candidate genes selected on the basis of the exome sequencing 
data in 2,248 unrelated coeliac cases and 2,230 controls. However, they 
were not able to identify any new causal mutations for CeD. 

In the second study, Balasopoulou et al. performed high coverage WGS 
in a Greek trio in which the mother and child were affected with CeD. 
They looked for variants co-segregating in a dominant-like model and 
identified 227 potentially interesting variants, after filtering on MAF<3% 
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based on the 1000G project, the Complete Genomics Genome and NHLBI 
ESP exomes and on variants that were not deleterious. After excluding 
all the variants not present in genes known or predicted to affect genes 
associated to CeD, they ended up with seven variants in six genes that 
were followed up in a case-control association analysis of pediatric CeD 
patients of Greek (n = 109) [17] and Serbian (n = 73) descent and healthy 
controls (n = 111 and n = 32, respectively). They found that the NCK2 
c.745_746delAAinsG variant was more abundant in healthy controls in 
the Greek population (p=0.03), while the HoxD12 c.418G>A variant was 
more abundant in pediatric cases of Serbian origin (p=0.01). However, 
further studies need to be performed to confirm these findings, for 
several reasons. Firstly, the study was underpowered to find statistically 
significant associations. Secondly, they did not report the MAF of the 
identified mutations in the Greek or Serbian population. Finally, they were 
not able to replicate their findings in the two cohorts analyzed.  

In the third study, Yousuf Al-Aama et al.12 analyzed WES data from five 
individuals from a consanguineous family of Saudi-Arabian origin. These 
individuals are two CeD cases and one healthy sibling, as well as both 
parents. For the analysis, they focused on very rare variants (MAF<0.005% 
in the ExAC browser) that alter the protein and follow an autosomal 
recessive or compound heterozygote inheritance model. They found eight 
variants that fit the autosomal recessive model. However, after validation 
by Sanger sequencing, only one 3bp insertion (ATT) within the Adenylate 
Kinase 5 (AK5) gene showed perfect co-segregation with the disease. 
Interestingly, the homozygous AK5 c.1683_1684insATT mutation was 
shown to modify the risk of the healthy Saudi population against CeD 
development (p<0.002). Allelic distribution analysis also demonstrated 
differences in the ATT insertion between their CeD cases and healthy 
controls (p<0.0004)12. Although the authors initially thought this insertion 
might be causal for familial CeD, they observed that it is present in the 
general population with a high frequency (MAF=0.63), highlighting again 
the importance of population-specific reference panels. The authors thus 
proposed the insertion to be a possible risk modifier against development 
of CeD. 
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None of the above-mentioned studies performed functional studies to 
corroborate the causality of the variants they identified. Thus further 
functional studies are needed to better understand their contribution to 
CeD pathogenesis and these findings need to replicated in other families. 
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SPAG8  and  UNC13B:  candidate  genes  in  a  family 
segregating celiac disease

To identify new celiac disease (CeD) loci that would explain more of the 
genetic risk for CeD, we performed linkage analysis in a four-generation 
Dutch family. In this family CeD disease is transmitted from both the 
grandfather and grandmother and affects as many as 76% of the 
offspring in the second generation1. Previously, microsatellite markers 
evenly spread over all chromosomes were genotyped and we identified 
several candidate regions by applying parametrical and non-parametrical 
statistics: one on chromosome 9 with LOD>2, one on 6q25.3 with NPL 
(non-parametric LOD score) of 4.58, and five suggestive ones with LOD>1. 
Thus far, no causal gene has been identified in any of these candidate 
regions.

It has been speculated that rare, low frequency variants with large effect 
could contribute to the genetic architecture of complex diseases and 
explain part of missing heritability2. Following this idea, Wapenaar et 
al.3 applied a candidate approach to prioritize a potential causal gene 
in the 9p region. The SPINK4 gene was prioritized based on function 
and potential involvement in CeD pathogenesis, but direct sequencing 
of SPINK4 revealed no causal mutations in the family3. For a long time 
there was no high-throughput method to investigate all candidate genes 
from large linkage regions. Recently, whole exome sequencing (WES) has 
been described as a rapid, high-throughput tool for mutation screening4, 
and it has been successfully used to identify rare causal mutations for 
both Mendelian5 and complex diseases67. We therefore hypothesized that 
causal variants should be present in the linkage regions and directly affect 
protein expression or function.  

To assess this, we first genotyped HumanCoreExome SNP arrays for 39 
members of family CD0605, then extracted 4,545 SNP markers across 
the autosomes using PLINK v1.07 to perform linkage analysis in order to 
refine the linkage regions. Allele frequencies were extracted from the 1000 
Genomes EUR sample, and Haldane sex-averaged cM positions were 
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extracted from the GRCh37.3 Rutgers Map v.3. Pedigree relationships of 
the family members were confirmed using kinship estimates based on two 
approaches: a maximum likelihood method and a method-of-moments 
approach that is robust to population stratification.

We performed parametric linkage analysis using the pedigree and updated 
phenotype information. We used the lm_linkage program in MORGAN 
v3.2 to analyze two parametric models: the RARE model and the SOFT. 
The RARE model had the following parameters: Pr(affected|homozygous 
reference) = 0.005, Pr(affected|at least 1 copy of the alternate allele) = 
0.8, alternate allele frequency (AAF) = 0.001. The SOFT model allowed for 
more genetic heterogeneity by allowing a higher phenocopy rate (0.05) 
and a higher penetrance (0.9) and alternate allele frequency (0.05). When 
compared to the linkage analyses of Van Belzen et al, our analyses of 
CD0605 included fewer observed founders and more unaffected siblings.
The RARE model identified two linkage signals with maximum LOD 
around 2 (Table 1), and these coincided with the results of the previous 
paper (Van Belzen et al, 2004). The two signals on chromosome 6 and 9 
remained when applying the SOFT model, albeit weaker. Two additional 
regions were identified by the SOFT model with a LOD>1 (Table 1). 

Table 1. Summary of results from the linkage analysis
Linkage 
model

Genomic Region chr start end
Distance 

(cM)
Max 
LOD

RARE 6p22.3-6p21.32 6 23774487 32783896 49-55 2.08

RARE 9p21.1-9p13.2 9 31873011 37020622 57-61 1.81

SOFT 6p22.3-6p21.32 6 23774487 32783896 49-55 1.25

SOFT 9p21.1-9p13.2 9 31873011 37020622 57-61 1.22

SOFT 15q21.3-15q23 15 57353034 68640452 53-70 1.04

SOFT 18p11.21-18q12.1 18 11259601 29311034 41-59 1.15

We did not observe strong linkage signals in the rare dominant model, 
indicating that the pedigree and phenotype data does not match this 
model. Thus, we decided to follow up on the regions on chromosome 6 
and 9 revealed by the SOFT model (Figure 1). 



174

Chapter 6

Figure 1. Results from multipoint linkage analysis reveal linkage regions on chromosomes 6 and 9. LOD scores are 
plotted across the chromosome (x-axis).

Exome sequencing was performed on 8 members of the family by the 
University of Washington Center for Mendelian Genomics (UW-CMG). We 
used vcftools v0.1.12b to extract polymorphic variants within the linkage 
regions that passed the following filters: no FILTER flags, minimum 
depth of 4, maximum depth of 500, and minimum genotype quality 
score of 20. In all, 1,175 variants fulfilled these criteria. We annotated 
these variants with alternate allele frequencies from several reference 
population samples of CEU origin (outbred ESP6500, ExAC, GoNL and 
1000 Genomes phase 3 populations) and their frequency in a reference 
set of UW-CMG sequences. Variants with an alternate allele frequency 
>0.05 in any of these populations were removed, leaving 147 variants for 
further analysis.

Table 2. Pattern of genotypes of the expected variant given the pedigree

ID Generation Status
Should carry 

alternate 
allele?

Homozygous 
for the reference 

allele?

Homozygous or 
heterozygous for 

the alternate allele?

CD0605-019 3rd Affected Yes No yes

CD0605-041 3rd Affected Yes No yes

CD0605-009 2nd Affected Yes No yes

CD0605-032 3rd Affected Yes No yes

CD0605-055 3rd Affected Yes No yes

CD0605-049 3rd Unaffected No yes No

These 147 variants were annotated using the Variant Effect Predictor tool 
v.75, and loaded into databases with GEMINI v.0.11.0. We then extracted 
variants that met the expected pattern of genotypes for the disease 
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variant given the pedigree structure. For this we expected four affected 
individuals to have the alternate allele present in their genotypes and for 
it to be absent in an affected individual (Table 2). Fourteen variants met 
these criteria. We then excluded variants with low call rates (<0.5), more 
than one alternate allele, or an observed AAF >5%. The nine variants that 
remained are shown in Table 3.

The remaining nine variants were visualized in IGV v2.3.32 to evaluate 
the quality of the alignments/reads. All the variants were of high quality, 
however it is particularly difficult to precisely call genotypes for variants in 
the HLA region because this region is quite polymorphic, which can cause 
problems in aligning the sequencing reads. Visualization of the variants 
indicates that care must be taken when validating the variants within 
the HLA region, as several of these appear to be on a single haplotype. 
This led us to explore whether it is the same one haplotype that has 
been previously identified in this family. After looking at these variants 
in Geno2MP, we found that most were fairly common in other UW-CMG 
samples. However, the missense variant in HLA-DRB1 was not seen in 
the Geno2MP database and the three variants in the chr9 linkage region 
looked high quality. 

Table 3. Low frequency variants in the linkage regions
chr start ref alt rs ids

Con-
served?

gene impact
polyphen 

pred
Cadd 
scal

6 32489747 CGCG C
rs1064594

rs149410716
yes

HLA-
DRB5

inframe 
deletion

None None

6 32546838 G A None no
HLA-
DRB1

3'UTR None 3.21

6 32546848 G A None no
HLA-
DRB1

3'UTR None 4.67

6 32546851 TG T rs372075270 no
HLA-
DRB1

3'UTR None None

6 32548080 G T rs9269746 no
HLA-
DRB1

intron None 2.64

6 32552056 C G rs200676666 yes
HLA-
DRB1

mis-
sense

benign 2.23

9 35398604 G A rs41315995 yes UNC13B
mis-

sense
possibly 

damaging
31

9 35717362 G A None yes TLN1
Synony-

mous
None 9.42

9 35811228 A G rs61758539 no SPAG8
mis-

sense
possibly 

damaging
13.88
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As the variant within TLN1 was a synonymous variant with a low impact 
on protein function according to its prediction score, we focused on the 
two missense-variants within the unc-13 homolog B gene (UNC13B) and 
the Sperm Associated Antigen 8 gene (SPAG8) for follow up analysis. To 
look at the segregation of these variants in all members of the family, we 
performed Sanger sequencing. The results of the segregation are shown 
in figure 2.  

Despite the fact that the missense variant in UNC13B (rs41315995, 
G/A MAF=0.021) changes a valine for a leucine, and both are non-polar 
amino acids, it is predicted to be possibly damaging by polyphen, has a 
high CADD score (of 31) and is highly conserved according to GERP. The 
missense variant within SPAG8 (rs61758539, T/C, MAF=0.008) changes 
an aromatic amino acid (tyrosine) for histidine, a positively charged 
amino acid, suggesting that the effect on the protein could be stronger. 
This variant is predicted to be possibly damaging by polyphen and has a 
CADD score of 13.88, but has a low conservation score. 

Both variants are found in 15 of 16 affected members of the family. It 
has been previously suggested that the one family member who does 
not carry the alternative allele segregates a different haplotype that is 
coming from the grandfather1. The UNC13B variant was also present 
in seven individuals reported as non-affected, including one spouse, 
while the SPAG8 variant was only present in five non-affected family 
members. It is possible that the non-affected individuals who carry these 
mutations might have developed the disease later, but we do not have 
this information. It is also possible is that the penetrance of the variants is 
low and there are other genetic factors playing a role. 

Table 4. Missense variants in SPAG8 and UNC13B from a second family 
segregating CeD. 

rsID CHR Position Gene ExAC GoNL 1000g Function Polyphen CADD 
SCALED

rs41277075 9 35811228 SPAG8 0.037 0.038 0.031 missense Bening 0.001

rs138440338 9 35295780 UNC13B 0.007 0.005 0.005 missense Bening 24.7
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Figure 2. Segregation of missense-variants within the linkage region in chromosome 9. 

We searched for additional families in which CeD segregated with 
low frequency variants in UNC13B and SPAG8, and identified a family 
with one missense-variant in UNC13B and another in SPAG8 (Table 4). 
Although it is a large family, with CeD present in three generations, we 
only had whole-genome sequencing data from two individuals who did 
not have CeD. Proband 1 has common variable immunodeficiency (CVID), 
iron and vitamin D deficiency and chronic diarrhea, while proband 2 has 
IgA deficiency and chronic diarrhea (See Figure 3 for a detailed description 
of the pedigree). 

The variant in SPAG8 (rs41277075, C/T, MAF=0.038) changes a tyrosine 
for a cysteine and the variant in UNC13B (rs138440338, C/T, MAF=0.005) 
changes a tyrosine to isoleucine. Polyphen predicts both variants to be 
benign, however the variant in UNC13B has a high CADD score (of 24.7), 
which suggests that it could be deleterious. Interestingly, the variant in 
SPAG8 is located in the second exon out of seven, next to the variant 
identified in family CD0605 and affecting exactly the same amino acid 
(Figure 4).
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Figure 3. Family segregating CeD, common variable immunodeficiency (CVID) and Ig A deficiency. 

Both SPAG8 and UNC13B are broadly expressed in multiple tissues, 
including bladder, breast, brain, gastric, hematopoietic cells, kidney, liver, 
lung, pancreas, prostate and skin. We did not observe any differential 
expression of SPAG8 and UNC13B in biopsies of CeD compared to healthy 
controls (data not shown).  

Figure 4. Localization of SPAG8 missense-variants. 

Discussion

We found two rare missense mutations in the SPAG8 and UNC13B 
genes that segregate with CeD in a multigenerational Dutch family after 
performing linkage analysis followed by exome-sequencing of eight 
members of the family. Following our linkage analysis, we focused on two 
regions in chromosomes 6p22.3-6p21.32 (LOD=1.25) and 9p21.1-9p13.2 
(LOD=1.22). After follow up filtering, we ended up with 9 candidate 
variants within the linkage regions (Table 1). Six of these were in the 
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highly polymorphic HLA region. Nevertheless, the missense variant in the 
HLA-DBR1 gene has not been seen before and further studies exploring 
the contribution of this variant to CeD should be performed. 

The two rare missense variants in the chromosome 9 region were 
potentially interesting and were located in UNC13B and SPAG8. UNC13B 
encodes for a diacylglycerol receptor that induces apoptosis and might 
contribute to renal cell injury in hyperglycemia8. It is also reported to be 
essential for presynaptic regulators that mediate synaptic vesicle priming 
and to play a role in the regulation of neuronal short-term synaptic 
plasticity9. SNPs located in introns of UNC13B have also been associated to 
Parkinson’s disease in a Ashkenazi Jewish population10 and nephropathy 
in patients with type 1 diabetes11. While there is no clear link between 
UNC13B and CeD, mutations in UNC13B cause familial hemophagocytic 
lymphohistiocytosis (FHL3)12 and a medical case has been reported where 
a patient with FHL3 had a complete clinical and biochemical remission 
of FHL3 after starting a gluten-free diet due to a posterior diagnosis of 
CeD13. UNC13B also plays a role in murine cytotoxic T lymphocytes14, a 
key player in the pathology of CeD, but its role in humans still needs to be 
clarified. 

Little is known about the SPAG8 gene. It is expressed mainly in testis 
and has been implicated in infertility. A locus containing SPAG8 has been 
associated to hemojuvelin levels in human blood plasma, but the candidate 
gene in the locus was TMEM8B15. A pilot study on gene expression analysis 
in gluten-reactive T cells upon stimulation showed a significant difference 
in the expression of SPAG8 (data not shown), suggesting that it might 
play a role in CeD. However, further studies in disease-specific cells need 
to be done to understand its role in CeD.

Although we found another family segregating CeD with similar mutations 
in the SPAG8 and UNC13B genes, this second family has a wide range 
of immunological diseases. Our biggest limitation for the replication of 
the findings in the patients with CeD in this family was the lack of patient 
material. However, our results might suggest a common genetic factor 



180

Chapter 6

between CeD, IgA deficiency and CVID, but further studies in other families 
need to be performed to corroborate our findings. One of the index patients 
had IgA deficiency, which is commonly found in CeD patients. It has been 
reported previously that the prevalence of IgA in Caucasian patients with 
CeD varies from 1:39-1:18216. It is well known that a genetic risk factor for 
IgA deficiency is the MHC region (particularly the HLA-B8, DR3 and DQ2 
haplotypes), which also plays an important role in CeD genetic risk. 

The CTLA4-ICOS locus associated to CeD has also been shown to 
increase the risk for IgA deficiency and CVID17, which is present in the 
other index patient. CVID is an immune disorder characterized by failure in 
B cell differentiation with defective immunoglobulin production, and CVID 
patients are more prone to infections and immune disorders18. The cause 
of CVID is not well understood, and it is often misdiagnosed. Although 
there is no strong evidence of association between CVID and CeD, it has 
been reported that they might co-segregate in families. Additionally, 
patients with CVID respond well to a gluten-free diet, the only treatment 
available for CeD. CTLA4-ICOS has a crucial role in the altered lymphocyte 
maturation characteristic of CVID. 

There is no previous association reported between CeD and the UNC13B 
or SPAG8 loci from case-control studies. This might be due to the fact that 
the last study with a large case-control cohort of CeD individuals was 
genotyped using the Immunochip19, a custom-made chip that does not 
have genome-wide coverage and does not cover these two loci. Further 
genotyping in a patient cohort needs to be performed to assess the 
prevalence of the common variants from these loci in CeD patients. 

