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providing this knowledge. Technological  
improvements have enabled the use of ge-
nome-wide DNA oligonucleotide arrays that 
can now capture most of the germline herit-
able common SNP variation.

The principal aim of this thesis was to iden-
tify new genes in complex diseases using 
these genome-wide approaches. Part 1 de-
scribes new statistical methods developed 
to help identify susceptibility variants. We 
also applied genome-wide strategies to ex-
plain the functional consequences of some 
of these variants. Part 2 describes two 
genome-wide association studies we per-
formed that led to identification of suscepti-
bility loci in celiac disease and amyotrophic 
lateral sclerosis. Part 3 discusses our 
results, outlines some future perspectives, 
and explores the consequences these find-
ings are having in the field of commercial 
genetic testing services.

Preface

Many human diseases have a considerable 
genetic component and genome-wide re-
search, initially through linkage analysis and, 
more recently, association analysis, has 
identified the genetic basis for various disor-
ders, which has been useful for several rea-
sons. First of all, these disease genes have 
been shown to be obvious starting points 
for functional follow-up research to learn 
more about the affected molecular biology 
underlying these diseases. As such, these 
affected pathways provide potential targets 
for pharmaceutical intervention. These find-
ings have also been valuable in genetic 
counseling: by identifying the genetic basis 
of certain diseases, for example, cystic fi-
brosis1, Duchenne’s muscular dystrophy2, 
and rare variants in BRCA13 and BRCA24 
that confer a strong susceptibility to breast 
cancer, individuals who are suspected of 
being at risk have been enabled to make 
better-informed decisions for themselves 
and their offspring.

For various Mendelian diseases, genome-
wide linkage analysis in families or sib-pairs 
and transmission-disequilibrium tests in tri-
os (e.g. parents-child) have led to the identi-
fication of susceptibility loci (see figure 1A). 
Often, the subsequent positional cloning of 
the disease genes has led to the discovery 
of the precise genetic variants. Considera-
ble efforts were later devoted to identifying 
susceptibility loci in more common, but also 
more complex, diseases. However, the re-
sults for these diseases were less conclu-
sive and various explanations were given to 
explain the lack of success of genome-wide 
linkage studies. As the applied statistical 
models assumed certain models of inherit-
ance and penetrance, it was questioned 
whether these assumptions applied to com-
plex diseases as well. Another explanation 
was that complex diseases might be caused 
by numerous common variants, each of 
which conferred only a limited risk5 (see fig-
ure 1B). However, the locations and charac-
teristics of these common variants were still 
mostly unknown. Large collaborative 
projects (such as the Human Genome 
Project6 and the International Haplotype 
Mapping Project7; 8) were instrumental in 

1  Rommens JM, Iannuzzi MC, Kerem B, Drumm ML,  

Melmer G, Dean M, Rozmahel R, Cole JL, Kennedy D, 

Hidaka N, et al. (1989) Identification of the cystic fibro-

sis gene: chromosome walking and jumping. Science 

(New York, NY 245:1059-1065)

2  Hoffman EP, Brown RH, Jr., Kunkel LM (1987) Dys-

trophin: the protein product of the Duchenne muscular 

dystrophy locus. Cell 51:919-928

3  Futreal PA, Liu Q, Shattuck-Eidens D, Cochran C, 

Harshman K, Tavtigian S, Bennett LM, Haugen-Strano 

A, Swensen J, Miki Y, et al. (1994) BRCA1 mutations in 

primary breast and ovarian carcinomas. Science (New 

York, NY 266:120-122)

4  Wooster R, Neuhausen SL, Mangion J, Quirk Y, Ford 

D, Collins N, Nguyen K, Seal S, Tran T, Averill D, et al. 

(1994) Localization of a breast cancer susceptibility 

gene, BRCA2, to chromosome 13q12-13. Science 

(New York, NY 265:2088-2090)

5  Risch N, Merikangas K (1996) The future of genetic 

studies of complex human diseases. Science (New 

York, NY 273:1516-1517)

6  Lander ES, Linton LM, Birren B, Nusbaum C, Zody MC, 

Baldwin J, Devon K, et al. (2001) Initial sequencing and 

analysis of the human genome. Nature 409:860-921

7  International HapMap Consortium, (2005) A haplotype 

map of the human genome. Nature 437:1299-1320

8  Frazer KA, Ballinger DG, Cox DR, Hinds DA, Stuve LL, 

Gibbs RA, Belmont JW, et al. (2007) A second genera-

tion human haplotype map of over 3.1 million SNPs. 

Nature 449:851-861
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Figure 1

of both linkage and genome-wide association analysis. b) 

Genome-wide association analysis uses unrelated individuals, 

but assumes many generations ago individuals had common 

ancestors. In this example we assume a founder mutation in 

generation G1. It is evident that in subsequent generations the 

disease causing haplotype becomes smaller. If one would 

compare cases and controls from the current generation (gen-

eration F6), many markers are necessary to identify the dis-

ease associated haplotype.

Concept of linkage analysis and genome-wide 

association analysis. 

a) Linkage analysis involves the analysis of multiple related in-

dividuals. In this example a male (generation G1) is affected by 

a mutation on one haplotype (indicated by red) that has an au-

tosomal dominant inheritance pattern. Children I and III have 

inherited the disease locus. Subsequent typing of genetic 

markers, spaced equally over this chromosome, allows for de-

termining which markers are linked with the disease (Marker 2 

in this example). Indicated on the right are the characteristics 
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Visits to www.genenetwork.nl and www.prioritizer.nl

Since their inception in 2006, www.genenetwork.nl and 

www.prioritizer.nl have been visited 17,147 times.

Most of the visitors have been from Europe and the USA. 

If all the visitors want to meet, the gathering should take 

place in the middle of the North Sea (indicated with a 

cross). This coordinate represents the least traveling 

that would be necessary.

2,673,765 known cities and towns (each with over 

1,000 inhabitants) are represented by individual pixels 

(source: geobytes.com). Contour lines indicate the dis-

tance from Utrecht. Projection used: Winkel-Tripel.

Scientists in Cuba have visited our sites, but no one 

from North Korea has made a visit.



15,000 km from Utrecht

10,000 km from Utrecht

5,000 km from Utrecht

2,500 km from Utrecht

1,000 km from Utrecht
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Evolution of chapter 3

Writing a manuscript takes time and during its course and 

along its pathway from concept to publication, a considerable 

amount of text is introduced, edited, rearranged or deleted.

Being a PhD student 2 / 4

Insertion

Deletion

1st sketch
July 2007

2nd sketch
August 2007

3rd sketch
September 2007

4th sketch
September 2007

5th sketch
September 2007

6th sketch
September 2007

1st draft
January 2008

2nd draft
January 2008



Resubmission
March 2008

Conservation

Figure Legends

Resequencing

Resequencing

Translocation

Strong Low

Figure Legends

2nd draft
January 2008

3rd draft
January 2008

4th draft
January 2008

Semifinal draft
January 2008

Jackie’s Magic
January 2008

When Jackie edits 
a manuscript, she 
corrects nearly 
everything.

Submission
January 2008
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E-mail received from colleagues during my PhD period

This infograph shows the history of 3,564 e-mails received 

from colleagues. 

Red indicates the absolute number of e-mails received, blue 

indicates the relative amount of e-mail received per individual 

compared to all my other colleagues. White texts per individ-

ual denote a selection of significantly overrepresented words 

(Fisher’s exact test, P < 10-6).

Publication times of major articles are indicated, along with 

the people who contributed to these papers.

Cisca Wijmenga is the overall winner, both in the relative and 

absolute numbers of e-mails received from her. She regularly 

sent e-mail during the night or weekends.

Like Fokkens, Michael Egmont-Petersen, Dirk-Jan Schokker 

and Sasha Zhernakova also liked to send e-mail in the 

evening and weekends.

Most people seem to use a fixed salutation and valediction, 

but these differ considerably from person to person.
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(with Harm van Bakel, 
Cisca Wijmenga, Like 
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Start
as PhD
Student

Ch. 6 published 
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menga, Sasha 
Zhernakova and 
David van Heel)

Chapter 7 published 
(with Cisca Wijmenga, 
Leonard van den Berg, 
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Collaborations

As is evident from this infographic, science has become highly 

collaborative. Shown are all co-authors on publications.

Small white circles denote publications. If these publications 

are included in this thesis, a number within the circle refers to 

the corresponding chapter.

Most of the articles reflect disease specific studies.  Indicated 

in red are five publications that are methodological. 

Although with exceptions, a correlation is present between the 

amount of co-authors and the impact factor of the journals in 

which these papers have been published.

Cisca Wijmenga, Martin Wapenaar, Sasha Zhernakova and 

David van Heel have co-authored most of the papers.
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Outline

Chapter 2 outlines Prioritizer, a method we 
developed to prioritize positional candidate 
genes in susceptibility loci identified by link-
age analysis. This prioritization is performed 
by assuming that the disease genes for any 
given disorder have a biological relationship 
to each other, i.e. they are close to each 
other in a gene network. We describe the 
construction of a functional human gene 
network which enables these comparisons 
to be made. 

Chapter 3 outlines TriTyper, a method we 
developed to capture a broader spectrum of 
genetic variation. TriTyper detects small de-
letions on oligonucleotide arrays, by employ-
ing a new triallelic SNP genotype-calling 
algorithm that takes multiple samples into 
account and uses linkage disequilibrium to 
improve genotype assignments. 

Chapter 4 outlines a method to define ge-
netically more homogeneous groups of au-
tism patients, which increases the statistical 
power of an experiment to identify new dis-
ease genes. We assumed autism is partly a 
contiguous gene syndrome. As such, multi-
ple consecutive genes are affected that may 
independently cause specific symptoms but 
jointly they may result in autism. The over-
represented symptoms identified are useful 
for defining these genetically more homoge-
nous subgroups of patients. 

Chapter 5 describes the dependence of 
gene expression on genetic variation, and 
provides evidence that certain disease-
associated variants influence expression 
levels.

Part 1 Methods in statistical genetics 20
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76

86
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Part 2 Disease-specific studies

Part 3 Discussion

 

Chapter 6 describes the application of a 
genome-wide association study in British 
celiac disease cases and healthy con-
trols, and the development of a biallelic 
SNP genotype-calling algorithm used to 
perform this study. 

Chapter 7 describes a genome-wide 
association study in Dutch amyotrophic 
lateral sclerosis cases and healthy con-
trols. Both these studies have led to the 
identification of new susceptibility loci. 

Chapter 8 places the work described in 
this thesis in a broader perspective. We 
first outline a historical view of the field of 
disease gene mapping and identification, 
and then discuss the implications of the 
results described in this thesis. Future 
perspectives in the research of genetic 
disorders are described, and the ethics 
of commercial genetic screening ser-
vices are discussed.
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Summary

Most common genetic disorders have a complex inheritance and 
may result from variants in many genes, each contributing only weak 
effects to the disease. Pinpointing these disease genes within the 
myriad of susceptibility loci identified in linkage studies is difficult 
because these loci may contain hundreds of genes. However, in any
disorder, most of the disease genes will be involved in only a few 
different molecular pathways. If we know something about the rela-
tionships between the genes, we can assess whether some genes 
(which may reside in different loci) functionally interact with each 
other, indicating a joint basis for the disease etiology. There are vari-
ous repositories of information on pathway relationships. To consoli-
date this information, we developed a functional human gene
network that integrates information on genes and the functional re-
lationships between genes, based on data from the Kyoto Encyclo-
pedia of Genes and Genomes, the Biomolecular Interaction Net-
work Database, Reactome, the Human Protein Reference Database, 
the Gene Ontology database, predicted protein-protein interac-
tions, human yeast two-hybrid interactions, and microarray coex-
pressions. We applied this network to interrelate positional candi-
date genes from different disease loci and then tested 96 heritable 
disorders for which the Online Mendelian Inheritance in Man data-
base reported at least three disease genes. Artificial susceptibility 
loci, each containing 100 genes, were constructed around each 
disease gene, and we used the network to rank these genes on the 
basis of their functional interactions. By following up the top five 
genes per artificial locus, we were able to detect at least one known 
disease gene in 54% of the loci studied, representing a 2.8-fold in-
crease over random selection. This suggests that our method can 
significantly reduce the cost and effort of pinpointing true disease 
genes in analyses of disorders for which numerous loci have been 
reported but for which most of the genes are unknown.



Introduction

The completion of various genome-sequenc-
ing projects and large-scale genomic studies 
has led to a wealth of available biological 
data. It is anticipated that this information will 
revolutionize our insight into the molecular 
basis of most common diseases by making it 
easier and quicker to identify genes with vari-
ants that predispose to disease (i.e., disease 
genes). At the moment, we are faced with 
many disease susceptibility loci, resulting 
from linkage or cytogenetic analyses, that 
cover extensive genomic regions. Usually, 
when the genes in these loci are assessed, 
positional candidate genes become appar-
ent that can be linked to the phenotype be-
ing studied on the basis of their biological 
function. However, the most obvious func-
tional candidate gene from a disease locus 
does not always prove to be involved in the 
diseasee.g.1–5. Often, genes that would not 
have been predicted to be disease causing 
prove to be the true disease gene—for exam-
ple, the BRCA1 gene in early-onset breast 
cancer6. Moreover, although these disease 
genes might have been assigned biological 
functions, it is not always evident how these 
functions relate to disease. Finally, genes 
with unknown functions are often overlooked, 
as attention is paid only to well-studied 
genes for which functions and interactions 
have been identified or implicated, some of 
which can be related to the disease patho-
genesis. For example, in Fanconi anemia, at 
least 10 disease genes were identified7, but 
only a few had a known function. However, 
follow-up research8–10 revealed that five of 
those genes function in the same protein 
complex. Another example is limbgirdle mus-
cular dystrophy, in which many of the disease 
genes encode for proteins that are part of the 
dystrophin complex11. This emphasizes the 
importance of taking an unbiased approach 
to assessing positional candidate genes.

Faced with the absence of complete func-
tional information for the majority of genes in 
susceptibility loci, it is difficult to prioritize 
the positional candidate genes correctly for 
further sequence or association analysis. 
However, high-throughput genomic work has 
now yielded relatively unbiased genomewide 
data sets12–15 that comprise known metabol-
ic, regulatory, functional, and physical inter-

actions. There is, however, little integration 
of these diverse data sets into a coherent 
view of possible gene and protein interac-
tions that can be used to investigate rela-
tionships between genes in different genet-
ic loci. We have tried to address this 
problem by developing a functional human 
gene network that comprises known inter-
actions derived from the Biomolecular Inter-
action Network Database (BIND)12, the Hu-
man Protein Reference Database (HPRD)13, 
Reactome15, and the Kyoto Encyclopedia of 
Genes and Genomes (KEGG)14. 

Since these data sets contain a limited 
number of known interactions, we imple-
mented a Bayesian framework to comple-
ment these relationships with a large 
number of predicted interactions by relying 
on evidence for putative gene relationships 
based on biological process and molecular 
function annotations from the Gene Ontolo-
gy database (GO)16. We further incorporat-
ed experimental data—namely, coexpression 
data derived from ~450 microarray hybridi-
zations from the Stanford Microarray Data-
base (SMD)17 and the NCBI Gene Expres-
sion Omnibus (GEO)18, along with human 
yeast two-hybrid (Y2H) interactions19 and in-
teractions based on orthologous high-
throughput protein-protein interactions from 
lower eukaryotes20. Our interaction network 
was then used to test whether we could 
rank the best positional candidates in sus-
ceptibility loci on the basis of their interac-
tions, assuming that the causative genes for 
any one disorder will be involved in only a 
few different biological pathways. This 
would be apparent in our network as a clus-
tering of genes from different susceptibility 
loci, resulting in shorter gene-gene connec-
tions between disease genes than one 
would expect by chance (fig. 1). Our meth-
od (called “Prioritizer”) analyzes susceptibil-
ity loci and investigates whether genes from 
different loci can be linked to each other di-
rectly21 or indirectly22. When we construct-
ed artificial loci of varying size around sus-
ceptibility loci from 96 different genetic 
disorders (each containing at least three 
loci) and used Prioritizer in our most com-
prehensive gene network to rank the posi-
tional candidate genes for each locus, we 
were able to significantly increase the 
chance of detecting disease genes.
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Figure 1
Basic principles of the prioritization method for positional candidate genes with the use of a 

functional human gene network. The method integrates different gene-gene interaction data 

sources in a Bayesian way (left panel). Subsequently, this gene network is used to prioritize po-

sitional candidate genes, with all genes assigned an initial score of zero. In the example (right 

panel), three different susceptibility loci are analyzed, each containing a disease gene (P, Q, or 

R) and two nondisease genes. In each locus, the three positional candidate genes increase the 

scores of nearby genes in the gene network, by use of a kernel function that models the relation-

ship between gene-gene distance and score effect. Genes within each locus are ranked on the 

basis of their eventual effect score, corrected for differences in the topology of the network (see 

the “Material and Methods” section).
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Material and Methods 

Functional Gene Network 
Reconstruction

As a basis for the gene network, we used 
annotations from Ensembl23, version 32.35, 
resulting in 20,334 known genes that physi-
cally map within the autosomes or chromo-
some X or Y. This yielded 206,725,611 po-
tential gene-gene interactions. 

On the basis of this set of genes, a compre-
hensive “gold standard” set of validated di-
rect gene-gene relationships (true positives) 
was determined using both BIND (Septem-
ber 15, 2005) and HRPD (September 15, 
2005) to extract human, curated protein-
protein interactions, the proteins of which 
were mapped to Ensembl gene identifiers. 
In addition, all pathways from Reactome 
(September 15, 2005) and KEGG (Septem-
ber 15, 2005) were used to derive direct in-
teractions that were of transcriptional, physi-
cal, or metabolic origin, since pathways are 
usually composed of genes and proteins 
that interact with each other in various ways. 
We chose to allow interactions of physical, 
metabolic, and regulatory origin to be in-
cluded within our network, because, for in-
stance, mutations in either one of two genes 
encoding proteins in the same metabolic 
pathway or protein complex could lead to 
the same disease phenotype. 

Because the true-positive gold standard 
only describes a limited number of relation-
ships between a limited number of genes, 
we also used data from GO, coexpression 
data derived from microarray experiments, 
conserved protein-protein highthroughput 
data, and human Y2H interaction data to 
predict interactions of the remaining gene 
pairs. We used a Bayesian classifier, be-
cause these four types of data were of vary-
ing reliability and only contained information 
about a subset of the data. The classifier al-
lows for combining dissimilar data sets, can 
deal with missing data, and uses conditional 
probabilities that can be well interpreted 
and that control for the varying reliability of 
the data sets24–29.

Training of Bayesian Classifier on 
Gold Standard

For the prediction of interactions, we used a 
Bayesian classifier type that assumed all 
data sets had been binned. This operation 
was performed for each gene pair, and it de-
termined, for each data set, to which bin the 
pair belongs. Because the number of bins 
per data set was limited, each bin contained 
many gene pairs. Subsequently, for each 
bin, we determined the likelihood ratio be-
tween the proportion of gene pairs known 
to interact and the proportion of gene pairs 
known not to interact. This measure indi-
cates whether there is an overor an under-
representation of truly interacting gene pairs 
in the bin, which specifies the conditional 
probability estimates of the Bayesian classi-
fier; thus, training of the classifier is 
straightforward. 

However, to be able to train the classifier by 
determining likelihood ratios of sets of gene 
pairs, it was crucial that the gold standard, 
containing the aforementioned well-defined 
set of curated true-positive gene pairs, be 
complemented with a set of gene pairs for 
which there is strong evidence that they, or 
the proteins they encode, do not functionally 
interact (true negatives). As has been dis-
cussed by others30, the construction of this 
true-negative reference set is problematic, 
because it is impossible to be certain that 
two genes (i.e., their protein products) do 
not interact. However, by assuming that 
genes encoding for proteins localized within 
different cellular compartments are, in gen-
eral, unrelated, it is possible to make a list of 
gene pairs that are unlikely to interact. The 
GO Cellular Component annotations were 
used to yield groups of gene pairs that have 
exclusive cellular component annotations. 
To overcome a strong selection bias in the 
classifier toward wellannotated genes (de-
tails provided in appendix A), only the 5,105 
genes that were part of a true-positive gene 
pair at least three times were allowed to 
form true-negative gene pairs. We chose 
combinations of cellular organelles that 
were highly underrepresented (c2 = 2,490; 
P < 10-10) within the true-positive set, which 
resulted in gene pairs for the following com-
binations: nucleus and extracellular matrix, 
protein complex and Golgi apparatus, pro-
tein complex and Golgi stack, non–mem-
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brane-bound organelle and Golgi stack, 
non–membrane-bound organelle and extra-
cellular space, non– membrane-bound or-
ganelle and Golgi apparatus, extracellular 
region and organelle membrane, mitochon-
drion and extracellular matrix, extracellular 
space and organelle membrane, extracellu-
lar space and Golgi stack, organelle mem-
brane and extracellular matrix, extracellular 
matrix and Golgi stack, extracellular matrix 
and ubiquitin ligase complex, and ubiquitin 
ligase complex and Golgi stack.

Preprocessing and Binning of 
Data Sets 

To allow for Bayesian integration, the GO 
data, microarray coexpression data, and or-
thologous and human protein-protein inter-
actions data were preprocessed and 
binned. Biological Process and Molecular 
Function GO annotations were derived from 
Ensembl, and two measures of relatedness 
for each of the two data sets were deter-
mined, resulting in a total of four different 
GO measures of relatedness. First, we de-
termined, for each Biological Process GO 
term, how many of the genes had been as-
signed this term. Then, we determined 
which Biological Process GO terms were 
shared between the two components of 
each gene pair, for all the pairs. This led to 
the shared GO term that was annotated in 
the least number of genes, and its frequen-
cy of occurrence was used as a measure. 
GO terms GO:0000004 (biological proc-
ess unknown) and GO:0005554 (molecu-
lar function unknown) were discarded, since 
genes that shared either of these highly un-
specific terms should not be related to each 
other on the basis of this information. The 
same procedure was performed to generate 
the first measure of Molecular Function GO 
relatedness. The second measure deter-
mined the maximal hierarchical depth at 
which a gene pair shared a Biological Proc-
ess GO term. This hierarchical depth was 
defined as the shortest number of branches 
necessary to go from one Biological Proc-
ess GO term back to the GO root. The 
same method was used to generate the 
maximum hierarchical depth of the Molecu-
lar Function GO sharing measure. 

Coexpression between genes was deter-
mined in microarray data sets from GEO 

and SMD. Individual data sets comprised an 
experiment that contained at least 10 hy-
bridizations. To ensure that the quality of the 
intensity measurements was reliable, vari-
ous filtering steps were performed to ex-
clude spots with low signal-to-noise ratios31. 
Within the SMD data sets, intensity spots 
were filtered out that were either missing or 
contaminated, and the mean intensity of 
spots had to be at least 2.5 times higher 
than the average background signal of the 
microarray. Since GEO contains both ratio-
metric and Affymetrix single-spot intensity 
microarray data sets, we used different fil-
tering strategies. The 5% of genes with the 
lowest maximal intensity were removed from 
the Affymetrix data sets. For both SMD and 
GEO, expression ratios were log2 trans-
formed. Microarray features missing at least 
25% of expression measurements in a data 
set after filtering were excluded. All features 
were assigned Ensembl gene identifiers by 
comparing their sequences to Ensembl 
transcripts with the use of SSAHA32.

To determine which gene pairs showed co-
expression, the mutual information was cal-
culated between all the genes represented 
within each data set33 if there were at least 
10 nonmissing data points. As a preproc-
essing step, expression levels were ranked; 
this invertible reparameterization did not af-
fect the mutual information. Next, for each 
pair of genes, the joint distribution of ex-
pression levels was estimated by calculating 
a histogram with overlapping windows. The 
range was divided into six windows, where 
each window extends to the center of the 
next window. The number of windows was 
chosen by optimizing the error rate for the 
mutual information derived from analytical 
probability densities33. In this way, each 
data point contributes to two windows, ex-
cept at the extremities. Finally, on the basis 
of the resulting distribution, the mutual infor-
mation (MI) between each pair of genes 
was calculated as MI(A,B) = H(A) + H(B) - 
H(A,B), where H(X) is the information- theo-
retic Shannon entropy34. For each microar-
ray data set, the MI score was binned. This 
allowed the subsequent Bayesian classifier 
to determine the likelihood ratio, indicating 
whether gene pairs within each bin con-
tained an overrepresentation of truly inter-
acting gene pairs. Once the likelihood ratios 



had been determined for each data set, a 
receiver operator characteristic (ROC) 
curve was constructed, and the area under 
the curve (AUC) was calculated. Data sets 
that had a minimal AUC of 0.59 were com-
bined in a naive way—for each gene pair, the 
likelihood ratios were multiplied by each oth-
er, resulting in a final microarray coexpres-
sion likelihood ratio for each gene pair. 

Two orthologous protein-protein interaction 
data sets from Lehner and Fraser20 were 
used to supplement the GO and microarray 
coexpression data. One data set contained 
computationally predicted human protein in-
teractions that had been physically mapped 
within Ensembl genes. The second data set 
contained a subset of these protein pairs, to 
which Lehner et al. had assigned a higher 
confidence. Three bins were constructed: 
one containing the higher-confidence gene 
pairs, one containing the remaining lower-
confidence pairs, and a third containing all 
the other unobserved gene pairs. A human 
Y2H protein-protein interaction data set 
from Stelzl et al.19 was integrated by map-
ping the HUGO identifiers to Ensembl 
genes. Two bins were constructed: one 
containing the gene pairs for which a Y2H 
interaction was reported, and one contain-
ing all the other unobserved gene pairs.

Network Integration 
The Bayesian classifier was employed to in-
tegrate the various binned types of data. 
We chose not to learn the Bayesian network 
structure from the data but to use a prede-
fined Bayesian network structure, for which 
the conditional probabilities were deter-
mined by benchmarking the various data 
sets against the gold standard (fig. 2) (de-
tails provided in appendix A). We subse-
quently generated four gene networks. One 
network contained evidence for interaction 
based on the GO data (GO network). An-
other network contained evidence for inter-
action derived from integrating the microar-
ray coexpression and predicted 
protein-protein interaction data in a naive 
way (MA+PPI network). A third network 
combined, in a naive way, the GO and 
MA+PPI networks (GO+MA+PPI network), 
and this was complemented with all known 
true-positive interactions in a final network 
(GO+MA+PPI+TP network). To relate inter-

acting genes directly or indirectly, an all-
pairs shortest path was calculated for each 
gene network35. This measure of theminimal 
path length between pairs of genes was 
used in the subsequent method to associate 
disease genes with each other.

Disease Analysis and Positional 
Candidate-Gene Prioritization 

Prioritizer assesses whether genes residing 
within different susceptibility loci are close 
together within the gene network. This indi-
cates that this method could also work with 
diseases for which only two loci have been 
identified. However, in such a case, there is 
a considerable probability that two genes, 
each residing in a different locus, would in-
teract by chance. We therefore restricted 
the analysis to diseases for which at least 
three contributing disease genes had been 
identified. These diseases and disease 
genes were derived from the Online Mende-
lian Inheritance in Man (OMIM) database36, 
by text mining the first paragraphs of all 
OMIM disease entries as of March 1, 2005, 
and extracting the OMIM gene numbers 
contained within these paragraphs. The 
HUGO gene name was later extracted from 
these OMIM entries and was mapped to an 
Ensembl gene name. If, for any one disease, 
there were two disease genes situated at 
the same chromosome and positionally less 
than 200 genes apart, one of the two genes 
was randomly removed to ensure that no 
loci would overlap. 

The diseases for which at least three disease 
genes remained after filtering were analyzed 
by artificially generating susceptibility loci 
around the disease genes, in a range from 
50 to 150 genes, in steps of 50. All 20,334 
genes were assigned an initial effect score 
of zero, and, subsequently, all loci were tra-
versed. Using each gene network for all po-
sitional candidate genes residing in a partic-
ular locus, we determined whether any of 
these genes were functionally closely relat-
ed to genes physically residing inside anoth-
er susceptibility locus. If this was the case, 
the effect score of the related gene that was 
functionally close but physically in another 
locus increased (fig. 1), by use of the follow-
ing Gaussian kernel scoring function:
    
effect e=

−
distance 2

53
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Figure 2
Integration of data sets in four gene networks. a) Data sets were benchmarked against a set of 

55,606 known true-positive gene pairs derived from BIND, KEGG, HPRD, and Reactome and 

800,608 true-negative gene pairs derived from GO. The Venn diagram indicates the data sourc-

es from which the true positives were derived and their degree of overlap. Numbers in parenthe-

ses indicate the number of interactions that are provided by each of the data sets. b) Potential 

gene-gene interactions derived from GO, microarray coexpression data, and human and orthol-

ogous protein-protein interaction data were integrated using a Bayesian classifier. The steps in-

volved in building this classifier are shown.