In summary, the use of exome sequencing after linkage analysis allowed us 
to simultaneously explore the entire exome within the linkage regions, and 
the posterior annotation and filtering of the identified variants lead to the 
discovery of two possible causal variants for CeD in a multigenerational 
Dutch family. However, further studies in more families segregating CeD 
and in a case-control cohort, as well as functional studies, should be 
performed to confirm the causality of the variants and their role in the 
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disease pathogenesis. 
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Abstract

Using the Immunochip for genotyping we identified 39 non-HLA loci asso-
ciated to celiac disease (CeD), an immune-mediated disease with a world-
wide frequency of ~1%. The most significant non-HLA signal mapped to 
the intronic region of 70 kb in the LPP gene. Our aim was to fine-map and 
identify possible functional variants in the LPP locus. We performed a me-
ta-analysis in a cohort of 25,169 individuals from six different populations 
previously genotyped using Immunochip. Imputation using data from the 
Genome of the Netherlands and 1000 Genomes projects, followed by 
meta-analysis, confirmed the strong association signal on the LPP locus 
(rs2030519, P=1.79x10-49), without any novel associations. The condi-
tional analysis on this top SNP indicated association to a single common 
haplotype. By performing haplotype analyses in each population sepa-
rately, as well as in a combined group of the four populations that reach 
the significant threshold after correction (P < 0.008), we narrowed down 
the CeD-associated region from 70 kb to 2.8 kb (P=1.35x10-44). By inter-
secting regulatory data from the ENCODE project, we found a function-
al SNP, rs4686484 (P=3.12x10-49), that maps to several B-cell enhancer 
elements and a highly conserved region. This SNP was also predicted to 
change the binding motif of the transcription factors IRF4, IRF11, Nkx2.7 
and Nkx2.9, suggesting its role in transcriptional regulation. We later 
found significantly low levels of LPP mRNA in CeD biopsies compared to 
controls, thus our results suggest that rs4686484 is the functional variant 
in this locus, while LPP expression is decreased in CeD.
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Introduction

In recent years, genome-wide association studies (GWAS) have identified 
thousands of new susceptibility loci for common diseases, including 
dozens for celiac disease (CeD) (1, 2). CeD is an immune-mediated disease 
triggered by gluten in the diet of genetically susceptible individuals, and 
it is strongly correlated with the presence of specific HLA-DQ isotypes, 
which are necessary but not sufficient to lead to the disease (3). In a 
previous GWAS, we identified 26 non-HLA loci with small effect size 
that explain part of the heritability of CeD (4). Recently, we used the 
Immunochip (5) and discovered 13 additional susceptibility loci, as well 
as fine-mapping more than 50% of all 40 loci (6). In total, we reported 39 
non-HLA susceptibility loci, which together with the HLA locus, explain 
50% of CeD heritability (6). The strongest non-HLA association signal 
maps to a 70 kb linkage disequilibrium (LD) block in intron 2 of the LPP 
gene. Conditional analysis of this highly associated variant revealed no 
other signals of association, indicating a single associated haplotype in 
this locus.

The LPP gene has also been reported to be associated with vitiligo (7), 
an autoimmune disease, in which the top SNP is located in the same 
haplotype as the celiac disease top SNP (r2 = 0.8 and D’ = 0.9). The LPP 
gene is involved in cell motility and cell-cell adhesion, which is crucial to 
maintaining the barrier integrity of epithelial monolayers, especially in the 
small intestine. It might therefore play a role in the pathogenesis of CeD 
(8, 9).

Our aim was to fine-map the CeD-associated 70 kb intronic region at 
the LPP locus and to identify possible functional variants. We used data 
from six different CeD populations (UK, Dutch, Polish, Spanish, Italian 
and Indian) genotyped on the Immunochip array. Further, a haplotype 
analysis was performed, followed by haplotype association testing in 
each population separately. Finally, we intersected the fine-mapped 
region with functional annotation data from the ENCODE project (10). This 
allowed us to refine the 70 kb region of association to a 25-fold smaller 
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region of 2.8 kb enriched with regulatory elements, where we identified 
one SNP predicted to change transcription-factor-binding motif.

Results

Meta-analysis identified a single variant at LPP locus
In order to fine-map the 70 kb LPP LD region, we performed a meta-
analysis on a large cohort of 25,169 individuals, who had been genotyped 
by Immunochip (Table 1, Supplementary Material, Table S1). The SNP 
with the highest association with CeD was located within intron 2 of 
the LPP locus (rs2030519; P = 1.76x10-49; OR = 0.75, 95%CI 0.72-0.78) 
(Fig. 1A and 1B), where the minor allele G is more frequent in controls 
than in CeD cases suggesting the allele has a protective effect. To check 
for possible additional independent signals, we performed a conditional 
analysis on this top-SNP, but did not uncover any novel significant signals 
(Supplementary Material, Fig. S1), indicating association to a single, 
common haplotype.

Table 1: Population-specific top SNPs compared to the meta-top SNP

Population

Cases Controls SNPs BP (Hg19) Minor 
allele 

Major 
allele MAF MAF 

(Cases)
MAF 

(Controls) OR (95% CI) P

r2 rs2030519

D
' rs2030519

M
eta-

analysis
12513 12656 rs2030519 188119901 G A 0.4 0.41 0.48 0.75 (0.72-0.78) 1.76E-49 1 1

U
K 7728 8274 rs2030519 188119901 G A 0.4 0.4 0.48 0.74 (0.70-0.77) 4.56E-38 1 1

Italy 1486 1270 rs9834159 188115232 T A 0.4 0.45 0.47 0.74 (0.67-0.83) 2.11E-07 0.99 0.99

The 
N

etherlands

1150 1173 rs60946162 188133336 T C 0.4 0.38 0.43 0.80 (0.73-0.93) 0.002353 0.8 0.96

Spain 1131 662 rs60946162 188133336 T C 0.4 0.44 0.49 0.78 (0.67-0.89) 0.0004836 0.8 0.96

Poland 521 541 rs2103025 188070570 T C 0.1 0.16 0.12 1.4 (1.12-1.85) 0.004146 0.008 0.2

India 497 736 rs11923721 188100188 T A 0.08 0.09 0.07 1.4 (1.05-2.58) 0.0207 0.045 0.91

SNP ID according with dbSNP137. MAF = Minor Allele Frequency, based on samples from the Immunochip. The odds 
ratio (OR) is shown for the minor allele with a confidence interval of 95%. The P-value (P) was calculated according 
to a logistic regression association test. The r2 and D’ were calculated based on genotyped information from each 
population.
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Figure 1. Fine mapping of the LPP region. (A) Localization of the LPP gene on chromosome 3 and the LD region. 
(B) Meta-analysis of imputation and Immunochip (iCHIP) results. Open circles are SNPs genotyped by the iCHIP, 
black dots represent SNPs imputed by GoNL and gray dots represent SNPs imputed by the 1000 Genomes Project 
(1kG). (C) SNPs in the fine-mapping region overlapping to ENCODE regulatory regions, including DNase I hyper-
sensitive sites, histone modifica- tions determined by ChIP-seq and transcription factor-binding site ChIP signals. 
Signal peaks are depicted as darker regions. Evolutionary conserved sites are also shown. ∗14 SNPs that construct 
the core-haplotype. ∗ ∗ 7 SNPs in orange differentiate the risk from the non-risk haplotype. The functional candidate 
SNP rs4686484 is depicted in red. The top meta-analysis SNP is in blue. (D) Sequencing of the functional candidate 
SNP predicted to change the binding site of the shown transcription factors. Prot, protective; Ref, reference.
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Imputation confirmed the meta-analysis results
In order to test whether any non-genotyped variants were more strongly 
associated with CeD than the top-SNP, we imputed genotypes using 
two different reference panels (1000 Genomes Project and GoNL). This 
analysis resulted in an additional 397 SNPs (254 SNPs from the 1000 
Genomes project data, 110 SNPs from the GoNL study, with 33 SNPs 
identified by both). We then performed a meta-analysis on both the 
known, as well as the imputed, SNPs. This confirmed that SNP rs2030519 
was the strongest CeD-associated SNP in the LPP locus (P = 1.79x10-49, 
OR = 0.75, 95%CI 0.72-0.78) in this region (Fig. 1B). 

Association  analysis  in  different  populations  indicated  different  top 
SNPs
Since the meta-analysis identified rs2030519 as the most strongly 
associated SNP, we tested whether rs2030519 was also the top SNP 
in the six separate populations. The top-SNP was confirmed as the 
strongest associated SNP only in the UK population (the largest cohort) 
(P = 4.56x10-38, OR = 0.74, 95%CI 0.70-0.77), whereas in the other five 
populations, different top-SNPs were identified (Table 1). In the Italian 
population, the top-SNP was rs9834159 (P = 2.11x10-7, OR = 0.74, 
95%CI 0.67-0.83), and in the Dutch and Spanish cohorts the top-SNP 
was rs60946162 (P = 0.002, OR = 0.8, 95%CI 0.73-0.93 and P = 0.0004, 
OR = 0.78, 95%CI 0.67-0.89, respectively). The top-SNPs in the Polish 
cohort (rs2103025; P = 0.004, OR = 1.4, 95%CI 1.12-1.85) and in the 
Indian cohort (rs11923721; P = 0.02, OR = 1.4, 95%CI 1.05-2.58) showed 
association in opposite directions (Table 1) to the top-SNPs in the other 
four cohorts (UK, Italy, Netherlands, and Spain). These results suggest 
that there could be population-specific, CeD-associated alleles.

Haplotype analysis suggested a common CeD-associated haplotype 
The existence of different CeD-associated top-SNPs in different populations 
may suggest that these SNPs could be tagging a common functional 
variant on a common haplotype. We therefore included all the genotyped 
SNPs within a 250 kb window around the top-SNP (rs2030519) from the 
meta-analysis, and generated haplotypes in populations that showed 
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significant P-value with rs2030519 
after a Bonferroni correction for the 
six populations (P < 0.008). Next, we 
tested the association of haplotypes 
with CeD using logistic regression in 
the separate populations. The Indian 
and Polish cohort were excluded 
from haplotype association analysis 
(Supplementary Material, Table S3). 
We therefore performed the haplotype 
association test in a meta-analysis 
of the four remaining populations 
together (UK, Italy, Netherlands and 
Spain). The biggest haplotype size 
(53.7 kb) was found in the Dutch cohort 
(Table 2) and the smallest haplotype 
(3.1 kb, Table 2) was found in the UK 
population, which was the largest 
cohort (Supplementary Material, Table 
S1). By looking at the most strongly 
associated haplotype in each of the 
European populations, we identified 
a core haplotype of 4.1 kb containing 
14 SNPs (Table 2 and Supplementary 
Material, Fig. S2, Table S4).

Seven  SNPs  differentiate  risk  and 
non-risk haplotypes
In order to see whether differences 
in the risk and protective haplotypes 
across populations could reduce the 
size of this region, we performed a 
haplotype logistic regression using the 
14 SNPs (Table 3) in each population 
separately, as well as in all four 
populations together (Table 3). By Ta
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comparing the haplotypes obtained, we found a common, associated 
haplotype present in all the populations (Table 3). Seven of the 14 SNPs 
showed minor alleles present in the protective haplotype, but absent in 
the risk haplotype (Table 3). This approach reduced the core haplotype 
down to a 2.8 kb region (chr3: 188117070-188119901, NCBI build 37) 
and suggests that this region might well harbor the causative variant for 
CeD (Fig. 1C). 

Table 3: Haplotype association analysis in the 14 SNPs from the core 
haplotype.
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C C G A T C T G G C G C A T 0.454 0.4219 0.4857 0.768 9.41E-45

C C C T C T A A A T A T T C 0.435 0.4609 0.4081 1.25 8.70E-32

T A C A T T A A A T A C A C 0.0477 0.05143 0.044 1.18 0.000115

C A C A T T A A A T A C A T 0.0619 0.06375 0.06003 1.06 0.111

U
K

C C G A T C T G G C G C A T 0.447 0.4094 0.4818 0.74 2.84E-38

C C C T C T A A A T A T T C 0.438 0.4673 0.41 1.28 1.45E-25

T A C A T T A A A T A C A C 0.0465 0.05092 0.0423 1.22 0.000294

C A C A T T A A A T A C A T 0.0673 0.07046 0.06442 1.09 0.051

Ita
ly

C C G A T C T G G C G C A T 0.487 0.4556 0.5248 0.755 4.12E-07

C C C T C T A A A T A T T C 0.431 0.4599 0.398 1.29 4.67E-06

C A C A T T A A A T A C A T 0.0292 0.03131 0.02677 1.2 0.262

T A C A T T A A A T A C A C 0.0483 0.05051 0.04567 1.09 0.503
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e 

N
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C C G A T C T G G C G C A T 0.437 0.4143 0.4595 0.843 0.00482

C C C T C T A A A T A T T C 0.456 0.4796 0.4335 1.2 0.00277

C A C A T T A A A T A C A T 0.0575 0.05696 0.05797 0.945 0.659

T A C A T T A A A T A C A C 0.0474 0.04783 0.04646 1.02 0.879
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C C G A T C T G G C G C A T 0.488 0.4654 0.5257 0.783 0.000551

C C C T C T A A A T A T T C 0.4 0.4149 0.3754 1.17 0.0245

T A C A T T A A A T A C A C 0.0483 0.05275 0.04079 1.3 0.131

C A C A T T A A A T A C A T 0.0623 0.06605 0.05589 1.21 0.199

The SNP in bold is the top SNP from the meta-analysis. The minor alleles from each SNP are showed in bold. The 
SNPs that differentiate the risk to non-risk haplotype are highlighted in grey. Odds ratios (OR) are shown for minor 
haplotypes. P-values (P) were calculated according to a haplotype logistic regression association test. *Meta-anal-
ysis without Indian and Polish cohorts.
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Annotation  of  established  functional  elements  in  the  core  haplotype 
region
To investigate whether the seven core-haplotype SNPs are located within 
known functional elements, they were subjected to HaploReg. The 2.8 kb 
region contained open chromatin regions, as identified in 19 cell lines of 
the ENCODE Project cell line panel (Fig. 1C and Supplementary Table S5). 
Of the seven SNPs, six (rs6790260, rs6444285, rs4686483, rs4686484, 
rs6778720 and rs2030520) mapped to regions annotated with histone 
modifications H3K27ac, H3K4m1, H3k4m2, H2A.Z and EZH2 identified in 
B-and T-cells (Fig. 1C and Supplementary Material, Table S5). Interestingly, 
SNP rs4686484 (P = 3.12x10-49), which is in high LD with the top-meta 
SNP, rs2030519 (r2 ≥ 0.9 and D’ = 1), maps to DNase hypersensitive 
sites in multiple cell lines (including B- and T-cells). In addition, it maps to 
overlapping DNA fragments that were individually isolated by chromatin 
immuno-precipitation (ChIP) using antibodies against BATF and PU.1 
(Fig. 1C and Supplementary Material, Table S5). Hence, SNP rs4686484 
is highly conserved (Fig. 1C, Supplementary Material, Table S5) and 
HaploReg suggested that this SNP changes the consensus binding motif 
of the transcription factors IRF4, IRF11, Nkx2.7 and Nkx2.9 (Fig. 1D, 
Supplementary Material, Table S5). 

In order to test whether the SNP rs4686484 can be prioritized as the only 
candidate SNP without performing haplotype analysis, we subjected 
174 SNPs present in the original 70 kb region to HaploReg annotation 
(Supplementary Material, Fig. S4). We found 12 SNPs in high LD with 
rs4686484 (r2 ≥ 0.7 and D’ = 1) overlapping with regulatory elements 
characterized by open chromatin, histone modification and transcription 
factor binding. However, it is not clear which of these 12 SNPs are 
functionally involved in CeD pathogenesis. Therefore the fine-mapping by 
haplotype analysis helped us to prioritize the most likely functional SNP 
even though the associated region contained more than one SNP with 
similar regulatory potential.

Sanger sequencing to identify novel variants
In order to test whether the highly conserved regulatory region contained 
novel variants in LD with SNP rs4686484, we sequenced 391 bp around 
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this functional SNP (chr3: 188118290-188118680, NCBI build 37) in 210 
Dutch individuals (117 cases and 93 controls). This did not identify any 
novel variants in the region, which was in concordance with GoNL data 
(11). Although two SNPs (rs147428170 and rs148483836) are located in 
this region (according to the 1000 Genomes Project), we were not able 
to confirm them in the 210 individuals we sequenced, probably because 
these two SNPs are very rare (MAF < 0.001) in the CEU population. We 
therefore consider SNP rs4686484 to be the main functional candidate 
(Supplementary Material, Table S6). 

Low expression of the LPP gene in biopsies from celiac disease patients
In order to test whether LPP gene levels are affected in the CeD 
status, microarray expression analysis was performed on 25 duodenal 
biopsies (12 celiac patients with villous atrophy and 13 healthy controls) 
(Supplementary Methods). This showed a lower expression of the LPP 
gene in biopsies of celiac patients with villous atrophy (Marsh III stage) 
compared with healthy controls (Supplementary Material, Fig. S3). These 
results suggest LPP is a causative gene in the pathogenesis of CeD.

Discussion

We aimed to refine a 70 kb LD region of the LPP gene, previously reported 
as the strongest non-HLA-associated locus in CeD, and to identify 
possible functional variants. We analyzed genotype data obtained with 
Immunochip in six independent populations in this region (6). A meta-
analysis on the six sets of genotyped and imputed data confirmed the 
strongest association was to the SNP rs2030519 (P = 1.79x10-49) located in 
intron 2 of the LPP locus (Fig. 1A-1B). Subsequent conditional analysis on 
this SNP indicated no other independent associations and suggested the 
presence of a single, common risk haplotype in this locus (Supplementary 
Material, Fig. S1). 

It has been suggested that disease etiology is common between 
populations, but that risk variants are often population-specific (12). 
Here, we performed a population-specific association analysis to test 
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the genetic heterogeneity between six populations. Except for the UK 
population, their top-SNPs differed from the meta-analysis top-SNP 
(Table 1). In addition, except for the Polish top-SNP, the top-SNPs of the 
other populations were in LD with the meta-analysis top-SNP (Table 1), 
suggesting a common associated haplotype in these populations. 

Haplotype analysis using different populations has been shown to be 
a suitable strategy for fine-mapping associated regions (13). Since 
haplotypes characterize the exact organization of alleles along the 
chromosome (14), more information can be incorporated into the 
association tests by constructing haplotype blocks from SNPs (15). 
Accordingly, in this study, we were able to find a core haplotype of 4.1 kb 
by comparing the most strongly-associated haplotype per population in 
four Caucasian cohorts, which indicated a common associated haplotype 
between these populations (Fig. 1C, Table 2). In addition, we observed 
that the sample size of the study cohort is very important to narrow down 
the associated regions. By analyzing only the two largest populations 
(UK and Italy), we found a haplotype with a more similar size of 4.8 kb 
than when we investigated all the populations together (Supplementary 
Material Fig S2). However, only by adding the other populations, were we 
able to compare risk and protective haplotypes, and finally pinpoint seven 
SNPs that differentiate the risk haplotype from the non-risk haplotype 
across different populations (Fig. 1C, Table 3). This helped us to refine the 
associated region down to 2.8 kb, where a functional variant might be 
located. 

It has been shown that there is an enrichment of regulatory elements 
from the ENCODE project overlapping SNPs identified by GWAS (10, 
16). To prioritize SNPs in the 2.8 kb region that could have a functional 
effect, we intersected all seven SNPs in the 2.8 kb region with regulatory 
information available from the ENCODE Project (10). In the end, we were 
able to identify six out of seven SNPs that mapped to a regulatory region, 
either to DNase hypersensitive sites or regions with enhancers histone 
modifications (Fig. 1C, Supplementary Table S4). One SNP, rs4686484, 
directly overlapped these two regulatory sites and also mapped to 
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transcription factor binding sites (Fig. 1C). The G allele at rs4686484 
was predicted to interfere with the consensus motives of transcription 
factors IRF4, IRF11, Nfx2.7 and Nfx2.9 (Fig. 1D). Interestingly, IRF4 has 
been described as interacting with PU.1 (17) and, since the G allele of the 
functional SNP interferes with IRF4 binding, it is possible that this SNP 
could affect IRF4-mediated PU.1 binding. Whether this alteration would 
increase or decrease the expression of LPP remains to be tested. Moreover, 
the IRF4 gene was also reported to be associated with CeD (6), and it 
could be that it somehow interacts with the LPP gene. To investigate this 
we used Genenetwork (www.genenetwork.nl) and DAVID (36), however, 
we did not find any shared pathways between LPP and IRF4 (results not 
shown).

The lack of any novel variants on sequencing, as well as the many 
overlapping layers of regulatory information within this highly conserved 
regulatory region, confirmed rs4686484 as the most likely functional SNP 
(Supplementary Table S6). However, we did not find any eQTL effect for 
SNP rs4686484 in a peripheral blood dataset of 1,240 samples (18). We 
were therefore unable to establish a causal link between the prioritized 
functional SNP and the LPP gene. Nonetheless, microarray analysis in 
duodenal biopsies showed that the LPP gene is down-regulated in severe 
CeD cases (villous atrophy, Marsh III) compared to healthy individuals (Fig. 
S3). We examined the expression level of LPP in biopsies from individuals 
genotyped for the rs4686484 SNP, but found no significant difference, 
most likely due to our very limited sample size (n=25) (results not shown). 
Nevertheless, this result is in agreement with a previous study that also 
showed lower expression of the LPP gene in biopsies of CeD patients (19), 
suggesting that LPP is the most plausible causative gene in this locus.

The fact that many regulatory elements in B-cells from the ENCODE 
project overlap with the fine-mapped region (Fig. 1C, Supplementary 
Table S5) suggests that our functional SNP may impact gene expression 
in B-cells. Although CeD is known to be mainly a T-cell disorder, the role 
of B-cells in the pathogenesis of CeD is being increasingly recognized (20, 
21). It has been suggested that B-cells, in combination with the enzyme 
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transglutaminase 2, can present gluten peptides to gluten reactive T-cells 
(21). Our data suggest B-cells are an important cell type for performing 
functional assays to better understand the role of the LPP locus in CeD 
pathogenesis.

Since the prioritized SNP rs4686484 has a regulatory function, it may 
affect other genes outside of the LD block as well. In this context, the 
BCL6 gene, located 658.7 kb away from the candidate SNP, is a plausible 
candidate. Recently, a meta-analysis for allergic sensitization identified a 
SNP (rs9865818) located in the LPP gene, and in LD with our candidate 
SNP rs4686484 (r2 = 0.75, D’ = 0.93), that showed a cis-eQTL effect 
specifically for B-cells in the BCL6 gene (37). This suggests that it is still 
possible that the SNP rs4686484, or a SNP in the same haplotype, can 
act by regulating BCL6 specifically in B-cells. Additionally, to support this 
idea, it is known that IRF4 and BCL6 have a very close interaction. We 
therefore analyzed the expression data of BCL6 in biopsies similar to LPP, 
but found no difference between CeD and healthy control biopsies (Fig 
S5). This finding suggests LPP is a candidate gene. However, we do not 
have any conclusive evidence that links our possible causative SNP with 
the LPP gene. Hence, more eQTL studies in B-cell-specific datasets are 
necessary to establish a true causal gene. 

In summary, we were able to narrow down an intronic region strongly 
associated with CeD from 70 kb to 2.8 kb. By integrating data from the 
ENCODE project with our findings, we identified six SNPs that overlap 
regulatory sites (Fig. 1C), with one, rs4686484, having a possible 
biological function. In addition, gene expression data from patient biopsies 
suggested that the LPP gene might be involved in the pathogenesis of 
CeD. Further functional studies are therefore warranted to validate our 
findings.

Materials and methods

Study population
The CeD study population (12,513 patients and 12,656 controls) 
included the samples described previously (6), with additional samples 
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in each population that had since become available (Table S1). Affected 
individuals were diagnosed as patients with CeD according to standard 
clinical, serological and histo-pathological criteria, including a small 
intestinal biopsy (22). DNA samples were isolated from blood, lympho-
blastoid cell lines or saliva, as indicated by Trynka et al. (2011). The 
details of the SNP probes present on the Immunochip array, and of the 
genotyping and quality control filters, have been reported previously (6). 
All the subjects sampled for this project provided informed consent and 
the study was approved by the ethics committees or institutional review 
boards of the hospitals where the samples were collected.

Association analyses
A meta-analysis was performed in the 70 kb LPP LD region (chr3: 
188069360-188139629, NCBI build 37) using PLINK (23). Gender and 
the country of origin were included as covariates. PLINK was also used 
for a stepwise, conditional logistic regression of the most associated 
SNPs showing the highest meta-analysis association P-value. In order to 
assess the association per population, we performed a logistic regression 
on each population separately, using gender as a covariate.

Imputation
SNPs were imputed across the LPP LD region using data from the 1000 
Genomes Project (24) and from the Genome of the Netherlands (GoNL) 
(11) as reference panels. Before imputation, the data was filtered for SNPs 
with a MAF above 0.01 and deviations from Hardy-Weinberg equilibrium 
in controls (P > 0.0001), and subsequently aligned to the forward strand. 
The data was analyzed in batches comprising 500 samples and 2,000 
SNPs, with an overlap of 500 SNPs.  Phasing was performed using 
MACH 1.0.18 (25) applying 20 rounds of 200 states. We used MOLGENIS 
compute (26) imputation pipeline to generate our scripts and monitor the 
imputation. IMPUTE2 (27) was used in both reference panels, applying its 
default options. Finally, a meta-analysis on all the cohorts together was 
performed, as described above.
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Haplotype analysis 
Haplotype analyses were performed using PLINK v1.7 (23), where 
haplotype blocks were generated within a 250 kb window harboring the 
most significant SNP from the meta-analysis. Next, a Bonferroni correction 
was performed for the six populations tested and only the populations 
that had the top meta-analysis SNP with significant P-value (0.008) were 
included for further analysis. Afterwards, a haplotype logistic regression 
analysis in each population was performed. In order to see differences in 
the risk versus non-risk haplotypes, SNPs located in the core haplotype 
(an overlapping, shared haplotype region in all populations) were used to 
perform a haplotype association test per population.

Functional annotation of variants
The regulatory regions overlapping with the identified SNPs and proxies 
(r2 ≥ 0.9, 1000 Genomes project-CEU), and present in the fine-mapped 
haplotype, were annotated using HaploRegv2 (28) default settings. 
HaploReg takes the SNPs on the haplotype block, and using LD information 
from the 1000 Genomes Project, intersects these SNPs with functional 
regions identified by the ENCODE project (10). In addition, it predicts the 
effects of a SNP in a regulatory region based on a library of position-
weighted matrices (PWM) collected from JASPER (29), TRANSFAC (30), 
and protein-binding microarray experiments (31-33). HaploReg v2 also 
provides annotation of mammalian conservation based on GERP (34) 
and Si-phy (35) algorithms. UCSC Genome Browser was used to look 
for intersections between SNPs and regulatory elements from the most 
recent data of the ENCODE project (10).
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Abstract

Celiac disease (CeD) is a common immune-mediated disease of the 
small intestine that is triggered by exposure to dietary gluten. While 
the HLA locus plays a major role in disease susceptibility, 39 non-HLA 
loci were also identified in a study of 24 269 individuals. We now build 
on this earlier study by adding 4 125 additional Caucasian samples 
including an Argentinian cohort. In doing so, we not only confirm the 
previous associations, we also identify three novel independent genome-
wide significant associations at loci: 3p14.1, 12p13.31 and 22q13.1. By 
applying a genomics approach and differential expression analysis in CeD 
intestinal biopsies, we prioritize potential causal genes at these novel loci, 
including LTBR, FRMD4B, CYTH4 and RAC2. Nineteen prioritized causal 
genes are overlapping known drug targets. Pathway enrichment analysis 
and expression of these genes in CeD biopsies suggests they have roles 
in regulating multiple pathways such as the tumor necrosis factor (TNF) 
mediated signaling pathway and positive regulation of I-κB kinase/NF-κB 
signaling.  

Key words: celiac disease, Immunochip, immunogenomics
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Introduction

Celiac disease (CeD) is a common immune-mediated disease (IMD) present 
in approximately 1% of the Western population that is characterized by 
inflammation of the small intestine, villous atrophy and crypt hyperplasia. 
CeD is caused by an interaction of environmental and genetic factors1. 
The main environmental factor is exposure to dietary gluten and the 
only available treatment is life-long adherence to a gluten-free diet. An 
estimation of the genetic component of CeD in twins is 75%2. The main 
genetic risk factors for the development of CeD are human leukocyte antigen 
(HLA) molecules, specifically the HLA-DQ2.5 and HLA-DQ2.2 haplotypes, 
which are responsible for 40% of disease heritability3. However, while the 
presence of the HLA-DQ2.5 and HLA-DQ2.2 haplotypes are necessary to 
develop the disease, they are not sufficient in themselves to promote the 
disease; many HLA carriers do not develop CeD, indicating that additional 
genetic factors may play a role. 

Previous genome-wide association studies (GWAS)4,5 have identified 
26 loci outside the HLA-region that increase the risk of developing CeD. 
In 2011, we fine-mapped more than 50% of these previously CeD-
associated loci and identified 13 novel non-HLA loci using the Immunochip 
platform, which led to the identification of 57 independent SNPs in 39 loci. 
Although it remains a challenge to pinpoint the causal variants and genes 
at these 39 CeD-associated loci, much progress has been made using 
integrative functional genomic approaches that combine multiple layers 
of omics information. Analysis of the candidate causal genes for CeD from 
these loci has led to a better understanding of disease pathology and 
identified new causal pathways, such as interferon gamma signaling6 
and autophagy7. 

Bigger sample sizes and integrative omics approaches for other diseases 
have not only led to a better understanding of disease biology8–10, they 
have also pinpointed new treatment options11. In the present study, we 
aimed to identify new loci contributing to CeD by increasing the sample 
size (adding >4000 new samples) and adding ethnic diversity of our 
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patient cohort. We then used a system genetics approach to identify new 
pathways playing a role in disease pathogenesis. 

Material and methods

Subjects. Aside from the two cohorts from Latin America of self-reported 
Argentinian origin, all individuals included in our analysis are Europeans 
from the Netherlands, Spain, Italy, Ireland and Poland (Supp. Table 1). 
All cases were diagnosed according to standard clinical criteria, positive 
tissue transglutaminase antibodies or endomysial antibodies and, in all 
cases, small intestinal biopsy with Marsh stages II or III. Written informed 
consent was obtained for all individuals and the study was approved 
by the ethics committee or institutional review board of all participating 
institutions. We used the British, Italian, Polish, Spanish and Dutch cohorts 
that were included and described in our previous Immunochip analyses3, 
and added additional samples to the Dutch, Spanish, Italian and Polish 
cohorts (for a total of 3 925 cases and 4 743 controls) following the same 
inclusion criteria (Supp. Table 1). The Indian cohort included in Trynka’s 
study was instead excluded being too genetically different from our 
cohorts. We also added an  Irish cohort (393 cases and 455 controls) 
that was described previously by Coleman et al12, and two Argentinian 
cohorts specifically collected for this study. The Argentinian cases were 
included after diagnosis by the presence of tissue transglutaminase IgA or 
anti-deamidated gliadin peptide IgG antibodies and positive  endomysial 
antibodies, and intestinal biopsy class March IIIA or above. Argentinian 
controls were unselected blood donors and population controls. Blood 
samples for DNA isolation were collected in the Gastroenterology hospital 
“Dr. C. Bonorino Udaondo” in Buenos Aires, Argentina and in the OSEP in 
Mendoza, Argentina after written informed consent was given.  

Genotyping and quality control. DNA isolation of the Argentinian samples 
was carried out at the University Medical Center Groningen (UMCG) by 
the salting out procedure13. The additional samples were genotyped on 
the Immunochip at the UMCG, following Illumina’s standard protocols. 
Variant calling was performed using Genome Studio with the same cluster 
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used by Trynka et al3. All quality control (QC) checks and filters were 
performed per cohort using PLINK versions 1.0714 and 1.915. Specifically, 
non-polymorphic markers and markers with duplicated rs identifiers were 
removed and data mapped to the human reference 19 (build 37) using 
the LiftOver tool from UCSC (http://genome.ucsc.edu/cgi-bin/hgLiftOver)16. 
Samples with a call rate <98% and single nucleotide polymorphism (SNPs) 
with a call rate <99% or Hardy-Weinberg equilibrium exact test <0.001 
were discarded. 

Hidden relationships between samples within cohorts were identified by 
calculating identity by descent estimates, which were derived using 14,453 
non-HLA independent variants (two rounds of linkage-disequilibrium (LD) 
pruning using the “indep” option (window size of 50, step≥2 size, r2>0.2)). 
When we identified duplicated individuals, the sample with the best call 
rate was kept. Individuals with first and second degree of consanguinity 
(pihat>0.2) were excluded. Population outliers within each cohort were 
detected by multi-dimensional scaling (MDS) plots using R Studio (http://
www.rstudio.com/) with the previously described set of SNPs and 
excluded.

Due to its confirmed association to CeD, extended LD and  high 
complexity, we excluded the HLA region (chr6:19892021-39892022); 
we also excluded the X chromosome. After applying sample and SNP QC 
filters, we obtained 12,948 cases and 14,826 controls from eight different 
cohorts (Supp. Table 1) and 127,855 SNPs for association analysis.

Statistical analysis. Logistic regression was implemented per cohort using 
PLINK 1.915 including gender and 3 MDS components as covariates to 
correct for population stratification. We used a sample-size-weighted 
Z-score meta-analysis on the association results of the eight cohorts 
(Supp. table 1) in PLINK 1.915. Manhattan plots of -log10P and the QQ plot 
were generated using RStudio (http://www.rstudio.com/).  The inflation 
factor in the non-CeD associated regions was 1.67 (Supp. Figure 1a) as 
expected by the Immunochip designed that included mainly immune-
related genes, but similar to our previous Immunochip study3 non-excess 

http://www.rstudio.com/
http://www.rstudio.com/
http://www.rstudio.com/
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of associations was observed in three densely genotyped loci selected 
for bipolar disorder (λ=1.055, Supp. Figure 1b). We used the standard 
genome-wide significance threshold of p<5x10-8, as PLINK reports 
p-values below 2.22 x10-16 as 0 for the meta-analysis, we assigned an 
arbitrary value of 9.99x10-17 for potting and results are indicate as p<2.22 
x10-16 in the manuscript . Regional association plots for genome-wide 
significant loci were generated using LocusZoom (http://locuszoom.org/).  
SNP annotation. We used the SNP2GENE function in FUMA (http://fuma.
ctglab.nl/) to perform functional mapping and annotation of results from 
the association analysis. We selected the European population of the 
1000 Genomes Project phase 3 to calculate LD and included all SNPs with 
a minor allele frequency (MAF) >0.001. For gene mapping, we selected 
the eQTL option, including all databases except GTEx v6 (because it 
already includes the latest version (v7) and the samples overlap between 
the two databases). We included only significant eQTLs (FDR <0.05). 
We used all genes in Ensembl version 92 for gene mapping. To explore 
tissue-specificity and biological context of identified genes and perform 
pathway enrichment analysis, we used the function GENE2FUNC.

We used Immunobase (www.immunobase.org) to explore if the associated 
regions were associated to other immune-mediated diseases (IMDs) or 
to CeD by other studies. To identify the closest gene, we annotated the 
strongest associated SNP at each locus (TopSNPs) using Haploreg v417, 
and  retrieved the effect on gene expression (eQTLs) from a selected list of 
12 studies. We also extracted eQTL information from GTEx (http://www.
gtexportal.org/home/) and mapped eQTLs using peripheral blood RNA-
seq data from 2,116 unrelated individuals, as described by Zhernakova 
et al18. Finally, we used GeneNetwork (https://www.genenetwork.nl/) to 
predict the function of the genes. 

Differential gene expression analysis in intestinal biopsies. We assessed 
the expression of the genes affected by the TopSNPs as detected by 
HaploReg and eQTL annotation, in intestinal biopsies of 12 celiac 
patients and 12 controls. The biopsies were selected according to United 
European Gastroenterology criteria; the biopsy sampling, RNA isolation19 

http://fuma.ctglab.nl/
http://fuma.ctglab.nl/
http://www.immunobase.org
http://www.gtexportal.org/home/
http://www.gtexportal.org/home/
https://www.genenetwork.nl/
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and microarray hybridization have been described previously20. The 
raw data has been deposited in EBI ArrayExpress with the accession ID 
‘E-MTAB-4613’20. Expression data were quantile normalized using the 
Illumina Beadstudio program. Quantile-normalized and log2-transformed 
expression values were used for differential expression analysis and 
differences were assessed with a T-test. Significance was defined as a p 
<0.05. Boxplots were generated using R Studio. 

Protein-QTLs in plasma. We used existing imputed genotype data 
and LTBR concentrations from 1,179 individuals from the Life lines-
DEEP cohort generated in a previous study by Zhernakova et al. 21. We 
performed Spearman correlation analysis between the SNP (rs2364484) 
dosage and LTBR levels to test the association between SNP genotypes 
and protein levels.

Results
Validation non-HLA loci previously associated to CeD. In a meta-analysis 
of the eight CeD-cohorts (Supp. Table 1), we confirmed the association 
of all 38 previously reported autosomal non-HLA CeD loci3. In 35 of 
the associated loci, the previously reported TopSNP was also our most 
significantly associated SNP. In the other three loci, the previously 
reported TopSNP was excluded during QC in six of the cohorts, thus other 
SNPs in high LD with them showed the most significant associations. A 
Manhattan plot illustrating the results of the associations after excluding 
the HLA region is shown in Supp. figure 2.  

Identification of three new loci associated to CeD.  Four novel loci 
outside of the previously reported associations3 reached genome wide 
significance (p<5x10-8, Table 1)  in this analysis: 1q25.3, 3p14.1, 12p13.31 
and 22q13.1.



210

Chapter 8

Table 1. Genome-wide significant loci associated to celiac disease

CHR SNP Chr 
position SNP

Risk 
al-
lele

Oth-
er 

allele
N O

R P

MAF 
in EUR 
popu- 
lation

Closest 
gene

Is the 
region 
asso- 
ciated 

to other 
IMDs?