Figure 3 
ROC curve of the GO network, the MA+PPI network, and the combined GO+MA+PPI network. 

The baseline (solid gray line) indicates the performance of a classifier that would be totally unin-

formative.
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We trained the classifier on this gold stand-
ard and constructed functional human gene 
networks on the basis of GO data, microar-
ray coexpression data, and inferred protein-
protein interactions, as well as combinations 
of these. First, for each gene pair, we as-
sessed whether the genes shared GO an-
notations, which were derived for 15,045 
genes from Ensembl. Sharing of GO terms 
was based on the frequency of the least-
common GO term shared between two 
genes and the maximal depth in the GO hi-
erarchy at which two shared terms lay. 
Gene coexpression was calculated in 186 
microarray data sets derived from GEO and 
75 data sets from SMD. However, most of 
these data sets were not highly informative, 
as judged by their ability to identify true-
positive gene interactions with a low false-
positive rate. Because it is known that many 
classifiers perform best when a subset of 
features are used37,38, we used only four in-
formative microarray coexpression data sets 
for classification39–42, each showing a mini-
mal AUC of 0.59. In total, these data sets 
contained 461 microarray hybridizations. Fi-
nally, protein-protein interactions were de-
rived from the Lehner and Fraser20 data set 
containing human protein interactions pre-
dicted by mapping physical protein interac-
tions from various Saccharomyces cerevi-
siae, Drosophila melanogaster, and 
Caenorhabditis elegans interaction data 
sets to orthologous human gene pairs. Of 
the 71,806 predicted gene pairs, we were 
able to physically map 62,635 gene pairs 
with both genes in the pair mapping to 
known Ensembl genes. A subset was de-
fined by Lehner and Fraser20 that contained 
10,652 gene pairs deemed to be of higher 
confidence, of which 10,139 gene pairs 
could be mapped. In addition, we used 
3,186 human protein-protein interactions 
identified by automated Y2H interaction 
mating by Stelzl et al19, of which 1,751 could 
be mapped to different Ensembl gene pairs.

We assessed the performance of our clas-
sifier on the basis of these various data 
sources in three different gene networks 
generated on the basis of a Bayesian frame-
work, after preprocessing and binning of the 
data sets. As mentioned above, one network 
was generated solely on the basis of GO 

where “distance” is defined as the all-pairs 
shortest path between the two genes. The 
kernel function width was chosen arbitrarily, 
but a sensitivity analysis showed that differ-
ent widths did not influence the results 
much (data not shown). By applying this 
function, positional candidate genes that re-
sided in different loci but that were function-
ally closely related in the gene network were 
assigned higher scores than positional can-
didate genes that were functionally far apart 
from each other. To correct for differences 
in topology of the gene network, an empiric 
P value was determined for each positional 
candidate gene through permutation of the 
other loci 500 times by reshuffling them 
across the genome and recalculating the ef-
fect scores. This permitted a probability 
density function to be determined per posi-
tional candidate gene, for which the empiric 
P value could be looked up. For each locus, 
the positional candidate genes were priori-
tized on the basis of this P value.

Results

Construction of a Functional Gene 
Network

The basis for our human gene network was 
a gold standard of validated gene-gene in-
teractions (true positives) and a further set 
of gene-gene pairs that were deemed highly 
unlikely to interact (true negatives). To con-
struct the set of true-positive gene pairs, 
2,788 confirmed, direct, physical protein-
protein interactions were derived from 
BIND; 18,176 confirmed human protein in-
teractions were derived from HPRD; 22,012 
direct functional interactions were derived 
from KEGG; and 16,295 interactions were 
derived from Reactome. This resulted in 
55,606 unique true-positive gene relation-
ships (fig. 2a). For the true-negative set, 
gene pairs were selected that encode for 
proteins localized in different cellular com-
partments. The combinations of cellular 
compartments were selected from their un-
derrepresentation in the set of true positives 
(see the “Material and Methods” section). 
This resulted in 801,108 pairs, of which 500 
were known to be true-positive gene pairs, 
and these were therefore removed from the 
set of true-negative gene pairs.
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of 10,000 gene pairs sampled by genera-
tion of random gene pairs by selecting two 
genes at a time from the set of all individual 
genes that made up the Y2H gene pairs. 
The results show that the 1,318 Y2H gene 
pairs have a significantly higher likelihood 
ratio than the null distribution (P = .0003, by 
Wilcoxon Mann-Whitney test), which indi-
cates that our gene network is capable of 
inferring as-yet-unknown interactions.

To allow researchers to look up known and 
predicted interactions and to identify the 
shortest routes between genes and suscep-
tibility loci, we developed a Web tool, which 
is publicly available at the GeneNetwork-
Web site. The known and predicted interac-
tions can be shown for each gene of inter-
est, along with information about the source 
of evidence from which they were derived 
and how strong this evidence was. In addi-
tion, there are interactive graphs to visually 
explore how multiple genes interact with 
each other. All the data files (including the 
sets of true-positive and true-negative gene 
pairs) can be downloaded, along with a Java 
application programming interface, which 
can facilitate the development of new meth-
ods that use this gene network. We will reg-
ularly update the gene network, on the basis 
of the most recent releases of the various 
repositories used in its construction.

Increased Functional Interactions 
Shown by Genes Associated with a 
Particular Disease

We first examined our hypothesis that 
genes associated with genetic disorders 
frequently share functional links, by assess-
ing whether, for a disease, these causative 
genes were functionally more closely related 
to each other than a set of genes of equal 
size that were randomly selected from the 
full set of 345 unique disease genes of the 
409 disease genes that were extracted from 
OMIM entries on disorders for which at 
least three causative genes were known. 
This set of disease genes was used as a 
background distribution to prevent bias, 
since the disease genes are generally better 
characterized than the complete set of 
genes in the network. We generated one ex-
tra network (GO+MA+PPI+TP network) 
that complemented the GO+MA+PPI net-
work with all known true-positive gene pairs, 

data (GO network), one network was based 
on both microarray coexpression and pre-
dicted protein-protein interaction data 
(MA+PPI network), and an overall network 
contained all three types of data 
(GO+MA+PPI network). ROC curves (fig. 
3) show the performance of the recon-
structed GO,MA+PPI, and GO+MA+PPI 
gene networks, which were constructed by 
cross-validating all data sets 10 times 
against the gold standard set, to mitigate 
overfitting (details provided in appendix A). 
When we compared the performance of the 
various gene networks, it became evident 
that the GO data set provided the most ac-
curate evidence for interaction. The AUC 
was 88%, compared with 50% for an unin-
formative classifier. The ROC for the 
MA+PPI network shows that coexpression 
data derived from microarray expression, in 
conjunction with the orthologous protein-
protein interaction data, correctly inferred 
functional interactions (AUC = 68%), but to 
a lesser extent than the GO network. Never-
theless, as can be deduced from the 
GO+MA+PPI network, addition of the 
microarray coexpression and the ortholo-
gous protein- protein interaction data to the 
GO network improved slightly the accuracy 
of the network (AUC = 90%). In accord-
ance with most networks described in the 
literature thus far43, our reconstructed net-
works have a connectivity that follows a 
scale-free power-law distribution, which has 
also been demonstrated for other organisms 
44–46.This is most apparent when the topolo-
gy of the MA+PPI network is assessed (see 
appendix A). To validate our network, we 
used a list of 2,574 Y2H interactions that re-
cently became available47 to assess wheth-
er our gene network had predicted an inter-
action for these gene pairs. We first 
mapped the set to Ensembl pairs and then 
removed all pairs that were in our gold 
standard true-positive set, to ensure that we 
only assessed newly identified interactions. 
This resulted in a set of 1,318 novel gene 
pairs. 
We then assessed whether our gene net-
work had predicted an interaction for these 
pairs. While Y2H interactions are known to 
regularly yield false-positive results48, we 
decided to test whether the distribution of 
likelihood ratios for these gene pairs was 
significantly different from a null distribution 



The ability of the functional human gene net-
work to correctly prioritize known disease 
genes was assessed by creating artificial, 
nonoverlapping susceptibility loci around 
these disease genes. Since many genes in 
these loci have no known or predicted inter-
actions in our network, we only assessed 
those genes for which interactions were 
predicted, to prevent a bias toward genes 
that were better represented in the underly-
ing high-throughput data sets. This resulted 
in susceptibility loci of varying widths, con-
taining 50, 100, or 150 genes, which were 
predicted to interact with at least one other 
gene. If, for any particular disease, two dis-
ease genes residing in the same chromo-
some yielded loci that were partly overlap-
ping, one of the two loci was randomly 
removed. For each locus, the genes were 
traversed, and, for each gene, we assessed 
whether there was another gene residing in 
a different locus that was nearby within the 
gene network. The effect scores (see the 
“Material and Methods” section) of each 
gene were affected by the gene in the other 
locus that had the shortest path to that 
gene. This procedure has the potential to 
preferentially identify genes with many inter-
acting partners over genes that are less well 
connected, because a highly connected 
gene has a higher chance of interacting with 
a gene residing in another locus than a gene 
for which only a few interactions have been 
predicted. To overcome bias in the method 
toward genes that are highly connected, we 
corrected for differences in the network to-
pology by permuting the susceptibility loci 
for each disease 500 times across the 
genome. 

After all positional candidate genes were 
ranked on the basis of this permuted score, 
the results (see fig. 4 and table 1) indicated 
that this method was able to identify many 
of the disease genes in the top 5 or top 10 
genes per locus. As expected from the 
ROC curves of the various gene networks 
(fig. 3), the performance of the MA+PPI 
network proved to be the least powerful. 
Nevertheless, the number of correctly 
ranked genes was higher than would be ex-
pected to occur by chance (fig. 4a and 4b; 
indicated by baseline) for many of the sus-
ceptibility loci widths. When assessing sus-
ceptibility loci that contained, on average, 

and we calculated the shortest direct or in-
direct distance between all pairs of genes. 
In 76 (79%) of the 96 diseases, the total 
distance between all combinations of dis-
ease genes in one disease was, on average, 
lower than the total distance between all 
combinations of randomly selected disease 
genes in 10,000 permutations. This con-
firms our hypothesis that, in the majority of 
diseases, the causative genes are indeed 
closely related functionally. 

Genes implicated in disease processes 
tend to be studied more than those not im-
plicated, which could result in a bias in the 
gene network based on GO annotations, 
since these represent known functional an-
notations. To assess the degree to which 
this possible bias affected our gene net-
work, we looked at network connectivity. 
The average number of direct interactions 
involving disease genes was 199, compared 
with an average of 203 for the other 11,875 
genes that interacted with at least one other 
gene. This indicates that other genes are 
equally represented in the gene network, 
despite the fact that disease genes may 
have been studied more.

Increased Power to Detect Disease 
Genes Provided by a Functional 
Gene Network

Usually, researchers pick a limited number 
of candidate genes in susceptibility loci to 
follow-up, because it is too costly and labor 
intensive to analyze all the genes residing in 
these loci. As a result, these studies have a 
limited chance of finding disease-related 
variants, largely depending on the size of 
the loci and the number of genes selected. 
Using a test set of known disorders in a sim-
ilar setup, we evaluated the ability of our re-
constructed network to correctly prioritize 
positional candidate genes in a set of top-
ranked candidate genes of typical size 
(5–10 genes). The test set consisted of 96 
different disorders, for which a total of 409 
disease genes (345 unique genes) had 
been identified. These were obtained from 
OMIM, with 3–10 disease genes per dis-
ease (average 4.3 genes per disease). Of 
the diseases, 59 are of Mendelian origin, 17 
have complex inheritance, and 20 are vari-
ous types of cancer (table 1). 
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Table 1
Overview of the 96 diseases studied with Prioritizer and the number of disease genes per disorder 

that ranked in the top 10 genes per susceptibility locus, with locus widths of 100 and 150 genes

Diseases

OMIM 

number

No of 

genes

Number of genes 

ranking in top-10 

at locus width 

100 genes

Number of genes 

ranking in top-10 

at locus width 150 

genes

M
A

+
P

P
I

G
O

G
O

+
M

A
+

P
P

I

G
O

+
M

A
+

P
P

I+
TP

M
A

+
P

P
I

G
O

G
O

+
M

A
+

P
P

I

G
O

+
M

A
+

P
P

I+
TP

Achromatopsia 2 216900 3 0 0 1 0 0 0 0 0

Achromatopsia 3 262300 3 0 0 1 0 0 0 0 0

Adrenoleukodystrophy, autosomal neonatal form 202370 5 0 4 2 4 0 4 2 3

Amyloidosis VI 105150 3 1 1 0 1 0 0 0 1

Amyloidosis, familial visceral 105200 3 0 0 0 0 0 0 0 0

Amyotrophic lateral sclerosis 1 105400 5 0 1 0 0 0 1 0 0

Atypical mycobacteriosis, familial 209950 5 1 4 2 4 1 1 0 1

Autonomic control, congenital failure of 209880 5 0 0 1 1 0 0 1 1

Bardet-biedl syndrome 209900 8 0 2 2 3 0 1 1 1

Bare lymphocyte syndrome, type II 209920 4 1 0 1 4 0 0 1 4

Cardiomyopathy, familial hypertrophic 192600 9 0 7 4 4 0 7 3 3

Cholestasis, intrahepatic, of pregnancy 147480 3 1 0 0 0 0 0 0 0

Cholestasis, progressive familial intrahepatic 1 211600 4 1 1 1 0 0 1 1 1

Complex I, mitochondrial respiratory chain, deficiency of 252010 5 0 5 4 5 0 3 3 3

Coumarin resistance 122700 4 0 0 0 1 0 0 0 0

Dementia, lewy body 127750 3 1 0 0 0 0 0 0 0

Epidermolysis bullosa junctionalis, disentis type 226650 4 1 0 1 0 0 0 0 0

Epidermolysis bullosa of hands and feet 131800 4 0 1 2 1 0 0 1 1

Fanconi anemia 227650 6 1 0 1 6 1 0 0 6

Fundus albipunctatus 136880 4 0 1 0 3 0 1 1 2

Generalized epilepsy with febrile seizures plus 604233 3 2 2 2 1 1 0 1 0

Glutaricaciduria iia 231680 3 3 2 3 3 3 1 3 3

Hermansky-pudlak syndrome 203300 6 0 1 0 0 0 0 0 0

Hirschsprung disease 142623 6 1 0 0 1 1 0 0 1

Hydrops fetalis, idiopathic 236750 4 0 0 1 0 0 0 1 0

Hypercholesterolemia, familial 143890 6 0 2 3 1 0 1 2 1

Hypertrophic neuropathy of dejerine-sottas 145900 4 0 2 2 2 1 1 1 1

Hypokalemic periodic paralysis 170400 3 0 0 0 2 0 0 0 0

Ichthyosiform erythroderma, congenital, nonbullous, 1 242100 3 0 2 2 1 0 1 1 1

Immunodeficiency with hyper-IGM, type 2 605258 3 0 1 0 2 0 1 0 1

Immunodeficiency with hyper-IGM, type 3 606843 3 0 2 0 2 0 1 0 1

Kartagener syndrome 244400 3 1 2 2 1 0 2 2 1

Keratosis palmoplantaris striata I 148700 3 0 1 1 3 0 1 1 3

Laron syndrome, type II 245590 3 0 1 0 2 0 0 0 1

Leber congenital amaurosis, type I 204000 7 0 3 2 1 0 0 1 2

Leigh syndrome 256000 6 3 4 3 3 1 4 3 3

Leukoencephalopathy with vanishing white matter 603896 5 5 5 5 5 5 5 5 4

Maple syrup urine disease, type Ia 248600 4 1 1 1 4 0 0 0 3

Maturity-onset diabetes of the young 606391 5 1 0 1 3 1 0 1 0

Myasthenic syndrome, congenital, fast-channel 608930 3 0 2 2 3 0 2 2 3

Myasthenic syndrome, slow-channel congenital 601462 3 0 2 2 1 0 2 2 2

Myoclonic dystonia 159900 3 0 0 0 1 0 0 0 1

Nemaline myopathy 1, autosomal dominant 161800 3 0 1 1 0 0 1 1 0

Mendelian inheritance



Nesidioblastosis of pancreas 256450 3 0 1 0 0 0 1 1 0

Night blindness, congenital stationary 163500 3 0 0 1 0 0 0 0 0

Obsessive-compulsive disorder 1 164230 3 0 1 0 0 0 0 0 0

Ossification of posterior longitudinal ligament of spine 602475 3 0 0 0 1 0 0 0 0

Osteopetrosis, autosomal recessive 259700 3 1 0 0 0 0 0 0 0

Peters anomaly 604229 4 0 0 1 2 0 0 0 0

Pituitary dwarfism III 262600 3 0 0 0 2 0 0 0 1

Progressive external ophthalmoplegia 157640 3 1 1 0 0 0 0 0 0

Pseudohypoaldosteronism, type I, autosomal recessive 264350 3 0 2 2 1 0 2 2 0

Pulmonary alveolar proteinosis 265120 3 0 2 1 0 0 2 1 0

Refsum disease, infantile form 266510 3 1 1 1 2 0 1 1 2

Reticulosis, familial histiocytic 267700 3 0 0 0 0 0 0 0 0

Rhizomelic chondrodysplasia punctata, type 3 600121 3 0 1 0 2 0 1 0 1

Stickler syndrome, type I 108300 3 0 0 0 2 0 0 0 0

Waardenburg-shah syndrome 277580 3 0 1 1 1 0 2 1 0

Zellweger syndrome 214100 8 1 4 4 7 1 3 4 5

Alzheimer disease 104300 8 0 1 0 3 0 1 1 2

Diabetes mellitus, noninsulin-dependent 125853 9 2 0 3 1 1 0 2 2

Elliptocytosis, rhesus-unlinked type 130600 3 0 1 0 3 0 1 0 2

Graves disease 275000 3 0 1 0 1 0 0 0 0

Hypertension, essential 145500 7 1 1 0 0 0 0 0 0

Hypospadias 146450 3 0 0 0 1 0 0 0 1

Iga nephropathy 161950 4 1 0 0 1 1 0 0 1

Inflammatory bowel disease 1 266600 4 0 0 1 1 0 0 0 1

Longevity 152430 4 0 1 0 0 1 0 0 0

Lupus erythematosus, systemic 152700 4 0 0 0 0 0 0 0 0

Mycobacterium tuberculosis, susceptibility to infection 607948 3 0 0 0 0 0 0 0 0

Myoclonic epilepsy, juvenile 606904 4 0 1 0 1 0 1 0 0

Obesity 601665 7 1 1 1 4 2 0 1 3

Osteoporosis, involutional 166710 5 0 1 1 0 0 3 1 2

Parkinson disease 168600 4 0 0 0 4 0 1 0 3

Rheumatoid arthritis 180300 5 0 0 0 0 0 0 0 1

Sudden infant death syndrome 272120 3 0 2 2 0 0 1 1 0

Bladder cancer 109800 3 0 0 0 0 0 0 1 0

Breast cancer 114480 10 2 1 4 2 1 0 2 1

Chondrosarcoma 215300 4 1 1 0 2 0 0 0 1

Esophageal cancer 133239 8 1 0 1 5 1 0 0 2

Glioma of brain, familial 137800 6 1 1 1 0 2 1 0 0

Hepatocellular carcinoma 114550 3 0 0 0 1 1 0 0 0

Juvenile myelomonocytic leukemia 607785 4 0 3 2 1 0 1 1 1

Leiomyoma, uterine 150699 4 0 0 1 0 0 0 0 0

Lung cancer 211980 4 1 0 1 2 0 0 1 0

Lymphoma, non-hodgkin, familial 605027 4 0 2 2 2 0 1 1 2

Medulloblastoma 155255 4 1 0 2 2 1 0 1 0

Myeloma, multiple 254500 4 1 1 0 0 1 0 0 1

Osteogenic sarcoma 259500 3 0 0 0 0 0 0 0 1

Pancreatic carcinoma 260350 6 1 1 1 0 1 0 1 0

Pheochromocytoma 171300 3 0 0 0 0 0 0 0 0

Prostate cancer 176807 9 1 0 1 0 0 0 0 0

Renal cell carcinoma, papillary 605074 3 1 0 0 1 1 0 0 1

Rhabdomyosarcoma 2 268220 3 0 0 0 0 0 0 0 0

Thyroid carcinoma, papillary 188550 5 2 0 0 0 1 0 0 0

Turcot syndrome 276300 3 2 2 2 1 2 2 3 2

Total 409 49 99 93 138 33 67 68 98

Heritable cancer

Complex inheritance
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Figure 4
Accuracy of positional candidate-gene prioritization. a) and b), Percentage of the 409 disease 

genes that was ranked among the top 5 (a) or top 10 (b) genes per locus, after artificial suscepti-

bility loci of varying widths around these genes were constructed and when different types of 

gene networks were used. The baselines (gray lines) indicate the percentage of disease genes 

expected to rank among the top 5 or top 10 genes by chance. c) ROC curves for susceptibility 

loci that contain 50, 100, or 150 genes.
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100 genes, we found 8% and 12% of the 
disease genes were contained within the 
top 5 and top 10 per locus, respectively, 
compared with the 5% and 10% we would 
expect to find by chance. A lack of predic-
tive performance of the MA+PPI network 
explains why the ranking did not improve 
considerably when this network was used, 
as is evident from inspection of the ROC 
curves (fig. 4c), which show the proportion 
of disease genes and nondisease genes 
that are returned when different sizes of 
sets of top-ranked genes per locus are as-
sessed. For 86 of the 345 unique disease 
genes within the MA+PPI network, no inter-
actions were predicted. Hence, they were 
ranked low, the more so because the 49, 
99, or 149 other genes, residing together 
with each disease gene in the constructed 
susceptibility loci, had been selected on the 
premise that they interacted with at least 
one other gene. The GO network performed 
considerably better; when we used it to as-
sess susceptibility loci that contained, on 
average, 100 genes, we found 16% and 
24% of the disease genes were contained 
within the top 5 and top 10 genes per locus, 
respectively. The performance of the dis-
ease analysis was best when the inferred 
GO+MA+PPI network was complemented 
with the known true-positive interactions 
(GO+MA+PPI+TP network); with this net-
work and an average susceptibility locus 
width of 100 genes, 27% and 34% of the 
disease genes were contained within the 
top 5 and top 10 per locus, respectively. 

We also assessed the probability of detect-
ing at least one disease gene when only a 
fixed number of topranked genes per locus 
is followed up (fig. 5). When we employed 
the most comprehensive GO+MA+PPI+TP 
network and followed up all the top 5 or top 
10 positional candidate genes for each dis-
order, using locus widths of 100 and 150 
genes, we found at least one disease gene 
from these top sets of genes in 54% and 
64% of the diseases, respectively, com-
pared with 19% and 35% expected by 
chance. When we confined our analysis to 
diseases for which at least four or five dis-
ease genes were known, the performance 
of our method increased slightly (data not 
shown), because the true disease genes 
now interacted with more of the other true 

disease genes, increasing their overall 
scores.

Breast Cancer as an Example
We selected breast cancer as an example of 
how the various gene networks perform in a 
complex disease for which multiple disease 
genes have been identified. Artificial sus-
ceptibility loci, each comprising 100 genes, 
were constructed around 10 putative breast 
cancer genes described in OMIM (as of 
March 1, 2005). For each of the four net-
works, we then determined how many of the 
disease genes were ranked within the top 
10 per locus. The MA+PPI network ranked 
two disease genes (PIK3CA and CHEK2) 
in the top 10, whereas the GO network 
ranked three (BRCA2, NCOA3, and 
CHEK2), and the GO+MA+PPI network 
ranked four (BARD1, PIK3CA, TP53, and 
CHEK ) (fig. 6). However, the 
GO+MA+PPI+TP network, which inte-
grates the most information, performed the 
worst; of the 10 disease genes now known, 
only 2 (BARD1 and BRCA1) were ranked in 
the top 10. This can be explained by the ob-
servation that the true-positive set contained 
many known interactions for these 10 breast 
cancer genes. As the ranking procedure 
corrects for the topology of the network, 
these disease genes, with a marked in-
crease in the number of relationships with 
other genes in this most comprehensive net-
work, were suddenly no longer ranked as 
high. This became evident when the genes 
were ranked using the GO+MA+PPI+TP 
network but the differences in topology were 
not corrected for: 9 of the 10 breast cancer 
genes were then in the top 10 per locus.

Prioritizer Availability 
To allow researchers to analyze susceptibility 
loci of interest, we developed a Java applica-
tion that can be downloaded, along with reg-
ularly updated gene network definition files 
and source code from the Prioritizer Website. 
After a set of susceptibility loci has been en-
tered, Prioritizer ranks the positional candidate 
genes in each locus by using the method de-
scribed above in conjunction with one of the 
four gene networks. It can generate two- and 
three-dimensional graphs of the top-ranked 
positional candidate genes, which allows the 
user to visually inspect how the genes within 
the different loci interact with each other.
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Figure 5
Probability of detecting at least one disease gene when a fixed number of top-ranked positional 

candidate genes—as ranked by Prioritizer—are followed up for each locus. Each locus contains 

either 100 or 150 genes, and the GO+MA+PPI+TP network was employed.The baselines 

(dashed lines) show the probability of detecting at least one disease gene if a fixed number of ar-

bitrarily chosen genes in each locus are followed up.

Figure 6 
Prioritizer analysis of breast cancer. Susceptibility loci, each containing 100 genes, were defined 

around 10 known breast cancer genes. The 10 highest-ranked genes for each locus are shown in 

the graph, with colors indicating the locus in which they reside. Use of the GO+MA+PPI network 

led to four breast cancer genes (PIK3CA, CHEK2, BARD1, and TP53 [circles]) being ranked 

in the top 10.
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Locus Chr. Start (bp) End (bp)

AR X 50,908,854 76,972,369

CHEK2 22 20,344,883 30,763,813

ZNF217 20 43,895,877 60,918,832

PPM1D 17 46,598,811 63,462,310

BRCA1 17 37,019,559 42,641,427

TP53 17 5,311,235 14,145,125

BRCA2 13 20,648,372 46,243,393

RB1CC1 8 38,007,185 70,747,129

PIK3CA 3 158,637,309 187,866,500

BARD1 2 201,762,020 219,979,852



When the accuracy of the various gene net-
works was assessed by investigation of 
their respective ROCs, it was envisaged 
that the GO+MA+PPI network would per-
form at least at a similar level in prioritizing 
disease genes as the GO network, because 
its AUC was greater. However, contrary to 
our expectation, when the positional candi-
date genes were prioritized, the disease 
genes in some diseases were ranked lower 
with the GO+MA+PPI network than with 
the GO network. One explanation could be 
that, within the microarray coexpression 
data sets (the main contributor to the 
MA+PPI network), we did not distinguish 
between coexpression and coregulation. As 
such, many direct interactions between 
genes were inferred, but a large proportion 
of these interactions were actually indirect. 
Methods have recently appeared33,49 that 
could help remove some of these incorrectly 
inferred interactions. 

In a somewhat comparable method by Turn-
er et al21, positional candidate genes are pri-
oritized by determining which genes share 
InterPro50 domains and GO terms, as a 
measure to relate genes in susceptibility loci 
with each other. Our method extends this 
approach by also allowing for indirect rela-
tionships between individual disease genes, 
since Prioritizer uses the graph-theoretic 
distance between genes to relate them. 
Both approaches still rely largely on manual 
annotation, which is detrimental for genes 
that have not been investigated extensively. 
When no experimental evidence for interac-
tion is available, there is only a small chance 
that these potential disease genes, residing 
in one specific susceptibility locus, will be 
associated with disease genes in other loci, 
since the sharing of GO or InterPro terms 
between these genes will be minimal. Al-
though GO contributes the most to the per-
formance of the Bayesian classifier, we 
should not depend entirely on a prediction if 
there is substantial evidence only from GO, 
while the evidence from the other data sets 
is lacking, for a specific gene pair, because 
the GO evidence has been inferred from the 
sharing of predominantly manually annotat-
ed terms, whereas the other sources rely 
more on direct biological measurements. It 
is expected that, when additional high-
throughput data sets become available and 

Discussion 

In this study, we describe the construction 
of a functional human gene network of con-
siderable accuracy (fig. 3; AUC = 90%). As 
such, it can be used to assess interactions 
for a gene of interest through the bioinfor-
matics tools that we have made available 
online. We have shown that, in cases where 
multiple genes underlie a disorder, these 
genes tend to have more functional interac-
tions. When these functional interactions 
are employed to prioritize known disease 
genes in artificial susceptibility loci, the 
chance of detecting disease genes is in-
creased considerably (2.8 fold). 