All 
eQTLs

1 183532580 rs17849502* T G 7 1.
43

<2
.2

2 
x 

10
-1

6

0.06 NCF2 SLE, CeD none

3 69252899 rs6806528 T C 8 1.
19

9.
10

 x
 1

0-9

0.13 FRMD4B FRMD4B

12 6511996 rs2364484 C A 6 1.
13

5.
31

E 
x 

10
-9

0.28
RP1-

102E24.8, 
LTBR

AS, JIA, 
MS, PBC LTBR

22 37633851 rs9610686 C T 7 1.
11

3.
28

 x
 1

0-8
0.39 RAC2 T1D, VIT

C1QT-
NF6, 

SSTR3, 
CYTH4, 
RAC2

Abbreviations: CHR= chromosome; SNP=single nucleotide polymorphism; N= number of cohorts included in the 
analysis; OR= odds ratio; P= P value from the weighted meta-analysis; MAF= minor allele frequency; EUR= European 
population from 1000 genomes project.

*missense variant

The top SNP, rs17849502 at the 1q25.3 locus (Risk allele=T, OR=1.43, 
p<2.22x10-16, Figure 1a), is located in an exon of the Neutrophil 
Cytosolic Factor 2 gene (NCF2). The association to this missense variant 
(rs17849502) was missed in our previous Immunochip study3 because it 
was a single association and there are not SNPs in LD with them within 
the locus. However, this low frequency variant (MAF=0.07) was later 
identified in a re-sequencing study of CeD patients22, and its association 
was replicated in a cross-disease meta-analysis of CeD and RA23. This 
region has also been associated to systemic lupus erythematosus24. The 
other three loci that reached genome-wide significance are all novel, with 
TopSNPs located in non-coding regions of the genome.

The TopSNP rs6806528 (Risk allele=T, OR=1.18, p=9.1x10-09) at the 3p14.1 
locus is located within an intron of the FERM domain containing the 4B 
gene (FRMD4B); we did not find any proxies of the TopSNP (r2>0.8) to be 
coding. This locus has not been associated to any other IMDs, but it did 
show modest association to CeD 25 in a cohort of 1,550 North American 
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CeD cases and 3,084 controls (p=0.0012). The risk allele of rs6806528 (T) 
increases the gene expression levels of FRMD4B in blood based on exon 
level eQTL analysis (p=3.36x10-9, Figure 2a). The FRMD4B gene functions 
as a scaffolding protein26 and is predicted by GeneNetwork to be involved 
in riboflavin metabolism, the Fc epsilon RI signaling pathway, the T cell 
receptor signaling pathway and axon guidance (Figure 2b).

The TopSNP rs9610686 (Risk allele=C, OR=1.107, p=3.28x10-09) of the 
22q13.1 locus (Figure 1d) is a common variant located in an intron of 
the Ras-related C3 botulinum toxin substrate 2 gene (RAC2). This 

Figure 1. Regional plots of genome-wide significant loci. SNP with the strongest association in the region is shown 
in purple. SNPs in LD with the strongest associated SNP are shown in red (r2 <1 and >0.8), orange (r2 <0.8 and 
>0.6), green (r2 <0.6 and >0.4), light blue (r2 <0.4 and >0.2), and dark blue (r2 <0.2). Lower panel shows the genes 
located within the region. A. Association signals at the 1q25.3 locus. B. Association signals at the 3p14.1 locus. C. 
Association signals at the 12p13.31 locus. D. Association signals at the 22q13.1 locus. 
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locus has previously been associated to type 1 diabetes27 and vitiligo28. 
TopSNP rs9610686 affects gene expression of multiple nearby genes: 
C1QTNF6, CYTH4, RAC2 and SSTR3. In artery aorta, blood, breast 
mammary tissue and skin, it affects the gene expression of Complement 
C1q and tumor necrosis factor-Related protein 6 (C1QTNF6). C1QTNF6 
modulates inflammation and insulin sensitivity in obese and diabetic mice 
and humans29, and is predicted to be mainly involved in glycan-related 
processes and cell adhesion (Figure 3a). The somatostatin receptor 3 gene 
(SSTR3), which regulates antiproliferative signaling and apoptosis30 and 
is predicted to be involved in glycophospiloid biosynthesis and diabetes, 
is expressed in several tissues, including brain, ovary, pituitary, uterus, 
blood and testis. SSTR3 expression level is affected by the rs9610686 
genotype only in testis, where its expression is higher than in the other 
tissues. Additionally, the risk allele of rs9610686 decreases the levels of 
expression in blood of two other genes, cytohesin 4 (CYTH4) and RAC2, 
both involved in immune-related processes. CYTH4’s strongest pathway 
predictions are for toll-like receptor signaling, leucocyte transendothelial 
migration, natural killer cell meditated cytotoxicity, Fc gamma R-mediated 
phagocytosis and chemokine signaling. Mutations in RAC2 cause neutrophil 

Figure 2. FRMD4B (3p14.1) locus. A. The risk allele (underlined in red) of the Top-SNP rs6806528 increases the 
expression of the FRMD4B gene (p=3.36x10-6). The number of individuals analyzed is shown under each genotype. 
B. FRMD4B gene function predictions based on GeneNetwork, a co- expression-based network. 
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immunodeficiency syndrome31, which is characterized by severe bacterial 
infections and poor wound healing. RAC2 is involved in actin-based 
cellular functions of phagocyte cells, as well as cell proliferation and cell 
survival32. It is also predicted to be involved in primary immunodeficiency, 
hematopoietic cell lineages, the Fc epsilon RI signaling pathway, the B cell 
receptor signaling pathway and natural killer cell mediated cytotoxicity. B 
cells33 and natural killer cells34 are important players in CeD pathogenesis. 
In addition to their immunity-related functions, CYTH4 and RAC2 are 
overexpressed in intestinal biopsies of celiac patients (p=0.00024 and 
p=6.77x10-6, respectively, Figure 3b), further suggesting they have a role 
in the disease.

At the chromosome 12p13.31 locus, the TopSNP rs2364484 (rs2364484, 
Risk allele=C, OR=1.13, p=5.31x10-09) is an intergenic variant between the 
Lymphotoxin Beta Receptor gene (LTBR) and the CD27 antisense RNA 1 

Figure 3. The 12p13.31 locus. A. Functional predictions based on GeneNetwork for genes affected by the most-
associated SNP in the locus (rs9610686). B. Expression of the CYTH4 and RAC2 genes is significantly higher in CeD 
cases with a Marsh III diagnosis, as compared to healthy controls. 
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gene (CD27-AS1) (Figure 1c). This locus has previously been associated 
to ankylosing spondylitis35, juvenile idiopathic arthritis36, multiple sclerosis 
(MS)10 and primary biliary cirrhosis37. TopSNP rs2364484*C increases the 
expression of LTBR in multiple tissues including blood (Figure 4a), brain, 
stomach, testis, adipose, artery, breast, colon, esophagus and pancreas. 
TopSNP rs2364484*C has also been shown to affect LTBR expression in 
ileal biopsies of 173 individuals38 (p=1.22x10-12), and the expression of 
LTBR was increased in intestinal biopsies of 12 CeD patients compared to 
controls (p=0.045, Figure 4b). Furthermore, the risk allele C of rs2364484 
increased the concentration of LTBR in plasma of 1,179 healthy individuals 
from the Lifelines-DEEP cohort (p=4.28x10-6, Figure 4c). LTBR is involved in 
cell death, chemokine release and inflammation39, all important pathways 
in CeD, and the role of LTBR in the non-canonical NFκB  activation cascade 
is well established40,41. 

Functional annotation and pathway enrichment analyses on all CeD loci. 
To explore the functional impact of all CeD-associated loci, we performed 
functional annotation of significant loci and gene-mapping using FUMA. 
The SNP2GENE function identified 34 loci reaching genome-wide 
significance in this study, as some loci from our previous Immunochip 
study were only suggestive here (Supp. figure 4a), comprising 4,045 
candidate SNPs including our TopSNPs and SNPs in high LD with them 
(r2>0.8). Thirty-six candidate SNPs were exonic within coding genes, 45 
were exonic within ncRNAs, 53 were located in 3’ UTR and 19 in 5’ UTR 
(Supp. Figure 4b). Using multiple independent eQTLs datasets, FUMA 
mapped the candidate SNPs to 212 genes. The expression of these 
candidate genes was analyzed with MAGMA tissue expression analysis 
implemented in FUMA using 30 general tissue types from GTEx v7. We 
found significant enrichment of candidate genes to be expressed in blood, 
spleen and small intestine (Supp. figure 5). It has been established that 
cells present in blood are important players in CeD42, and that the disease 
leads to small-intestinal mucosal injury1. One third of CeD patients have 
defective spleen function and the prevalence of this dysfunction increases 
to 80% as the severity of the disease increases43, indicating that the 
factors causing CeD also affect the spleen. 
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We explored if the results from the meta-analysis would lead to the 
discovery of new treatment options for CeD. While there are still no 
reported drugs for the treatment of CeD, 19 of the 212 candidate genes 
prioritized in the FUMA analysis are reported drug targets, including 
RAC2 from the novel 22q13.1 locus (Supp. Table 2). Some of these drugs 
reduce inflammation or are immune-suppressants, and they are indicated 
for use in IMDs. Reported drugs include vedolizumab and CCX282 for 
the treatment for IBD, natalizumab for MS, abatacept for RA and JIA, 
galiximab for RA and PS, 2-Methoxyestradiol for RA and INCB3284 that 
is being investigated for use/treatment in inflammatory disorders, which 
might indicate a potential effect in CeD, but this requires follow-up study.  
Using the 212 candidate genes as input, we looked for gene enrichment in 
multiple data sets and found enrichment of 286 Gene Ontology biological 
terms (Supp. Table 3). We were able to confirm the enrichment to many 
well-known CeD pathways (Supp. Table 3), including regulation of alpha 
beta T cell activation and proliferation, regulation of cell-cell adhesion, 
regulation of lymphocytes and leucocytes, production of multiple cytokines 
including interferon gamma, regulation of inflammatory response and 

A. The risk allele (underlined in red) of Top-SNP rs2364484, the strongest association in the 12p13.31 locus, 
increases the expression of the LTBR gene (p=1.51x10-9). Number of individuals analyzed is shown under 
each genotype. B. The expression of the LTBR gene is significantly higher in CeD cases with a Marsh III 
diagnosis, compared to healthy controls. C. The risk allele of Top-SNP rs2364484 (underlined in red) 
significantly increases the concentration of LTBR in plasma of healthy individual.
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regulation of B cell mediated immunity. Some of the pathways that 
contain novel associated genes (Supp. Table 4) popped up for the first 
time, including TNF-mediated signaling, response to TNF regulation of 
I-κB kinase/NF-κB signaling, positive regulation of I-kappaB kinase/NF-
κB signaling and apoptotic signaling.

LTBR locus links NF-kB pathway to celiac disease. Pro-inflammatory 
cytokines, adhesion molecules and enzymes whose gene expression is 
known to be regulated by NFκB are involved in CeD44. There is also a 
deregulation of the NFκB -pathway in the intestine of CeD patients45. As 
mentioned before, LTBR is well known for its role in the NFκB -pathway. 
In addition to LTBR, three other genes involved in the NFκB pathway 
have also been prioritized as CeD genes: Receptor activator of nuclear 
factor kappa-Β ligand (RANKL), TNF Alpha Induced Protein 3 (TNFAIP3) 
and protein kinase C gamma (PRKCG). To formally test whether the 
NFκB -pathway was involved in CeD pathogenesis, we compared the 
expression of 95 genes involved in the NFκB signaling pathway according 
to the Kyoto Encyclopedia of Genes and Genomes (http://www.genome.jp/
kegg-bin/show_pathway?hsa04064) in intestinal biopsies of patients with 
active CeD with those of healthy controls. We observed that 37 of the 95 
genes showed significant differences in their levels of expression (p<0.05, 
Supp. figure 6) as shown in Supp. figure 6a and 6b. These differentially 
expressed genes are involved in both the canonical and non-canonical 
NFκB pathway. 

Discussion

We report here the largest  meta-analysis of celiac cases and controls 
analyzed to date (n=27,774: 12,948 cases and 14,826 controls), adding 
4,125 new samples to our previous Immunochip study3. We identified 
four novel loci at genome-wide significance and another 18 showing 
evidence for suggestive association. As expected, most of the novel loci 
are within regions previously associated to other IMDs such as IBD, type 
1 diabetes, psoriasis and MS. These results may imply a high level of 
genetic sharing of IMDs, but could reflect the design of the Immunochip, 

http://www.genome.jp/kegg-bin/show_pathway?hsa04064
http://www.genome.jp/kegg-bin/show_pathway?hsa04064
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which was designed to densely genotype regions associated by previous 
GWAS for fine-mapping purposes and suggestive variants for replication. 
To clarify on similarity and differences of CeD and other IMDs, association 
studies across the whole genome using large cohorts are needed. Such 
whole genome association approaches will also allow the discovery of 
additional new loci that are not fully covered on the Immunochip. These 
discoveries would lead to a better understanding of the disease-specific 
genetic and molecular mechanisms. 

Our study implicates three new CeD-associated regions. The locus on 
3p14.1 containing the FRMD4B gene has not been associated to any 
other IMD. This lack of association in previous studies might be caused by 
the poor coverage within the locus, as in the initial Immunochip analyses 
the 3p14.1 variants were excluded during the QC process, similarly to the 
association identified to NCF2 in the 1q25.3 locus. The potential role of 
FRMD4B in CeD needs more functional investigation, as the role of this 
gene is currently unclear. 

The most plausible candidate genes in the 22q13.1 locus are CYTH4 and 
RAC2. While CYTH4 has been mainly associated with schizophrenia and 
bipolar disorder, an evolutionary analysis46 looking at regulatory elements 
conserved across mammals within the RAC2 gene identified three major 
haplogroups present in the population. One of these was associated to 
an increased risk for MS and inflammatory bowel disease, suggesting an 
important role for RAC2 in the pathogenesis of IMDs. RAC2 also activates 
T helper (Th) 1-specific signaling and IFN-gamma gene expression47. In 
CeD, gliadin-specific CD4+ T cells respond to gliadin peptides presented 
via HLA-DQ2 or HLA-DQ8, which represent the strongest genetic risk 
for the disease. Upon activation, gliadin-specific CD4+ T cells polarize 
towards the Th1-type pathway and produce IFN-gamma, whose 
expression is also up-regulated in intestinal biopsies of untreated celiac 
patients48, further implying a role for RAC2 in CeD.

The 12p13.31 locus containing LTBR has also been associated to 
ankylosing spondylitis49, however through an independent variant  that 
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leads to the splicing of exon 6 of TNFRSF1A, resulting in loss of the 
trans-membrane domain. Our CeD TopSNP was not in high LD with the 
ankylosing spondylitis variants. It is on the same haplotype as a non-
synonymous coding variant in LTBR associated to juvenile idiopathic 
arthritis50 (rs2364480, r2=0.9, D’=0.96), which suggests that LTBR is an 
important causal gene for multiple autoimmune diseases. Furthermore, 
the CeD TopSNP increases the expression of the LTBR gene in blood 
and is differentially expressed in biopsies of celiac patients. LTBR is well 
known to be involved in multiple immune pathways, including the non-
canonical NFκB pathway. Although the role of the NFκB pathway in 
CeD is well known and has been validated by experimental studies44,45, 
it was not clear whether the deregulation of this pathway is a cause or a 
consequence of CeD. Our study, however, suggest a causal role for NFκB 
in CeD pathogenesis as we find strong association of four NFκB genes 
and their differential expression in CeD intestinal biopsies.

Our systematic annotation of loci from the meta-analysis lead to the 
identification of drug targets for 19 prioritized genes. Some of these drugs 
reduce inflammation or are immune-suppressants, and they are indicated 
for use in RA, inflammatory bowel disease, psoriasis, juvenile idiopathic 
arthritis and MS, while the reposition of such drugs to CeD may need 
further investigation, our results might help to prioritize drugs for further 
studies. 

We acknowledge limitations of our study. Firstly, use of the Immunochip 
restricted our analysis to loci already implicated in autoimmune diseases, 
which could be one reason we did not discover novel non-immune 
pathways. Secondly, although we included a non-European population, 
the design of the Immunochip is based on the European population and 
does not include population-specific variants from other ethnicities, 
thus a more suitable platform should be used to study the Argentinian 
population.

In conclusion, we have shown that increasing the sample size of our 
previous study allowed us to not only map new regions associated to CeD, 
but also to identify new disease pathways. The integration of multiple 
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layers of omics information provided more insight into the individual loci 
and into the pathways involved in disease pathogenesis. 
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Where are we now?
Ten years ago the immunogenetics field was focused on discovering the 
loci that contribute to the risk of immune-mediated diseases (IMD). This 
search has been very successful, with almost fifty thousand loci so far 
implicated in multiple complex diseases1. For IMD alone, more than 300 loci 
have been described (Table 1) and replicated in various populations using 
different genotyping platforms. Intriguingly, the majority of associated loci 
contain mainly common variants (minor allele frequency (MAF) >10%) that 
each confer only small risk of developing the disease. For example, with 
the exception of the MHC region2, the odds ratios of these IMD-associated 
variants vary from 1.04 to 3.99 (mean = 1.29), explaining only a small 
proportion of the heritability. With this data in hand the question became 
how to explain this missing heritability. I started working on this thesis 
at this point and this is reflected in the second part of my thesis, which 
focuses primarily on identifying additional genetic factors that contribute 
to celiac disease (CeD) heritability. However, over the years of my PhD, 
and after the identification of many loci, the main aim of the field shifted 
toward understanding the effect of the associated loci and pinpointing 
the true causal variants and genes in order to gain insight into the disease 
biology. Thus, in the first part of my thesis I characterized loci associated 
to IMD and focussed on refining the genetic associations of IMD identified 
by genome-wide association studies (GWAS) and Immunochip. 