In breast cancer, 4 of the 10 disease genes 
were ranked in the top 10 when the 
GO+MA+PPI network was applied, a four-
fold enrichment over the single disease 
gene that would be picked up by chance. 
As has been discussed earlier, the correc-
tion for differences in topology is needed to 
prevent bias toward highly connected 
genes. However, this puts diseases in which 
underlying genes have a high degree of 
connectivity at a disadvantage, which was 
apparent in the analysis of breast cancer by 
use of the GO+MA+PPI+TP network. 
When this topology correction was omitted 
for breast cancer, the ranking of the disease 
genes improved considerably, to include 9 
of the 10 genes. The availability of new 
highthroughput data sets will alleviate this 
problem in the future, by providing novel in-
teractions for genes that currently have a 
low degree of connectivity, which will re-
duce the penalty on highly connected 
genes. 

We noticed that the performance of Priori-
tizer was lower for complex disorders than 
for Mendelian disorders. This is likely 
caused by the fact that the etiology of com-
plex diseases is more subtle and involves 
multiple pathways, so that most of the dis-
ease genes only confer a modest increased 
risk. Greater coverage of the gene network, 
leading to identification of relationships be-
tween genes that bridge the various path-
ways, could probably help to alleviate this 
problem. 
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because of power issues. Our positional 
candidate-gene prioritization method can 
easily be adapted to help distinguish true 
disease-associated genes and false-positive 
genes, by assuming that the true disease 
genes are mostly functionally related and 
will therefore be closer to each other in the 
gene network than to the false-positive 
genes that have been randomly selected. 

We have demonstrated that it is feasible to 
use gene networks to prioritize positional 
candidate genes in various heritable disor-
ders with multiple associated genes, even 
when the susceptibility loci are fairly large. 
As such, this article and the proposed meth-
ods show that the integration of gene net-
works with various genetic studies can be 
useful in identifying disease genes. We en-
visage that improvements both in the quality 
of the data sets making up these gene net-
works and in the statistical methods incor-
porating the networks will result in new, ge-
netically testable hypotheses.

their coverage of all possible functional in-
teractions increases, GO evidence will be 
supplemented by experimental data, result-
ing in better predictions. 

As such, an extensive and reliable functional 
gene network is crucial for good perform-
ance of our method. If this network is inac-
curate or biased toward known genes, the 
ranking of true disease genes in the suscep-
tibility loci will deteriorate. Several rapidly 
expanding data repositories are now be-
coming available that should help to improve 
our network. They include text mining 
methods51,52, which extract functional rela-
tionships from the literature, and methods 
that integrate results from high-throughput 
proteomic approaches.53 Our gene net-
work, which, in its current form, has been 
applied to genetic linkage analysis, can also 
be used for other applications. Recently, ef-
forts have been made to prioritize positional 
candidate genes on the basis of their ex-
pression54, with the assumption that differ-
ences in expression behavior in compari-
sons of patients with controls may be due to 
cis-acting variants in the underlying genes. 
However, it has turned out that, in most 
genes, differences in expression are deter-
mined by genetic variation in genes located 
elsewhere55,56. The reconstructed functional 
gene network can help to relate the ob-
served differences in gene expression to the 
underlying causative genetic variants in oth-
er genes, which might help in identifying the 
disease genes. 

Prioritizer might also be well suited for 
genomewide SNP association studies. 
Technical improvements in conjunction with 
decreasing costs now allow researchers to 
perform these studies in complex diseases, 
thereby considerably increasing the resolu-
tion at which one can assess genetic varia-
tion. However, as the number of tested 
SNPs increases, the number of tested indi-
viduals required to achieve sufficient power 
will also rise. To help overcome this prob-
lem, a new statistical method has recently 
been developed57 that combines evidence 
from the most-significant tests, under the 
assumption that there are multiple true as-
sociations in the disease under investiga-
tion. However, within this confined set, the 
majority of genes will still be false positives 
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Figure S1
Difference in likelihood ratio between genes that were represented on the 

microarrays and genes that were not

Figure S2
The MA + Y2H network has a topology that most closely follows a scale-

free, power-law distribution, compared to the other three networks.
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Appendix

Correction for bias in gold standard
Once the likelihood ratios of the microarray co-expression da-

tasets was determined, it became evident that the likelihood 

ratio of the gene-pairs composed of genes that were present 

on the microarrays was higher than 1, whereas gene-pairs 

composed of genes not represented on the arrays was lower 

than 1. We had not expected there to be any difference in likeli-

hood ratio for genes represented on the array or not, but in fact 

the observed difference was pronounced (Figure S1).

It turned out that only a small subset of different genes, (7,197 

of the 55,606 genes), made up all the 55,606 true positive, 

gold standard gene-pairs. After we had determined the subset 

of genes making up the initial, true negative, gold standard 

gene-pairs and compared this to the 7,197 genes making up 

the true positive gene-pairs, we found the overlap for individual 

genes was smaller than expected. A large number of the genes 

in the true negative gene-pairs were never part of a true posi-

tive gene-pair. In addition, the genes in the true negative pairs 

were generally less well annotated. When we subsequently 

determine the likelihood ratio of the bins in a dataset, where 

one bin contains many gene-pairs composed from only a limit-

ed number of genes and the other bins contain hardly any 

gene-pairs formed with one of those genes, the inclusion or ex-

clusion of any of those genes will bias the likelihood ratio, as 

observed in the microarray co-expression datasets. 

To overcome this bias, we tried to come up with a gold stand-

ard in which every gene forms both true positive gene-pairs (to-

gether with other genes) and also true negative gene-pairs (in 

conjunction with other, different genes). Only 5,105 genes met 

our criterion of forming a true positive gene-pair at least three 

times and these were then allowed to form gene-pairs within 

the true negative, gold standard reference. This restriction con-

fined the true negative, gold standard reference list to 801,108 

gene-pairs, from which 500 gene-pairs could be removed 

since they were already known to be true positive gene-pairs.

Bayesian integration and graph-
theoretical distance measure calculation
To generate the four networks, the various datasets were com-

bined in a Bayesian manner. First, two measures, derived from 

the GO Biological Process dataset, were combined in a naïve 

way. This method was also applied to the two GO Molecular 

Function datasets. Subsequently the overall GO Biological 

Process dataset and the overall GO Molecular Function data-

set were combined in a fully-connected way: for each gene-

pair we determined the combination of the two GO bins to 

which they belonged. Once all the gene-pairs had been as-

sessed, the bin combinations contained a large number of 

gene-pairs, which permitted determination of the likelihood ra-

tio. Once the overall GO dataset had been generated in a fully 

connected way, all remaining datasets were combined in a 

naïve way, as shown in figure 2.

To determine the overall likelihood ratio when combining n da-

tasets f defined as:

LR(f1... fn ) P( f1... fn | pos)
P( f1... fn | neg)

=

we assumed conditional independence between the datasets 

and used the simplified naïve Bayes formula to compute the 

likelihood ratio: 

LR( f1... fn ) = LR ( f i )
i=1

n

∏

In order to calculate the eventual microarray co-expression + 

protein-protein interaction likelihood ratios, the previously de-

termined likelihood ratios from the microarray co-expression 

dataset and the protein-protein interaction dataset were multi-

plied. The likelihood ratios of the overall GO dataset and the 

overall microarray + protein-protein interaction dataset were 

multiplied to generate the combined GO, microarray co-ex-

pression and protein-protein interaction network.

Usually, after the likelihood ratios have been determined, we 

want to calculate a posterior probability of interaction by multi-

plying the likelihood ratio with the prior probability of interac-

tion, defined as:

Oposterior = LR( f1... fn) ⋅Oprior

However, since it is difficult to estimate the number of existing 

human gene-gene interactions, no specific prior probability for 

interaction was assumed. To facilitate successful learning of 

the classifier, a uniform (ignorant) prior was used for both the 

training and test set, which allowed us to adjust the computed 

posterior probability to take into account any plausible prior 

probability of interaction.

In addition, it was decided not to discretize the gene-pairs into 

interacting or non-interacting pairs, but to use a continuous 

graph-theoretical distance measure which could be employed 

in the graph network, while taking into account that evidence 

for interaction could vary. First, all gene-pairs were ranked 

based on the computed likelihood ratio. Subsequently this 

ranking was used to define a distance measure which ranged 

from one (highly likely gene-gene interaction) to 255 (highly 

unlikely gene-gene interaction) and followed the following cu-

mulative distribution function (CDF): 

CDF(distance) = 49
50

⋅
20334⋅ (20334−1)

2

distance
255

−1

+
50 ⋅
distance

255

Degree distribution of the four networks
Degree distributions were determined to assess whether the 

reconstructed networks followed a scale-free, power-law 

distribution (Figure S2). The number of interacting genes per 

gene k was determined, assuming a conservative prior of 

0.005. The proportion p of genes having k interactions was 

plotted against k.
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Summary

Copy number variation (CNV) is a major contributor to human ge-
netic variation. Recently, CNV associations with human disease 
have been reported. Many genome-wide association (GWA) stud-
ies in complex diseases have been performed using sets of biallelic 
single nucleotide polymorphisms (SNPs), but the available CNV 
methods are still limited. We present a new method (TriTyper) that 
can infer genotypes in case-control datasets for deletion CNVs, or 
SNPs with an extra, untyped allele at a high-resolution single SNP 
level. By accounting for linkage disequilibrium (LD), as well as inten-
sity data, calling accuracy is improved. Analysis of 3,102 unrelated 
Caucasian individuals, genotyped using Illumina Infinium Bead-
Chips, resulted in the identification of 1,880 SNPs with a common 
untyped allele that are in strong LD with neighboring biallelic SNPs. 
Simulations indicate our method has superior power to detect asso-
ciations compared to biallelic SNPs that are in LD with these SNPs, 
yet without increasing Type I errors, as shown in a GWA analysis in 
celiac disease. Genotypes for 1,204 triallelic SNPs could be fully 
imputed, using only biallelic genotype calls, permitting association 
analysis of these SNPs in many published datasets. We estimate 
that 682 of the 1,655 unique loci reflect deletions; this is on aver-
age 99 deletions per individual, four times more than detected by 
other methods. Whilst the identified loci are strongly enriched for 
known deletions, 61% have not been reported before. Genes over-
lapping with these loci more often have paralogs (P = 0.006) and 
biologically interact with fewer genes than expected (P = 0.004).



Introduction

It has become apparent that copy number 
variation (CNV) accounts for a considerable 
amount of genetic variation1-5 and has been 
implicated as a causal mechanism for sever-
al disorders6-8. Specialized comparative ge-
nomic hybridization (CGH) arrays that con-
tain large-insert clones that hybridize to 
complementary DNA1; 5; 9; 10 have provided 
much insight into the properties of CNVs. 
These studies have shown that individuals 
usually carry many small deletion- and dupli-
cation CNVs that can be found with high 
population frequencies. 

Recently, much effort has been devoted to 
detecting CNVs using single nucleotide pol-
ymorphism (SNP) genotype data in both fa-
milial and unrelated samples2; 4; 11-19. An im-
portant resource so far has been the 
HapMap project20, in which over three mil-
lion SNPs have been typed for 270 sam-
ples. In addition, growing resources of gen-
otype data from oligonucleotide arrays that 
usually assay at least 300,000 SNPs have 
been generated for genome-wide associa-
tion (GWA) studies. Although there are 
technical challenges to detecting CNVs us-
ing these arrays21, various methods have 
been developed. Some have been designed 
to work on single samples13; 14; 17-19; 22, using 
similar principles as used for array CGH, 
while others take multiple samples jointly 
into consideration2; 4; 15; 22. The single sample 
methods typically require that multiple, con-
secutive (usually at least three) SNPs show 
deviations in the allele intensity signals. 
When multiple samples are analyzed togeth-
er, genotype calls, based on biallelic SNP 
assumptions, can provide circumstantial evi-
dence that CNVs span these SNPs. SNPs 
that map within common CNVs are expect-
ed to show deviations from Hardy-Weinberg 
equilibrium (HWE) and an increased 
number of missing genotype calls. If family 
data is present, a control for Mendelian seg-
regation is routinely performed. Usually this 
is done to determine genotyping accuracy, 
but if for a given SNP segregation inconsist-
encies are observed, these can also be 
caused by violations of the assumption that 
the SNP is biallelic: duplications, deletions, 
or the presence of a third allele at the locus 

that is not labeled by the assay, can all lead 
to observations of Mendelian inconsistency. 

One limitation of the available CNV detec-
tion methods is the resolution, as nearly all 
require that multiple consecutive SNPs 
show aberrant intensity characteristics4; 13; 

14; 16-19; 22. One method has a resolution as 
high as a single SNP15, but can only be ap-
plied to families. 

Here we describe a new genotype-calling 
method (‘TriTyper’ ) that can reliably detect 
deletions in unrelated samples that span 
only one SNP. Our algorithm detects SNPs 
with an extra, untyped allele (including dele-
tion CNVs encompassing these SNPs) us-
ing raw intensity data from Illumina® Infin-
ium HumapHap300 and HumanHap550 
BeadChip arrays23. Using TriTyper we identi-
fied 1,880 SNPs with a common extra allele 
(frequency > 0.5%) in a collection of 3,102 
DNA samples from individuals of Northwest 
European origin. Our method can accurately 
assign genotypes by utilizing local linkage 
disequilibrium (LD) with nearby SNPs1; 24; 25. 
We show that our procedure results in cor-
rect genotype assignments through a Men-
delian segregation analysis in Caucasian 
HapMap trios, where many segregation in-
consistencies, observed under biallelic-call-
ing assumptions, are resolved when triallelic 
genotypes have been assigned. Of the 
1,880 triallelic SNPs, 1,204 can be fully im-
puted from surrounding SNPs without the 
need to use raw intensity data. This is help-
ful when analyzing triallelic SNPs in publicly 
available and other datasets for which only 
genotype calls have been made available. 
We show how these triallelic genotypes can 
be used for association studies and that our 
test statistic shows no inflation in significant 
signals as exemplified in an analysis of celi-
ac disease. Yet, like other imputation meth-
ods26; 27, our method has superior power to 
detect true positive associations, when con-
trasted to an association analysis of nearby 
biallelic SNPs, used for imputing the triallel-
ic SNPs. The identified triallelic loci are 
strongly enriched for known deletions, but 
the majority of identified deletions have not 
yet been described. We support previous 
findings that genes, mapping within these 
deletions, more often have paralogs, but we 



3  48  –49

Figure 1
 Genotyping methodology for SNPs with a third, untyped allele

The graphs show the intensities of the A-labeled probe (x-axis) and B-labeled probe (y-axis) of 

both a theoretical SNP with an third, untyped allele (top figures) and a real SNP (rs7571895, 

bottom figures). a) Six genotypes for a triallelic SNP exist. The A0 and AA, and B0 and BB, gen-

otype clusters usually overlap somewhat. b) Initially 00 genotypes are assigned to samples that 

have an intensity lower than threshold a. The remaining samples are designated an initial A0/

AA, AB or B0/BB genotype using an existing calling algorithm. c) Parameter b is then used to 

discriminate between A0 and AA and between B0 and BB genotypes (see text). This allows for 

determining whether Hardy-Weinberg equilibrium is observed. d) Parameters a and b are then 

optimized (using a maximum likelihood estimation procedure) until the SNP does adhere to 

Hardy-Weinberg equilibrium conditions. e) Triallelic genotype assignments, based on the MLE 

procedure for SNP rs7571895, are shown. f) Subsequent analysis of neighboring SNPs results 

in the identification of biallelic SNP rs654797, which is in strong LD with the null-allele of 

rs7571895. Although LD does not seem to be perfect (r2<1) we assume this is likely due to im-

perfections in the initial genotype assignments, and that some of the haplotypes (indicated with 

an asterisk) are not actually present. This allows for identifying a set of triallelic genotype imputa-

tion rules that are applied to the data and result in g) improved genotype assignments for 

rs7571895, as is clearly visible when distinguishing C0 from CC samples (green arrow) and 00 

from A0 samples (black arrow).
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also found that the genes usually tend to in-
teract biologically with fewer genes than ex-
pected. By using TriTyper, more genetic in-
formation can be captured, triallelic SNP 
genotypes can be imputed, and interesting 
phenomena, including small deletion CNVs, 
can be detected in numerous case-control 
cohorts that have already been typed on oli-
gonucleotide platforms. 

Materials and Methods

Triallelic genotype-calling algorithm
Oligonucleotide assays, available for high-
throughput SNP genotyping, usually meas-
ure the intensities of two fluorescent labels 
that are attached to two known alleles, A 
and B. Throughout this paper these are 
plotted on the x-axis (intensitya) and y-axis 
(intensityb), respectively. When an extra, un-
typed allele (a ‘null’ or 0 allele) is present, 
up to six clusters (representing AA, AB, BB, 
A0, B0 and 00 genotypes) in the raw inten-
sity plot will become visible (fig. 1A). Usually 
these A0 and B0 clusters partly overlap with 
the AA and BB clusters, respectively, while 
the 00 cluster has a very low Euclidian in-
tensity. We refer to this as a “triallelic” pat-
tern or “triallelic” SNP. If the presence of 
this null-allele is not recognized, standard 
calling algorithms will typically call A0 and 
B0 genotypes as AA and BB respectively, 
and 00 genotypes as ‘failed’. Under biallelic 
assumptions, deviations from HWE are then 
likely to become apparent. 

We used these deviations under biallelic as-
sumptions as the basis for our triallelic gen-
otype-calling algorithm (TriTyper). TriTyper 
extends a biallelic genotype-calling algo-
rithm we have recently developed28 and 
models triallelic genotypes by using a maxi-
mum likelihood estimation (MLE) procedure 
that optimizes HWE under triallelic assump-
tions29 (fig. 1A-D, for details see appendix 
A). Another key aspect of our method is that 
it uses the presence of local LD between 
this null-allele and nearby biallelic SNPs1; 24; 

25 to gain evidence that the extra allele has 
been correctly identified. Once this has 
been established, it takes advantage of 
these biallelic SNPs to improve the triallelic 
genotype assignments by using a fairly 
straightforward imputation method (fig. 
1E-G, for details see appendix A) that bor-

rows some ideas from methods that impute 
genotypes for biallelic SNPs26; 27. This impu-
tation methodology often allows for accu-
rately discriminating between A0 and AA 
and between B0 and BB samples, which is 
particularly helpful as these clusters usually 
overlap somewhat (fig. 1G, green arrow). 

Datasets for triallelic SNP discovery
Initial analyses were performed on a cohort 
that comprised 1,422 unrelated control indi-
viduals28 from the 1958 British Birth Cohort 
that passed quality control (QC) and had 
been typed on the Illumina Infinium II Human 
Hap550 BeadChip platform for 571,738 
SNPs. To also detect triallelic SNPs with 
lower null-allele frequencies, we added 
three more cohorts. These included 778 un-
related UK celiac disease cases28, 450 un-
related Dutch controls30 and 472 unrelated 
Dutch amyotrophic lateral sclerosis cases30 
that all passed QC and had been typed on 
the Illumina Infinium II Human Hap300 
BeadChip platform for 317,503 SNPs. In 
this combined analysis 313,505 SNPs 
could be analyzed, as they were present on 
both the Hap300 and Hap550 platforms. 
20 samples (0.6%) showed aberrant inten-
sity signals for many of the triallelic SNPs 
and were removed from the analyses.

Association analysis
An analysis for marginal association effects 
on the biallelic SNPs used for imputation of 
the triallelic SNPs was performed as fol-
lows: analyses were confined to SNPs for 
which the null-allele was not in complete LD 
with a biallelic SNP, as for these SNPs Fish-
er’s Exact test for association would be 
identical to the association analysis of the 
triallelic null-allele. Only triallelic SNPs, 
where one biallelic SNP could help to dis-
criminate between A0 and AA genotypes 
and another biallelic SNP could help to dis-
criminate between B0 and BB genotypes, 
were included in the analysis.
 
To assess the marginal effect on the SNPs 
used for imputing the triallelic SNPs, three 
different scenarios of triallelic SNP associa-
tion (Fisher’s Exact test for the triallelic null-
allele of 10-4, 10-6 and 10-8) were simulated. 
For each triallelic SNP an equal number of 
controls and cases were chosen, but case 
and control labels were assigned in such a 
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way that association for the triallelic SNP 
yielded a Fisher’s exact P value for the null-
allele that approximated the P value of the 
scenario under investigation. This allowed 
for determining the marginal association ef-
fect on the two biallelic SNPs used for im-
puting each triallelic SNP. To gain accurate 
estimates this was repeated 100 times. 
Subsequently, for each triallelic SNP, the av-
erage marginal effect on the biallelic SNP 
that was associated most significantly was 
recorded. Once this was performed for all 
the triallelic SNPs, the median marginal ef-
fect could be determined for each scenario.

The triallelic SNP null-allele association 
analysis was performed on a celiac disease 
GWA dataset28 and was confined to those 
triallelic SNPs for which imputation could 
help to discriminate between both the A0 
and AA samples and between the B0 and 
BB samples. We did this as different arrays 
had been used to genotype cases and con-
trols. Although these arrays for most SNPs 
show highly comparable intensity character-
istics, for some SNPs subtle differences are 
present. When nearby biallelic SNPs can 
only help to discriminate between A0 and 
AA or between B0 and BB, spurious asso-
ciations are to be expected due to the way 
our calling algorithm initially discriminates 
between A0 and AA, and B0 and BB geno-
types. Because of the normally low frequen-
cy of the null-allele, a Fisher’s Exact test 
was performed for testing the association 
significance. Type I errors were ascertained 
by a quantile-quantile (Q-Q) plot, generated 
by plotting the observed ordered null-allele 
associations against the ordered expected 
associations. Then we fitted a line to the 
lower 90% of the distribution, of which the 
slope (λinflation) denotes either the inflation or 
deflation of the test statistic.

Segregation analysis
A segregation analysis was performed on 
16 CEU trios for which biallelic genotype 
data had been generated on the Illumina In-
finium II Human Hap650 platform (contain-
ing 660,918 SNPs). We chose this dataset 
since no genotypes for many of the identi-
fied triallelic SNPs were available in the 
Phase II release from HapMap; this was due 
to the fact that SNPs showing segregation 

inconsistencies in multiple trios were not in-
cluded in this release.

Triallelic SNPs were included for analysis if 
genotypes could be imputed based on the 
biallelic calls, thus without directly relying 
upon the raw intensity data, requiring that 
genotype calls for these SNPs and the bial-
lelic SNPs used for imputation were availa-
ble. Imputation allowed us to inspect visual-
ly whether the raw intensity data patterns 
corresponded well to the imputed genotype 
assignments. Subsequently, we used these 
imputed triallelic genotypes to assess how 
many of the Mendelian segregation incon-
sistencies observed under biallelic assump-
tions could be resolved. We took a conserv-
ative approach, because we did not score 
segregation inconsistencies in the analysis 
of the biallelic genotype calls in trios in 
which a genotype had not been called for 
either the mother or the father. 

Identity of untyped alleles
Various sources can result in the detected 
null-alleles within the identified triallelic 
SNPs. Deletion CNVs that span these 
SNPs will result in these triallelic intensity 
characteristics, while a previously unknown, 
third nucleotide at the physical position of 
the SNP gives the same results. Alternative-
ly, it is possible that within the immediately 
adjacent locus which is complementary to 
the 50 bp primer of the SNP (used in the Il-
lumina Infinium chemistry), there is a sec-
ondary polymorphism that affects the hy-
bridization efficacy of the primer and that 
will consequently result in the same triallelic 
pattern31. 

To discriminate between these three possi-
ble explanations, we investigated whether 
there was any evidence that these SNPs re-
side within deletion CNVs. If a deletion CNV 
is large enough to span multiple assayed 
SNPs, these SNPs should all show a triallel-
ic intensity characteristic. It is likely they will 
all be identified by our calling method, but 
some might be missed (Type II error). To 
overcome this, for each triallelic SNP we as-
sessed whether its neighboring SNPs 
showed characteristics suggesting the 
presence of a triallelic pattern. It is expected 
that if this is the case, a neighboring SNP 



(like the triallelic SNP) will show Euclidian 
intensities for the triallelic A0 and B0 sam-
ples that are significantly lower than the in-
tensities of the samples with a triallelic AA, 
AB or BB genotype. 

We first corrected for differences in probe 
intensity characteristics within these neigh-
boring SNPs through ranking the Euclidian 
intensities of the samples that had an AA 
genotype for the neighboring SNP and 
through ranking the Euclidian intensities of 
the samples that had a BB genotype for the 
neighboring SNP. We linearly scaled these 
two rankings to [0, 1] and assigned a value 
of 0.5 to samples that were heterozygous 
for the neighboring SNP. We then com-
pared the ranked intensities of the samples 
that had been assigned triallelic 00, A0 or 
B0 genotypes with the ranked intensities of 
samples with triallelic AA or BB genotypes, 
and required that ranked intensities of the 
00, A0 and B0 samples were significantly 
lower (one-sided Wilcoxon-Mann-Whitney 
test P value < 10-5). We then called geno-
types under biallelic assumptions for the 
neighboring SNP. We also required that 
loss-of-heterozygosity (LOH) was observed 
(Fisher’s Exact test P value < 0.01) in the 
samples that had been assigned 00, A0 or 
B0 genotypes for the triallelic SNP. Howev-
er, we only tested for this if the minor allele 
frequency of the neighboring SNP was high 
enough, such that in a theoretical situation 
where no AB samples were present, the 
LOH Fisher’s Exact test P value would be 
below 0.001.

We first performed this analysis for the im-
mediately adjacent SNPs and then moved 
further to the left and right, continuing as 
long as the above conditions applied. As the 
A0 and AA clusters and B0 and BB clusters 
usually overlap somewhat, we reasoned that 
if a deletion spans several SNPs, a better 
separation between A0 and AA samples 
and between B0 and BB samples would be 
obtained if we averaged the ranked intensi-
ties of these SNPs per sample. We applied 
this as an extra criterion for determining how 
far a deletion is likely to extend. Apart from 
the above criteria, we also required that, 
when we included more neighboring SNPs 
to the left and right of the triallelic SNP, the 

averaged ranked intensity differences be-
tween the samples with an A0 or B0 geno-
type and the samples with an AA and BB 
genotype should consistently become more 
significant.

These criteria meant we could determine 
the locus size for each fitted triallelic SNP. 
Immediately overlapping and adjacent loci 
were concatenated, resulting in loci that 
ranged in size between one SNP and loci 
that contained multiple fitted SNPs and/or 
neighboring SNPs that showed aberrant in-
tensity characteristics and LOH.

To identify SNPs for which the observed tri-
allelic intensity characteristic was due to a 
polymorphism in the primer region, we de-
rived the physical genomic positions where 
the 50 bp primers anneal and determined 
whether more polymorphisms had been de-
scribed within these loci in dbSNP (build 
127). All analyses were performed on the 
NCBI build 36 genome assembly. 

All the triallelic loci identified were catego-
rized into loci that contained multiple con-
secutive triallelic SNPs, loci that contained 
one SNP for which no polymorphisms within 
the primer were known, and loci that con-
tained one single triallelic SNP and for 
which a primer polymorphism was known.

Resequencing
We selected 23 triallelic SNPs for rese-
quencing. Two were selected to corroborate 
our prediction that the null-allele for these 
was caused by primer polymorphisms. An 
additional 21 triallelic SNPs were selected 
to get an estimate of what proportion of the 
identified null-alleles reflects primer poly-
morphisms and what proportion reflects de-
letions. To assess the quality of the geno-
type predictions, we selected triallelic SNPs 
with different inferred genotype qualities. 
We selected samples for all six genotypes 
when possible. Primers were designed such 
that we PCR amplified approximately 500 
base pairs around the triallelic SNPs. On 
average nine samples were sequenced per 
SNP. Sequencing was performed according 
to standard protocols on an ABI 3730 (Ap-
plied Biosystems) sequencer. 
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Genomic properties of triallelic loci
Ensembl32 version 41.36c was used for an-
notation purposes and mapping of gene 
identifiers to Ensembl gene names. The size 
of each identified locus was defined by tak-
ing the physical distance between the two 
immediate biallelic SNPs that enclosed it. 
The significance of under- or overrepresen-
tations for each of the various genomic 
properties was empirically determined by 
permuting all loci across the genome 1,000 
times, through defining the loci randomly 
around SNPs that were present on the Illu-
mina Hap550 chip and ensuring that the 
size of these permuted loci was equal to the 
real distribution. Known deletion CNVs were 
derived from the Database of Genomic Vari-
ants3 (March 2007 release, NCBI build 36 
mapping). Enrichment of the loci for these 
deletions was assessed by determining how 
many loci overlapped with known deletion 
CNVs and by fitting an extreme value distri-
bution (EVD) on the permuted loci using the 
EVD add-on package33 to R (R Develop-
ment Core Team 2003, version 2.4.1). The 
Online Mendelian Inheritance in Man34 mor-
bid map (downloaded on 6 December 
2006) was used for the enrichment analysis 
of disease genes that overlapped with our 
loci. Enrichment analysis of genes with 
known paralogs was determined empirically 
by deriving all known paralogs from Ensem-
bl and assessing whether the number of 
genes that overlapped with the identified 
loci with known paralogs was higher than 
within the permutations. Known biological 
interactions were derived from KEGG35, Bi-
oGrid36, Reactome37, BIND38, HPRD39 and 
IntAct40 (all downloaded on 17 April 2007). 
Interaction depletion analysis for the genes, 
overlapping with the identified loci, was de-
termined by contrasting the distribution of 
the number of interactions (‘degree’) for 
each of these genes against the distribution 
of the degree of the genes that were 
present within the 1,000 permutations, us-
ing a Wilcoxon-Mann-Whitney test.