Although the Immunochip, a single nucleotide polymorphism (SNP) array, 
has proven useful for discovering new IMD loci and reducing the size of 
previously associated regions, pinpointing the true causal variants and 
genes has remained a challenge. As most associated regions contain 
multiple SNPs in high linkage disequilibrium (LD) and multiple genes, it 
was difficult to establish a causal link between IMD-associated SNPs and 
genes. Another challenge was understanding the associations coming 
from GWAS and Immunochip analysis where, as shown in chapter one, 
90% of the associated variants are in the non-coding part of the genome. 
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Table  1.  Immune-mediated  diseases  associated  loci  by  GWAS  and 
Immunochip

Disease Abbreviation GWAS All associated loci*

Atopic dermatitis AD 4 11

Ankylosing spondylitis AS 11 23

Autoimmune thyroid disease ATD
5 (Grave's 
disease)

8

Crohn's disease CD 70 122

Celiac disease CeD 26 41

Immunoglobulin A deficiency IgAD 1 NA

Juvenile idiopathic arthritis JIA 3 23

Multiple sclerosis MS 41 106

Primary biliary cirrhosis PBC 20 31

Psoriasis PS 16 35

Primary sclerosing cholangitis PSCh 6 31

Rheumatoid arthritis RA 28 81

Systemic Lupus erythematosus SLE 21 47

Systemic sclerosis SS 25 6

Type 1 diabetes T1D 38 57

Ulcerative colitis UC 45 102

*As reported by Immunobase

Therefore, to prioritize candidate causal genes and variants for IMD I used 
three different approaches: 

1. In chapter three I used an evolutionary approach that allowed us to 
pinpoint causal SNPs for IMD and gain insight into the pathogenesis 
of CeD. By intersecting SNPs associated to IMD from the 
Immunochip with a set of variants inherited from the Neanderthal 
genome, followed by haplotype analysis, we identified seven IMD 
loci containing variants inherited from Neanderthal that may affect 
the risk of developing eight different IMD. We then showed the 
regulatory potential of the Neanderthal variants within IMD loci. 
First, we evaluated the effect of the SNPs on nearby genes to define 
expression quantitative trait loci (eQTL) and pinpointed potential 
causal genes. Then, we observed that 80.5% of the Neanderthal-
variants altered transcription factor binding motifs and showed 
that the Neanderthal variants in the 14q24.1 locus associated 
to CeD alter the binding of Rad21, which promotes apoptosis an 
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important pathway in CeD pathogenesis. Interestingly, CeD was 
the IMD with the most loci containing Neanderthal variants (3 loci). 
Finally, we were able to perform fine-mapping of the loci because 
the regions covering the Neanderthal-haplotype are 10-50% 
smaller than the locus size. 

2. In chapter four we showed that 40% of IMD-SNPs affect the 
expression of nearby protein-coding genes. However, little was 
then known about long non-coding RNA genes (lncRNAs) and 
their role in IMD pathogenesis. Therefore, in chapter four, we 
evaluated the eQTL effect of IMD using RNA-sequencing (RNA-
seq) transcriptomic data from 629 blood samples. RNA-seq 
data provides quantification of the global transcriptome at high 
resolution, which allowed us to not only increase the power to 
identify eQTL, but also to look at transcripts with low expression 
such as lncRNAs. Using this approach, we prioritized 233 genes 
from 120 IMD-associated loci, including 53 lncRNAs, which 
highlights their importance for IMD. As little was known about 
the function of lncRNAs, we used different layers of genomic 
information and GeneNetwork3, a co-expression based network, 
to predict the function of IMD-associated lncRNAs. By doing so 
we were able to provide more insights into the functional role of 
lncRNAs in autoimmunity.  

3. In chapter eight, by performing haplotype analysis in four different 
populations, followed by functional annotation of the candidate 
variants, we pinpointed one candidate causal variant in the LPP 
(LIM Domain Containing Preferred Translocation Partner In Lipoma) 
locus, one of the strongest-associated CeD loci. After performing 
haplotype analysis, we could refine the loci to a 2.8kb region and 
seven candidate variants. We then annotated these variants 
using data from the 19 cell lines in the ENCODE project. One of 
the variants (rs4686484) overlapped with a regulatory region that 
contains DNase hypersensitive sites (DHSs) and B-cell-specific 
enhancers and interferes with transcription factor binding sites. 
This led us to suggest that this SNP might impact gene expression 
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in B cells. However, in contrast to the data from only 19 cells lines 
from the ENCODE project, we now have data from 129 different 
cell lines from the Roadmap epigenomics project in which our 
prioritized SNP overlaps enhancer histone marks in 39 cell lines, 
including key cell types in CeD pathogenesis such as B cells, T cells, 
duodenum mucosa and smooth muscle. We did not find any eQTL 
effect on LPP by SNP rs4686484 or any other SNP in the locus. 
Only one SNP in moderate LD with rs4686484 had an eQTL effect, 
which was on BCL6 (B Cell CLL/Lymphoma 6) in B cells. 

After looking at 16 different eQTL studies, we did not find any 
eQTL in LPP, but found that three SNPs in high LD (r2 = 0.8-
0.99) with rs4686484 were affecting the expression of BCL6 
in peripheral blood monocytes and one SNP also affected the 
expression of serine dehydratase like gene (SDSL) in the same cell 
line. Nevertheless, little is known about the function of this gene in 
the context of CeD. Hence, further studies using disease-specific 
cell types are needed to understand the function of the prioritized 
variant and the gene. 

Pleiotropy and the importance of looking at disease-specific cell types

In chapter one we observed a large overlap between the loci associated to 
different IMD. However, our understanding of this pleiotropy was limited 
because we only knew the associated region, making it unclear whether 
it was the same genes in these loci affecting different diseases. After our 
prioritization of candidate causal variants and genes in chapter four, we 
observed that, although the same physical regions were associated with 
different diseases, the associated SNPs and affected genes might not 
be the same. This is because the SNPs associated to different diseases 
may be located within the same physical region but are not in LD with 
each other, indicating a role for different haplotypes in different diseases. 
Moreover, the associated SNPs might also affect different genes, and this 
might be caused by cell-type-specificity, as shown in our DHSs analysis 
where SNPs from one disease overlapped DHSs in one cell type, while 
SNPs from other disease overlapped DHSs in a different cell type. This 
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also highlights the importance of investigating disease-specific cell types 
to gain a better understanding of the disease biology. In recent years 
many publicly available resources containing annotations from different 
cell types, such as gene expression data, epigenomic marks and DHSs, 
have become available, and we used these resources for the analysis 
presented in this thesis. However, this data is still limited to a few cell 
types and it has been shown that eQTL vary according to cell type and 
context, such as the state of the cell (activated or not) and different types 
of stimulations. Given the role of wide range of cell types and conditions 
in IMD, it is critical to have eQTL information from disease-relevant cell 
types and conditions.  

Secondly, for some diseases we observed that even though they share 
the same Top-SNP (the most-associated SNP within the LD block), the 
direction of the effect is opposite, which indicates that the same allele can 
be protective for one disease while conferring risk to the other. Therefore, 
the expression of the gene might be increased in one disease, while 
decreased in the other. We should therefore be careful when interpreting 
these eQTL results and future studies should always specify the risk allele. 
Another aspect that has not been explored thus far is the contribution of 
rare variants to the pleiotropy puzzle, as it has been shown that large effect 
size susceptibility loci tend to be phenotype-specific4. It was hypothesized 
that rare variants with stronger effect sizes might contribute to the 
genetics of IMD. However, only a limited number of rare variants have 
been identified thus far (as partially reviewed in chapter one). To identify 
these rare variants will require sequencing large numbers of cases and 
controls. As more sequencing data becomes available, it will be easier to 
identify these variants and evaluate their true contribution to the disease. 
This might allow us to gain more insight into the specific mechanisms for 
each disease beyond just immunity.  
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Family-based  sequencing  studies:  an  alternative  method  to  identify 
rare variants for complex diseases

Another way to identify rare variants that contribute to disease heritability 
is by sequencing families with affected individuals in multiple generations. 
This approach has been successful in many rare diseases, and it has been 
proposed as an economical way to identify rare variants that explain 
heritability of complex diseases5 as some complex diseases, such as CeD, 
present a dominant-like inheritance in multi-generational families. The 
proposed sequencing approach for multi-generational families involves 
initial sequencing of two affected members of the family based on the 
assumption that both will share the same causal variant. To reduce the 
number of overlapping candidate variants, the two individuals must be the 
most distantly related affected family members because more distantly 
related co-affected individuals will share fewer genetic variants reducing 
the list of candidate variants. This should be followed by annotation of 
the candidate variants and examination of their co-segregation with the 
disease in the rest of the family. 

Chapter six describes our efforts to identify rare variants contributing to 
CeD heritability following this approach. In the first stage of this project 
we performed whole-exome sequencing (WES) in two individuals from 
23 multi-generation families. After functional annotation and filtering of 
the variants based on MAF and the functional consequence of the variant 
in coding and regulatory regions, we ended up with a list of 100-120 
candidate variants. We then focused on the variants that were present 
in candidate loci such as case-control associated regions or family-based 
regions from linkage analysis or homozygosity mapping. Although the 
best approach would have been to perform exome-wide analysis, this 
was rather complicated because the resulting list of candidate variants 
was too large to validate all variants and perform Sanger’ sequencing 
to look at the co-segregation in all members of the family. Additionally, 
although causal variants should be present in all affected individuals in 
Mendelian diseases, for complex diseases we cannot exclude variants 
present in healthy controls because the expected causal variants are 
not fully penetrant. In appendix I6, I show the results from our analysis of 
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one of these multigenerational families. However, this study has a few 
limitations, the main being the low coverage of our WES data.

In the second stage of this project we performed a better WES in multiple 
individuals of two large multi-generational families. The large number of 
affected members in the family permitted us to perform linkage analysis, 
which reduced d the number of candidate causal variants. By sequencing 
affected and unaffected individuals (mainly spouses), we were able to look 
at co-segregation directly and reduce the list of potential causal variants 
to be followed-up with Sanger sequencing. Results from the analysis of 
one of the families (CD0605) are presented in the second part of chapter 
six. After filtering and looking at the co-segregation of the candidate 
variants, we identified two potential causal variants, one in the UNC13B 
gene and the second in SPAG8. Interestingly, we identified another family 
segregating IgA-deficiency, CeD and common variable immunodeficiency 
with missense variants in the same two genes, where the variant in 
SPAG8 affects the same amino acid that was affected in family CD0605. 
Unfortunately, we only have DNA from two members of the family, neither 
of whom had CeD, and it was not possible to re-contact the family to look 
at the co-segregation of the variants. At this point both genes remain 
possible causal genes, with further functional studies needed to evaluate 
their role in the disease. Nevertheless, this approach seems to be better 
at identifying rare but potentially causal variants for complex diseases.

As WES only covers the exome, and the majority of variants associated 
to complex diseases are in regulatory regions of the genome, in the third 
stage of the project we performed whole-genome sequencing (WGS) 
of 52 individuals who are members of 5 families. Three of the families 
segregate only CeD, and we aimed to identify rare variants that contribute 
to the disease. The other two families segregate multiple IMD. Due to the 
high pleiotropy in IMD, we hypothesized that we would find some shared 
loci. The major limitation at that time was that most of the non-coding 
part of the genome was not well annotated, thus we focused our analysis 
only on the protein-coding part. However, this data will be re-analyzed 
soon as new data for proper annotation has become available. 
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This project also demonstrated the importance of keeping in contact with 
the families and following-up the disease status of the rest of the family 
members. Many of the DNA samples from our cohort were collected few 
years before our study was initiated, and some of the patients that we 
had labeled as healthy might have since developed the disease. The 
project also highlighted the importance of collecting other types of patient 
material, such as biopsies in the case of CeD, because these samples 
can facilitate the functional studies needed to evaluate the role of the 
candidate variants. 

The closest gene is not always the causal gene

With the initial results from the GWAS, it was speculated that one gene 
was affected per locus and the closest gene to the Top-SNP was reported 
as a candidate gene. However, in chapter four, by integrating different 
layers of genomic information, we show that the closest gene is not 
the causal gene in more than 50% of the loci7. Moreover, we show that 
39% of SNPs affect multiple genes (multi-SNPs), and that these genes 
are expressed in different cell types, suggesting that multiple genes in a 
single locus could contribute to disease through different cell types. We 
also showed that our multi-SNPs were enriched for super-enhancers and 
CTCF binding sites that are important for chromatin looping. Additionally, 
we found that for some loci where the IMD-SNPs are affecting lncRNAs, 
the affected lncRNAs and the promoters of the protein-coding genes are 
organized in the same transcription topological unit mediated by RNA 
Polymerase II. This supports the idea that co-regulation of multiple genes 
in the locus may occur through looping interactions. We also show an 
example in which a SNP that affects a lncRNA also affects multiple genes 
in trans, suggesting that this might be another mechanism of action, 
adding another layer of complexity to the interpretation of results from 
the association analysis. 
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Power  limitations due  to sample size and complications  in collecting 
large cohorts for rare syndromes like TTP
The replication and discovery of new loci via Immunochip has been 
successful for many of the IMD studied, but the results depend strongly on 
the prevalence of the disease, the population under study, the cohort size, 
the relative risk conferred by each of the loci under analysis (the genetic 
architecture of the disease) and the proximity of the causal variant to the 
interrogated SNP markers on the Immunochip array8. In chapter five, we 
show how these factors might influence the power to discover new loci in 
seven diseases with different prevalence and genetic architecture. So far 
only three diseases out of the 15 studied in this thesis have more than 100 
associated loci: inflammatory bowel disease (IBD), multiple sclerosis (MS) 
and rheumatoid arthritis (RA). Not surprisingly, these are also the three 
diseases for which we have the largest sample sizes. So, the bigger the 
sample size, the stronger the study power to discover new and significant 
associations. 

Although attaining a larger sample size is not a limitation for common 
diseases, where many samples are available, it can be a major complication 
for rare immunological syndromes such as thrombotic thrombocytopenic 
purpura (TPP). TTP has a reported incidence between 1 and 13 cases 
per million people, depending on the geographic location9. In chapter 
two, we performed the first study applying high-throughput DNA-chip 
genotyping technology to identify genetic risk factors associated with 
acquired TTP in a cohort of 186 patients and 1,255 controls. Although, 
this is a large cohort compared to other genetic studies in TTP, the power 
to detect new associations was limited. While we identified five loci out 
of the human leukocyte antigen (HLA) region with suggestive P values 
ranging from 1.59 x10-5 to 7.6x10-5, none showed a strong association 
in the independent replication cohort of 88 Italian cases and 456 Italian 
controls. Nevertheless, we were able to confirm the association to the 
HLA region (rs6903608, OR = 2.57, P value = 1x10-19). Our results indicate 
that the HLA class II locus at band 6p21.3 is the main genetic risk factor 
for acquired TTP, at least among the variants included in the Immunochip. 
Additionally, the dense genotyping on the Immunochip allowed us to 
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perform imputation of the classic HLA class I and II genes. Our analysis 
showed that the Top-SNP in the region (rs6903608) and the HLA allele 
HLA-DQB1*05:03 explained most of the HLA association with acquired 
TTP in our discovery population. This finding suggested that rs6903608 
probably tags the effect of other HLA alleles, including the widely 
reported association to HLA-DRB1*11. The independent association 
with DQB1*05:03 was not observed in previous studies. Further studies 
with larger samples are needed for not only to confirm the association to 
DQB1*05:03 but also to identify novel non-HLA loci. 

Epistatic effects contribute to ‘missing’ heritability
Most of the models used to estimate disease heritability are pure 
genetic models that may underestimate the interactions among loci10, 
a phenomenon globally designated as epistasis. The model most often 
used to estimate the heritability explained by GWAS is the additive model, 
which simply adds up the effect of the associated variants. However, it 
can also be that the combination of two or more variants results in a 
stronger amplified effect that would be missed by the additive model. 
If this is the case, even if we identify all the genetic variants, we would 
not be able to explain all the heritability with the additive model, a gap 
referred to as the ‘phantom heritability’. Hence, epistatic components need 
to be integrated into heritability calculations through estimates of the 
contribution of non-genetic factors11. In IBD, for instance, the estimation of 
heritability explained by an additive model that includes all 71 loci known 
from GWAS is 21.5%. However, after considering genetic interactions 
within the heritability model, the phantom heritability is 62.8%, indicating 
that genetic interactions could account for 80% of the currently missing 
heritability in IBD10. 

To test whether some proportion of CeD heritability can be explained by 
epistatic components, we performed a pilot study to look for interactions 
between the Top-SNPs in each non-HLA loci using the CeD cohort 
described in chapter nine. We identify that the locus 2q12.1(rs990171) 
containing the IL18R1 and IL18RAP genes interacts with two loci: one 
at 11q23.1 (rs7104791, P = 4.386x10-05) containing POU2AF1 and 
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C11orf93 and the other at 16p13.13 (rs9673543, P = 5.526x10-05) 
containing CIITA, SOCS1, PRM1 and PRM2. Interestingly, rs990171, the 
Top-SNP in locus 2q12.1, has an eQTL effect on IL18RAP, TMEM182, 
IL18R1 and three ncRNAs (AC007278.2, AC007278.3 and MIR4772). 
These ncRNAs might be affecting the expression of the protein-coding 
genes in the other two loci, but further studies are needed to validate 
this. It is important to perform validation studies using multiple disease 
relevant cell lines, appropriate stimulations and different time points to 
be able capture these interactions either at RNA level and/or at protein 
level. For example, it has been shown that both IL18RAP and POU2AF1 
are strongly expressed only after 1 hour of Th2 cell differentiation, and 
their expression is switched off after 24–48 hours12. Our results from this 
pilot analysis suggest that epistatic effects are present within CeD loci 
and should be systematically investigated at genome-wide level to reveal 
more biologically plausible interactions. 

New loci change our understanding of disease biology 
The identification of new loci associated to CeD, as well as our efforts to 
pinpoint causal variants and genes, have led to the identification of novel 
pathways associated to different IMD.

In chapter four, we identified a strong eQTL-effect on the expression of 
ULK3, which encodes a kinase involved in autophagy. Interestingly, using 
CeD biopsies, we also found an enrichment of autophagy genes being 
differentially expressed compared to a random set of genes (P = 2.2x10-

16). Furthermore, the ULK3-affecting SNP is correlated with the expression 
levels of autophagy genes in CeD biopsies and that its genotype affects 
the levels of IL-6 in response to LPS. ULK3-dependent autophagy might be 
involved in regulation of inflammation, which emphasizes the importance 
of studying non-gluten antigens (e.g. host-microbiome interaction) in the 
context of CeD pathogenesis13. 

In chapter eight, the discovery of new loci followed by functional annotation 
of the SNPs and pathway enrichment analysis on the prioritized genes 
led to the identification of novel CeD pathways including: tumor necrosis 
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factor mediated signaling, response to tumor necrosis factor, regulation 
of I-κB kinase/NF-κB signaling, positive regulation of I-κB kinase/NF-κB 
signaling and apoptotic signaling. Although the NF-κB pathway is a well-
known player in CeD pathogenesis, we were the first to show that the 
dysregulation of this pathway can be one of the causes of CeD rather 
than just a consequence of the disease. 