Results

Identification of 1,880 triallelic SNPs
TriTyper initially determines which SNPs 
show deviation from HWE under biallelic as-
sumptions, which provides evidence that an 
extra, untyped allele might be present for 

these SNPs (see figure 1A and details in 
appendix A). For these SNPs we tried to fit 
‘triallelic’ genotypes (fig. 1A, see details in 
appendix A). Initially we used parameter a 
to identify a putative set of samples with 00 
genotypes, and assigned preliminary A0/
AA, AB and B0/BB genotypes to the re-
maining samples (fig. 1B). We used param-
eter b to distinguish both between A0 and 
AA samples and between B0 and BB sam-
ples (fig. 1C). By adjusting a and b, and us-
ing a maximum likelihood estimation proce-
dure, we could then find a triallelic genotype 
assignment where HWE was observed (fig. 
1D). We then looked for circumstantial evi-
dence that this untyped allele had been cor-
rectly identified (fig. 1E) by searching near-
by biallelic SNPs that are in near perfect LD 
with this null-allele (fig. 1F). As some of the 
initially assigned genotypes might be incor-
rect, we can use this LD to improve upon 
the triallelic genotyping through imputation 
(fig. 1G, green and black arrows) (see de-
tails in appendix A). 

By applying this algorithm to 1,417 unrelat-
ed UK controls, genotyped for 571,738 
SNPs (Illumina Human Hap550 array), we 
identified 1,535 triallelic SNPs (median null-
allele frequency = 8.6%). To be able to de-
tect triallelic SNPs with a lower null-allele 
frequency we increased the sample size to 
3,102, by adding 768 unrelated UK celiac 
patients, 445 unrelated Dutch controls, and 
472 unrelated Dutch amyotrophic lateral 
sclerosis patients. As these samples had 
been typed on the Illumina Human Hap300 
array, this analysis was restricted to the 
313,505 SNPs that were present on both 
array types. We identified 958 triallelic 
SNPs, of which 345 (median null-allele fre-
quency = 4.7%) had not been identified in 
the smaller cohort. Cluster plots of all 1,880 
triallelic SNPs are available on the TriTyper 
website.

The presence of LD between these null-alle-
les and nearby biallelic SNPs provides 
strong evidence that an untyped allele has 
been correctly identified for these triallelic 
SNPs. In addition, once the presence of this 
LD had been established we utilized it to 
partly impute the triallelic genotypes. For 
1,204 (64%) of the 1,880 triallelic SNPs, 
imputation is capable of discriminating both 



between A0 and AA and between B0 and 
BB samples. In these cases biallelic geno-
type calls suffice to infer these ‘fully imputa-
ble’ triallelic genotypes. This allows for per-
forming association analysis of triallelic 
SNPs in GWA studies for which only biallel-
ic genotype calls have been made publicly 
available41; 42, or when different genotyping 
assays have been used.

To assess how well imputation functions 
when only biallelic genotype calls and no 
raw intensity data were available, we per-
formed a Mendelian segregation analysis on 
genotype data from 16 CEU trios. For these 
samples biallelic genotype calls were availa-
ble for 1,153 (96%) of the 1,204 fully imput-
able triallelic SNPs (see “Material and Meth-
ods” section). 431 (37%) SNPs showed 
segregation inconsistencies under biallelic 
assumptions. When imputing triallelic geno-
types, this decreased to 319 (28%). This in-
dicates that some segregation inconsisten-
cies can indeed be resolved. We reasoned 
that if the LD was high between the null-al-
lele and the biallelic SNPs used for imputa-
tion, the genotypes should mostly be cor-
rect and would resolve most of the 
observed segregation inconsistencies. To 
assess this we confined the analysis to 
those triallelic SNPs in our cohort for which 
the observed concordance between the 
preliminary triallelic genotypes determined 
and the subsequently imputed triallelic gen-
otypes was at least 90%. Of these 596 tri-
allelic SNPs, 257 (43%) showed Mendelian 
segregation inconsistencies when called 
under biallelic assumptions, compared to 
60 (10%) when using the imputed triallelic 
genotypes (individual segregation plots are 
available at the TriTyper website). This im-
plies that for the great majority of the identi-
fied SNPs, an extra allele has indeed been 
typed but that most of these triallelic geno-
types can be correctly imputed when the LD 
is sufficiently high. Additionally, the con-
cordance between the preliminary assigned 
triallelic genotype and eventually imputed 
genotypes serves as a quality statistic 
measure of the triallelic genotype calling.

Association analysis
As most GWA studies aim to identify new 
susceptibility loci for diseases, it is essential 
that accurate association analysis can also 

be performed on the triallelic SNPs identi-
fied. We first investigated whether such an 
analysis has higher statistical power than an 
analysis of biallelic SNPs that are in LD with 
these triallelic SNPs, as we expected some 
marginal effect on these nearby biallelic 
SNPs to be observed as well. To assess the 
strength of this marginal effect, we simulat-
ed null-allele associations for 600 triallelic 
SNPs under three association scenarios 
(Association P = 10-4, P = 10-6 and P = 10-8, 
see Material and methods section). For 
each scenario, case and control labels for 
each triallelic SNP were assigned in such a 
way that the association P value for the null-
allele of this SNP approximated the P value 
of the scenario under investigation. Then the 
association strength of the SNPs used for 
imputation purposes could be determined 
(fig. 2A). The median marginal effect was 
3*10-3, 3*10-4, 2*10-5 for the three scenari-
os, respectively, indicating that marginal ef-
fects on the SNPs used for imputation are 
usually present, but much weaker than for 
the imputed triallelic SNP. It can thus be 
concluded that the statistical power to de-
tect associations for the null-alleles of these 
triallelic SNPs is considerably higher than 
an analysis of the biallelic SNPs that are in 
LD with them.

We performed a celiac disease association 
analysis on the triallelic SNPs identified in 
the dataset28 that comprised 1,417 UK con-
trols and 768 celiac disease cases. Celiac 
disease is a common (1% prevalence), in-
flammatory condition of the small intestine 
induced by intake of gluten in wheat, rye 
and barley. Most of the heritability is ex-
plained by the human leukocyte antigen 
(HLA) component43, as the majority of indi-
viduals with celiac disease possess HLA-
DQ2 (and the remainder mostly have HLA-
DQ8)44. Recently, we identified additional 
susceptibility loci in a GWA study28; 45; 46, in 
which we performed an association analysis 
on 585 fully imputable triallelic SNPs (see 
Material and methods section). The results 
(fig. 2B) indicate that an association analy-
sis on these triallelic SNPs does not lead to 
inflated test statistics, as λinflation = 0.96 
when calculated on the lower 90% of the 
distribution (λinflation = 1.08 when calculated 
with all test statistics). This suggests that 
our imputation methodology prevents spuri-
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Association analysis using triallelic SNPs and marginal effect on SNPs, used 

for imputation

a) Marginal association signals of SNPs, used for imputing triallelic SNPs, with disease. Fixed 

associations for the null-allele of 600 triallelic SNPs were defined in such a way that each of the 

triallelic SNPs approximated a Fisher’s Exact Test P value of 10-4, 10-6 or 10-8. We then assessed 

whether a marginal association signal was present within the SNPs that had been used to im-

pute the triallelic genotypes. The median marginal effect and the cumulative distribution of the 

marginal association P value for each of these SNPs are shown, ranked on significance (see text 

for details). b) Quantile-Quantile plot of observed versus expected P values in a triallelic SNP 

null-allele association analysis in celiac disease, where cases and controls had been typed on 

different platforms. Eight triallelic SNPs with a Fisher’s Exact Test P value < 0.01 are indicated. 

The λinflation factor is 0.96, suggesting no inflation of the test statistic. Three SNPs map within the 

major histocompatibility complex region (indicated in red).
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ous associations, which is quite encourag-
ing since the cases and controls had been 
typed on different arrays (Illumina Human 
Hap300 versus Illumina Human Hap550). 
Eight triallelic SNPs showed a Fisher’s Ex-
act test P value below 0.01 (table 1). When 
we expanded the control cohort by adding 
445 Dutch controls, all eight SNPs retained 
a P value < 0.01. Three of these (rs743862, 
rs6925912 and rs2517713, marked red in 
figure 2B) map within or very close to the 
major histocompatibility complex (MHC) 
that is highly polymorphic, has extended LD, 
and contains the strongly associated HLA-
DQA1 and HLA-DQB1 genes. As such, 
these null-alleles probably reflect nearby 
polymorphisms (located on a celiac disease 
associated haplotype) that affect the an-
nealing of the triallelic SNP primers. Based 
on dbSNP (build 127), this is known to be 
the case for rs743862 (rs28366194 at 
+1bp) and rs2517713 (rs9260378 at +3 
bp). Although such a secondary ‘primer pol-
ymorphism’ is not known for rs6925912, 
this cannot be excluded as the MHC is 
highly polymorphic. For the remaining five 
triallelic SNPs there is little evidence for 
their potential involvement in celiac disease, 
with the notable exception of rs170037. This 
SNP maps within a known susceptibility lo-
cus (CELIAC2 on 5q31-33) that has been 
identified in independent linkage studies47-49 
and was significantly linked in a meta-analy-
sis of four populations50. It maps in an intron 
of the colony stimulating factor 1 receptor 
(CSF1R) that is involved in monocyte to 
macrophage differentiation and innate im-
munity51. For CSF1R some weak associa-
tion has also been reported with Crohn’s 
disease52, another inflammatory gastrointes-
tinal disorder for which molecular mecha-
nisms, comparable to celiac disease, have 
been implicated46. 

It is relevant to note that if the null-allele it-
self is not associated with disease, but the 
A or B alleles are, biallelic assumptions will 
result in either an over- or underestimation 
of the effect, depending on whether the ef-
fect is dominant or recessive, respectively 
(see details and figure 5). While these trial-
lelic SNPs are usually excluded from biallel-
ic association analyses, due to observed 
HWE deviations, it is possible these devia-
tions remain under the threshold used (usu-

ally in GWA studies an Exact HWE P value 
< 0.0001 is used to exclude SNPs from 
subsequent association analysis28). This is 
likely to be the case if the sample size is 
small, indicating that when associations are 
observed for any identified triallelic SNP un-
der biallelic assumptions, one should pro-
ceed with caution.

Identity of null-alleles
The detected null-alleles within the 1,880 
triallelic SNPs can originate from different 
sources. These SNPs might map within de-
letion CNVs, which will result in the ob-
served triallelic intensity characteristics, but 
the null-allele might also reflect an unknown, 
third nucleotide at the physical position of 
the SNP (e.g. an A/C SNP in fact is an 
A/C/G SNP). Another explanation could be 
that, within the immediately adjacent locus 
that is complementary to the 50 bp primer 
of the SNP, a secondary polymorphism is 
present that affects the hybridization effica-
cy of the primer and consequently results in 
the same triallelic pattern31. To gain insight 
into these classes, non-overlapping loci 
(see fig. 3 and table 2) were defined by con-
catenating immediately adjacent triallelic 
SNPs. 208 of the SNPs that were immedi-
ately adjacent to the triallelic SNPs, but 
which had not been deemed triallelic, were 
also added because they showed aberrant 
intensity characteristics and loss of hetero-
zygosity (see the Materials and methods 
section). This resulted in the identification of 
1,655 different loci in total.

145 loci spanned multiple adjacent SNPs, 
which suggests these loci reflect deletions 
and this is supported by an analysis of the 
Database of Genomic Variants. 77 (53%) 
were already known to be deletions in this 
database, which is much more than 
expected (Extreme Value Distribution P 
value < 10-50).

For the remaining 1,510 loci that contained 
only one SNP, the origin of the extra allele 
was less obvious: one explanation could be 
that polymorphisms map within the locus 
that is complementary to the 50 bp primer 
of the SNP, affecting the hybridization effi-
cacy of the primer and resulting in this trial-
lelic pattern. These primer polymorphisms 
were observed in 437 (29%) of these loci 
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Triallelic SNP Chr. Position (bp)
Overlapping genes 
(nearby genes)

Null-allele 
frequency UK 
cases

Null-allele frequency
UK controls

Null-allele 
frequency Dutch 
controls

Association P 
value UK samples 
(Fisher’s Exact Test)

Allele frequency P value of 
SNPs used for imputation on 
UK samples (1df c2 test)

rs743862 † 6 32,489,917 (BTNL2, HLA-DRA) 12.5% 8.4% 6.3% 2.02 x 10-5 rs9501626
rs3817963 

0.013
2.63 x 10-10

rs10050856 † 5 23,407,397 (PRDM9) 13.5% 9.6% 10.8% 1.40 x 10-4 rs10038792 
rs3924616 

0.274
0.0978

rs10738290* 9 12,730,906 (TYRP1, C9orf150) 3.5% 5.8% 5.8% 5.86 x 10-4 rs970946 
rs391858 

0.863
0.002

rs6925912 6 26,084,906 TRIM38 12.0% 15.8% 15.8% 6.10 x 10-4 rs199750 
rs199741 

9.09 x 10-6

1.70 x 10-4

rs170037 5 149,420,837 CSF1R 4.9% 7.5% 6.1% 8.58 x 10-4 rs216148 0.028

rs9389124 6 134,355,478 TBPL1,SLC2A12 4.4% 6.5% 6.0% 0.0034 rs6902440 0.017

rs2517713 † * 6 30,026,078 HLA-A 2.7% 4.4% 5.8% 0.0061 rs2860580
rs2256902 

1.11 x 10-16

0.005

rs1468190 16 13,265,389 (ERCC4) 17.3% 20.7% 21.0% 0.0074 rs10492781 0.004

Italic SNPs mapping within major histocompatibility complex (MHC) 

† Known polymorphism present within the primer of SNP (dbSNP, build 127)

* Known deletion locus (Database of Genomic Variants, March 2007 release)

Table 1   Triallelic SNPs with null-allele, associated with celiac disease (P < 0.01)



Triallelic SNP Chr. Position (bp)
Overlapping genes 
(nearby genes)

Null-allele 
frequency UK 
cases

Null-allele frequency
UK controls

Null-allele 
frequency Dutch 
controls

Association P 
value UK samples 
(Fisher’s Exact Test)

Allele frequency P value of 
SNPs used for imputation on 
UK samples (1df c2 test)

rs743862 † 6 32,489,917 (BTNL2, HLA-DRA) 12.5% 8.4% 6.3% 2.02 x 10-5 rs9501626
rs3817963 

0.013
2.63 x 10-10

rs10050856 † 5 23,407,397 (PRDM9) 13.5% 9.6% 10.8% 1.40 x 10-4 rs10038792 
rs3924616 

0.274
0.0978

rs10738290* 9 12,730,906 (TYRP1, C9orf150) 3.5% 5.8% 5.8% 5.86 x 10-4 rs970946 
rs391858 

0.863
0.002

rs6925912 6 26,084,906 TRIM38 12.0% 15.8% 15.8% 6.10 x 10-4 rs199750 
rs199741 

9.09 x 10-6

1.70 x 10-4

rs170037 5 149,420,837 CSF1R 4.9% 7.5% 6.1% 8.58 x 10-4 rs216148 0.028

rs9389124 6 134,355,478 TBPL1,SLC2A12 4.4% 6.5% 6.0% 0.0034 rs6902440 0.017

rs2517713 † * 6 30,026,078 HLA-A 2.7% 4.4% 5.8% 0.0061 rs2860580
rs2256902 

1.11 x 10-16

0.005

rs1468190 16 13,265,389 (ERCC4) 17.3% 20.7% 21.0% 0.0074 rs10492781 0.004

(table 2), which is considerably higher than 
expected, as secondary polymorphisms are 
known within the primer region for 85,045 
(16%) of the 550,123 Human Hap550 
SNPs with known mapping (Fisher’s Exact 
Test P value < 10-18). Interestingly, when as-
sessing how far these primer polymor-
phisms map away from the triallelic SNP, the 
two distributions showed a markedly differ-
ent distribution (see figure 6). Primer poly-
morphisms were usually much closer to the 
investigated triallelic SNP compared to the 
distribution of the other SNPs with known 
primer polymorphisms (Wilcoxon Mann-
Whitney P value < 10-76). This implies that 
primers on the Illumina platform usually tol-
erate polymorphisms well, as long as these 
do not map too close (> 10 bp) to the SNP 
to be typed. 

For the 1,073 loci without known primer pol-
ymorphisms, we observed a strong enrich-
ment of deletions, known in the Database of 
Genomic Variants, as 136 (13%) had been 
reported in this database (Extreme Value 
Distribution P value < 10-50). Earlier esti-
mates show that 50%31 to 60%5 of these 
loci reflect deletions. This suggests we have 
detected at least 682 small-deletion CNV 
regions (assuming 50% of the 1,073 loci re-
flect deletions and adding the 145 multiple 
SNP loci). With an observed median null-al-
lele frequency of 7.6% for these loci, this 
suggests we have identified 99 deletions 
per individual on average. A negative bino-
mial distribution fits the observed allele fre-
quency distribution (fig. 4B) well. An expo-
nential distribution fits the observed triallelic 
locus size distribution (fig. 4A, median size 
= 7,290 bp), supporting previous observa-
tions that small CNVs strongly outnumber 
larger ones4; 53. 

Resequencing
We resequenced 23 triallelic SNPs to as-
sess the predicted proportion of deletions 
among the identified triallelic SNPs (table 
3). For two triallelic SNPs (rs13213842 and 
rs7678151) we confirmed that the observed 
null-allele was indeed due to a primer poly-
morphism. For the other 21 triallelic SNPs 
we observed that the null-allele reflects a 
primer polymorphism in ten SNPs. Small de-
letions were identified in two SNPs 
(rs7822381 and rs2486674). For the other 
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Figure 3
Overview of 1,655 triallelic loci  identified on autosomes and chromosome X 

Immediately to the left of each chromosome are depicted all the SNPs present on the Illumina 

Human Hap550 platform. CNVs known in the Database of Genomic Variants are shown to the 

right of each chromosome. Next to this the triallelic loci are shown where the length of each bar 

denotes the null-allele frequency. Metallic indicates a single triallelic SNP locus, red a locus in 

which multiple adjacent triallelic SNPs have been identified, and grey indicates a single triallelic 

SNP locus for which polymorphisms are known within the region complementary to the primer 

of the triallelic SNP (dbSNP build 127, March 2007 release).
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Initial dataset 3,102 samples: 2,185 UK (1,417 on Hap550; 768 on Hap300), 917 Dutch (Hap300)

Identified triallelic 
SNPs

1,880

Identified loci 1,655 (Immediate adjacent triallelic SNPs have been concatenated in a single locus)

Locus size 1 triallelic SNP (1,510 Loci) Loci with ≥2 adjacent 
triallelic SNPs (145 loci)

No known primer 
polymorphism

Known primer 
polymorphism

Multiple triallelic SNPs within 
locus

 Possible origin of null-allele: 
- Primer polymorphism
- Deletion
- Extra allele

Origin of null-allele: 
- Primer polymorphism

Probable origin of null-allele:
- Deletion

Number of loci 1073 437 145

Overlap with known 
CNV deletions

 (Enrichment P<10-50) 136 50 (Enrichment P < 10-50) 77 

No. of unique 
Ensembl genes

490 216   (Enrichment P = 0.035) 105 

No. of loci that contain 
Ensembl genes

485 207 (Depletion P = 0.013) 59 

Median nr of 
interactions of 
Ensembl genes

1 1 (Depletion P = 0.004) 0 

No. of genes with 
paralogs

359 140 (Enrichment P = 0.006) 84 

No. of OMIM 
disease genes

63 30  10

Enriched cytogene-tic 
bands (P < 0.05)

2q, 3p, 6p 6p, 8p, 22q 5p, 8p

Table 2   Overview of the genomic properties of identified triallelic SNPs



nine triallelic SNPs, no primer polymorphism 
was identified. Additionally, for the samples 
for which we had predicted a homozygote 
deletion, no product was observed, sug-
gesting these reflect deletions that are big-
ger than the loci we had amplified. These re-
sults support our estimate that 
approximately 50% of the triallelic SNPs 
represent deletions. We also assessed how 
well the predicted genotypes correspond to 
the resequenced genotypes. Seventeen 
SNPs showed perfect concordance, while 
for six SNPs this was not the case. Howev-
er, for each of these SNPs, the predicted 
quality of genotype inference (based on the 
concordance between the preliminary trial-
lelic genotypes and imputed genotypes) 
was lower than 0.90, suggesting that geno-
types are usually well inferred for triallelic 
SNPs that have a concordance value over 
0.90 (table 3, indicated by the black hori-
zontal bar).

Genomic properties
To gain insight into the enrichment or deple-
tion of certain genomic features within these 
loci, we analyzed the three triallelic locus 
categories separately (table 2, if enrich-
ments and depletions P value was below 
0.05, these are indicated). Fewer multiple-
SNP loci than expected contained genes 
(Empiric P value = 0.013), but when the loci 
contained genes, the number of genes was 
higher than expected (Empiric P value = 
0.035). No depletion or enrichment for 
these measures was observed in the two 
other classes of loci. It has been demon-
strated that genes within CNVs have more 
paralogs than expected54. We also ob-
served this for the multiple SNP loci (Empir-
ic P = 0.006), but not for the other two loci 
classes. As genes within known deletions 
tend to be buffered by paralogs that usually 
have quite similar functions, it is likely that 
genes within these CNVs are biologically 
less important. To assess this in a different 
way, we investigated the number of known 
interactions these genes have, as various 
studies have shown36; 55; 56 that essential 
genes tend to have more interactions than 
non-essential genes. We assessed this by 
analyzing a collection of 80,350 known bio-
logical interactions (see Material and meth-
ods section), and indeed observed for the 
genes within the multiple SNP loci that the 

number of interactions they have is usually 
significantly less than expected (Wilcoxon-
Mann-Whitney P value = 0.004). In addition, 
various cytogenetic arms (2q, 3p, 5p, 6p, 
8p, and 22q) were enriched for triallelic loci 
(Empiric P value < 0.05).

Summary statistics for the 1,880 triallelic 
SNPs are provided as supplementary data. 
TriTyper is freely available for downloading 
from the author’s website, along with Java 
source code. It provides functionality for 
discovering triallelic SNPs in datasets 
where raw intensity data is available. When 
only biallelic genotype calls are available, 
TriTyper allows for imputing triallelic geno-
types for 1,204 triallelic SNPs of the 1,880 
SNPs we have identified in this study. After 
assigning triallelic genotypes, TriTyper can 
perform association analysis. 

Discussion

In this paper, we have described a method 
(TriTyper) that uses raw intensity data from 
the Illumina genotyping platform to identify 
SNPs with an extra untyped, but common 
allele. Our method is the first to our knowl-
edge to do this in case-control datasets by 
utilizing the pretablesence of local LD to im-
prove genotype assignments. Through this 
approach we identified 1,880 triallelic 
SNPs, and for 1,204 of these the LD pat-
terns permitted inferring the triallelic geno-
types without needing access to raw inten-
sity data. This enables association analyses 
on these SNPs in Caucasian datasets that 
have similar LD patterns, but for which only 
genotype calls have been made available, or 
those that have been generated using com-
pletely different platforms. 

By using the triallelic genotype calls from 
TriTyper, highly robust association analyses 
can be performed. We have shown this in a 
triallelic null-allele association analysis in ce-
liac disease, where cases had been run on 
a different type of array than that used for 
the controls, and we saw no inflation of the 
test statistic. Simulations indicate that our 
method has superior power to detect these 
associations, compared to an association 
analysis on the biallelic SNPs that are in LD 
and have been used to infer the triallelic 
genotypes. The triallelic SNPs identified 
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SNP
Known primer 
polymorphism

Genotyped samples 
(predicted inferred genotypes)

Predicted 
Reliability 
Statistic Observed origin of null allele

Resequenced discordant 
genotypes (explanation)

rs10504729 -   6  (1 A0, 1 AA, 1 AG, 2 G0, 1 GG) 0.66 Primer polymorphism (C/T, -1 bp) 0

rs2675899 * - 10  (2 A0, 2 AA, 2 CA, 2 C0, 2 CC) 0.71 Probably deletion 0

rs13213842 rs35678510, A/G, +1 bp   8  (1 A0, 1 AA, 2 AG, 2 G0, 2 GG) 0.71 Primer polymorphism (A/G, +1 bp) 1 (G0 > GG)

rs3131755 -   5  (1 A0, 1 AA, 1 B, 2 BB) 0.75 Primer polymorphism (T/G, +4 bp) 0

rs195738 - 12  (1 00, 4 A0, 1 AA, 4 G0, 1 GG) 0.79 Probably deletion 2 (A0 > AA)

rs8053391 * -   4  (2 A0, 1 AA, 1 GG) 0.81 Primer polymorphism (C/G, +4 bp) 0

rs7678151 rs28542567, A/G, -3 bp 11  (1 00, 2 A0, 2 AA, 2 AG, 2 G0, 2 GG) 0.83 Primer polymorphism (A/G, -3 bp) 1 (G0 > GG)

rs2871198 * - 10  (4 A0, 1 AA, 1 AG, 3 G0, 1 GG) 0.86 Probably deletionw 0

rs9355606 -   6  (1 A0, 1 AG, 2 G0, 2 GG) 0.86 Probably deletion 0

rs495991 -   4  (2 G0, 2 AG) 0.86 Primer polymorphism (C/G, -1 bp) 1 (G0 > GG)

rs10510312 -   6  (3 G0, 1 GG, 2 AG) 0.87 Primer polymorphism (A/C, -1 bp) 1 (G0 > GG)

rs2486674 - 18  (9 A0, 1 AA, 1 AG, 6 G0, 1 GG) 0.88 Deletion (TGAGTATAGTAdel>AGTTTins/+) 5 (3 A0 > AA, 2 G0 > GG)

rs11834116 -   4  (1 AA, 1 A0, 1 AG, 1 G0) 0.91 Primer polymorphisms (C/T, -8 bp, A/G, + 1bp) 0

rs7083969 -   9  (1 A0, 1 AA, 1 AG, 5 G0, 1 GG) 0.92 Probably deletion 0

rs7083969 - 11  (6 A0, 1 AA, 1 AG, 3 G0, 1 GG) 0.92 Probably deletion 0

rs1109374 -   4  (1 A0, 1 AA, 1 AG, 1 GG) 0.92 Primer polymorphism (C/T, +3 bp) 0

rs9361448 - 14  (1 00, 5 A0, 1 AA, 1 AC, 5 C0, 1 CC) 0.94 Probably deletion 0

rs11533655 * - 15  (2 00, 5 A0, 1 AA, 1 AG, 5 G0, 1 GG) 0.95 Probably deletion 0

rs2254039 -   6  (3 G0, 2 GG, 1 AG) 0.95 Primer polymorphism (C/T, -1 bp) 0

rs2894386 * - 17  (2 A0, 8 AA) 0.95 Primer polymorphism (C/T, -4 bp) 0

rs7133541 - 10  (5 A0, 1 AA, 1 AG, 2 G0, 1 GG) 0.96 Probably deletion 0

rs7822381 - 18  (4 A0, 7 AA, 5 AG, 2 G0) 0.97 Deletion (1bp deletion in primer) 0

rs1551821 -   6  (3 A0, 2 AC, 1 AA) 0.98 Primer polymorphism (A/C, +1 bp) 0

Total - 2 known primer polymorphisms 
  - 10 previously unknown primer polymorphisms
  - 11 probably deletions

* Known deletion locus (Database of Genomic Variants, March 2007 release)

Table 3   Resequencing results of triallelic SNPs
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also have ramifications for association anal-
yses that are based on biallelic assump-
tions. If, for any of the triallelic SNPs, the 
null-allele is not associated but the A and B 
alleles are, the real effect of the association 
will be over- or underestimated, depending 
on a dominant or recessive model, 
respectively.

The reported associations in celiac disease 
did not survive multiple testing when we as-
sumed hundreds of thousands of biallelic 
association tests have already been per-
formed in a GWA analysis. These findings, 
however, do provide new hypotheses for fur-
ther replication in independent cohorts.

The identity of each of the triallelic SNPs 
identified remains to be established. We ob-
served that 437 triallelic SNPs showed a tri-
allelic pattern because of a polymorphism in 
the region of the primer, usually within 10 bp 
from the target SNP (see figure 6). This arti-
fact should serve as a warning for all oligo-
nucleotide-based assays and we urge re-
searchers to validate putative CNVs with 
different techniques. For the remaining 
1,218 unique loci (where immediately adja-
cent triallelic SNPs had been concatenat-
ed), we observed a strong enrichment for 
deletions, known in the Database of Ge-
nomic Variants. We estimate that, of these 
loci, 682 reflect deletions, suggesting that 
on average 99 deletion CNVs per individual 
were identified. This is approximately four 
times more than what has been found by 
other methods using identical oligonucle-
otide arrays (between 10 and 27 CNVs on 
average per individual1; 14; 22). The high-reso-
lution of our method and the fact that we 
take LD into account probably explain this 
difference. 

Loci that contained multiple SNPs over-
lapped with fewer genes than expected, al-
though the total number of genes for these 
loci was higher than expected. Comparable 
analyses1; 54 conflict with each other, which 
warrants further clarification. As shown be-
fore54, genes within these loci have paralogs 
more often than expected (P value = 
0.006). We are the first to our knowledge to 
show that the genes within these loci also 
biologically interact with significantly fewer 
genes than expected (P value = 0.004).

Various avenues for extending TriTyper can 
be envisaged. A drawback of our current im-
putation methodology is that we assume 
certain haplotypes have a zero frequency, 
which might not reflect the reality due to 
lower LD than assumed. Therefore, for some 
of the triallelic SNPs it is likely some of the 
imputed genotypes will be incorrect. Con-
sequently, an association analysis using im-
puted triallelic genotypes will have lower 
statistical power compared to an ideal situa-
tion, where accurate triallelic genotypes 
would be available. We argue this sacrifice 
in calling accuracy and power due to impu-
tation is acceptable, since it considerably 
reduces Type I errors in association testing. 
If different platforms or batches have been 
used for genotyping and cases and controls 
are not evenly spread28 over these, spurious 
associations are to be expected due to the 
way our calling algorithm initially discrimi-
nates between A0 and AA, and B0 and BB 
genotypes. If these genotypes can be im-
puted using nearby biallelic SNPs, false-
positive associations will be prevented. Al-
though highly sophisticated imputation 
algorithms have been described for biallelic 
SNPs26; 57, it is not straightforward to use 
these to resolve this issue. This is mostly 
due to the fact that we currently cannot rely 
upon phased haplotypes from HapMap, be-
cause all the SNPs within HapMap have 
been called under biallelic assumptions. An-
other complication is the difficulty to esti-
mate r2 and to interpret D’ if the number of 
alleles between two markers differ58; 59. 
However, we expect that by incorporating 
some of the concepts underlying these bial-
lelic imputation methodologies, the accura-
cy of the imputed triallelic genotypes can be 
improved. 

Currently, TriTyper can only detect SNPs 
with a common extra but untyped allele. We 
envisage that adaptations to both our calling 
algorithm and LD-based genotype imputa-
tion methodology will probably allow identifi-
cation of very small but common duplica-
tions. In addition, studies that aim to identify 
rare de novo deletions and duplications can 
immediately benefit from our work. As the 
number of samples we have studied is rea-
sonably high (3,102), we were able to iden-
tify common triallelic SNPs that had a null-
allele frequency as low as 0.5%. If 
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researchers are not aware of these common 
triallelic SNPs and use smaller cohorts, they 
might deem these SNPs rare and potentially 
biologically interesting when aberrant char-
acteristics are observed in only a few sam-
ples. Methodologically, the resolution of de 
novo CNV detection methods14; 22 can also 
be improved by incorporating LD-based 
frameworks: conceptually, if two SNPs are 
in very strong LD, but in one sample a re-
combination seems to be present, a de 
novo duplication or deletion that spans one 
of these SNPs could be an alternative 
explanation. 

The Illumina BeadChip arrays we have used 
here are strongly biased against CNVs, be-
cause SNPs that showed low call rates, 
HWE deviations or many Mendelian segre-
gation inconsistencies in a subset of the 
HapMap samples had been removed during 
the design of these chips. This also explains 
why the observed median null-allele fre-
quency of the identified triallelic SNPs was 
only 7.6%. Since we did not use the most 
current llumina chips, we expect the newer 
ones that are better tailored to target CNVs 
(e.g. Illumina HumanHap370 and Human-
Hap1M), to lead to greater insight into 
CNVs. 

The Human Gene Mutation Database60 re-
ports 73,411 variants that mostly have a 
phenotypic effect, of which about 16% are 
micro-deletions and 7% are micro-inser-
tions (smaller than 20 bp), whereas larger 
deletions and insertions constitute 6% and 
1% of the variants, respectively. This clearly 
indicates the importance of structural vari-
ants and deletions in both rare and common 
diseases6-8. New statistical CNV detection 
methods (like TriTyper) and more extensive 
oligonucleotide arrays will undoubtedly re-
sult in the identification of many more vari-
ants, of which quite a few will turn out to be 
associated with disease.
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Figure 7
HWE test statistics, when analyzing triallelic SNPs, called under biallelic assumptions

These calculations show the HWE test statistic P value for various sample sizes and different 

frequencies of the 0 allele. If we incorrectly assume triallelic SNPs are biallelic, analysis of sam-

ple sizes that are representative of current genome-wide association studies will result in signifi-

cant HWE deviations, even when the 0 allele has a fairly low frequency, e.g. when testing 3,000 

samples, and assuming a call rate of 100% for samples having 1 or 2 copies of the A or B allele, 

triallelic SNPs with a null-allele frequency above 2% have an expected deviation from HWE with 

P value < 0.05.

Appendix A
Conventional biallelic genotype-calling

When the minor allele frequency (MAF) is sufficiently high, as-

signing genotypes to biallelic SNPs is usually fairly straightfor-

ward: three separate clusters will appear (reflecting the AA, 

AB and BB genotypes) that can usually be well separated us-

ing a clustering algorithm we recently described28. This algo-

rithm uses per sample polar angle θ (θ = 2/π * arctan (intensit-

yb / intensitya)) to identify three clusters of sample for which the 

standard deviations of the θ values for each cluster are low. 

This is achieved by exploring a two-dimensional search space 

(where one parameter discriminates between AA and AB sam-

ples and the other discriminates between AB and BB sam-

ples). The method then settles upon a certain clustering for 

which the three calculated standard deviations have a sum that 

has been minimized.

Preliminary triallelic genotype-calling

When a SNP is triallelic, but the SNP has been called under bi-

allelic assumptions for sufficient samples, it is likely that HWE 

deviations will be observed. Assuming HWE for the true alleles 

A, B and 0, we can compute the expected frequencies of ob-

served genotypes AA, AB and BB. From these we can com-

pute the observed allele frequencies for A and B. Now the de-

viation from the Hardy Weinberg equilibrium in those observed 

genotypes AA, AB and BB, relative to the genotype frequen-

cies expected from the observed allele frequencies A and B 

can be computed. It turns out that the resulting c2 depends on 

the true frequency of the 0 allele, and of course on the sample 

size, but not on the frequencies of the A and B alleles:

χ 2 = n ⋅ p0
2 ⋅ 4−8p0 + 5p0

2( )

Where n is sample size and p0 the frequency of the 0 allele.



designated B0. When b=75 (fig. 8b, right), the thresholds for 

these angles are 271° and 184°, respectively.

It is evident that different a and b values will result in different 

triallelic genotype assignments. To optimize these we use an 

MLE procedure that assumes HWE under a triallelic model, 

through the following log likelihood formula29:
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where naa, nbb, nab, na0, nb0 and n00 are the number of individuals 

with assigned genotype AA, BB, AB, A0, B0 and 00, respec-

tively, and pa, pb and p0 are the allele frequencies of allele A, B 

and 0, respectively.

Through analysis of the entire search space, the values for a 

and b for which this likelihood is maximal can be determined 

(fig. 1D), indicating that the assigned genotype distribution 

most closely resembles the distribution expected under trial-

lelic HWE. Identified triallelic SNPs are included for follow-up 

analysis, if the null-allele frequency is over 0.5% and the fitted 

b parameter value is between 6 and 97.

Eventual triallelic genotype-calling through imputation

To improve upon the initially assigned triallelic genotypes, we 

take advantage of local linkage disequilibrium, because the 

presence of LD between biallelic SNPs can often be utilized to 

improve genotype assignments26; 27; 57. As LD has been de-

scribed for deletion CNVs as well1; 2; 24; 25; 61, we assumed these 

triallelic genotypes can potentially also be inferred through LD. 

To assess this we require that at least one of the six haplotypes 

should have a zero frequency and that all alleles are present for 

the biallelic SNP and triallelic SNP, resulting in the identifica-

tion of 24 ‘haplotype scenarios’, that each have a different set 

of haplotypes that have not been observed (Figure 9). For 

each of these scenarios a set of triallelic genotype imputation 

rules can be easily deduced. It turns out that ten scenarios are 

capable of discriminating between A0 and AA and/or between 

B0 and BB triallelic genotypes. This is very helpful as in the ini-

tial genotype assignment procedure a somewhat rough divi-

sion is made between the A0 and AA genotypes and between 

the B0 and BB genotypes (through optimization of parameter 

b). As such, it is likely that some incorrect genotypes (fig. 1E) 

have initially been assigned to samples that cluster in the vicin-

ity of the two dividing rays determined by parameter b (e.g. the 

initially assigned A0 genotype should actually be AA and vice 

versa). This is resolved if nearby biallelic SNPs allow for dis-

crimination between A0 and AA and between B0 and BB sam-

ples. We concentrate on any of these ten scenarios through-

out this paper and will assess these for each triallelic SNP.

Calculations show that if 3,000 samples are typed, a null-allele 

with a frequency of 2% or higher will on average cause a devia-

tion from HWE that can be demonstrated at the level of P = 

0.05. Figure 7 illustrates how the HWE test statistic depends 

on the sample size and the frequency of the 0 allele.

Although these HWE deviations can also arise due to failed 

assays, they are explained by an unlabelled allele in a substan-

tial number of cases31. We followed up SNPs when, under bial-

lelic assumptions, the exact HWE P value was below 0.05 or 

when the call rate was below 98%. For these SNPs we deter-

mined whether triallelic genotypes could be called by intro-

ducing two additional parameters (a and b) to our calling algo-

rithm. 

In the initial triallelic genotype-calling procedure, genotypes 

00 are assigned to samples that have a Euclidian intensity be-

low a. For the remaining samples we use the aforementioned 

calling algorithm to identify three clusters of samples that are 

either A0 or AA (A0/AA), are AB, or either are B0 or BB (B0/

BB) (fig. 1B).

Subsequently we partition both the A0 and AA samples and 

the B0 and BB samples using parameter b. Non-

pseudoautosomal chromosome X SNPs provide detailed in-

sight into the intensity characteristics of these A0, B0, AA and 

BB samples. For these SNPs, females will usually have two 

copies, whereas males will only have one copy (fig. 8A). We in-

vestigated 11,652 non-pseudoautosomal chromosome X 

SNPs, present on the Illumina Human Hap550 platform, for 

which 1,417 unrelated UK samples from the 1958 British Birth 

Cohort had been typed28. For each of these SNPs we linearly 

scaled the probe intensities, such that the center of the AB 

cluster was at coordinate (1, 1). We then moved the origin of 

the Cartesian coordinate system to this coordinate and con-

verted to a polar coordinate system, allowing us to determine a 

one-dimensional angle distribution for both the A0, the AA, the 

B0 and BB samples. These distributions allow us to introduce 

parameter b (range [0, 100]), which denotes both the percen-

tile of the A0 and the percentile of the B0 distributions. We use 

this parameter to distinguish between one and two copies (fig. 

1C) as the corresponding percentile corresponds to two dif-

ferent Cartesian rays that both start from the AB cluster center 

but have different angles, where one ray (reflecting the percen-

tile within the chromosome X A0 distribution) allows us to di-

vide the A0/AA samples in A0 and AA samples and another 

ray (reflecting the percentile within the chromosome X B0 dis-

tribution) allows us to divide the B0/BB samples in B0 and BB 

samples (fig. 8B). E.g. when b = 25 (fig. 8B, left), for the sam-

ples which are either AA or A0, the samples having an angle to 

the AB cluster location below 260° will be designated A0, and 

above 260° will be designated AA. For samples that are either 

BB or B0, those having an angle to the AB cluster location be-

low 192° will be designated BB and those above 192° will be 
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Figure 8
 Distribution of A and B allele intensities of 11,652 chromosome X SNPs, present on the Human HapMap550 platform

Each dot represents the median coordinate of either the A0 (males, green), AA (females, blue), B0 (males, yellow), BB (females, 

red) or AB (females, grey) cluster for a single SNP. The A and B intensities have been scaled in such a way that for each SNP the 

median AB cluster center is identical for all chromosome X SNPs. a) It is evident that single copy genotypes (A0 and B0) clearly 

show different intensity characteristics than AA and BB genotypes. Another observation is that the A and B probes have slightly 

different characteristics, as the A0 and AA distributions overlap slightly less than the B0 and BB distributions, indicating that on 

average A0 and AA samples can be better distinguished from each other. To correct for these differences in intensity characteris-

tics, parameter b is calibrated on these chromosome X SNP distributions. b) The genotype-calling algorithm uses parameter b to 

distinguish between A0 and AA and between B0 and BB. For a given b an angle for the A0 distribution is determined where the A0 

distribution percentile equals b. The same holds for the angle of the B0 distribution. In the present example, increasing b increas-

es the angle of the A-line slightly more than it increases the angle of the B-line. Examples are shown where b is 25 (figure b, left) 

and where b is 75 (figure b, right), resulting in different genotype assignments (A0, AA, B0 and BB genotypes assignments are in-

dicated in 50% red, 100% red, 50% metallic and 100% metallic, respectively).
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We first assess the LD for each triallelic SNP identified with 

the immediately adjacent biallelic SNPs (10 to the left and 10 

to the right): for each pair, haplotype frequencies (haa, hab, hba, 

hbb, h0a and h0b) are estimated using an expectation-maximiza-

tion algorithm62. If the frequencies of some of these haplotypes 

are zero (e.g. haplotypes haa, hba and h0b have a zero frequency, 

as in figure 1F), it is determined whether this configuration of 

observed and non-observed haplotypes matches one of the 

ten haplotype scenarios for which the biallelic SNP helps to 

discriminate between some of the triallelic genotypes, we use 

the neighboring SNP for imputation. Due to the uncertainties 

mentioned for the initially assigned triallelic genotypes, certain 

estimated haplotypes frequencies will be incorrect, resulting 

in haplotypes with non-zero frequencies that in reality should 

have a zero frequency (fig. 1F). In order to overcome this we re-

laxed our method for assessing the imputation potential of 

each neighboring biallelic SNP: we assumed that haplotypes 

with low, but non-zero frequencies, in reality might have a zero 

frequency. For each haplotype it was determined whether the 

frequency was lower than the frequency of the haplotype with 

the same triallelic allele, but with a different biallelic allele. If 

this was the case, we assumed that this haplotype in reality 

might have a zero frequency. To ascertain this, we tested all 

possible haplotype scenarios (through systematic inclusion 

and exclusion of these potentially zero-frequency haplotypes) 

and assessed whether any of these scenarios could help to 

discriminate between A0 and AA or between B0 and BB. If 

this was observed we searched for evidence that our zero-fre-

quency assumption for these haplotypes was indeed correct, 

by imputing the A0 and AA or B0 and BB genotypes and test-

ing whether the Euclidian intensities of the imputed A0 or B0 

samples were significantly lower (Wilcoxon-Mann-Whitney 

test P < 10-3) than the Euclidian intensities of the AA or BB 

samples. In addition we tested whether the concordance be-

tween the imputed and observed genotypes was higher than 

60%. If this was observed we assumed this haplotype scenar-

io could be used for imputation purposes and stored it in a vec-

tor. Once all haplotype scenarios had been assessed for each 

of the twenty biallelic neighboring SNPs, we selected the im-

putation scenario with the highest genotypic concordance 

that could help to discriminate between A0 and AA and the im-

putation scenario with the highest genotypic concordance 

that could help to discriminate between B0 and BB. This 

sometimes resulted in the identification of one single biallelic 

SNP, in perfect LD with the untyped allele of the triallelic SNP 

that could be used to discriminate both between A0 and AA 

and between B0 and BB genotypes.

Appendix B

Consequences of miscalling null-alleles 

in case-control studies

If the presence of a null-allele is not recognized this will have 

consequences for case-control association studies. The easi-

est case is when the null-allele is itself the risk allele. If it is not 

recognized as such, the SNP will give no signal at all when as-

suming the A0 and B0 genotypes confer the same risk. 

However, it is likely these SNPs will be removed from the analy-

sis as HWE deviations are expected to appear and lower call 

rates will become apparent.

It is more complicated where allele A is the risk allele. Taking 

the above scenario, we can calculate the odds ratio (OR) of al-

lele A versus non-allele A for the situations where the null-allele 

is recognized and not recognized. For simplicity, we will limit 

ourselves to a dominant and a recessive model. In the domi-

nant model, for the observed OR (allele A versus non-allele A) 

where the null-allele is not recognized, we get:

ORA (obs)=
γ α −1( ) pB + 2p0( ) + αγ −1( )pA[ ]

αγ −1( ) 2p0 + γpA + pB( )

And if the null-allele is typed correctly:

( )( ) ( )[ ]
( )( )BA

AB
A ppp

ppp
realOR

++−

−++−
=

γαγ

αγαγ

0

0

1
11

)(

where pA, pB, p0 are the allele frequencies of the respective al-

leles, g is the disease risk for genotypes not containing A, and 

ag is the disease risk for individuals carrying one or two 

A-alleles. Note the difference of 2p0 and p0 in both denomina-

tor and numerator between the two equations. 

For the recessive model, where penetrance for AA-

homozygotes is still ag, and penetrance for all other genotypes 

is a :
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And if the null-allele is typed correctly:
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Figure 5 depicts the consequences of mistyping on the ob-

served OR: OR is overestimated for the dominant model, and 

underestimated for the recessive model. The amount of over- 

or underestimation depends on the relative penetrance (g) of 

the risk allele and the null-allele frequency.  
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A - A Not observed
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0 - A Not observed
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Tri Tag Tri
BB/B0 AA BB
BB/B0 AB B0

AA BB
00 /NC AA NC
00 /NC AB NC
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A - A Observed
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B-A Not observed
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0 - A Observed
0-B Not observed

Tri Tag Tri
AA/A0 BB AA
BB/B0 AB B0
BB/B0 BB BB
00 /NC AB NC
00 /NC BB NC

Haplotype Observed
A - A Not observed
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B-B Not observed
0 - A Observed
0-B Not observed

Tri Tag Tri
AA/A0 AB A0
AA/A0 BB AA

BB AA
00 /NC AB NC
00 /NC BB NC
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A - A Observed
A-B Not observed
B-A Observed
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0 - A Not observed
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AA/A0 AA AA
AA/A0 AB A0
BB/B0 AA BB
00 /NC AA NC
00 /NC AB NC

Haplotype Observed
A - A Observed
A-B Not observed
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B-B Not observed
0 - A Not observed
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BB 00
0 0/NC AA NC
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A-B Not observed
B-A Not observed
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0 - A Not observed
0-B Observed

Tri Tag Tri
AA/A0 AA AA
AA/A0 AB A0

AA AA
00 /NC AA NC
00 /NC AB NC
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Figure 9
Imputation scenarios

When assuming all alleles have a non-zero frequency for both the triallelic SNP and the neigh-

boring biallelic SNP, and that some LD is present (i.e. at least one haplotype has not been ob-

served), there are 24 different imputation scenarios possible. For 10 of these scenarios the bial-

lelic SNP can help to discriminate between B0 and BB and/or between A0 and AA for the 

triallelic SNP. For the first imputation scenario a detailed description of this procedure is provid-

ed: With this set of observed and unobserved haplotypes, a limited number of genotype combi-

nations exist. This allows for deducing a set of genotypic rules that can help to discriminate be-

tween B0 and BB genotypes for the triallelic SNP, based on the genotype of the neighboring 

biallelic SNP. 
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Summary

Many genetic studies in autism have been performed, resulting in 
the identification of multiple linkage regions and cytogenetic aberra-
tions, but little unequivocal evidence for the involvement of specific 
genes exists. Enhanced phenotyping of autistic individuals, by iden-
tifying novel symptoms in these patients, improves understanding 
and diagnosis, but also helps to define genetically more homogene-
ous groups of patients, improving the potential to detect these 
causative genes. To identify these symptoms, we hypothesized that 
for some susceptibility loci, autism resembles a contiguous gene 
syndrome, caused by aberrations within multiple (contiguous) 
genes, which jointly increase autism susceptibility. This would result 
in various different clinical manifestations that might be rather atypi-
cal, but might also be specific to autism. To test this hypothesis and 
to identify these symptoms, thirteen susceptibility loci, identified 
through genetic linkage and cytogenetic analyses, were systemati-
cally analyzed. The Online Mendelian Inheritance in Man database 
was used to identify syndromes caused by mutations in the genes 
residing in each of these loci. Subsequent analysis of the symptoms 
expressed within these disorders, allowed us to identify 33 symp-
toms that were over-represented in previous reports mapping to 
these loci. Through permutation it was established this number of 
over-represented symptoms was significantly higher than expected 
(P = 0.037). Some of these symptoms, including seizures and 
craniofacial abnormalities, support our hypothesis as they are al-
ready known to co-occur with autism. These symptoms, together 
with ones that have not previously been described to co-occur with 
autism, can be considered for use as in- or exclusion criteria to-
wards defining etiologically more homogeneous groups for molecu-
lar genetic studies of autism.  



Introduction

Autism spectrum disorder (ASD) is charac-
terized by deviations and delays in the de-
velopment of reciprocal social interaction 
and communication, in combination with re-
stricted and repetitive behaviors and inter-
ests. These clinical features manifest in the 
first three years of life (Diagnostic and Sta-
tistical Manual of Mental disorders, Fourth 
edition, Text Revision, DSM-IV-TR, APA, 
2000). The prevalence of the broad autism 
spectrum has recently been estimated to be 
approximately 1% of the childhood popula-
tion1-3, while the prevalence rate for autism 
is estimated at approximately 4 per  1,000 
births1;4;5. Phenotypically, autism is very het-
erogeneous, with varying degrees of severi-
ty and associated intellectual functioning6;7. 
The large variety of neuropathologic chang-
es and the variability seen across subjects 
imply that autism is also etiologically 
heterogeneous8;9. 

Cumulative evidence from family and twin 
studies suggests that genetic factors play 
an important role in the pathology of au-
tism10-12. The genetic contribution to autism 
has been estimated to be as high as 90 
percent7;12-16 Despite the considerable herit-
ability, the mode of transmission is not clear. 
Findings of cytogenetic abnormalities and 
single gene disorders associated with au-
tism indicate that the disorder is genetically 
complex, involving multiple (interacting) 
loci7;11;13. Although no susceptibility loci 
have been consistently replicated, the over-
lap in linkage findings from genome scans 
suggests various regions that could harbor 
autism susceptibility genes. Loci that have 
been found in at least two independent link-
age studies are in the regions 2q, 3q25-27, 
3p25, 6q14-21, 7q31-36 and 17q11-217. 
However, these loci are rather broad, each 
containing hundreds of genes, of which mul-
tiple genes have been implicated to play a 
role in autism. Among these, other genes 
have been identified from independent as-
sociation studies12;13;15-17 but no gene has 
been unequivocally shown to contribute to 
autism susceptibility.

Recently, evidence has appeared that small 
cytogenetic aberrations, including duplica-
tions, deletions, and copy number variations 

(CNVs), might play important roles in 
autism18;19. Methods for directly detecting 
CNVs genomewide provide a powerful alter-
native to traditional gene-mapping ap-
proaches for discovering susceptibility 
genes in autism18;20. Results from a recent 
CNV analysis suggest that lesions at many 
different loci can contribute to autism, a re-
sult consistent with the findings from cy-
togenetic studies, as well as consistent with 
the failure to find causal variants18. 

The results of all molecular genetic studies 
point to a genetic model of multiple genetic 
variants that supposedly can interact in vari-
ous ways with regard to the phenotypic ex-
pression of autism7. While it can be that 
within each of these loci one single gene is 
affected that raises susceptibility to autism, 
we hypothesized that for some of these loci 
autism resembles a contiguous gene syn-
drome, caused by aberrations within multi-
ple (contiguous) genes.  As a result, multi-
ple genes are affected in their function, 
resulting in phenotypes and symptoms that 
might be specific to autism, but might also 
be quite atypical.

To substantiate this hypothesis, we sought 
for evidence that certain atypical symptoms 
co-occur with autism: For a set of loci that 
have already been implicated in autism19 we 
systematically investigated all positional can-
didate genes and determined what symp-
toms are usually caused by aberrations with-
in each of these genes. Subsequently we 
assessed for each identified symptom 
whether more than one of the autism sus-
ceptibility loci could cause this symptom and 
determined whether the amount of loci that 
could cause this symptom (through affected 
genes within these loci) was significantly 
higher than expected by chance (Figure 1). 

The identification of certain symptoms, re-
ported more often in these loci than expect-
ed, would substantiate this hypothesis, and 
additionally might help to identify symptoms 
that have not yet been described to co-oc-
cur with autism and which could be relevant 
for the clinic. Additionally, the presence or 
absence of these symptoms within patients 
could help to define genetically more homo-
geneous groups of individuals which are 
useful for follow-up research21-23. 
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Table 1. Autism susceptibility loci included in the analysis
The chromosomal location is provided for each locus. If a locus has been identified through linkage analysis, the microsatellite 

markers are given in brackets. The chromosomal location provides base-pair boundaries for each locus. The total numbers of 

genes for the loci are given, as well as the total number of genes in all the loci and the linkage results/cytogenetic regions of inter-

est.

Locus Chromosomal Location No of Genes Evidence for inclusion

1q42.2 (D1S1656) 217,212,087  -  237,212,087 138 Buxbaum et al, 200425

2q31.1 (D2S2188) 165,430,238  - 185,430,238 109 IMGSAC, 200126

2q37 233,875,000  -  243,020,000 77 Vorstman et al, 200619

3q26.32 (D3S3037) 168,924,373  -  188,924,373 120 Auranen et al, 200224

5p15 0  -  16,900,000 65 Vorstman et al, 200619

7q22.1  (D7S477) 90,370,231  - 110,370,231 193 IMGSAC, 200126

7q36.2  (D7S2462) 142,999,403  - 162,999,403 105 Auranen et al, 200224

15q11-14 18,940,000  -  31,390,000 65 Vorstman et al, 200619

17q11.2 (5-HTTLPR) 15,406,471  -  35,406,471 272 McCauley et al, 200427

18q21-23 41,800,000  -  73,160,000 117 Vorstman et al, 200619

22q11.2 16,970,000  -  20,830,000 74 Vorstman et al, 200619

22q13.3 44,555,000  -  49,550,000 51 Vorstman et al, 200619

Xp22 0  -  24,700,000 122 Vorstman et al, 200619

Total number of genes 1,508

Figure 1. Overview of identification of over-represented symptoms in autism loci
For many loci, associated with autism, no genes have been unequivocally shown to be associated. We have assumed that a sys-

tematic analysis of symptoms caused by aberrations in positional candidate genes in these loci, might reveal symptoms that are 

present more often than one would expect by chance, and thus might co-occur with autism. First, loci identified through cytoge-

netic and linkage analysis are used as input (Step 1). In this example three loci have been identified, each of them causing known 

diseases or syndromes when mutated (Step 2). For each disorder, we subsequently determine the associated symptoms (Step 

3). MeSH is then used for the generation of standardized codes, which are hierarchically organized, allowing to be both specific 

and generic at the same time (e.g. ‘spine’ is specific, ‘bone and bones’ is generic) (Step 4). Once all the symptoms have been re-

coded, it can be determined what symptoms are expressed per locus (Step 5), allowing for the identification of over-represented 

ones (e.g. ‘bone and bones’) (Step 6). 

Step 1: Selection of 13 loci,
3 example loci shown
(Vorstman et al, 2006)

Step 2:  Collection of diseases 
and syndromes caused by 
mutations in each locus (OMIM)

Step 3: Collection of symptoms
(OMIM)

Step 4: Translation of symptoms
in standardized symptom codes
(MeSH +  Manual Translation Table)
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- Hypogonadism

- Hypokalemia
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Step 5: Determination of 
standardized symptom
codes per locus

Step 6: Identification of MeSH Symptoms, present in multiple loci
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Materials and methods

Definition of susceptibility loci
Loci for autism were selected based on evi-
dence from both linkage and cytogenetic 
studies. Of all linkage studies that we had 
analyzed previously19, four studies that had 
at least one locus with a multipoint loga-
rithm of the odds (LOD) score (MLS) above 
3.0, were included in the analysis24-27. Given 
that no unequivocal method of defining the 
extent of the region is provided in the litera-
ture, boundaries of the linkage regions were 
pragmatically defined at both ends of a 20 
MB base pair block centered around the 
most significantly linked marker in each 
locus.