In chapter three, our evolutionary approach suggested that apoptosis 
plays a role in CeD, as the many of the Neanderthal-inherited variants 
overlapped Rad21, which promotes apoptosis. An increased number of 
apoptotic intestinal epithelial cells in the mucosa of CeD patients has 
been reported 14–16, but apoptosis had not been implicated by genetics 
before. However, apoptosis was another novel pathway identified after 
discovery of new loci in chapter eight, confirming its causal role in CeD 
pathogenesis.  

The discovery of new disease-associated pathways can also change 
our understanding of disease biology. In CeD, for example, it was initially 
thought that the immune response was mainly adaptive. However, the 
Immunochip analysis identified an association to Interleukin 1 Receptor 
Associated Kinase 1 (IRAK1). IRAK1 plays an important role in not only 
initiating but also regulating innate immune response against pathogens, 
which suggests that innate immunity also plays a role in CeD. Do other 
innate immune genes or pathways contribute to CeD? To answer this 
question, we still need to perform large-scale GWAS as the Immunochip 
covered less than 4% of the genome. 

Discovery of new loci allows the identification of new drug targets
The identification of new loci can also help us identify new drug targets. For 
instance, a recent trans-ethnic meta-analysis of RA identified 42 new loci 
and a follow up functional genomics approach led to the identification of 
98 candidate causal genes. Interestingly, 27 of these 98 genes overlapped 
drug-target genes for approved RA drugs17, demonstrating that GWAS 
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findings can identify drug-targets. Our own work in chapter eight shows 
that identifying three novel loci associated to CeD and prioritizing 212 
candidate causal genes using a functional genomics approach led to the 
identification of nineteen genes that overlap known drug-targets. While 
the repositioning of such drugs to CeD may need further investigation, our 
results can help prioritize drugs for further studies.

Perspectives

Exploration of  the entire genome might add to our understanding of 
pleiotropy and discover non-immune pathways
The majority of recent analyses that have identified new loci associated to 
IMD, which included the largest sample sizes, have been performed using 
the Immunochip. The Immunochip contains 196,524 SNPs across 186 
GWAS loci, which still leaves most of the genome unexplored. Although 
we have already seen a high level of pleiotropy for IMD in the results of 
GWAS studies (34% of 199 loci were shared by at least two diseases in 
our analysis from chapter one2), it is necessary to perform more genome-
wide analysis to correctly estimate the pleiotropy of IMD. It has also been 
suggested that the pathway enrichment results coming from the analysis 
of loci discovered by the Immunochip might be biased to immune-related 
pathways because the loci were partially selected for regions harboring 
these genes. Thus, as shown in chapter one of this thesis, further genome-
wide analysis will reveal more disease specific pathways. 

Imputation can help capture most genomic variation and the importance 
of population-specific reference panels

The number of SNPs present on genotyping chips has increased over the 
years, however is still impossible to capture most of the variation in the 
genome using this technology. Although WGS does allow us to capture 
most of the genome variation, it remains expensive to sequence hundreds 
of thousands of samples. Nevertheless, the imputation of genotypes using 
reference panels has greatly facilitated the inference of the genotypes 
of the markers in high LD with the genotyped SNPs. The imputation of 



General discussion and future perspectives

239

genotypes using reference panels not only helps increase the genome 
coverage, it also increases the power to discover new associations and 
allows better fine-mapping of the associated regions.  

It is important to mention that only SNPs present in the reference panel 
can be imputed, thus it is crucial to have appropriate reference panels. In 
recent years the number of reference samples has increased, resulting 
in imputations with high accuracy. For example, the Haplotype reference 
consortium contains a set of 39,235,157 SNPs from 64,976 human 
haplotypes and allows imputation of variants with 0.1% MAF18. In the 
coming years, more reference panels will become available as the price 
of sequencing decreases. The UK biobank, for instance, just finished 
sequencing 100,000 whole genomes from 85,000 individuals and plans to 
expand this project to sequence 5 million genomes in the next five years. 
Furthermore, in 2018 thirteen European countries have come together to 
share one million genomes for research purposes by 2022. 

The technical methods used to perform imputation have also improved 
considerably. This has made it feasible to impute large cohorts with large 
reference panels, which will allow us to re-analyze samples that have been 
already genotyped using GWAS chips or Immunochip. Moreover, SNP-
array-based GWAS data and WGS data on large sample sizes improves 
the power to perform statistical fine-mapping19. In a recent study in IBD, 
for example, imputation of Immunochip genotypes from 33,595 individuals 
with IBD and 34,257 healthy controls allowed the authors to fine-map 94 
loci using a Bayesian approach. This identified 18 associations to a single 
causal variant with >95% certainty and an additional 27 associations to 
a single variant with >50% certainty. Interestingly, 13 of the 45 variants 
were non-synonymous and three of them disrupted the binding of one 
transcription factor. This study also found a variant in the IL2RA gene that 
had been missed in previous studies because it was absent in HaPmap. 
It had not been possible to fine-map this region using a GWAS dataset 
imputed with 1000 genomes project, but the dense genotyping using 
Immunochip, followed by imputation with 1000genomes project made 
it possible20. Similar studies might be performed in the future with even 
bigger cohorts and reference panels to gain more insight into disease 
biology. 
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Dense genotyping followed by imputation using reference panels has 
also proven to be useful for identifying population-specific variants that 
confer risk of disease. In a type 2 diabetes (T2D) study in Mexican and 
other Latin-American populations, the authors obtained genotypes at 
1.38 million SNPs with MAF 0.1% using the Illumina OMNI 2.5 array21, 
followed by imputation using the 1000 Genomes Project Phase I, which 
resulted in 9.2 million SNPs. These genotypes were generated from 3,848 
T2D cases and 4,366 controls of Native American and European ancestry. 
They found a novel genome-wide significant locus associated with T2D 
that contains the solute carriers SLC16A11 and SLC16A13 (P=3.9x10-13; 
OR=1.29). Interestingly, the risk haplotype, containing four amino acid 
substitutions, is rare in European and African samples, but it is present 
at 50% frequency in Native American samples and 10% in East Asians. 
Although this study has a relatively small sample size compared to the 
previous metabochip analysis for T2D in European populations (34,840 
cases and 114,981 controls22), it was possible to identify novel loci. The 
population-specific variant also has a higher OR (1.29) than 64 of the 
65 loci coming out the Metabochip analysis, showing that population-
specific variants might have stronger effect sizes.   

Most of the reference panels that are available or recently announced are 
from European origin, and there are only a limited number of reference 
panels from non-European populations. Fortunately, we are seeing an 
improvement in this respect. The Genome Aggregation Database,  for 
example, contains 125,748 WES and 15,708 WGS from unrelated 
individuals. This data was generated as part of various disease-specific 
and population genetic studies. Of these, 8,128 are African/African-
American, 17,296 are Latino, 5,040 are Ashkenazi Jewish, 9,197 are East 
Asian and 15,308 are South Asian. These numbers will likely improve in 
the future as population-specific reference panels or reference panels 
with a worldwide population are important. As rare variants are, on 
average, younger than common variants, they cluster more often based 
on the geographical distribution and are thus more difficult to impute23. 
An example of how a population-specific reference panel can improve 
imputation was shown in a recent study of the Anabaptist population24 
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(Amish and Mennonite ancestry). Using WGS data from 265 individuals, 
the authors identified >12 M high-confidence single nucleotide variants 
and short indels that were not present in the 1000 genomes project. 
In addition, 43,000 variants that are usually rare in other populations 
showed higher allele frequencies in this population. This study showed 
that combining the Anabaptist reference panel and the 1000 genomes 
data provided better imputation accuracy than either of the panels 
alone24. Consistent with this, a similar study in Ashkenazi Jews using WES 
data of 5,685 individuals showed that 34% of the protein-coding alleles 
were more frequent in this population compared with other reference 
panels25. It also showed that some of these variants might explain the 
higher prevalence of Crohn’s disease in this population.

Another limitation coming from the lack of population-specific reference 
panels is the absence of correct estimation of allele frequencies in these 
populations and the correct LD blocks. The difference in allele frequencies 
of population-specific reference panels compared to publicly available 
reference panels, such as the 1000 genomes project or the Exome 
Aggregation Consortium26 (ExAC), presents a problem for the analysis of 
high-throughput sequencing data in these populations. In our case, for 
example, although we sequenced 18 Saharawi families, analysis of this 
data was not possible because we did not have an adequate reference 
panel to assess the MAF in the population.

As mentioned above, there are still technical limitations to working with 
non-European populations. One is that the genotyping chips are usually 
designed only for European populations, leaving out most of the population-
specific variation. The Immunochip, for example, was designed using the 
variants present in the CEU population of the 1000 genome project phase 
1, while the last version of the 1000 genomes project now contains variants 
from 26 populations (2,504 individuals), including five populations with 
south Asian ancestry, four with mixed American ancestry, seven with 
African ancestry, five with East Asian ancestry and five with European 
ancestry. Thus, the creation of population-specific reference panels will 
allow us to precisely calculate the LD present in the population in order to 
create appropriate genotyping chips for these populations.
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WGS is better than WES, but still difficult to interpret
Most of the high-throughput sequencing data generated at the beginning 
of this thesis was WES, which captures almost all the variation affecting 
proteins but misses most of the variants in regulatory regions. As we 
have seen from the results of GWAS, most of the disease-associated 
variants identified so far are located in regulatory regions and alter gene 
expression. However, with advances in sequencing technology and the 
fall in sequencing costs, a large amount of WGS data has been generated 
and the number of full genomes is increasing exponentially. Nevertheless, 
technical challenges to interpreting the non-coding part of the genome 
remain. Yet understanding it and establishing its mechanisms of action is 
crucial not only for interpretation of WGS data, but for interpretation of the 
results from association studies. As discussed above, exploration of the 
non-coding part of the genome by WGS will facilitate the identification 
of rare disease variants in regulatory regions such as enhancer regions 
or regions promoting chromatin looping interactions. These discoveries 
might lead to a better understanding of disease pathology and the genetic 
architecture of IMD. 

Family-based sequencing studies using WGS will also reveal the 
contribution of non-coding variants to disease susceptibility. Although 
the interpretation of non-coding variants is still difficult because there 
are millions of them, it is now becoming possible to prioritize non-coding 
variants using genomic and epigenomic information available from 
multiple cell lines. For example, a recent study on pancreatic agenesis27 
applied homozygosity mapping in three consanguineous families and 
identified a locus on chromosome 10 that contained PTF1A gene. However, 
by using Sanger sequencing they could exclude mutations in coding and 
promoter sequences of PTF1A and 24 other genes in the region. In order to 
identify rare or novel homozygous variants and indels within this region, 
WGS was performed in two affected members of different families. After 
filtering out all the variants present in 81 controls, they ended up with a 
list of 2,868 and 3,188 variants in each individual. Of these variants, 8 and 
19 were affecting the protein (missense, nonsense, frameshift or essential 
splice site) but they failed to co-segregate with the disease or the function 
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of the genes was not related to pancreas development. The authors then 
looked for mutations that mapped to active regulatory regions from 
pancreatic endoderm cells derived from human embryonic stem cell. 
Interestingly, they found a shared variant within the homozygosity region 
that was ~25kb downstream of PTF1A. Additionally, the authors found 
that six unrelated patients also shared the same mutation and three more 
had mutations in the same regulatory region. Finally, using chromatin 
conformation capture experiments in human pancreatic progenitor cells, 
they showed that this region is an enhancer and it interacts with the 
promoter of PTF1A, confirming its involvement in the disease.  

This study shows that, although it is now easier to prioritize variants 
using annotations from regulatory regions, the resulting list of candidate 
variants is huge, which makes methods that allow the identification of 
candidate loci, such as linkage analysis and homozygosity mapping, 
essential. The collection of large multi-generational families with multiple 
affected members thus remains important. Additionally, as the annotation 
of the non-coding part of the genomes improves and we gain a better 
understanding of gene-regulation, it will be easier to asses and quantify 
the effect of non-coding variants, allowing their prioritization. Moreover, 
with advances in high-throughput technology in few years we could 
analyze multiple variants at the same time at a low cost.  

Sample  size  is  key,  but  collecting  multiple  phenotypes  is  equally 
important
The amount of genetic data available from genotyping or sequencing 
will increase enormously in the near future, and this will facilitate the 
identification of more loci. For example, a recent GWAS of atrial fibrillation 
included more than one million individuals (60,620 cases and 970,216 
control) and resulted in the identification of 111 disease-associated loci, 
80 of them novel. The challenge for studying common complex diseases 
is no longer generating the data, but rather collecting as much phenotypic 
information as possible in order to link the genetic variants with the 
phenotypes. The creation of Biobanks has allowed the collection of not only 
more genotypic data, but also environmental and phenotypic data that 
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can allow us to perform more specialized genetic analysis. For example, 
for CeD it will be possible to perform association studies stratified based 
on HLA haplotype, which will allowing the identification of genetic factors 
associated with a high risk of developing the disease versus low risk of 
developing the disease in CeD patients. We can also stratify individuals 
with high risk based on the age of onset, comorbidities with other IMD or 
start of gluten intake, leading to discovery of new associated loci that can 
improve our understanding of disease pathogenesis. It is also important 
to continue conducting cross-disease meta-analysis because it has 
proven an efficient way of identifying shared loci and new single-disease 
associations.

In some cases, biobanks also collect and store patient biomaterial such as 
biopsies, synovial fluids and stool samples. These stored samples permit 
the generation of other kinds of omics-data. Some biobanks include the 
option to re-contact biobank participants for follow-up functional studies. 
With the collection of stool samples, for instance, it is now possible to 
look at the gut microbiome of cases compared to controls and identify 
microbiome features associated to disease. Dysregulation of the gut 
microbiota has been associated to multiple diseases28, including IMD such 
as IBD29, CeD30,31, MS32 and RA33.

Additionally, the combination of genetic data with longitudinal electronic 
health records has facilitated the linking of genetic variants with multiple 
phenotypes at the same time and allows for the creation of better models 
for predicting the risk of developing the diseases. Better phenotype 
information will also allow the inclusion of the same patient in multiple 
studies, reducing the cost of GWAS. As the amount of genetic data 
continues to increase, these kind of studies will likely increase in the future, 
including larger samples sizes that will have greater power to detect event 
smaller effects.

Finally, as we have seen in this thesis, the combination of multiple layers of 
information, such as genetic and epigenetic data or transcriptomics, allow 
us to prioritize causal variants and genes, a crucial point for interpreting 
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GWAS results and translating them into treatments. It is therefore 
fundamental to continue generating this data in multiple cell types and 
contexts, such as disease stage or stimulations.

Identification  of  gene-environment  interactions  and  epigenetic 
modifications might explain  the missing heritability and  lead  to new 
ways to treat disease
The collection of environmental data will allow us to look at more complex 
gene-environment interactions that might help to explain missing 
heritability. Moreover, understating these interactions might lead to new 
ways to diagnose and treat the disease. The variability in epigenetic and 
environmental conditions results in phenotypic variability that in some 
cases is heritable. Epigenetic changes, such as DNA methylation, can 
affect gene expression in a heritable manner without actually altering 
the underlying DNA sequences. An inheritance model that incorporates 
epigenetic inheritance in addition to genetic effects would help to explain 
the missing heritabilty11. For instance, epigenetic inactivation of some 
height-associated genes has been shown to be functionally equivalent 
to Mendelian physical loss of the corresponding alleles35. Altered DNA-
methylation patterns have also been observed to be transmitted from 
parents who have been exposed to distinct diets36–38, stress39,40, trauma41–43 
or drugs44–47.

Moreover, some epigenetic modifications have been shown to be caused 
by exposure to environmental toxins. Exposure to mercury, Bisphenol 
A, Trichloroethylene and TCDD/AHR ligands, for example, has been 
shown to alter the immune system48. Previous studies in other IMD have 
also demonstrated that epigenetic effects can contribute to disease 
susceptibility. For instance, a disease risk allele can differentially alter 
gene expression depending on its parental origin. This mechanism has 
already been implicated in IgA deficiency49, atopic dermatitis50, MS51 and 
type 1 diabetes mellitus52,53, suggesting that it might play and important 
role in other IMD as well. 
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Interestingly, the advantage of epigenetic modifications as treatment 
targets, compared to genetic changes, is that the epigenetic modifications 
can be reversed using specific inhibitors. For example, a new study in IBD54 
uses histone deacetylase (HDAC) inhibitors (Givinostat and Vorinostat) to 
maintain intestinal homeostasis during inflammation. The HDAC inhibitors 
improved trans-epithelial electrical resistance under inflammatory 
conditions and also blocked the passage of macromolecules across the 
epithelial monolayer.

High-throughput  functional  studies  to  understand  the  function  of 
multiple disease-associated variants at the same time
Another challenge lies in determining the causal variants from association 
studies from those in strong LD, and to identify their underlying mechanism. 
Annotations of the coding and non-coding part of the genome such as 
the ENCODE project, the Roadmap Epigenomics and, more recently, the 
FANTOM5 project have allowed the prioritization of variants, means we 
can now speculate about the potential role of the variants, such as their 
location within transcription factor binding sites, histone modifications 
or DNA methylation sites for a number of transformed and primary cell 
types. These projects performed most of the annotations using cell lines, 
however it is now possible to profile cells at single-cell resolution using 
single-cell sequencing. Taking advantage of this technology, a new project 
called the Human Cell Atlas (HCA)55 aims to create a human cell atlas that 
will not only provide us with transcriptomic data, it will also asses a cell’s 
protein molecules and profile the accessibility of the chromatin in millions 
of individual cells. In the near future, the HCA will allow us to compare 
healthy reference cells to diseased ones in relevant tissues as well as 
prioritize appropriate cell types for functional studies.

In the past few years there have also been some major advances in high-
throughput functional studies that now allow the interrogation of multiple 
variants at the same time. Massively parallel reporter assays (MPRA), for 
example, can screen thousands of potential functional variants in a single 
assay to determine effects on gene expression. For instance, using the 
CRE-seq assay56, the authors performed high-throughput DNA synthesis 
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to generate and test more than 1000 genetic variants of a 52-bp rhodopsin 
promoter. A similar assay57 was also applied to test more than 27,000 
variants of two 87-bp inducible enhancers. Nevertheless, the limitation 
of the reporter assays is that the regulatory function of a variant will be 
tested only in the context of plasmid DNA, but not in the context of native 
genomic DNA in which the variant actually exists. This difference might 
result in spurious results as it does not take into account the interactions 
between different genomic and epigenetic components58.

Until recently, efforts to modify genetic material of an organism or cell 
have been delayed by a lack of specificity and inefficiency, relying on site-
directed mutagenesis or recombination-based methods59. However, there 
has been an enormous improvement in the genome-editing technologies 
in the past few years. The development of engineered nucleases has 
resulted in an efficient and highly targeted approach to modifying the 
genetic architecture of a cell. Three genome-editing techniques have been 
widely used to date: zinc-finger nucleases (ZFNs), transcription activator-
like effector nucleases (TALENs), and clustered regularly interspaced 
short palindromic repeats (CRISPR) with Cas9 nuclease (CRISPR/Cas9)59. 
Genome editing technologies allow the mutation of an individual SNP 
from one allele to the other for further comparison in functional studies. 
In a recent study60, TALENs were used to confirm the functional role of a 
SNP previously reported to influence prostate cancer risk. The authors 
compared edited prostate cancer cell line clones with the three different 
genotypes and unedited cell lines clones and demonstrated that the 
risk allele altered RFX6 expression levels 2-fold. Another study61 used 
CRISPR-Cas9 to demonstrate that the risk allele of a T2D variant in the 
PPARG2 gene showed increased expression of the transcript in a human 
pre-adipocyte cell strain. Similar studies have been performed for other 
diseases and the number will surely continue to grow in coming years.  

Similar to MRPA, it is now possible to use high-throughput CRISPR 
screens. In a recent study62, for example, the authors developed a 
CRISPR/Cas9 system for rapid insertion of TNNT2 gene variants into 
induced pluripotent stem cell-differentiated cardiomyocytes, with the aim 
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of generating all the catalogued coding variants in the cardiomyopathy-
associated locus TNNT2 for further functional studies to annotate the 
function of the variants. Although these authors focused on coding 
variants, it is also possible to elucidate the role of non-coding variants. 
Thus, it is believed that high-throughput genome and epigenome editing 
screens may facilitate the characterization of regulatory function of many 
potential causal variants located within cis-regulatory regions63, helping 
us to understand the associations from GWAS studies. In the near future 
it will be not only possible to interrogate all the variants present in the LD 
block, but also a combination of them, and this might lead to a catalog 
that could allow the annotation and prioritization of variants based on 
these type of studies.

Disease-specific cell types allows us to identify causal genes
Although the discovery of new IMD loci has improved enormously, 
knowledge of how each locus affects the immune system or specific 
disease cell types is still lacking. To gain more insight into these topics, 
it is necessary to identify causal SNPs and genes, and to achieve this 
it is crucial to use disease-relevant cell types because gene expression 
has been shown to be cell-type- and context-specific. In chapter five, for 
example, we showed a locus associated to MS and IBD (11q13.1) where 
the MS-associated SNP affects two protein-coding genes and a lncRNA, 
while the IBD-associated SNP affects a different lncRNA. The MS-SNP 
and its close proxies overlap with DHSs of many immune cells, whereas 
one of the two proxies of the IBD-SNP rs559928 specifically overlaps with 
DHSs in Caco-2 cells (intestinal epithelial cells), suggesting that different 
usage of cell-type-specific enhancers could be one mechanism by which 
different genes could be affected by different IMD-SNPs in a shared 
disease locus7.

However, there is still a lack of information regarding the specific cell 
types involved in each IMD. One approach to overcoming this limitation 
is the prioritization of cell types based on overlapping disease-variants 
with epigenetic and epigenomic features in different cells lines, such as 
histone marks or DHSs. Another approach is to assess the eQTL effect 



General discussion and future perspectives

249

for disease-associated variants in multiple cell types or using single-
cell sequencing to see where the variants are affecting the expression. 
Additionally, we can assess the expression of prioritized genes in multiple 
cell lines. It has been suggested that profiling large cohorts of cases and 
controls with, for example, cell abundance, signaling response and serum 
cytokine levels64, could help us to define immune-phenotypes that can aid 
to the prioritizations of disease-specific cell types. 

Organ-on-a-chip as a model to look at complex interactions
Multiple cell types and tissues might be contributing to the disease 
pathology, making models that can mimic this physiologically relevant 
interaction between cell types very important. Animal models have 
been used to address this problem, but their findings do not always fully 
represent the human scenario because of fundamental differences in 
gene-environment interactions. Recently, a new technology has become 
available that can help to overcome this challenge: organ-on-a-chip. 
Organ-on-a-chip allows the study of multiple human tissues and cell types 
in one system. They are microfluidic cell culture systems that recapitulate 
the structure, function, physiology and pathology of living human organs 
in vitro65. The study of organs-on-a-chip derived from the genetic material 
of patients and controls will help us to gain more insight into disease 
biology. Moreover, creation of organs with different genotypes will help 
us understand the effect of specific variants in the whole organ. We could, 
for example, select individuals at high risk of developing the disease and 
compare them to individuals with low risk under different environmental 
conditions and study their consequences. Organs-on-a-chip are the most 
suitable model so far for performing functional studies because they also 
contain the epistatic effects in their natural state and allow us to also 
study gene-environment interactions.  

Future Directions
The next 5-10 years should see the development of new ways to 
diagnosis CeD without the need of intestinal biopsies based not only on 
the presence of antibodies, but including other kind of biomarkers such as 
microRNAs, urine gluten peptides or the microbiome. Appropriate genetic 
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risk scores, including HLA haplotypes and non-HLA risk variants, will also 
be incorporated into the diagnostic models and will help predict disease 
prognosis in CeD patients. Moreover, new loci will be discovered using 
genome-wide technologies, either by genotyping followed by imputation 
or WGS. The large amount of data that will be generated using multiple 
cell types from both healthy individuals and CeD patients using single-
cell transcriptomics and epigenomics data will lead to the identification 
of multiple causal genes, including a considerable number of non-coding 
genes. These advances will also help improve our understanding of how 
gene regulation works, allowing the interpretation of the effect of those 
genes. Functional studies, such as organ-on-a-chip studies using cells 
derived from CeD patients, will lead to improvements in our understanding 
of disease pathogenesis in multiple contexts. They will include different 
factors such as genetics, microbiome composition or viral stimulus and 
aid in understanding of the adaptive and innate immune response to 
gluten in CeD. Finally, these efforts might lead to the identification and 
development of potential treatments for CeD patients and new ways to 
prevent disease development. 
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Abstract

Celiac disease is a multifactorial disorder caused by an unknown number 
of genetic factors interacting with an environmental factor. Hence, most 
patients are singletons and large families segregating with celiac disease 
are rare. We report on a three-generation family with six patients in 
which the inheritance pattern is consistent with an autosomal dominant 
model.  To date, 27 loci explain up to 40% of the heritable disease risk. 
We hypothesized that part of the missing heritability is because of low 
frequency or rare variants. Such causal variants could be more prominent
in multigeneration families where private mutations might co-segregate
with the disease. They can be identified by linkage analysis combined 
with whole exome sequencing. We found three linkage regions on 
4q32.3-4q33, 8q24.13-8q24.21 and 10q23.1-10q23.32 that segregate 
with celiac disease in this family. We performed exome sequencing on 
two affected individuals to investigate the positional candidate regions 
and the remaining exome for causal nonsense variants. We identified 12 
nonsense mutations with a low frequency (minor allele frequency <10%) 
present in both individuals, but none mapped to the linkage regions. Two 
variants in the CSAG1 and KRT37 genes were present in all six affected 
individuals. Two nonsense variants in the MADD and GBGT1 genes were 
also present in 5 of 6 and 4 of 6 individuals, respectively; future studies 
should determine if any of these nonsense variants is causally related to 
celiac disease.
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Introduction

Celiac disease (CeD) is a complex, autoimmune disease triggered by 
dietary gluten, which is widely available in cereals such as barley, rye 
and wheat. CeD is primarily a T-cell-mediated immune disorder, in which 
CD4+ T cells recognize gluten peptides, resulting in a strong inflammatory 
response in the small intestine. CeD is a classic example of a multifactorial 
disease caused by many genetic factors, in addition to the environmental 
factor. It has been well established that the human leukocyte antigen 
(HLA) molecules HLA-DQ2 and -DQ8 play a key role in CeD pathogenesis 
(1, 2). These are also the most important genetic factors associated 
with the disease and explain some 35% of the heritability. Genome-
wide association studies (GWAS) recently identified 26 non-HLA loci 
that contribute to CeD and explain an additional 5% of the heritability 
with their modest effect size and odds ratios lower than 1.5. These loci 
comprise 69 genes that are mainly involved in the immune response 
(3). Family-based linkage studies may offer a powerful alternative to 
identifying more CeD genes with a larger effect size. However, there are 
few large families showing segregation of complex diseases such as 
CeD. In 2004, van Belzen et al. (4) reported two linkage regions from a 
four-generation, Dutch CeD family with 17 affected individuals. Direct 
sequencing of positional candidate genes from the 9p13-21 region did 
not reveal causative mutations (5). The lack of high-throughput methods 
to investigate all the candidate genes from the large linkage regions 
hampered progress on this family, but work is ongoing.

Recently, exome sequencing has been reviewed as a rapid, high-
throughput tool for mutation screening (6) and successfully used to 
identify rare causal mutations, not only in Mendelian diseases (7) but 
also in complex diseases (8). We analyzed a second, large CeD family 
of Caucasian origin with six patients segregating the disease across 
three generations and with suggested autosomal dominant inheritance. 
Linkage analysis revealed three potential loci on 4q32.1-q33 (12 Mb), 
8q24.13-8q24.21 (5 Mb) and 10q23.1- 10q23.32 (10 Mb) chromosomes. 
We hypothesized that the causal variant responsible for CeD in this family 
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would be a point mutation resulting in a non-functional protein product 
and that it would be present in one of the linkage regions. To identify 
such a mutation, we performed exome sequencing of two affected family 
members to screen for nonsense mutations in the 148 genes making up 
the three linkage regions.

Material and methods

The study family
The family is a Dutch of Caucasian origin and includes six CeD patients, all 
carrying the HLADQ2 genotype (Fig. S1, Table 1). The detailed inheritance 
of the HLA-DQ2 and -DQ8 risk genotypes is based on five tagging single 
nucleotide polymorphisms (SNPs) from the ImmunoChip that are specific 
for the HLA alleles present in the Dutch population (9). In this family, CeD 
affects approximately 38.5% of the offspring in the second generation. 
Four of the six affected individuals were diagnosed via a small intestine 
biopsy (Table 1). All the biopsies were re-evaluated and classified by a 
gastroenterologist (C. J. M.) as Marsh IIIa, IIIb, or IIIc [i.e. partial-, subtotal-, 
or total villous atrophy, with the presence of crypt hyperplasia and 
increased number of intraepithelial lymphocytes (30 per 100 enterocytes)]. 
Genomic DNA was isolated from peripheral blood to perform genotyping 
for linkage analysis and exome sequencing. The study was approved by 
the ethics review board of the University Medical Center Groningen and 
written informed consent was obtained from all participants.

Table 1. Characteristics of a three-generation Dutch family affected by 
celiac disease
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Genotyping
Six affected (CD0304-001, CD0304-002, CD0304- 003, CD0304-004, 
CD0304-005, and CD0304-006) and six unaffected (CD0304-007, 
CD0304-010, CD0304-011, CD0304-029, CD0304-008, and CD0304-
024) family members were genotyped using the ImmunoChip (10) 
(Fig. 1) as described in Illumina’s protocols. The National Center for 
Biotechnology Information (NCBI) build 36 (hg18) (Illumina manifest 
file Immuno_BeadChip_ 11419691_B.bpm) and the second-generation 
Rutgers combined linkage-physical map were used for mapping (11). The 
quality control was performed in plink v1.07 a whole genome association
analysis toolset (12). First, we checked for any individuals missing 
more than 5% of the genotypes, but they all had more than 95% of the 
genotypes called. We removed all SNPs that had a genotype rate below 
95%. We also checked for Mendelian errors using default values because
we did not allow >5% Mendelian errors for the entire family and any SNPs 
with >10% Mendelian error rate were excluded. We found no Mendelian
errors. We included 174,624 SNPs in our study. The Dutch case–control 
data quality control was performed independently, as described in Trynka 
et al. (manuscript submitted, 2011). 

Linkage analysis 
For our linkage analysis with the ‘affected only’ approach, we used the 
data of selected markers from the 196,524 variants available on the 
ImmunoChip genotyping array for all 12 individuals (Fig. 1). We used 
plink v1.07 for marker selection to apply stringent quality control on 
the ImmunoChip data, based on call rate (>99%) and Hardy–Weinberg 
equilibrium (p > 0.001). We excluded insertions and deletions (indels) and 
only considered highly polymorphic SNPs [minor allele frequency (MAF) 
>20%]. SNPs showing any sign of Mendelian inconsistency were excluded. 
We then trimmed the data set to limit biases associated with linkage 
disequilibrium, pruning SNPs so that each 50-SNP window contained 
no pair of SNPs with the correlation coefficient between pairs of loci 
(r2) >0.2. Finally, we included 8,750 markers for the analysis distributed 
equally over the genome, providing a sufficiently dense coverage to 
perform linkage analysis (Fig. S2). The linkage information content was 
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Fig. 1. Pedigree presenting the ‘affected only’ part of the family studied and the segregation of seven nonsense 
sequencing variants. Affected individuals are marked in black.

uniformly larger than 0.75 (13). Chromosome X was excluded from the 
linkage analysis as the results are often difficult to interpret. We used 
the second-generation Rutgers combined linkage-physical map (11) 
for mapping the 8,750 markers used in our linkage analysis. Parametric 
and non-parametric linkage analysis was performed using a multipoint 
engine for rapid likelihood inference (MERLIN) v1.1.2 (14). The parametric 
model assumed a dominant inheritance with a disease probability of 1% 
for non-carriers and 80% for carriers.

Exome sequencing: library generation, reference alignment and variant 
calling
Library generation, reference alignment and variant calling were 
performed at Beijing Genomics Institute (BGI), as described in Li et al., 
2010 (15). In brief, 5 μg of high quality DNA from two individuals (CD0304-
001 and CD0304-006) was fragmented and subsequently hybridized to a 
NimbleGen 2.1M Human Exome Array. This enrichment captures “30 Mb 
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of coding DNA, which accounts for approximately 180,000 coding exons.
Enriched exome DNA was amplified by polymerase chain reaction (PCR) 
followed by random ligation of DNA fragments to the Illuminacompatible
adapters and subjected to Solexa library preparation and single-run 
sequencing of 90 bp per read on average. Before alignment with the 
reference sequence, low quality reads (containing more than six uncalled 
bases and/or 40 continuous identical bases and/or polluted by linker 
or adapter sequences) were removed. Short oligonucleotide analysis 
package (SOAP) aligner (soap2.20) (16,17) was used to align clean reads 
to the human reference genome (NCBI build 36.3) with a maximum of two 
mismatches allowed. SOAPsnp (18) was used for calling variants in the 
target region and with the 500 bp up- and downstream target regions 
referred to as ‘near target region’. Weextracted genotypes that differed 
from the reference as candidate SNPs and kept only sequence variants 
with a quality score higher than 20, a depth between 4 and 200, an 
estimated copy number #2, and a distance between two SNPs of more 
than 5, for further analysis. SOAPdenovo was used to identify indels in 
the exome data by performing a de novo assembly of the sequencing 
reads. Assembled consensus sequences were aligned to the reference 
genome by a local alignment search tool Z (LASTZ) for aligning two DNA 
sequences, and inferring appropriate scoring parameters automatically 
and passed the alignment result to axtBes7t (19) to separate orthologous
from paralogous alignment. Finally, we identified the breakpoints in the 
alignment and annotated the genotypes of the insertions and deletions.

Annotation and filtration of the sequenced variants
Each of the sequenced variants was annotated for functionality and 
frequency using the Seattle annotation tool (SeattleSeq Annotation, 
http://gvs. gs.washington.edu/SeattleSeqAnnotation), annotate variation 
(ANNOVAR) (20) and an in-house pipeline. For MAF annotation, we 
used the whole genome sequencing of 60 individuals(120genomes) of 
European origin from the 1000 Genomes Project (21) (vol1.ftp.pilot_data.
release.2010_07. low_converage). For our analysis, we only included 
sequence variants with a MAF <10% and only variants present in the 
exons and splice sites, i.e. non-synonymous, nonsense, read-through 
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variants and variants in the 3$ and 5$ untranslated regions (UTRs). For 
the follow-up study, we restricted our analysis to nonsense variants. We 
excluded nonsense variants present in olfactory genes and having a MAF 
>10% in the single nucleotide polymorphism database 132 (dbSNP132) 
from the follow-up study (here we considered only the MAF of established 
Caucasians and based on a greater number of chromosomes than in the 
1000 Genomes Project). Nonsense variants present in our data from the 
exome sequencing of 16 CeD cases from eight Saharawi families (22) were 
also excluded. Finally, the candidate nonsense sequencing variants (SVs) 
were investigated for cosegregation with CeD in the study family. Figure 
2 shows a general flow scheme for our analysis. Indels were annotated 
using ANNOVAR (20) and sorting intolerant from tolerant (SIFT) (23) and 
filtrated separately. We considered novel indels (not present in the dbSNP 
data set) mapping to exonic and splice sites of the genes as interesting 
[annotation of the gene region was based on the University of California 
Santa Cruz (UCSC) database (24)].

Sanger sequencing
We validated variants by direct re-sequencing using a standard Sanger 
method (25). After filtering, the candidate variants were re-sequenced in
the two exome-sequenced individuals (CD0304- 001 and CD0304-006) 
for validation. If the variant was true and present in both individuals, we
investigated its segregation in the entire family by re-sequencing it in the 
other 10 members. Details on the PCR and primers used for validation are
summarized in Table S1.

Results

SNP-based linkage analysis
Twelve family members were genotyped on ImmunoChip. After applying 
quality control, we performed genome-wide, parametric (dominant model) 
and non-parametric analysis. We found three loci with non-parametric 
analysis and with a non-parametric LOD score (NPL) of “2.40 on 4q32.3-
4q33 (p = 0.0004), 8q24.13-8q24.21 (p = 0.0004) and 10q23.1-10q23.32 
(p = 0.0004), which together contained 148 genes (Table 2). Parametric 
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* This analysis is only for single nucleotide 
SVs. Indels were analyzed separately 
(details are presented in Material&methods 
section)
** Excluding intragenic and intronic SVs
*** MAF estimated based on; low coverage 
1000 genomes project (120 Europeans 
genomes) and on the dbSNP132 (only if 
number of genomes was greater than 120)

Fig. 2. Filtering and follow-up scheme used in our analysis.We have presented a number of variants that 
correspond to each step taken.



266

Appendix I

Table 2. Three linkage regions with a non-parametric LOD score of “2

linkage analysis did not identify any more regions with a logarithm of the 
odds (LOD) score >2. From non-parametrical and parametrical linkage 
analysis, we identified six suggestive regions with 1 < NPL < 2 and four 
suggestive regions with 1 < LOD < 2 (Table S2). Some of these regions 
overlap and others are specific for a single analysis (Table 2, Table S2).