Definition of the Cytogenetic Regions of In-
terest (CROIs) was based on criteria that 
have been described before19. In short, re-
gions on the human genome where multiple 
overlapping cytogenetic abnormalities co-
occurred with an autism phenotype were 
identified through an extensive literature 
search. If a cytogenetic region had been de-
scribed in over five cases with high quality 
phenotypes (defined as 3 or more on a five-
point scale19) and showed no chromosomal 
mosaicisms, the locus was included for 
analysis. In order to focus on loci that con-
tained unknown disease genes, cases with 
an already well-described gene mutation as 
the most likely genetic cause for autism 
were excluded as well (for example, patients 
with fragile-X syndrome caused by Fmr1 
mutations). In total we defined 13 loci, of 
which six were based on linkage peaks with 
at least a LOD score above 3.0 and of 
which seven were based on cytogenetic 
data (Table 1). The NCBI V35 assembly 
was used to physically map all markers, 
probes and banding information. 

Identification of syndromes and
subsequent symptoms caused by 
aberrations in loci

The Online Mendelian Inheritance in Man 
(OMIM) database catalogues the majority 
of all known diseases that have genetic 
components, providing extensive informa-
tion on both clinical aspects and the genetic 
basis of these syndromes. Based on physi-
cal mapping information of mutations in 
OMIM, we determined which syndromes 

were caused by aberrations that were (part-
ly) overlapping with each of the 13 loci (Fig-
ure 1). OMIM provides a clinical synopsis 
describing the core symptoms caused by 
each disorder. As this information is both 
well organized and extensive, we chose this 
repository as the basis for collecting symp-
tom information for each syndrome. We in-
cluded only the core clinical manifestation 
information, and not the entries contained in 
the “miscellaneous”, “molecular basis”, and 
“inheritance” sections, because these never 
describe actual symptoms. For each entry 
only the complete text was used, to prevent 
subsets of phrases being incorrectly attrib-
uted (e.g. “spot quality assessment” was 
taken as a whole, because “spot” can be in-
terpreted to be a symptom in ‘Exanthema’).
Subsequently, the Medical Subject Head-
ings (MeSH) vocabulary28 was used to 
code these symptoms displayed within dis-
orders in a standardized way. This transfor-
mation could be applied as the MeSH ontol-
ogy is hierarchically organized, allowing one 
to describe specific symptoms (e.g. ‘spine’, 
MeSH code ‘A02.835.232.834’), but be ge-
neric at the same time (‘spine’ is part of par-
ent MeSH term ‘bone and bones’, MeSH 
code ‘A02.835.232.834’). As such, slightly 
different but related symptoms (e.g. ‘skull’, 
‘spine’, and ‘thorax’) all share a more gener-
ic parent MeSH term (‘bone and bones’), 
which enabled us to associate these symp-
toms with each other through a common 
parent term. 

To ensure the automatic assignment of clini-
cal synopsis information to MeSH terms 
was performed with high accuracy, we also 
manually assigned all the symptoms for the 
syndromes contained in the 13 loci to 
MeSH terms. This manual curation resulted 
in a conversion table, which maps clinical 
synopsis entries to known MeSH terms. 
This allowed for the automatic extraction of 
information, by text mining29-32 OMIM and 
MeSH, and through the conversion table, in-
creased the yield of clinical synopsis as-
signments to MeSH. 

Analysis of over-represented 
symptoms in loci

We then traversed all MeSH terms, both in-
cluding those that had been explicitly men-
tioned, along with their more generic parent 
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Difficulty Description

Difficulties for text mining in OMIM 

Clinical synopsis not designed to be 

easily machine interpretable

Sometimes, the clinical synopsis contains symptoms such as 

‘Heart: Prolonged QTc interval; T-wave abnormalities’. Having 

computers interpret this as something which has to do with 

MeSH term ‘ECG abnormalities’, is difficult.

Non-standardized method for describ-

ing phenotypes

 

 

In some cases, limited clinical synopsis field is present, whereas 

various symptoms are described in the ‘clinical features’ part of 

the full-text OMIM record.

Additionally, the clinical synopsis field is not consistent in de-

scribing phenotypes. Sometimes different phrasing exists for 

nearly identical symptoms, such as ‘Height: short stature’ and 

‘Height: adult height reduced; final adult height less than 152cm’. 

Minor spelling errors within OMIM In the clinical synopsis sometimes spelling errors are present, 

such as ‘hypereflexia’ instead of ‘hyperreflexia’, ‘congential’ in-

stead of ‘congenital’, and ‘defeciency’ instead of ‘deficiency’. 

Difficulties with utilizing MeSH

Symptoms not present in MeSH Various symptoms are not present in MeSH, such as ‘short stat-

ure’, ‘broad nasal bridge’ or ‘striae’.

Idiosyncrasies in MeSH  ‘Microcephaly’ (C05.660.207.620) is present in MeSH as a 

member of ‘Craniofacial abnormalities’ (C05.660.207). However, 

‘Macrocephaly’ is not present in MeSH. The only solution for in-

cluding this symptom is to assign it to the generic term ‘Craniofa-

cial abnormalities’.

Differences in extensiveness of MeSH MeSH is not equally extensive for all medical subjects: The ‘Res-

piratory tract diseases’ (C08) tree contains many highly specific 

terms, whereas the ‘Mental disorders’ (F03) tree only contains 

terms on the level of individual diseases but not that much on spe-

cific psychiatric symptoms. Therefore symptoms such as ‘Im-

paired social smile’ can only be assigned to the generic term 

‘Child behavior disorders’. 

Table 2. Overview of difficulties for text mining in OMIM and 
utilizing MeSH 
Although text mining and natural language processing have gained in attention recently, there 

are still numerous practical problems to deal with in OMIM and MeSH. Commonly observed dif-

ficulties, along with examples, are shown



and grandparent MeSH terms, and deter-
mined in how many loci each MeSH term 
was reported at least once. 
Once this was assessed, we determined 
whether any of these MeSH terms had been 
described within more loci than expected by 
performing a 10,000 fold permutation analy-
sis on the data. In each permutation, the 13 
loci were shuffled randomly across the ge-
nome and the text mining analysis was per-
formed again on these permuted loci: For 
each MeSH term the number of shuffled loci 
in which this term had been described was 
determined and this number was compared 
to the original number of loci in which this 
term had been described. Consequently, af-
ter these 10,000 permutations, for each 
MeSH term an empiric p-value could be 
determined. 

In order to identify potentially common 
symptoms, we only followed up MeSH terms 
that were present in at least four loci. As our 
strategy was to determine potentially rele-
vant novel symptoms in autism, we deemed 
a symptom interesting when its empirically 
determined p-value was below 0.05. 

We assessed whether the number of identi-
fied symptoms with an empiric p-value be-
low 0.05 was significantly more than ex-
pected by a 1,000 fold permutation analysis. 
We shuffled the loci randomly across the 
genome and determined for each permuta-
tion how many terms had a p-value below 
0.05, using the same filtering as we had ap-
plied for the original CROIs. This enabled 
us to empirically determine whether the 
amount of nominally significantly identified 
symptoms was more than expected.

Results

An overview of the 13 selected loci is shown 
in table 1, along with the evidence for their 
inclusion (linkage results or cytogenetic re-
gion of interest). To ensure that the loci that 
were identified through cytogenetic analy-
ses were potentially specific to autism and 
were not commonly deleted or duplicated, 
we investigated each locus in the Database 
of Common Genetic Variations33;34. None of 
these loci were known to contain aberra-
tions in healthy individuals as extensive as 
the ones observed within autism patients. 

Once these loci had been defined, OMIM 
was assessed to determine which known 
syndromes are caused by mutations in each 
of these loci. Subsequent analysis of the 
clinical synopsis information for each syn-
drome and mapping to MeSH terms using 
automatic translation provided by MeSH, al-
lowed us to extract a standardized set of 
symptoms. Assignment of symptoms 
present within the clinical synopsis for the 
syndromes in our loci through the use of the 
manually curated conversion table resulted 
in the assignment of over 500 extra symp-
toms to MeSH terms. Although this increase 
of assignment was considerable and as ac-
curate as possible, mining OMIM and map-
ping of symptoms to MeSH terms was some-
times problematic, as outlined in table 2.

Once all the syndromes had been proc-
essed, we assessed per MeSH term the 
number of loci in which this term was men-
tioned. In order to establish whether any 
term was over-represented, i.e. present in 
more loci than expected by chance, a per-
mutation analysis was performed, which al-
lowed for the determination of an empiric p-
value for each term (Figure 1; Table S1).
As we had manually translated the clinical 
synopsis information for the syndromes 
which mapped within our 13 loci to MeSH 
terms, we wanted to ensure that clinical in-
formation for syndromes residing outside 
these loci could also be mapped using this 
translation table. If a slightly different phras-
ing of these symptoms had been used in 
syndromes that we had not manually as-
sessed, as they mapped outside our 13 loci, 
this could influence the accuracy of the em-
pirically determined p-value. This was, how-
ever, not the case, as the results from an 
analysis that relied entirely on the automatic 
translation of clinical synopsis symptoms to 
MeSH terms (Table S1) gave comparable 
results to an analysis which included the 
manual assignment of symptoms to MeSH 
terms (Table S2). 

Since autism, Asperger’s disorder and 
RETT syndrome had already been de-
scribed (OMIM numbers 209850, 608636, 
607373, 300495, 312750, 608638, 
300497) in four out of the 13 loci, this al-
lowed for an initial validation of our method. 
Symptoms mentioned in the clinical synop-
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Table 3. Significantly over-represented symptoms mentioned in at least four loci
Over-represented symptoms mentioned in at least four loci with an empiric p-value < 0.05 are shown. Symptoms indicated in bold 

are significantly over-represented and already known to be involved in autism

MeSH number MeSH description # Mentioned in dif-
ferent syndromes 
in 13 CROIs

Empiric 
P-value

C23.888.885 Skin manifestations 11 0.00369963
C13.371.852 Uterine diseases 5 0.00519948
C07.793.494 Malocclusion 6 0.00629937
A17.360 Hair 12 0.01359864
A14.521.658 Palate 8 0.01409859
C23.550.291.812 Facies 8 0.01479852
C05.660.207.620 Microcephaly 11 0.01579842
C23.300.175 Calculi 4 0.01659834
C07.650 Stomatognathic system abnormalities 13 0.01979802
C10.597.617 Pain 6 0.02319768
C19.391.482 Hypogonadism 6 0.02349765
C17.800 Skin diseases 13 0.02349765
C05.116.099.343 Dwarfism 12 0.02379762
C13.371 Genital diseases, female 10 0.02419758
C17 Skin and connective tissue diseases 13 0.02479752
C05.116.099 Bone diseases, developmental 13 0.02729727
C17.800.946 Sweat gland diseases 4 0.02929707
C05.660.207 Craniofacial abnormalities 13 0.03089691
C05.116.198.579 Osteoporosis 8 0.03109689
A04.623.557 Nasopharynx 6 0.03169683
C18.452.950.565 Hypokalemia 4 0.03189681
C05.500.460 Jaw abnormalities 11 0.03279672
C06.130.564 Gallbladder diseases 4 0.03309669
C10.292 Cranial nerve diseases 13 0.03559644
C10.228.140.490.631 Seizures 13 0.04059594
A05.810 Urinary tract 9 0.04109589
A05 Urogenital system 9 0.04139586
C10.228.140.490 Epilepsy 13 0.04269573
C04.588 Neoplasms by site 8 0.04379562
C05.116.099.370.894 Synostosis 7 0.04479552
C07 Stomatognathic diseases 13 0.04809519
C05.116.099.370.894.819 Syndactyly 6 0.04809519
C06.405.469 Intestinal diseases 9 0.04859514
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Figure 2. Overview of over-represented symptoms in autism loci
Over-represented symptoms (empiric p-value < 0.05), present in at least four loci, are shown along with the responsible organs. 

When possible, symptoms were assigned to a trimester of pregnancy and germ layer. The majority of symptoms are of ectodermal 

origin, while the majority of affected organs develop in the first to second trimesters



sis information for these syndromes could 
be attributed to the MeSH term ‘Child be-
havior disorders’, for which the empirically 
determined p-value was 0.01 (Table S2). In 
order to prevent a bias towards autism syn-
dromes and symptoms already described in 
OMIM, we excluded these syndromes, 
along with autism-related syndromes that 
were defined within OMIM (OMIM numbers 
606053, 609378, 611015, 611016, 
605309, 608049, 610676, 610836, 
300425, 610838, 300496, 610908, 
300672, 300624, 608631, 300494, 
609954, 608781) – but which mapped out-
side our 13 loci – from further analyses 
(Table 3). 

Subsequent inspection of the most signifi-
cantly over-represented symptoms (Table 3) 
suggests many of these are related (Table 
4). Notable are epilepsy/seizures and 
craniofacial abnormalities, as these have 
been implicated before in autism35;36. Fur-
thermore, the results indicate that most of 
these symptoms affect tissues that are of 
ectodermal origin (Figure 2a). They develop 
in the first and second trimester of pregnan-
cy and affect many organs (Figure 2b). 

Discussion

Through text mining of syndromes caused 
by aberrations in 13 linkage regions and 
CROIs, this study suggests that various 
symptoms co-occur with autism which have 
not yet been widely studied or described 
before: We found 33 symptoms which were 
present in these regions more often than ex-
pected by chance (nominal empiric p-value 
< 0.05). However, as many symptoms had 
been assessed we had to account for multi-
ple testing issues. To do this, we performed 
an additional analysis to determine whether 
the number of symptoms that had been 
found overrepresented (33) was significant-
ly higher than expected. This was indeed 
the case (empiric p-value = 0.037), indicat-
ing that various of the reported symptoms 
are likely to reflect true positive findings. 
These observations support our hypothesis 
that autism might partly be a contiguous 
gene syndrome, in which the function of 
multiple positional candidate genes within 
susceptibility loci is affected. This would re-
sult in various different clinical manifesta-

tions that might be quite atypical, but jointly 
might also be able to cause autism like fea-
tures, which is supported by reports on 
Xp22.3 deletions, in which patients show 
the variable association of apparently unre-
lated clinical manifestations37;38. Jointly, the 
multiple genes with their resulting clinical 
phenotypes could increase the probability 
of developing autism. For some of the co-
occurring symptoms, evidence already ex-
ists that they indeed play a role in autism. 
The most prominent are epilepsy/seizures 
and craniofacial abnormalities, which have 
been mentioned before as possible geneti-
cally informative phenotypes in autism35;36. 
Epilepsy is one of the best known and vali-
dated associations with autism39-45. It is 
much more common in people with autism 
than in the general population and, vice ver-
sa, it appears that autism and autistic-like 
conditions are more common in people with 
epilepsy. Recent studies suggest that more 
than one-third of the children with autism 
develop epilepsy39;43;45. About 15-20% of all 
people with autism had seizures before the 
age of three years40. Prevalence rates of ep-
ilepsy and the types of seizures seem to de-
pend on the level of mental retardation, age, 
and incidence of regression39;42;45. Not sur-
prisingly, this comorbidity led to researchers 
proposing that these diseases share com-
mon pathophysio logical mechanisms41-43;45. 
The observed over-representation of sei-
zures within this study supports these hy-
potheses because our method assumes 
that the same genetic background can yield 
both autism and other symptoms. 

Minor physical anomalies, such as craniofa-
cial abnormalities, in association with au-
tism, have also been mentioned frequently46-

55. Anomalies of the eyes, ears and face (like 
a broad nasal bridge) have especially been 
implicated in autism48;49;52, because of the 
common ectodermal origin of these anoma-
lies and the brain47, and the close relation-
ship between cerebral and craniofacial de-
velopment48. Numerous case reports of 
thalidomide-induced autism suggest abnor-
mal development very early in the gestation, 
resulting in craniofacial 
abnormalities7;46;50;51;53-56. Although most of 
these physical anomalies are also some-
times observed in other developmental dis-
orders and in normally developing children 



4  86  –87

Face & Skull Skin diseases Bone diseases Brain & Nerve 

dysfunction

Digestive sys-

tem diseases

Urogenital 

diseases

Metabolic  / Endo-

crine disorders

Malocclusion

Hair 

Palate

Facies

Microcephaly

Stomatognathic 

system 

abnormalities

Craniofacial 

abnormalities

Nasopharynx

Jaw abnormalities

Stomatognathic 

diseases

Skin 

manifestations

Pain* 

Skin diseases 

Skin/connective 

tissue diseases

Sweat gland 

diseases

Pain*

Dwarfism 

Bone diseases, 

developmental

Osteoporosis

Synostosis

Syndactyly

Cranial nerve 

diseases*

Seizures 

Epilepsy

Gallbladder 

diseases

Neoplasms by 

site§

Intestinal 

diseases

Uterine diseases

Calculi

Genital diseases, 

female

Urinary tract

Urogenital system

Hypokalemia

Hypogonadism

References

46-55;57 64-66 67;68 51-54;63;39-45 58;59;61;62

* Original OMIM symptoms: bone pain; back pain; burning of skin
§ Original OMIM symptoms: neoplasms in colon, liver, biliary tract, and gastrointestinal tract

Table 4. Clustering of significantly over-represented symptoms in 
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toms indicated in bold are already known to be involved in autism. Some closely 

related symptoms were combined (indicated by * and §)



as well57, craniofacial abnormalities might 
be potentially interesting50;52;56, because of 
their higher frequencies in autistic patients. 
Many parents report gastrointestinal symp-
toms in their autistic child58, which is in line 
with the digestive system disease symptoms 
we report. Although gastrointestinal prob-
lems are also fairly common in normally de-
veloping children, it has been estimated that 
they affect 46% to 84% of autism 
patients59;60. Chronic diarrhea, increased 
bile fluid output, constipation, and increased 
intestinal permeability are the most fre-
quently mentioned abnormalities in autistic 
children58-62. 

Limited evidence is available for the involve-
ment of cranial nerves in autism. While not 
convincing, a few studies on thalidomide-in-
duced autism have suggested that the cra-
nial nerves could be dysfunctional51;53;54;63. 
In this form of autism, individuals showed 
abnormalities in eye movement and facial 
expression. Other support comes from the 
observation that the exposure period for 
thalidomide autistic individuals is during 
days 20 and 24 gestation. Few neurons 
form in this period, but the motor neurons of 
the cranial nerves are a notable exception. 
Interestingly, these nerves operate the mus-
cles of the ears, jaw, throat, tongue, face 
and eyes. 

For other symptoms, such as skin-, bone-, 
and urogenital problems, hypokalemia and 
hypogonadism, there is little evidence for an 
association with autism. While skin symp-
toms, such as eczema64-66, and occasionally 
bone problems67;68 have been reported, evi-
dence for the presence of other symptoms 
is not available. 

However, most of these 33 symptoms seem 
to affect organs that are of ectodermal ori-
gin (Table 4). Additionally, for most of these 
organs, the critical periods of development 
are during the first and second trimesters of 
pregnancy, which is in accordance with pre-
vious hypotheses about the etiology of 
autism46;48;53;63;69

When taking this supportive evidence into 
account, many of the symptoms we have 
found over-represented might indeed play a 
role in autism and could be considered for 

follow-up research to determine whether 
they could function as in- or exclusion crite-
ria for defining etiologically more homoge-
neous subgroups of autistic patients.  

Limitations of our study
While this method has identified various 
symptoms that are likely to co-occur with 
autism, we are aware of a number of limita-
tions in our methodology. One important is-
sue is that this study does not unequivocally 
prove that these symptoms, for which there 
is no evidence in the literature, are truly as-
sociated with autism. It could also be that 
they have never been studied, since in the 
clinical setting most attention is usually de-
voted to a triad of features: social impair-
ments, communication impairments, and re-
stricted repetitive behaviors and interests.
Another issue is how to determine what ap-
propriate criteria for including a susceptibili-
ty locus are. We tried to do this as careful 
as possible, but it is possible that some are 
false-positives. Other loci may well have 
been overlooked. Apart from these statisti-
cal power issues, there are no clear defini-
tions on how to determine the exact bound-
aries of linkage regions and there is no 
consensus on whether to include only link-
age regions that have shown significant link-
age, or to also include loci that were sug-
gestive of linkage. The cytogenetic regions 
of interest show comparable problems: how 
many overlapping cases are required in or-
der to consider regions interesting is some-
what arbitrary, and again, how to define the 
boundaries of these loci accurately is open 
to discussion.

Not without their own problems are the use 
of OMIM and MeSH: as OMIM was de-
signed to be interpreted by humans, there 
was not an immediate need to use a stand-
ardized system for coding phenotypes. Con-
sequently, when performing automated text 
mining in OMIM, various problems became 
apparent (Table 2): no symptom coding is 
used, there are sometimes spelling errors in 
the described symptoms, and very different 
phrasing is occasionally used to describe 
the same concept, which makes translating 
these symptoms into standardized MeSH 
terms very difficult at times. Another prob-
lem is that MeSH differs in extensiveness 
for the various fields of medicine it covers. 
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This is particularly detrimental for behavioral 
symptoms, which lack detailed MeSH equiv-
alents. Although manual curation partly 
overcame these problems, as it enabled the 
assignment of a substantial number of extra 
symptoms to MeSH terms, a more standard-
ized method for describing symptoms both 
in OMIM and in MeSH is desired. Various 
authors have already noted that standardiza-
tion would help considerably in increasing 
the yield and accuracy of these types of 
analyses29;31;70. 

Recently, some studies have been pub-
lished that also use text mining to associate 
different types of information, a few of which 
also take OMIM and MeSH into account: 
Van Driel et al (2006)31 associated different 
phenotypes with each other using OMIM 
and MeSH; Butte et al (2006)29 associated 
phenotypes with expression data, and Lage 
et al (2007)32 have associated syndromes 
with protein complexes through text mining 
of OMIM and protein-protein interaction 
studies. However, as far as we are aware, 
no study has utilized OMIM and MeSH to 
assess whether there are any symptoms 
over-represented in multiple loci that have 
been implicated in complex diseases, such 
as autism, to provide leads for the involve-
ment of unreported symptoms in these 
disorders. 

While much work remains to be done in or-
der to validate the actual co-occurrence of 
these symptoms in autistic patients, this 
study might be useful in pointing to ways for 
better characterizing patients, thereby pro-
viding new avenues for genetically informa-
tive phenotypes, which could lead to the 
identification of etiologically more homoge-
neous groups in patients and increase the 
statistical power to detect genetic associa-
tions. In addition, this method can easily be 
applied to other psychiatric disorders, as 
the input for our method consists solely of a 
set of susceptibility loci and an optional 
OMIM ‘Clinical Synopsis to MeSH term 
conversion’ table. This method will allow re-
searchers to gain insight into the potential 
involvement of unreported symptoms asso-
ciated with other psychiatric disorders 
as well.
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MeSH number MeSH description
# Mentioned in different 
syndromes in 13 CROIs

Empiric 
P-value

C17.800 Skin diseases 13 0.00529947
C05.660.207 Craniofacial abnormalities 13 0.00789921
A17.360 Hair 12 0.01009899
C05.660 Musculoskeletal abnormalities 13 0.01049895
C23.888.885 Skin manifestations 10 0.01329867
C05.116.198.579 Osteoporosis 8 0.01589841
C05.660.207.620 Microcephaly 11 0.01609839
C13.371.852 Uterine diseases 4 0.02129787
C05.660.585 Limb deformities, congenital 7 0.02459754
C18.452.950.565 Hypokalemia 4 0.02679732
C17.800.946 Sweat gland diseases 4 0.03019698
A04.623.557 Nasopharynx 6 0.03259674
A05.810 Urinary tract 9 0.04169583
A05 Urogenital system 9 0.04219578
C10.597.617 Pain 4 0.04319568
C05.116.099.370 Dysostosis 10 0.04439556
C05.116.099 Bone diseases, developmental 11 0.04459554
C05.116.198 Bone diseases, metabolic 8 0.04629537
C16.131 Abnormalities 13 0.04759524

MeSH number MeSH description
# Mentioned in different 
syndromes in 13 CROIs

Empiric 
P-value

C13.371.852 Uterine diseases 5 0.00369963
C23.888.885 Skin manifestations 11 0.00379962
C07.793.494 Malocclusion 6 0.00649935
F03.550.300 Child behavior disorders 4 0.01009899
A17.360 Hair 12 0.01169883
C23.550.291.812 Facies 8 0.01239876
C05.660.207.620 Microcephaly 11 0.01569843
A14.521.658 Palate 8 0.01579842
C23.300.175 Calculi 4 0.01769823
C07.650 Stomatognathic system abnormalities 13 0.01989801
C17.800 Skin diseases 13 0.0209979
C17 Skin and connective tissue diseases 13 0.02279772
C19.391.482 Hypogonadism 6 0.02439756
C10.597.617 Pain 6 0.02449755
C10.597.606.150.500.550 Language development disorders 7 0.02489751
C13.371 Genital diseases, female 10 0.02679732
C05.116.099.343 Dwarfism 12 0.02779722
C18.452.950.565 Hypokalemia 4 0.02909709
C05.116.099 Bone diseases, developmental 13 0.02979702
C17.800.946 Sweat gland diseases 4 0.0309969
C05.116.198.579 Osteoporosis 8 0.03159684
C06.130.564 Gallbladder diseases 4 0.03249675
C05.500.460 Jaw abnormalities 11 0.03259674
C05.660.207 Craniofacial abnormalities 13 0.03267673
C10.292 Cranial nerve diseases 13 0.03479652
A04.623.557 Nasopharynx 6 0.03559644
C10.228.140.490.631 Seizures 13 0.04149585
C04.588 Neoplasms by site 8 0.04209579
C06.405.469 Intestinal diseases 9 0.04439556
C10.228.140.490 Epilepsy 13 0.04469553
A05.810 Urinary tract 9 0.04489551
A05 Urogenital system 9 0.04509549
C05.116.099.370.894 Synostosis 7 0.04649535
C16.131.831 Skin abnormalities 8 0.04679532
C15.378.100.802 Purpura 4 0.0479952
C17.800.329 Hair diseases 8 0.04889511
C06.405.469.158 Colonic diseases 6 0.04939506

Supplementary table 2 
Analysis of over-represented symptoms mentioned in at least four loci, relying both upon mappings provided 

by MeSH and manual curation, without excluding known autism and Asperger syndromes

Supplementary table 1 
Analysis of over-represented symptoms mentioned in at least four loci, solely relying upon mappings as provid-

ed by MeSH, without excluding known autism and Asperger syndromes
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Summary

Genetic variation influences gene expression and splicing, and can 
be mapped by genetical genomics approaches. With a view to 
identifying function of disease associated risk variants arising from 
genome wide association studies, we correlated gene expression 
and  genetic variation in untouched primary leucocytes from individ-
uals with a quiescent immune mediated disease (celiac disease). 
We compared our observations in primary leucocytes with EBV-
transformed B cell line observations, and increased power to detect 
non-tissue specific effects in a meta-analysis of these datasets.
Peripheral blood RNA was collected using the PAXgene system 
from 110 unrelated treated UK celiac disease individuals.  Samples 
were analyzed for 257,013 autosomal SNPs (Illumina Human-
Hap300 BeadChip) and 19,867 transcript levels (Illumina Human-
Ref-8 v2 BeadChip). In peripheral blood, 2,178 SNP variants influ-
enced gene expression at 658 different transcripts within 500kp of 
the SNP (cis eQTL) at a false discovery rate threshold of 0.05. 204 
of these cis eQTLs were also observed in a published dataset of 
EBV-transformed B cell line RNA in 90 Caucasian HapMap sam-
ples, all having an effect in the same allelic direction. Gene expres-
sion differences between EBV transformed cell lines and PAXgene 
primary leucocyte samples predominantly explain the limited overlap 
in observed cis-eQTLs. An overrepresentation of ‘defense and im-
munity’ genes was observed in the PAXgene primary leucocyte 
samples, compared to the EBV transformed cell lines. We identified 
16 genes where a SNP significantly affected the expression of mul-
tiple probes that mapped to different exons, but for which the allelic 
directions were opposite, We additionally observed that co-expres-
sion for the 658 different transcripts with other genes was generally 
more easily detectable if the genotypic cis-effect was removed. 
Combined, these findings suggest that several cis-eQTLs reflect al-
ternative splice-isoforms rather than overall gene expression level 
differences. Genetical genomics is a useful tool to enhance func-
tional understanding of genetic variants. Here, the use of primary 
leucocytes from treated disease individuals may have enriched for 
celiac disease associated alleles/mutations at known risk loci. Risk 
variants in two celiac disease associated genes, IL18RAP and 
CCR3, both exhibited significant cis genotype-expression correla-
tions in this dataset but not in the EBV transformed cell line dataset. 
More cis-eQTLs could be identified in a meta-analysis of datasets of 
different cell types. At several loci, complex effects of genotype on 
gene expression were observed. 



Introduction

Human gene expression levels have a 
strong heritable component1-10. At some 
genes, the variance in gene expression lev-
els is up to 11 fold greater between unrelat-
ed individuals, than between identical twins2. 

Quantitative mRNA levels are key regulators 
of phenotype and represent a link between 
genetic variation and phenotypic alterations. 
A term first introduced by Jansen & Nap11, 
genetical genomics aims to identify the ge-
netic variants that affect gene expression. 
By treating gene expression as a quantita-
tive trait it is possible to correlate gene tran-
script expression levels with genomic loca-
tions such that expression quantitative trait 
loci (eQTLs) can be identified11; 12. In the hu-
man genome, cis associations, where a ge-
netic variant affects a transcript that maps 
to the same locus, have been predominantly 
reported7-10. Trans effects, where the genet-
ic variant is distant to the transcript loci, are 
much harder to convincingly identify due to 
inherent multiple testing problems. Analysis 
of trans effects involves several magnitudes 
more statistical tests than for cis effects. Al-
though individual studies have reported hu-
man trans associations, no effects have 
been convincingly replicated in multiple 
studies identified for the same transcript 
and variant7-10.   

Quantitative transcript expression and gen-
otype relationships can be investigated via 
linkage or association based methodolo-
gies. Linkage studies use a genome wide 
series of markers in recombinant in-bred 
lines or families, to follow the heritability of a 
trait, whilst association studies usually com-
pare large number of single nucleotide poly-
morphisms (SNPs) to transcript levels from 
unrelated individuals. Despite its extensive 
use in yeast, plant, mouse and rat models13-

17, transcript expression and genotype cor-
relation studies have only recently been per-
formed in humans13. 

Human association studies have centered 
on RNA obtained from leukocytes, predomi-
nantly Epstein-Barr virus (EBV) transformed 
B cell lines from HapMap individuals7;9. 
Large-scale genetical genomics linkage 
study have recently identified more than 

1000 cis regulatory loci across the genome, 
in primary cryopreserved human leuko-
cytes8; 10. However, the former studies are 
limited by their ability to assess transcripts 
that are significantly expressed at the point 
of RNA isolation. Cell extraction methods, 
cryopreservation and EBV transformation all 
affect individual mRNA expression levels. 
These variations in RNA analysis make the 
choice of analysis tissue of paramount im-
portance. Linkage studies are limited by 
identification of broad genomic regions rath-
er than variants in more precisely defined 
LD blocks.

Here we present the first association based 
genetical genomics study using primary cell 
RNA from peripheral blood in 110 celiac 
disease patients. Immediate RNA preserva-
tion during blood sampling (using the PAX-
gene system) represents nearly in vivo hu-
man physiological gene expression. Celiac 
disease is a common (1% prevalence), in-
flammatory condition of the small intestine 
induced by intake of gluten in wheat, rye 
and barley. A strong genetic component has 
been established for disease with a monozy-
gotic concordance of 75%18 and 90% of 
cases possessing the HLA haplotype HLA-
DQ2.519 and the remainder mostly have 
HLA-DQ820. Despite the role of the HLA, 
the risk of disease is still greater in HLA 
matched monozygotic twins compared to 
HLA matched dizygotic twins21. We recently 
performed a genome wide association and 
replication study using single nucleotide 
polymorphisms (SNPs) and identified an 
additional eight susceptibility loci that pre-
dispose to celiac disease22;23. Likely candi-
date immune system genes (expressed in 
leukocytes) from seven of these loci sug-
gested the feasibility of genetical genomics 
approaches using peripheral blood to as-
sess the biological function of celiac dis-
ease associated risk variants.  

We show that numerous cis-eQTLs can be 
identified through an expression analysis of 
peripheral blood RNA. We also show many 
of these are only detectable in peripheral 
blood RNA, and not in EBV-transformed B 
cell lines. Through a meta-analysis of these 
two datasets we identified numerous addi-
tional cis-eQTLs. We show that for some 
cis-eQTLs genetic variation does not lead to 
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Table 1: Overview of detected cis-eQTLs in two different populations 

Population 110 celiac disease samples

(PAXgene peripheral blood)

90 Caucasian HapMap samples

(EBV-transformed B cell lines)

Expression data Illumina HumanRef-8 v2 Whole 

Genome BeadChip (19,867 

mapped transcripts)

Illumina HumanRef-6 v1 Whole 

Genome BeadChip (44,791 mapped 

transcripts)

Genotype data Illumina Infinium HumanHap300 

BeadChip(313,505 SNPs)

Subset of all HapMap Genotypes 

present on Illumina Infinium Human-

Hap300 BeadChip (313,505 SNPs)

FDR 0.01 FDR 0.05 FDR 0.01 FDR 0.05

Spearman’s Correlation p < 6.56 x 10-6 p < 5.44 x 10-5 p < 4.18 x 10-6 p < 3.46 x 10-5

Number of performed tests 1,850,599 1,850,599 3,820,148 3,820,148

Number of detected cis-eQTLs 1127 1823 1398 2134

Number of unique probes 340 576 432 678

Number of unique genes 326 554 348 547

Number of unique SNPs 1067 1728 1262 1929

Figure 1
Cumulative genomic distance distribution between SNP and probe midpoint for significant cis-eQTLs (FDR = 0.01). 
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overall gene expression changes, but rather 
leads to shifts in the types of different splice 
isoforms that are produced.

Materials & Methods

Study population
In this study we enrolled treated celiac dis-
ease individuals, leading to an enrichment of 
celiac disease associated genetic variants.  
Celiac disease is an immune mediated dis-
ease, dominated by TH1 cytokine response. 
Given the importance of tissue specific 
RNA profiles, we felt that peripheral blood 
was an appropriate medium to study to in-
vestigate celiac disease associated genetic 
variants. 

Peripheral blood from gluten-free diet treat-
ed celiac disease patients was extracted at 
the St Bartholomew’s Hospital, London and 
the John Radcliffe Hospital, Oxford. All pa-
tients were long-term celiac disease pa-
tients with a small bowel endoscopic biopsy 
diagnosis of celiac disease. Enrolled pa-
tients had a median age of 51, a median age 
at diagnosis of 42, a male to female sex ratio 
of 1:3, and a median length of treatment on 
a gluten free diet of 9.4 years. Patients re-
sponding to a gluten free diet show no de-
tectable inflammation, and their peripheral 
blood samples are essentially immunologi-
cally indistinguishable from healthy controls. 
In total 115 patients and 22 healthy controls 
were enrolled in this study. Blood was col-
lected with fully informed consent and per-
mission from the medical ethics committees 
from both hospitals. 

PAXgene RNA Extraction
2.5 ml of peripheral blood was collected 
into a PAXgene tube (Becton Dickinson, 
UK, 762165). PAXgene vials were chosen 
to prevent density gradient centrifugation, 
immortalization or in vitro cell culture that 
can lead to artifacts in RNA profiles.  

PAXgene tubes were mixed gently and incu-
bated at room temperature for two hours. 
After collection, tubes were frozen at -20°C 
for at least 24 hours followed by storage at 
-80°C. The process of RNA extraction was 
followed according to the protocol of the 
manufacturer. All reagents were obtained 
from the PAXgene Blood RNA isolation kit 

(Qiagen, UK, 762174). RNA was quantified 
using the Nanodrop (Nanodrop Technolo-
gies, USA). Total RNA integrity was ana-
lyzed using an Agilent Bioanalyzer (Agilent 
Technologies, USA) according to manufac-
turers’ instructions.  

  Anti-sense RNA synthesis, 
amplification, purification and 
hybridization

Anti-sense RNA was synthesized, amplified 
and purified using the Ambion Illumina Total-
Prep Amplification Kit (Ambion, USA) fol-
lowing the manufacturers’ protocol. Com-
plementary RNA was hybridized to Illumina 
HumanRef-8 v2 Whole Genome BeadChips 
and scanned on the Illumina BeadArray Read-
er. Data was handled through the Illumina 
BeadStudio Gene Expression module v3.2. 

Quality control
Five celiac disease samples were excluded 
from subsequent analysis due to poor medi-
an probe intensity correlation with all other 
samples or incorrect sex assignment, based 
on an analysis of all the probes that mapped 
to the non-pseudoautosomal region of chro-
mosome Y, leaving 110 celiac disease pa-
tients for analysis.

Normalization
Expression probes were mapped to the 
cDNA sequence from Ensembl v45_36g24 
and the NCBI build 36 genome assembly if 
necessary. Probes that had less than 96% 
sequence homology or that mapped to mul-
tiple loci were removed. Subsequent analy-
ses were confined to autosomal probes, in 
order to prevent sex specific effects on 
gene expression. After removal of probes 
that map to sex chromosomes, data was 
quantile-quantile normalized25.

Celiac disease sample genotypes
All celiac disease patients were genotyped 
as previously described22 using Illumina In-
finium HumanHap300 BeadChips. 

Peripheral blood eQTL association 
analysis and false discovery 
rate control:

257,013 autosomal SNPs were tested for 
association with expression levels in the 110 
celiac disease samples that met analysis 
criteria of minor allele frequency (MAF) > 
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Table 2: Over- and underrepresented biological processes and functions. 
Listed are significantly over- and underrepresented biological processes and functions, derived through the 

Panther Classification System (Binomial test, Bonferroni corrected)

110 celiac disease samples (peripheral blood RNA):

Biological Process Nr Genes P-Value Genes
Immunity and defense 41 2.8 x 10-6 ABCC3, ADORA3, AHSA2, C3AR1, C4BPA, CARD15, CAT, CCR3, CD9, CFD, 

CLEC2B, CLEC4C, CLEC4F, EPHX2, F2RL1, FCRL5, GPX7, GRB2, GSTM3, 

GSTM4, GSTT1, HP, IL18RAP, IRF5, KIR3DL1, LGALS2, LRRC8C, LYZ, MARCO, 

NFE2L3, NUP88, OAS2, ORM1, OSIL, PF4V1, PHCA, PPIE, PPIL3, PRDX5, 

RAD51C, SLC11A1

Mesoderm development 19 1.2 x 10-2 ACP5, BTN3A2, BTN3A3, BTNL3, CLEC3B, COL18A1, FBN2, FHL3, HIP1, 

MYO18B, MYOM2, NFE2L3, NKX3-1, PF4V1, PVALB, RPS6KA2, STAT6, TPM2, 

ZHX2

Amino acid metabolism 10 2.3 x 10-2 ADI1, AMDHD1, ASNSD1, CBS, CRAT, FAS, GRHPR, PAPSS1, PHGDH, SHMT1

Muscle contraction 9 3.1 x 10-2 C3AR1, MYO18B, MYOM2, NEBL, PVALB, SRI, TAGLN, TNNT1, TPM2

Detoxification 6 4.4 x 10-2 ABCC3, GSTM4, GSTM3, GSTT1, EPHX2, GPX7

Amino acid biosynthesis 5 4.6 x 10-2 ASNSD1, CBS, GRHPR, PAPSS1, PHGDH 

Molecular Function Nr Genes P-Value Genes
Hydrolase 31 1.6 x 10-7 ADARB2, AMDHD1, BST1, CHI3L2, DPYSL4, EPHX2, EXOSC6, EXOSC9, FAS, 

FAS, GLB1L, GNB5, HYAL3, INPP5E, LIPA, LYPLAL1, LYZ, MAN1A1, MAN2C1, 

NT5C3, NT5C3L, NUDT2, PADI2, PDE6H, PHCA, PLA2G4C, PTER, RAD51C, 

RNASE2, RNASE3, VNN1, VNN3

Transferase 26 1.7 x 10-3 AYTL1, CAT, CHPT1, CHST13, CRAT, EXOSC6, FAS, GCAT, GCNT2, GSTM3, 

GSTM4, GSTT1, HYAL3, LYCAT, MAP3K2, OAS2, PAPSS1, PASK, POLR2J, 

RPS6KA2, SHMT1, SPDY1, TPST1, TRMT12, UAP1L1, WBSCR27

90 HapMap CEU samples (EBV transformed B cell line RNA):

Biological Process Nr Genes P-Value Genes

T-cell mediated immunity 13 3.5 x 10-3 CTSS, HLA-B, HLA-C, HLA-DOB, HLA-DQA1, HLA-DQA2, HLA-DRB5, HLA-H, 

LTBR, LTC4S, SLFN5, SQSTM1, TAPBPL

Coenzyme metabolism 7 1.1 x 10-2 C9orf95, ECHDC3, HIBCH, MTHFSD, NAPRT1, OXCT2, PDHX

Carbohydrate 
metabolism

22 1.1 x 10-2 AIM1, APIP, ATHL1, BLK, BPGM, CHI3L2, CHIA, CRYZ, ECHDC3, EDEM1, 

EXTL2, FUT10, GAA, HIAT1, HIATL1, HIBCH, IREB2, LDHC, MAN1A2, OXCT2, 

PDHX, PPP1R3B

Lipid, fatty acid and ster-
oid metabolism

25 3.2 x 10-2 ACOX3, AMACR, ANXA5, ARSA, ASCC1, CAT, CAV2, CHPT1, ECHDC3, FDX1, 

HABP4, HIBCH, HSD17B12, IVD, LTC4S, OXCT2, PGS1, PIP5K1C, PIP5K2A, 

PLA2G4C, PLCB2, PLTP, SLC27A5, SLC37A1, TAP2

Molecular Function Nr Genes P-Value Genes

Major histocompatibility 
complex antigen

8 1.9 x 10-4 HLA-B, HLA-C, HLA-DOB, HLA-DQA1, HLA-DQA2, HLA-DRB5, HLA-H, 

OCIAD2

Hydrolase 29 4.5 x 10-4 AMDHD1, ARSA, ATHL1, ATP13A1, CHI3L2, CHIA, DCTD, DDX58, DEADC1, 

DNASE1L3, DPYSL4, ENDOG, FAHD1, GAA, GUF1, MAN1A2, MANEAL, 

MCMDC1, MTHFD1L, NT5C3L, NUDT2, PLA2G4C, PLCB2, PPA2, PTER, 

QRSL1, RAD18, RAD51, ZRANB1

Transferase 31 2.0 x 10-3 CAT, CAT, CCDC126, CDKN1A, CHPT1, ECHDC3, EXTL2, FTSJ2, FTSJ3, 

FUT10, GSTT1, HIBCH, LCMT1, LTC4S, MAK10, MAP3K2, MGMT, NAPRT1, 

NMNAT3, NSUN4, OXCT2, PGS1, PIGF, POFUT2, POLR2E, POLR2J, QRSL1, 

SETD1A, SHMT1, STK25, TGM5, WBSCR27

G-protein coupled 
receptor

0 1.3 x 10-2 (Depletion)

Epimerase / racemase 6 2.3 x 10-2 APIP, AMACR, ECHDC3, ENOSF1, GSTT1, HIBCH



0.1, exact Hardy-Weinberg equilibrium P-
Value > 0.0001 and call-rate > 0.95. Analy-
ses were confined to those probe-SNP 
pairs for which the distance from probe ge-
nomic midpoint to SNP genomic location 
was less than 250kb or 500kb, depending 
on the analysis performed. To prevent spuri-
ous associations due to outliers, a non-para-
metric Spearman’s rank correlation analysis 
was performed. In order to correct for multi-
ple testing we controlled the false discovery 
rate (FDR)26. Through permutation the 
Spearman’s rank correlation P-value thresh-
old could be determined that corresponded 
to an FDR of 0.01 and 0.05.

Validation panel: HapMap 
CEU samples

We compared the identified cis-eQTLs in 
the celiac peripheral blood dataset to a pub-
lished human genetical genomics dataset25. 
We reanalyzed expression data from EBV-
transformed B cell lines (further described 
as HapMap B cell line dataset) for 90 CEU 
HapMap samples3. Analyses were per-
formed as described for the celiac disease 
samples. To enable a comparison between 
the celiac peripheral blood dataset and the 
HapMap B cell line dataset, only SNPs were 
tested that had been successfully called 
within HapMap and that were present on the 
Illumina HumanHap300 platform. Although 
this is only a subset of all the SNPs that 
have been called for these HapMap sam-
ples, this subset of SNPs is known to cap-
ture most genetic Caucasian variation 
well27;28.

Analysis of over- and 
underrepresented biological 
processes and function

We investigated over- or underrepresenta-
tion of certain biological processes or func-
tions through an analysis of all significant 
cis-eQTL genes using the Panther Classifi-
cation System29 (Binomial P-Value, Bonfer-
roni corrected).

Co-expression analysis
As many cis-eQTLs have been detected, 
but only a few trans-eQTLs have been 
found7-10, we performed a co-expression 
analysis to gain insight into the background 
of this phenomenon. We investigated 
whether the identified cis-eQTLs (probe 

distance of 250kb, FDR of 0.05) showed 
co-expression with other probes for both 
the celiac peripheral blood dataset and the 
HapMap B cell line dataset. We correlated 
the measured intensity levels with all other 
probes that mapped on different chromo-
somes, through a Spearman’s rank correla-
tion analysis. For each cis-eQTL the 100 
highest observed absolute correlation coef-
ficients were recorded. Subsequently we re-
moved the genotypic effect on the meas-
ured probe intensity for each of the 
cis-eQTLs. For each cis-eQTL probe we 
rank transformed the measured probe inten-
sity, determined the slope and changed the 
intensities for the three genotype groups, 
such that no longer a correlation between 
the genotype and measured probe intensity 
was present. We then assessed co-expres-
sion between these ‘decorrelated’ expres-
sion intensities, and all other probes that 
mapped to different chromosomes and re-
corded the 100 highest absolute correlation 
coefficients for each cis-eQTL. We used a 
two-sided Wilcoxon-Mann-Whitney test to 
assess whether co-expression for cis-
eQTLs with other probes generally im-
proved after the cis-effect on the measured 
intensity levels was removed. 

Results

Gene expression in celiac disease 
versus healthy control samples

To obtain the most accurate reflection of 
mRNA levels in peripheral blood leukocytes, 
whole blood RNA was immediately fixed 
during venepuncture in PAXgene vials, giv-
ing a reflection of in vivo RNA expression 
from whole blood. One hundred and fifteen 
treated celiac patients, all of whom were 
successfully treated and compliant with a 
gluten free diet for at least six months, were 
enrolled along with 22 healthy control sam-
ples. Seventy percent of celiac disease pa-
tients were female, (66.6% of adult cases 
diagnosed with celiac disease in the popu-
lation are female19). No known inflammatory 
disease associated cytokines, including 
IFNG30, IL1831, and IL232 showed signifi-
cantly increased expression in celiac versus 
control samples, as was expected since 
these patients had been treated with a glu-
ten free diet.
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Figure 3
Differential Gene Expression between tissue types results in differential 

cis-eQTL detection

Differential gene expression between the coeliac dataset and the HapMap dataset is represent-

ed as a histogram of log fold. a) cis-eQTLs detected in coeliac dataset but not in HapMap sam-

ples (FDR = 0.01, 500kb window). b) cis-eQTLs detected in HapMap dataset but not in the 

coeliac dataset, c) cis-eQTLs detected in both datasets. P values derived from a Wilcoxon 

Signed-Ranks Test.

Figure 2
Meta-analysis of identical probes between coeliac peripheral blood and HapMap B 

cell datasets

Summary of meta-analysis of 4,681 identical probes between the celiac peripheral blood 

and HapMap B cell line datasets. (at an FDR = 0.05)

Combined Analysis

Celiac peripherial 
blood dataset

573 cis eQTLs
detected

(189 unique
probes)

576 cis eQTLs
detected
(197 unique
probes)

1,133 cis eQTLs detected
(328 unique probes)

HapMap B cell 
line dataset

440

135

119

319239

202

0

P = 7.59 x 10-7

log2(Fold Change) 

D
en

si
ty

 

log2(Fold Change) 

D
en

si
ty

 

log2(Fold Change) 

D
en

si
ty

 

−4 −2 0 2 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

P = 2.04 x 10-4

−4 −2 0 2 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

P = 0.30

−4 −2 0 2 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

a) b) c)



Cis-associations of gene expression 
with SNPs

For 110 celiac disease samples that passed 
quality control, both expression and geno-
type data was available. Gene expression 
levels for 19,867 transcripts were analyzed 
for significant genotypic effects at SNPs, 
mapping within 500kb of the centre of the 
transcript probes, resulting in 1,850,599 
tests. By using a Spearman’s rank correla-
tion coefficient statistic and an FDR of 0.01 
or 0.05, 1,127 and 1,823 cis-eQTLs were 
detected, respectively (see Table 1).

An identical analysis was performed on 
publicly available EBV-transformed B cell 
line expression and genotype data for 90 
CEU HapMap individuals7. Using this data-
set and a SNP-probe distance of 500 kb 
and FDR of 0.01 or 0.05, 1,398 and 2,134 
cis-eQTLs were detected, respectively (see 
Table 1). 

Distance between SNPs and probes 
that constitute the cis-eQTLs:

Our analysis was confined to probes that 
had a midpoint distance to the tested SNPs 
less than 500kb. Analysis of the significant 
cis-eQTLs SNP-probe distances (Figure 1) 
suggests few cis-eQTLs have been missed 
by imposing this threshold, as in both data-
sets for 95% of the cis-eQTLs, the SNPs 
map within 250kb of the probes. As such it 
is expected that an increase in statistical 
power can be achieved by reducing the dis-
tance to 250kb as less tests will be per-
formed. Indeed, an additional 292 cis-
eQTLs were identifiable in the celiac 
peripheral blood dataset while an additional 
24 were identified in the HapMap B cell line 
dataset (controlling the FDR at 0.05 for 
each analysis) (Figure 1).

Primer Polymorphisms
While it can be assumed that for most of 
the detected cis-eQTLs indeed the probe 
expression is affected by genetic variation, 
it can also be that SNPs, mapping to re-
gions to which the probe hybridizes, may af-
fect hybridization efficacies and result in 
cis-eQTLs33 that are not due to expression 
differences. For the celiac peripheral blood 
dataset, 10% of all Illumina HumanRef-8 v2 
probes map to regions that contain known 
dbSNP polymorphisms. For the HapMap B 

cell line dataset, 20.5% of all Illumina Hu-
manRef-6 v1 probes map to a known SNPs. 
For the probes that make up the identified 
cis-eQTLs (distance 250kb, FDR = 0.01) 
this percentage is significantly higher for 
both the celiac peripheral blood analysis 
(Fisher’s Exact test P=0.0099) and even 
more pronounced for the HapMap B cell 
line dataset (P=1.15 x 10-15). 

Overrepresented biological 
pathways

The genes, comprising the significant cis-
eQTLs, showed an overrepresentation of 
hydrolase and transferase functions for 
both datasets, but ‘immunity and defense’ 
cis-eQTLs genes were more predominantly 
detected in the celiac disease peripheral 
blood dataset than in the HapMap B cell 
line dataset (see Table 2).

Meta-analysis celiac peripheral 
blood and HapMap B cell lines 
datasets

4,681 Illumina expression probes had oligo-
nucleotide sequences that are shared be-
tween the two different oligonucleotide ar-
rays that had been used. By limiting the 
analysis to a window size of 250kb and only 
to SNPs that had been successfully geno-
typed in both studies, 576 cis-eQTLs in the 
celiac peripheral blood data at a FDR = 
0.05 (339, FDR=0.01) were detected. In 
the HapMap B cell line data, 573 cis-
eQTLs could be identified at an FDR = 
0.05 (339, FDR = 0.01). A combined meta-
analysis of both cohorts (Weighted-Z Meth-
od) identified 1,133 cis-eQTLs at an FDR = 
0.05 (428, FDR = 0.01) (see Figure 2). 440 
of these were not detected when either da-
taset was analyzed separately. 135 unique, 
identical SNP-Probe cis-eQTL effects had 
been identified in both the 110 celiac dis-
ease samples and in the 90 B cell line Hap-
Map samples (FDR = 0.05). The combined 
meta-P-Value for each of these shared cis-
eQTLs was significant which means that 
these cis-eQTLs all have the same allelic 
direction. 

Differential gene expression 
between tissue sample types 
influences cis-eQTL detection

Differential gene expression analysis, limit-
ed to 12,401 transcripts that map to the 
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Source SNP HUGO Spearman Probe Probe Sequence

Celiac rs1131383 POLR2J -0.48 GI_62422568 0
HapMap rs1131383 POLR2J 0.57 GI_21704275 0

Celiac rs1901198 IRF5 -0.60 GI_38683857 0
HapMap rs1901198 IRF5 0.50 GI_38683858 0

Celiac rs6565724 LOC400566 0.67 GI_62177143 0
HapMap rs6565724 LOC400566 -0.72 GI_37544593 0
HapMap rs6565724 LOC400566 -0.74 GI_42661283 0

Celiac rs2863095 MRPL43 0.45 GI_28872731 0
Celiac rs2863095 MRPL43 -0.49 GI_28872733 0
HapMap rs2863095 MRPL43 0.58 GI_28872731 0
HapMap rs2863095 MRPL43 -0.61 GI_28872733 0

HapMap rs4768933 DIP2B 0.42 GI_17457388 0
HapMap rs4768933 DIP2B -0.44 GI_39930390 0

Celiac rs10774679 OAS1 -0.54 GI_74229010 0
Celiac rs10774679 OAS1 0.51 GI_74229012 0
HapMap rs3177979 OAS1 0.63 GI_8051620 0
HapMap rs3177979 OAS1 -0.72 GI_8051622 0

Celiac rs1040404 TIPRL -0.47 GI_73088904 0
Celiac rs1040404 TIPRL 0.50 GI_73088933 0

HapMap rs222851 C17orf81 -0.72 GI_44662825 0
HapMap rs222851 C17orf81 0.64 GI_44662829 0

Celiac rs34374 PAM 0.43 GI_21070979 GGCTACAGTCGAAAAGGGTTTGACCGGCTTAGCACTGAGGGCAGTGACCA 0
HapMap rs34374 PAM -0.41 GI_21070979 GCCAGTGTCTTTCTTTGGTGCCTTTCCTGTTCAGCATTCTTAGCCTGTGG 0

HapMap rs2838859 POFUT2 -0.48 GI_34147486 1
HapMap rs2838859 POFUT2 0.45 Hs.300736 0

Celiac rs7084722 PTER -0.43 GI_47933342 0
HapMap rs7084722 PTER 0.48 GI_20070185 1

Celiac rs10503170 MYOM2 0.43 GI_4505314 ATTTTCACGGGTGTGGGCACATGGGTGTGGCACCTGGACGTGTGCAGCAT 1
HapMap rs10503170 MYOM2 -0.42 GI_4505314 TTTACACGAGGGTAGACGGCAGATGCCTGACAGAGAGTGGGTTGGCAGAC 1

Celiac rs11680305 ADI1 -0.42 GI_8922761 CCGGTGGTGTGATGATGCCATATACCGCAGGGCTTGCTTCTGTCAAGTGT 1
HapMap rs11680305 ADI1 0.41 GI_8922761 GAGCTCCCACCCTAAGGGGCACACACTGAGTTGCTTATGCCACTTCCTTG 0

Celiac rs2395185 HLA-DRB5 -0.41 GI_26665892 GGCTCTTATTCTTCCACAAGAGAGGACTTTCTCAGGCCCTGGTTGCTACC 3
HapMap rs2395185 HLA-DRB5 0.47 GI_26665892 ACGGCCTCCCATGCATCTGTACTCCCCCTGTGTGCCACAAATGCACTACG 8

Table 3
14 Genes, containing multiple essayed probes that are affected by SNPs that 

also affect other probes in the same gene, but with opposite allelic directions

Meta-analysis of different significant but opposite allelic effects of SNPs (FDR = 0.05, 

250 kb distance) in the celiac pheripheral blood dataset and HapMap B cell line 

dataset. Shown are 14 genes that contain probes for either of the two platform but 

that show opposite allelic directions.



same exons, between the celiac peripheral 
blood and the HapMap B cell line dataset, 
reveals, as expected, marked gene expres-
sion differences. cis-eQTLs that have only 
been significantly detected in the celiac pe-
ripheral blood dataset, reflect probes that 
generally show higher expression in celiac 
peripheral blood samples compared to 
HapMap B cell line samples (Wilcoxon 
Signed-Ranks test, P=7.6 x 10-7) (see Fig-
ure 3). Conversely, probes that comprised 
HapMap B cell line specific cis-eQTLs 
were higher expressed than within the celi-
ac peripheral blood dataset (P=2.0 x 10-4). 
As expected, probes that comprised cis-
eQTLs that were common to both data sets 
did not show differences in expression (P = 
0.30). Noteworthy is that IL18RAP and 
CCR3, both recently found to be associat-
ed with celiac disease23, exhibited signifi-
cant eQTLs in the celiac peripheral blood 
dataset but not in the HapMap B cell line 
dataset. cis-effects for these two genes 
could be detected as these two genes 
showed markedly upregulated expression in 
the celiac peripheral blood dataset (log 4.6 
and 3.8 fold increase, respectively), which 
indicates that the analysis of different cell 
type is valuable to gain insight in the poten-
tial functional consequences of disease as-
sociated genetic variants. 