Evaluation of the exome sequencing data
Because of the large number of genes (148) present in the linkage regions, 
we decided to perform exome sequencing in two affected individuals 
(CD0304-001 and CD0304-006) (Fig. 1). After enriching for “30 Mb of 
coding sequence, we obtained 2.5 Gb of mapped sequence data per 
individual on average. The median exome coverage was 44-fold with 
94% of the target region covered with a minimum of 10Å~ (Table S3).

On average, per individual, we identified 18,000 high-quality (Q > 20) 
sequence variants in the coding regions (Table S4). To exclude any 
possible mix-up of samples and for extra validation of the sequenced 
data, we compared their genotypes from the ImmunoChip platform with 
their sequenced variants. We observed a concordance >98% between 
the two data sets, indicating no sample mix-ups and suggesting a high 
level of confidence for the sequenced data. We also showed that the 
concordance between the sequenced individuals was “53%, which is in 
agreement with the genetic distance between the two family members. 
More detailed statistics of the sequences and SVs can be found in Tables 
S3 and S4. 

Inclusion filtering of sequence variants 
To identify potential disease-causing variants, we adapted a filtering 
and follow-up scheme which assumed that the disease in both family 
members was due to the same causal variant (Fig. 2). Furthermore, we 
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only included variants with a MAF <10% in the 1000 Genomes Project 
data set and having functional effects on the protein product (i.e. missense, 
splice site, nonsense, readthrough variants and SVs from UTRs) (Fig. 2).

As the linkage regions are identified with 95% confidence, we could still 
miss the real diseasecausing mutation. Hence, we also applied the same
filtering criteria to the entire exome. In total, we identified 846 candidate 
SVs when we combined the linkage regions (2 SVs) and the exome-wide
data (844 SVs) (Fig. 2, Table S5A). Because of the large number of 
candidate SVs to be investigated, we decided to continue the follow-up 
studies for only the 12 nonsense variations as these are the most damaging 
(26), although none of them were located in the three linkage regions. We 
excluded nonsense variants in olfactory genes and those having a MAF > 
10% in dbSNP132 and present in our in-house set of Saharawi samples 
from further analysis (Fig. 2). We also removed the variants in the cell 
division cycle 27 homolog (CDC27) gene because of the high number of 
SNPs in the exons, leaving seven nonsense variants to be investigated 
for co-segregation in the family (Table 3, Table S6A). The segregation of 
these variants in the family is shown in Fig. 1. Three variants in the GNAQ, 
KRT38 and TPTE genes were falsepositive, meaning that we could not 
validate these SVs by Sanger sequencing; two variants in the CSAG1 and 
KRT37genes co-segregate fully with the disease and are present in all the 
affected individuals; and two other variants are present in the MADD and 
GBGT1 genes in 5 of 6 and 4 of 6 of the affected individuals, respectively.

To account for the possibility of unequal coverage of sequence in the 
two family members (CD0304-001 and CD0304-006), we also analyzed 
them separately and identified an extra 29 and 23 nonsense variants, 
respectively (Table S5B). Again, none of these were located in the three
linkage regions. Some were present in both individuals and had already 
been included in the initial analysis, while some were found in only one 
individual. After applying our final inclusion criteria and discarding one 
variant in preferentially expressed antigen in melanoma family member 2
(PRAMEF2) gene because of the high number of SNPs in the exons, we 
investigated 20 SVs that were present in only one individual for validation
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in the second individual (Table S6B). None of these were investigated for 
co-segregation, as 18 could not be confirmed in the second individual, one 
SV was false-positive and in one, in the TPTE gene, we failed to validate 
with Sanger sequencing because of the presence of small deletions 
surrounding the candidate SV.

We applied a separate annotation and filtration to the indels so that they 
included only novel variants that mapped to the exonic regions and were
present in both individuals. In total, we identified 3,258 shared indels, of 
which 92 were novel (not present in the dbSNP dataset) and mapped to 
the exons or splice sites of known genes (UCSC was used as a reference). 
Nine of 92 were found in the regions of suggestive linkage, two mapped 
to the exonic regions but did not change the frame and seven mapped to 
3$ UTRs (Table S7), but none were found to be present in the linkage loci 
of NPL > 2. 

Discussion

We studied a three-generation Dutch family of Caucasian origin with a 
dominant-like segregation of CeD to find causative variants that might 
have a substantial effect on the inherited disease risk. To map the 
candidate variants, we combined linkage analysis with an ‘affected only’ 
approach of the entire family with exome sequencing of two affected 
individuals. As the inheritance model of CeD in the family is uncertain, 
we also applied a non-parametric linkage approach in addition to the 
parametric analysis. Both analyses gave comparable results, whereas 
applying the wrong model for parametric analysis can result in loss of 

Table 3. Details of seven nonsense sequence variants shared by two exome-sequenced individuals
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power for detecting linkage (13). We identified three candidate regions 
using a non-parametric analysis with NPL > 2 but were not able to detect 
a region with LOD > 2 using parametric analysis. None of the regions 
overlaps with previously identified CeD loci (3). We did not observe 
linkage to the HLA region on 6p21 in this family, despite the fact that 
the HLA-DQ2 and -DQ8 loci are the strongest risk factors contributing to 
CeD. Because HLA-DQ2 and -DQ8 alleles are also very common in the 
general population (“30%), the risk alleles were also inherited from an 
unaffected parent who married into the family (Fig. S1), thereby disrupting 
the proper segregation of alleles in the family. Hence, linkage to HLA was 
not identified by our linkage analysis.

CeD is genetically heterogeneous, like other complex diseases, and even 
within a single family where the inheritance of the disease is compatible 
with a dominant model, it is likely that multiple loci co-segregate with the 
disease. Our detection of three linkage regions in this family is in-line with a 
previous linkage analysis in a CeD family in which two regions were found 
to segregate significantly with CeD (4). The regions found in both families 
do not overlap, which may also indicate a high heterogeneity for CeD. To 
identify causal variants, we hypothesized that these variants would be 
present in the candidate linkage regions and shared by both the affected 
family members we sequenced. As the three candidate linkage regions 
together contain 148 genes, exome sequencing is an efficient method to 
screen all the positional candidate genes for diseasecausing variants. At 
the same time, this technology also allowed us to scrutinize the remainder 
of the genome in case our linkage analysis proved incorrect. 

We also hypothesized that within our multigeneration family, a limited 
number of causal variants with substantial risk would be present. We 
therefore focused our analysis on nonsense variants, as these are the 
most damaging (26). After applying our filter criteria to the linkage regions 
and to the entire exome, we were left with seven nonsense variants, 
none of which mapped to the linkage regions. After validation by Sanger 
sequencing, three of them were found to be falsepositive, in the GNAQ, 
KRT38 and TPTE genes. The remaining four SVs were investigated for 
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cosegregation with the disease. We were looking for a dominant-like 
inheritance, but we kept in mind that a low-frequency, causative variant 
for a complex disease does not have to show Mendelian segregation but 
can still contribute to the heritability of the disease (27). Two SVs in the 
CSAG1 gene (p.Tyr28X) and KRT37 (p. Gln235X) were present in all six 
affected individuals. Regions with these variants were not identified in 
the linkage analysis because the CSAG1 gene lies on the X chromosome, 
which was not submitted for linkage analysis, as it is so difficult to 
analyze. A variant in the KRT37 gene was also present in the unaffected 
spouse that contributed to the ‘affected linkage analysis. The presence 
of this variant in unaffected spouses could indicate a higher MAF than 
that found in the 1000 Genomes data set, thus case–control genotyping is 
required for future follow-up studies. Neither gene has an immunerelated
function: the CSAG1 gene is reported as a cancer/testis antigen highly 
expressed in cancer tissues (28), whereas the KRT37 gene belongs to the
type I keratin gene family and is involved in the hair follicle and expressed 
in epithelial cells (29).

A nonsense variant in the MADD gene (p.Arg766X) was present in 5 of 
the 6 affected family members and a nonsense variant in the GBGT1 gene 
(p.Tyr121X) was found in 4 of 6. Thus, neither of these variants segregates 
fully with the disease, but interestingly, both the variants were present in 
the ImmunoChip, which was recently used for CeD case–control studies 
in 2,312 individuals of Dutch origin. There was no significant association
found as the values associated with these variants were p = 0.80 (MAF 
= 0.059) for MADD and p = 0.78 (MAF = 0.079) for GBGT1 in the Dutch 
cohort. The MADD gene was also found to be associated to type 2 diabetes 
(30) and it interacts with tumor necrosis factor receptor 1 (TNFR1) to 
activatemitogen-activated protein kinases (MAPK) and propagate 
apoptotic signals (31). The GBGT1 gene is a member of the ABO family 
that may be involved in tropism and the binding of pathogenic organisms 
(32).

As the coverage of some regions in our sequencing data could be unequal, 
we also investigated the nonsense variants in both samples separately. 
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Twenty SVs that were present in only one of the sequenced individuals 
were investigated further: 18 of 20 genotypes identified in the exome data
agreed with the genotypes found in the independent validation step 
(Table S6). The variant in the ZNF81 gene was from a different genotype
than in the exome data for individual CD0304-006. The coverage in this 
region was very low (“2 on average) and this could explain the false-positive 
calling. We were not able to validate an SV in the TPTE gene with Sanger 
sequencing because of the presence of several deletions surrounding the 
candidate variant. As none of the remaining true SVs were present in both 
patients, we did not study them for segregation in the family. In summary, 
we identified seven nonsense SVs that were shared by the two exome-
sequenced patients, but none were located in the linkage regions. There 
were a number of weaknesses in our study. First, we assumed that both the 
affected and sequenced individuals shared the same causal variant, but 
given the observation of multiple linkage regions in families segregating 
for complex diseases, this assumption might not be valid. Second, we 
assumed that the causal variants segregating in a multigeneration family 
would be nonsense variants, but this might be too stringent and other 
types of variants possibly influencing protein expression could be followed 
up in future studies. Risch (33) proposed that while looking for variants 
causing complex diseases, we should focus on non-synonymous, coding, 
and 3$ and 5$ UTRs variants. If we had concentrated on these categories, 
we would have had 846 variants (844 exome wide and two from linkage 
regions) to study further. The two variants identified in the linkage regions 
mapped to the untranslated regions of two genes: tolloid-like 1 (TLL1) and 
solute carrier family 16, member 12 (SLC16A12). The variant in SLC16A12 
might be a private variant as it has not been reported in any of the public 
databases. We investigated the co-segregation of these variants in the 
family. Minor alleles of the variant in the TLL1 gene were present in 5 of 
the 6 affected family members and in 6 of the 6 affected family members 
in the SLC16A12 gene (Fig. S3). Using the Patrocles algorithm (34), we 
could verify the consequences of the change on micro RNA (miRNA)-
binding sites. We observed that variants introduce new miRNA-binding 
sites, which may have functional consequences. However, more extensive 
case–control and functional studies are needed to prove their potential 
involvement in the pathogenesis of celiac disease.
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From the 844 SVs identified, 27 mapped to the 10 regions of suggestive 
linkage (NPL and/or LOD > 1 and <2). Interestingly, the region on 
chromosome 8q24.13-8q24.21 was also identified as suggestive in 
parametrical analysis. As recently proposed in a review by Cirulli and 
Goldstein (6), the investigation of suggestive linkage regions combined 
with the prioritization of candidate genes is also a way to narrow down 
the causative variant. We could therefore use this knowledge for future
studies in this family.

It seems that an attractive approach might also be to follow up the 
missense variants with a MAF < 5% (26), however, we would still be left 
with a large dataset of 502 missense SVs. We have found 92 exonic, novel 
indels present in both individuals exome wide. None of these mapped 
to the linkage regions with NPL > 2, and nine were found to be present 
in suggestive linkage regions: seven in the 3$ UTR regions and two in 
protein-coding regions, but not disturbing the protein frame. Because none 
of these indels were very strong candidates and changes in the UTRs are 
difficult to interpret, we did not follow up any of these indels. From recent 
case–control studies, we know that there is an excess of rare missense 
and nonsense variants in GWAS regions for complex diseases (35) Rivas 
et al. (manuscript submitted, 2011). However, none of the seven nonsense
variants that we identified mapped to loci previously associated with 
CeD. Of the 846 SVs, only one mapped to a CeD locus: a missense 
variant (p.Lys1385Asn) in the leucine rich repeat containing 37, member 
A2 (LRRC37A2) gene. Apparently, the function of this gene is not well 
established. Finally, is possible that the approach we have taken is not 
appropriate for complex diseases. It might well be that sequencing two 
individuals is not enough or that the category of variants to focus on 
should be much broader. A review by Bodmer and Bonilla in 2008 (36) 
stated that familial-based studies in complex diseases will not have a 
significant role in finding either rare or common variants because of their 
low penetrance. If that turns out to be the case, we should focus on those 
genes or loci that have already been identified by GWAS and perform 
gene-burden association studies for rare variants in very large case–
control studies (35).
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In conclusion, although we found three linkage regions that segregate 
with celiac disease in this family, the approach we chose might not have 
been suitable for finding the causative variant in this family. We could 
have missed the causal variant(s) simply because our enrichment covered 
only 30 Mb of the known and expressed part of the genome. Current 
exome-capturing kits cover around 50 Mb. It is also possible that true 
causal variants might be found in the non-coding regions, as suggested 
by the large number of observed expression quantitative trait loci for CeD 
(3), in which case whole-genome sequencing rather than a whole-exome 
approach would be more appropriate. Finally, the CeD in this family might 
be much more complex than we imagined, and the occurrence of many 
patients with CeD, in general, could be more due to chance than to true 
co-segregation of ‘serious’ causal variants.
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Finding and understanding the missing heritability of immune-mediated 
diseases

Immune-mediated diseases, such as Celiac disease, are complex 
disorders in which environmental and genetic risk factors result in a pro-
inflammatory response to otherwise harmless food and body constituents. 
In Celiac disease the main environmental factors are gluten proteins, 
present in grain products.

Using genetic studies performed in the last decade, more than three 
hundred genomic regions have been identified. Most of these regions 
contain multiple genes, making it challenging to pinpoint the causal, 
harmful genes.

In this thesis it was aimed to identify novel regions and genes contributing 
to Celiac disease and to prioritize the causal genes in these and the 
already known regions.

To achieve this genetic data from thousands of healthy individuals and 
patients, as well as gene expression data from blood and tissue samples 
was combined. By doing so novel regions involved in disease were identified 
and novel genes and pathways were prioritized. It was discovered that 
more than one gene in a disease related region can contribute to disease. 
Moreover, we identified that a recently discovered, novel class of genes 
is involved in disease pathology (the so-called long non-coding RNAs). 
Lastly, by analyzing Neanderthal DNA, it was discovered that mating 
between our ancestors and Neanderthals introduced disease causing 
factors in the DNA of the modern human.

These studies underline the importance of freely available DNA repositories 
for research. In these studies these were used to better understand the 
processes that lead to immune-mediated disease in humans.
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De ontbrekende erfelijkheid van immuun-gemedieerde ziektes

Coeliakie is een complexe immuun-gemedieerde ziekte die wordt 
veroorzaakt door een samenspel van een reactie op gluten eiwitten 
uit graanproducten en genetische risicofactoren van een patiënt. 
Genetische studies hebben meer dan 300 gebieden op het menselijke 
DNA geïdentificeerd die invloed kunnen hebben op immuun-gemedieerde 
aandoeningen. Het merendeel van deze gebieden bevat verschillende 
functionele onderdelen (‘genen’ die voor eiwitten coderen), waardoor het 
lastig is de ziekteverwekkende genen te identificeren.

Dit proefschrift focust op de identificatie van nieuwe gebieden op het 
DNA en op identificatie van causale genen die ziektes zoals Coeliakie 
veroorzaken. Hiervoor werd genetische informatie van duizenden gezonde 
individuen en patiënten gebruikt.

Met deze aanpak is het gelukt om nieuwe gebieden te identificeren en 
om genen en moleculaire mechanismen te prioritiseren die waarschijnlijk 
causaal aan ziekteprocessen bijdragen. Er is duidelijk geworden dat 
er meerdere genen per regio kunnen bijdragen. Er zijn zelfs genen 
geprioritiseerd die behoren tot een recent ontdekte, nieuwe klasse van 
genen (de zogenaamde long non-coding RNAs). Daarnaast is door gebruik 
te maken van het DNA van Neanderthalers ontdekt dat voortplanting 
tussen onze voorouders met Neanderthalers heeft bijgedragen aan het 
introduceren van genetische veranderingen in het DNA van de moderne 
mens die het risico op het krijgen van immuun-gemedieerde ziekten 
verhoogt.

De resultaten van dit onderzoek onderstrepen het belang van de vrijelijke 
beschikbaarheid van grote datasets voor het analyseren van populaties 
met verschillende genetische achtergrond. Dit is toegepast op het 
verkrijgen van meer inzicht in immuun-gemedieerde ziektes.
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Hacia  la  búsqueda  y  comprensión  de  la  heredabilidad  perdida  de 
enfermedades mediadas por el sistema inmunitario.

Las enfermedades mediadas por el sistema inmunitario, como la 
enfermedad celíaca, son trastornos complejos en los que los factores de 
riesgo ambientales y genéticos producen una respuesta proinflamatoria 
a los alimentos y componentes del cuerpo que de otra manera serían 
inofensivos. En la enfermedad celíaca los principales factores ambientales 
son las proteínas del gluten, presentes en los productos de granos.

Estudios genéticos realizados en la última década han identificado más 
de 300 regiones genómicas asociadas a estas enfermedades. La mayoría 
de estas regiones contienen múltiples genes, lo que hace que sea difícil 
identificar los genes causales dañinos. 

El objetivo de esta tesis fue identificar nuevas regiones y genes que 
contribuyen a la enfermedad celiaca y priorizar los genes causales en 
estas y en las regiones ya conocidas.

Para lograr esto combinamos datos genéticos de miles de individuos 
sanos y pacientes con  datos de expresión génica de muestras de sangre 
y tejidos. De esta manera se identificaron nuevas regiones involucradas 
en la enfermedad, se priorizaron genes y se descubrieron nuevos 
mecanismos involucrados en la enfermedad. Se descubrió que en una 
región relacionada con una enfermedad más de un gen puede contribuir 
al desarrollo de la misma. Además, identificamos que una nueva clase 
de genes recientemente descubierta está involucrada en la patología de 
la enfermedad (los llamados ARN largos no-codificantes). Por último, al 
analizar el ADN del neandertal, se descubrió que el apareamiento entre 
nuestros ancestros y los neandertales introdujo factores causantes de 
enfermedades en el ADN del humano moderno.

Estos estudios subrayan la importancia de que los repositorios de 
ADN estén disponibles libremente para la investigación. En esta tesis 
se utilizaron los datos de estos repositorios para comprender mejor 
los procesos que conducen a la enfermedad mediada por el sistema 
inmunitario en los seres humanos.
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