Significant opposite allelic directions 
for probes, mapping in the same 
genes.

The observed concordance in allelic direc-
tion for the 135 significant cis-eQTLs, de-
tected in both the 110 celiac peripheral 
blood and the 90 HapMap B cell line sam-
ples was perfect when probe sequences 
were identical. 

We expanded our analysis to all probes that 
were present on either of the two oligonu-
cleotide arrays that we analyzed. This ena-
bled us to identify 14 genes (see Table 3), 
to which probes with different sequences 
map that comprise significant cis-eQTLs 
but that show opposite allelic directions. 

Detection of trans-eQTLs and 
biological pathways using genetical 
genomics

One goal of genetical genomics is to un-
cover previously unknown biological path-

ways. Genetic variation, affecting the ex-
pression of a gene in trans, suggests that a 
biological relationship exists between the 
two loci. To assess this, considerable 
amounts of effort have been devoted to the 
development and application of statistical 
frameworks that are capable of detecting 
these trans-eQTLs. Detection of trans-
eQTLs in human populations has proven 
less successful than in mouse, rat and plant 
recombinant inbred lines. It has been sug-
gested that the extensive genetic and envi-
ronmental diversity between human individ-
uals masks many of the existing 
trans-effects. 

We used the celiac disease dataset to as-
sess whether significant trans-eQTLs could 
be identified (Spearman’s rank correlation 
test P-Value < 1 x 10-10, FDR = 0.05). Two 
trans-eQTLs were detected: rs2318331 
(mapping within COL22A1) with 
GI_48093066 (NBPF3) and rs12634559 
(mapping downstream of IL1RAP) with 
GI_16306505 (CASP8AP2). Although IL1-
RAP and CASP8AP2 are interestingly both 
involved in apoptosis, these trans-eQTLs 
were not detected in the HapMap B cell line 
dataset, even after relaxing the nominal 
Spearman rank correlation P-value to 0.05.

We had observed that a considerable pro-
portion of transcripts were under genetic 
cis-control. Some of these cis-eQTLs are 
due to probe polymorphisms while others 
are due to differential splicing. If the result-
ing splice isoforms perform the same func-
tion with the same efficacy or are both non-
functional, such genotypic variation is not 
likely to have functional effects on other 
genes, and trans-effects will consequently 
be not be detected. In the observed data 
this hypothesis would mean that for some of 
the genes the measured probe intensity 
does not reflect the actual overall gene ex-
pression intensity but rather isoforms of al-
ternate splice events. We hypothesized that 
the genetic variation for the strong cis-
eQTLs in some cases does not really influ-
ence overall gene expression. To investigate 
this we removed the genotypic effect on the 
probe intensities for each of the significant 
cis-eQTLs, such that the correlation be-
tween the corresponding cis-SNP and the 
probe intensities disappeared (Figure 4).  

Source SNP HUGO Spearman Probe Probe Sequence

Celiac rs1131383 POLR2J -0.48 GI_62422568 0
HapMap rs1131383 POLR2J 0.57 GI_21704275 0

Celiac rs1901198 IRF5 -0.60 GI_38683857 0
HapMap rs1901198 IRF5 0.50 GI_38683858 0

Celiac rs6565724 LOC400566 0.67 GI_62177143 0
HapMap rs6565724 LOC400566 -0.72 GI_37544593 0
HapMap rs6565724 LOC400566 -0.74 GI_42661283 0

Celiac rs2863095 MRPL43 0.45 GI_28872731 0
Celiac rs2863095 MRPL43 -0.49 GI_28872733 0
HapMap rs2863095 MRPL43 0.58 GI_28872731 0
HapMap rs2863095 MRPL43 -0.61 GI_28872733 0

HapMap rs4768933 DIP2B 0.42 GI_17457388 0
HapMap rs4768933 DIP2B -0.44 GI_39930390 0

Celiac rs10774679 OAS1 -0.54 GI_74229010 0
Celiac rs10774679 OAS1 0.51 GI_74229012 0
HapMap rs3177979 OAS1 0.63 GI_8051620 0
HapMap rs3177979 OAS1 -0.72 GI_8051622 0

Celiac rs1040404 TIPRL -0.47 GI_73088904 0
Celiac rs1040404 TIPRL 0.50 GI_73088933 0

HapMap rs222851 C17orf81 -0.72 GI_44662825 0
HapMap rs222851 C17orf81 0.64 GI_44662829 0

Celiac rs34374 PAM 0.43 GI_21070979 GGCTACAGTCGAAAAGGGTTTGACCGGCTTAGCACTGAGGGCAGTGACCA 0
HapMap rs34374 PAM -0.41 GI_21070979 GCCAGTGTCTTTCTTTGGTGCCTTTCCTGTTCAGCATTCTTAGCCTGTGG 0

HapMap rs2838859 POFUT2 -0.48 GI_34147486 1
HapMap rs2838859 POFUT2 0.45 Hs.300736 0

Celiac rs7084722 PTER -0.43 GI_47933342 0
HapMap rs7084722 PTER 0.48 GI_20070185 1

Celiac rs10503170 MYOM2 0.43 GI_4505314 ATTTTCACGGGTGTGGGCACATGGGTGTGGCACCTGGACGTGTGCAGCAT 1
HapMap rs10503170 MYOM2 -0.42 GI_4505314 TTTACACGAGGGTAGACGGCAGATGCCTGACAGAGAGTGGGTTGGCAGAC 1

Celiac rs11680305 ADI1 -0.42 GI_8922761 CCGGTGGTGTGATGATGCCATATACCGCAGGGCTTGCTTCTGTCAAGTGT 1
HapMap rs11680305 ADI1 0.41 GI_8922761 GAGCTCCCACCCTAAGGGGCACACACTGAGTTGCTTATGCCACTTCCTTG 0

Celiac rs2395185 HLA-DRB5 -0.41 GI_26665892 GGCTCTTATTCTTCCACAAGAGAGGACTTTCTCAGGCCCTGGTTGCTACC 3
HapMap rs2395185 HLA-DRB5 0.47 GI_26665892 ACGGCCTCCCATGCATCTGTACTCCCCCTGTGTGCCACAAATGCACTACG 8

Probe dbSNP 

Polymorphisms



5  104  –105

Strong cis eQTL gene X

AA AB BB

G
en

e 
X 

Ex
pr

es
si

on
 

Decorrelated cis eQTL

AA AB BBD
ec

or
re

la
te

d 
G

en
e 

X 
Ex

pr
es

si
on

 

R2 = 0.9

R2 = 0.2

R2 = 0.0

Co-Expression Gene X - Gene Y

Gene X Expression 

G
en

e 
Y 

Ex
pr

es
si

on
 

Co-Expression Gene X’ - Gene Y

Decorrelated Gene X Expression 

G
en

e 
Y 

Ex
pr

es
si

on
 

Origins of cis eQTL for gene X and diminished co-expression between gene X and gene Y:

Gene X upstream in pathway Gene X downstream in pathway

Gene X

Gene Y

Gene Y

Gene X

Yi = a * (Xi - GenotypicE�ecti) + b Yi = a * (Xi - GenotypicE�ecti) + b

Gene X

Gene Y

Xi = c * GenotypicE�ecti + a * Y + b

Primer Polymorphism:
Observed genotypic 
expression differences 
due to primer polymorphism:
transcript levels unaffected

Splicevariant Switching:
Observed genotypic expression
differences due to different splice 
isoforms: transcript levels affect,
total gene expression unaffected

Expression Effect:
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transcript and gene expression
levels affected: co-expression
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Figure 4
cis-effects obscure detection of co-expression with other genes

a) Co-expression for significant cis-eQTLs was determined, resulting in the identification of co-

expression pairs with generally low absolute correlation coefficients b) Through removal of the 

genotypic effect, for the large majority of identified cis-eQTLs co-expression is more significantly 

abundant. c) Three scenario’s that explain this observation are given. 

a)

b)

c)



We then calculated co-expression between 
the original probe intensity measurements 
and all other probes (Figure 4A) and be-
tween the “decorrelated” probe intensity 
measurements (for which the genotypic ef-
fect had been removed) and all other 
probes (Figure 4B).

In the celiac peripheral blood dataset for 
73% of the identified cis-eQTLs (SNP-
probe midpoint distance 250kb, FDR = 
0.05), co-expression improved. Comparable 
results were obtained in the HapMap B cell 
line dataset: For 79% of the detected cis-
eQTLs co-expression improved. These re-
sults were especially pronounced for strong 
cis-eQTLs: In the celiac peripheral blood 
dataset for 90 out of the 100 (90%) strong 
cis-eQTLs (Spearman’s correlation coeffi-
cient P-Value < 1 x 10-9) stronger co-expres-
sion was observed. For the HapMap B cell 
line dataset co-expression improved for 75 
out of the 81 (93%) strong cis-eQTLs 
(Spearman’s correlation coefficient P-Value 
< 1 x 10-9).

Moreover, the proportion of 80,350 known 
biological interactions (derived on 17 April 
2007 from KEGG, BioGrid, Reactome, 
BIND, HPRD and IntAct) among the top 
100 co-expressed genes for each of these 
decorrelated cis-eQTLs probes is signifi-
cantly higher than among the top 100 co-ex-
pressed genes, based on the original probe 
intensities (Fisher’s exact test P-Value = 3.8 
x 10-3 for the celiac peripheral blood dataset 
and P-Value = 1.35 x 10-4 for the HapMap B 
cell line dataset).

Discussion 

We have demonstrated the use of peripher-
al blood RNA samples for the detection of 
cis-eQTLs. We have shown that there is 
strong allelic concordance with cis-eQTLs 
that also had been detected in HapMap 
EBV-transformed B cell line RNA samples. 
These results indicate that a meta-analysis 
with larger sample size and hence statistical 
power results in a considerable increase in 
the detected cis-eQTL. Additionally, it can 
be concluded that RNA obtained from dif-
ferent cell types, give cis-eQTLs that have 
consistent allelic directions.

Most of the detected cis-eQTLs in these da-
tasets however were only detected in one of 
the two tissues, suggesting that more in-
sight can be gained in the functional conse-
quences of genetic variation by conducting 
genetical genomics studies using different 
types of cells and tissues. The greater 
number of cis-eQTLs detected in the EBV 
validation set likely represents the increased 
power from the homogeneous cell type, 
again underlying the importance of individu-
al cell RNA profiles and regulation upon cis-
eQTL detection. 

It is attractive to assume most of the ob-
served cis-eQTLs reflect overall gene ex-
pression level alterations. However, we did 
observe 14 genes (Table 3) where different 
probes showed significant opposite allelic 
effects. For at five out of the 14 genes (PO-
FUT2, PTER, MYOM2, ADI1 en HLA-
DRB5) polymorphisms within the probe are 
known to exist within dbSNP. As such for 
these genes, it can be that for each SNP 
that affects the two probes in opposite di-
rections, one cis-eQTL for instance reflects 
a real expression difference, whereas the 
other reflects a hybridization effect.

However, recently Kwan et al34 showed for 
three of the 14 genes (IRF5, MRPL43 and 
PTER) using Affymetrix GeneChip Human 
Exon 1.0 ST Array comparable characteris-
tics. They assumed different exonic effects26 
through an independent validation using 
quantitative RT-PCR (out of a total of 25 val-
idated genes) and estimated that only 39% 
of the detected cis-eQTLs influence overall 
gene expression levels. For the remaining 
cis-eQTLs genetic variation results in pre-
liminary terminated transcripts (18%), not 
initiated transcripts (11%), transcripts that 
are spliced differentially (26%) or a combi-
nation of these (6%). 

These estimates are further supported by 
our observation that for most of the tran-
scripts, constituting the identified cis-
eQTLs, only limited co-expression with oth-
er transcripts was observed. When we 
removed the genotypic effects, many of 
these ‘decorrelated’ transcripts suddenly 
showed strong co-expression with biologi-
cally plausible genes. 
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One explanation, following our findings and 
those of Kwan et al, could be that differen-
tial splicing due to genetic variation might 
not have functional consequences, although 
expression differences for individual probes 
are observed (Figure 4C). Another explana-
tion is that these transcripts map to genes 
that reside downstream of regulatory genes 
(Figure 4c). In these occasions it is expect-
ed that the large genotypic effects convo-
lute the subtler co-expression that is caused 
by upstream genes. While another potential 
explanation is that for some of the cis-
eQTLs genetic variation has no effect on the 
expression of downstream genes it can be 
assumed that for a some of the other identi-
fied cis-eQTLs primer polymorphisms have 
affected probe hybridization, and as such 
actually no expression differences are 
present (Figure 4c).

These results also explain to some extend 
why there has been such a discrepancy be-
tween the amount of detected human cis-
eQTLs and trans-eQTLs7-10, compared to 
genetical genomics studies in recombinant 
inbred lines14; 15. Although these lines have 
lost a considerable amount of genetic varia-
tion which leads to higher statistical power 
to detect eQTLs (especially trans-eQTLs), it 
can also be assumed primer polymorphisms 
are less likely to become apparent than in 
outbred populations. As it has been one of 
the goals of genetical genomics to identify 
biological relationships we suggest that the 
co-expression analysis we carried out here, 
might help to uncover these: We have pro-
posed that more known biological relation-
ships can be identified when using geneti-
cal genomics to perform conditioned 
co-expression analyses. 

This study shows that PAXgene isolated pe-
ripheral blood RNA is a powerful resource 
for investigating functional consequences of 
genetic variation. We have shown that for 
some of the cis-eQTLs the functional con-
sequences are more complex than previous-
ly assumed. Additionally, these findings im-
ply that biological relationships can be 
extracted in outbred populations, although 
in a somewhat different manner than what is 
commonly used to detect biological relation-
ships through trans-eQTLs in inbred model 
organisms.

As this study has yet only combined genet-
ics with genomics, we envision more exten-
sive integrative approaches, incorporating 
e.g. epigenetics and proteomics, will help to 
improve the detection of previously un-
known biological pathways.
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Summary

We tested 310,605 SNPs for association in 778 individuals with ce-
liac disease and 1,422 controls. Outside the HLA region, the most 
significant finding (rs13119723; P = 2.0 x 10–7) was in the 
KIAA1109-TENR-IL2-IL21 linkage disequilibrium block. We inde-
pendently confirmed association in two further collections 
(strongest association at rs6822844, 24 kb 5’ of IL21; meta-analy-
sis P = 1.2 x 10–14, odds ratio = 0.63), suggesting that genetic vari-
ation in this region predisposes to celiac disease.



Introduction

Celiac disease is a common (1% preva-
lence) small intestinal inflammatory condi-
tion induced by dietary wheat, rye and bar-
ley. However, despite high heritability 
(estimated at 87% from twin studies1), no 
non-HLA genetic risk factors have been 
identified and convincingly replicated. The 
majority of individuals with celiac disease 
possess HLA-DQ2 (and the remainder 
mostly HLA-DQ8)2, and the mechanism by 
which HLA-DQ2 presents cereal peptides 
to intestinal T cells is understood3. However, 
HLA-DQ2 is common in healthy individuals, 
demonstrating that it contributes to, but is 
not sufficient for, disease development. 

Therefore, we designed a genome-wide as-
sociation (GWA) study to identify predis-
posing genetic factors in celiac disease. We 
genotyped samples with Illumina Bead-
Chips (Supplementary Methods). After 
quality control, we performed association 
analysis on 310,605 SNPs with minor allele 
frequency >1% genotyped in 778 UK indi-
viduals with celiac disease and 1,422 UK 
population controls (Supplementary Table 
1). The overall SNP call rate was 99.87% 
(see Supplementary Fig. 1 for single-SNP 
association statistics). We saw highly signif-
icant association around the HLA locus, as 
expected. Association was strongest at 
rs2187668, which maps to the first intron of 
HLA-DQA1 (c2 = 769.1, P < 10–19; frequen-
cy of A allele in controls, 13.8%; affected 
individuals, 53.1%; odds ratio (OR) = 7.04 
(95% confidence interval (c.i.) 6.08–8.15)). 
When compared with classical HLA typing 
(Supplementary Methods), the 
rs2187668-A allele tagged HLA-DQ2.5cis 
efficiently (r2 = 0.97, Supplementary Table 
2). HLA-DQ2.5cis, in which the two chains 
of the DQ2 heterodimer are encoded on the 
same chromosome, is the most common 
HLA-DQ2 haplotype associated with celiac 
disease. One or two copies of HLA-
DQ2.5cis (inferred by rs2187668 geno-
type) were present in 89.2% of UK partici-
pants with celiac disease versus 25.5% of 
population controls. To identify other HLA 
predisposing variants occurring in the pres-
ence, or absence, of HLA-DQ2.5cis, we 
performed further analyses stratified by 
rs2187668 genotype. In affected individuals 

(n = 558) and in controls (n = 331) of 
rs2187668-AG genotype, we saw peak as-
sociation at rs9357152 (P = 5.2 x 10–14); 
in affected individuals (n = 83) and controls 
(n = 1,059) of rs2187668-GG genotype, 
we saw peak association at rs9275141 (P = 
3.9 x 10–16). There were too few rs2187668-
AA cases (n = 31) for analysis. The finding 
that rs2187668, rs9275141 and rs9357152 
map within or adjacent to HLA-DQA1 and 
HLA-DQB1 underscores the critical role of 
HLA-DQ2/8 in antigen presentation in celi-
ac disease. 

Outside the HLA region, we observed a 
greater number of significantly associated 
SNPs than would be expected by chance, 
with 56 SNPs showing association at P = 
10–4 (Supplementary Table 3). Many of 
these SNPs are in close proximity, suggest-
ing that some of the excess in SNPs with 
low P values might be due to true disease 
associations among multiple SNPs in link-
age disequilibrium (LD) with nearby disease 
variants. Therefore, we prioritized these find-
ings for rapid replication (Supplementary 
Table 3 shows interim results) while design-
ing a more extensive SNP replication study. 
We noted weak evidence for association in 
the previously reported CD28-CTLA4-
ICOS region4 (rs4675374, P = 0.007; 
rs11681040, P = 0.008) but not the MY-
O9B region5. 

The most significant (non-HLA) finding was 
rs13119723 (P = 2.0 x 10–7; frequency of G 
allele in controls = 15.8%; affected individu-
als, 10.1%). Permutation of affection status 
labels demonstrated genomewide signifi-
cance: in 9 of 200 (P = 0.045) permuta-
tions, the most significant permuted P value 
was 2.0 x 10–7. The location of rs13119723 
close to IL2 and IL21 made it a highly plau-
sible celiac disease candidate gene. We did 
not observe any evidence for statistical in-
teraction between rs13119723 genotype 
and inferred HLA-DQ2.5cis genotype (P = 
0.20). We then confirmed association of 
rs13119723 with celiac disease in two sep-
arate collections (Table 1). The G allele of 
rs13119723 was more common in controls 
in each collection, and meta-analysis (of all 
4,680 samples) established highly signifi-
cant disease association at rs13119723 
(P = 4.8 x 10–11). 
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Table 1 
Chromosome 4q27 markers in the UK genome-wide association scan and 

replication studies

Written consent was obtained from all participants. The study was approved by 

Oxfordshire REC B, the Medical Ethical Committee of the University Medical 

Center Utrecht and the Institutional Ethics Committee of St. James’s Hospital. 

Boldface indicates most significant SNPs overall. 

a P values from c2 test of allele counts. All tests are two tailed.

UK GWA scan collection Dutch collection Irish collection 

Allele frequency (%) Allele frequency (%) Allele frequency (%) Meta-analysis 

Cases Controls Cases Controls Cases Controls 

n = 778 n = 1,422 P a n = 508 n = 929 P a n = 483 n = 560 P a OR (95% CI) P a 

rs6835946 30.3 29.6 0.63 25.1 25.5 0.81 31.4 33.5 0.32 

rs11938795 21.2 26.3 0.00017 

rs4374642 10.5 8.4 0.020 12.1 8.4 0.0015 8.3 6.7 0.17 

rs13151961 12.6 17.9 5.2 x 10–6 12.2 19.1 2.2 x 10–6 14.8 19.4 0.0056 0.65 (0.58–0.73) 1.3 x 10–12 

rs4505848 34.4 32.3 0.15 37.6 34.9 0.15 31.3 27.8 0.084 

rs4288027 10.4 8.4 0.02 

rs7683061 40.6 38.0 0.090 

rs13119723 10.1 15.8 2.0  x 10–7 11.5 16.4 0.00042 12.8 16.2 0.030 0.66 (0.58–0.74) 4.8 x 10–11 

rs11734090 21.5 26.5 0.00023 

rs7699742 34.9 32.2 0.066 

rs1127348 24.8 21.6 0.016 25.7 24.0 0.34 21.7 16.9 0.0053 

rs7678445 9.9 7.7 0.013 

rs7684187 25.2 30.1 0.00056 

rs11732095 8.8 8.6 0.79 9.9 9.1 0.45 8.5 7.7 0.50 

rs716501 34.8 32.2 0.087 

rs10857092 5.2 6.6 0.069 7.8 7.3 0.60 7.0 7.7 0.53 

rs6848139 10.2 8.5 0.050 

rs6852535 29.7 29.4 0.84 

rs12642902 28.5 34.6 3.3 x 10–5 

rs6822844 12.6 17.9 4.6 x 10–6 12.4 18.5 2.1 x 10–5 14.2 19.7 0.0013 0.63 (0.57–0.71) 1.3 x 10–14 

rs4492018 26.6 26.5 0.93 22.7 23.1 0.80 29.1 30.2 0.60 

rs975405 38.6 42.8 0.0071 41.5 43.3 0.34 39.9 43.9 0.070 

rs7682241 36.6 34.4 0.13 

rs17005931 26.5 26.2 0.82 

rs1398553 34.1 30.6 0.016 35.2 32.6 0.18 30.6 25.7 0.015 

rs2893008 10.0 8.0 0.021 11.0 7.4 0.0011 7.3 6.5 0.50 

rs6840978 16.3 21.5 3.8 x 10–5 15.2 21.9 2.0 x 10–5 19.2 24.0 0.0083 0.70 (0.63–0.78) 1.1 x 10–10 



rs13119723 maps to a region of strong LD 
(Supplementary Fig. 2). In our original scan, 
we genotyped 27 SNPs in this 4q27 region, 
covering B480 kb from rs6835946 to 
rs6840978. In addition to rs13119723, four 
other SNPs showed association with celiac 
disease at P = 10–4 in the UK data set (Fig. 
1 and Table 1). We further genotyped 
rs6822844, rs13151961 and rs6840978 
(all strongly correlated with rs13119723; 
Fig. 1) in the Dutch and Irish collections and 
replicated the associations observed in the 
UK data set (Table 1 and Supplementary 
Table 4).We observed the strongest associ-
ation overall at rs6822844, approximately 
24 kb 5’ of IL21 (meta-analysis P = 1.3 x 
10–14, OR = 0.63 (0.57–0.71)). Markers on 
the HumanHap300 BeadChip (Illumina) are 
haplotype tag SNPs. We found that the 27 
SNPs genotyped in the UK collection very 
efficiently captured the common genetic 
variation in the ~480-kb region (161 of 165 
common phase I+II HapMap SNPs pairwise 
tagged at r2 = 0.8 in CEU population6; Sup-
plementary Methods). Therefore, genotyp-
ing of further markers in the UK collection 
was unlikely to contribute substantial addi-
tional information. 

Finer analysis of haplotype structure in the 
~480-kb region in the UK collection 
showed subdivision into two closely corre-
lated ~439-kb and ~40-kb haplotype 
blocks (using strict criteria7). We found the 
rs13119723-G allele on a single strongly as-
sociated haplotype in both blocks (Supple-
mentary Fig. 2), with haplotype frequencies 
of 10.1% in affected individuals and 15.3% 
in controls in the 439-kb block (P = 2.1 x 
10–6) and 16.3% in affected individuals and 
21.5% in controls in the 40-kb block (P = 
4.3 x 10–5). We genotyped ten additional 
SNPs to tag haplotypes of frequency 45% 
(in addition to the four SNPs already tested) 
in the Dutch and Irish collections and found 
similar haplotype structure and association 
across all three populations (Supplementary 
Table 4). Because of extensive LD, these 
analyses did not allow us to determine the 
causal variant associated with celiac dis-
ease in the 4q27 region. The population- 
specific genetic variance at the associated 
4q27 markers (CEU HapMap data) is rela-
tively high, suggesting possible selection in 
the Northern European population. 

UK GWA scan collection Dutch collection Irish collection 

Allele frequency (%) Allele frequency (%) Allele frequency (%) Meta-analysis 

Cases Controls Cases Controls Cases Controls 

n = 778 n = 1,422 P a n = 508 n = 929 P a n = 483 n = 560 P a OR (95% CI) P a 

rs6835946 30.3 29.6 0.63 25.1 25.5 0.81 31.4 33.5 0.32 

rs11938795 21.2 26.3 0.00017 

rs4374642 10.5 8.4 0.020 12.1 8.4 0.0015 8.3 6.7 0.17 

rs13151961 12.6 17.9 5.2 x 10–6 12.2 19.1 2.2 x 10–6 14.8 19.4 0.0056 0.65 (0.58–0.73) 1.3 x 10–12 

rs4505848 34.4 32.3 0.15 37.6 34.9 0.15 31.3 27.8 0.084 

rs4288027 10.4 8.4 0.02 

rs7683061 40.6 38.0 0.090 

rs13119723 10.1 15.8 2.0  x 10–7 11.5 16.4 0.00042 12.8 16.2 0.030 0.66 (0.58–0.74) 4.8 x 10–11 

rs11734090 21.5 26.5 0.00023 

rs7699742 34.9 32.2 0.066 

rs1127348 24.8 21.6 0.016 25.7 24.0 0.34 21.7 16.9 0.0053 

rs7678445 9.9 7.7 0.013 

rs7684187 25.2 30.1 0.00056 

rs11732095 8.8 8.6 0.79 9.9 9.1 0.45 8.5 7.7 0.50 

rs716501 34.8 32.2 0.087 

rs10857092 5.2 6.6 0.069 7.8 7.3 0.60 7.0 7.7 0.53 

rs6848139 10.2 8.5 0.050 

rs6852535 29.7 29.4 0.84 

rs12642902 28.5 34.6 3.3 x 10–5 

rs6822844 12.6 17.9 4.6 x 10–6 12.4 18.5 2.1 x 10–5 14.2 19.7 0.0013 0.63 (0.57–0.71) 1.3 x 10–14 

rs4492018 26.6 26.5 0.93 22.7 23.1 0.80 29.1 30.2 0.60 

rs975405 38.6 42.8 0.0071 41.5 43.3 0.34 39.9 43.9 0.070 

rs7682241 36.6 34.4 0.13 

rs17005931 26.5 26.2 0.82 

rs1398553 34.1 30.6 0.016 35.2 32.6 0.18 30.6 25.7 0.015 

rs2893008 10.0 8.0 0.021 11.0 7.4 0.0011 7.3 6.5 0.50 

rs6840978 16.3 21.5 3.8 x 10–5 15.2 21.9 2.0 x 10–5 19.2 24.0 0.0083 0.70 (0.63–0.78) 1.1 x 10–10 
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Figure 1
Analysis of chromosome 4q27 region around rs13119723. A ~480-kb region 

between rs6835946 and rs6840978 is shown (build 36 map), with single-SNP 

allelic association test P values, genes and LD statistics (r2) determined from the 

UK data set.
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er-scale replication of other putative associ-
ations and additional genome-wide analyses 
(for example, of copy number variation12).
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The 4q27 celiac disease–associated region 
contains three known protein-coding genes 
(TENR (also known as NM_139243; official 
gene symbol pending), IL2 and IL21) and a 
predicted gene of unknown function (KI-
AA1109). We manually annotated the hu-
man genome sequence in the region (data 
not shown) but did not identify further 
genes. IL-2, secreted in an autocrine fashion 
by antigen-stimulated T cells, is a key cy-
tokine for T cell activation and proliferation. 
Another T cell–derived cytokine, IL-21, en-
hances B, T and NK cell proliferation and in-
terferon-g production. Both cytokines are 
implicated in the mechanisms of other intes-
tinal inflammatory diseases8,9. We examined 
expression profiles for the four genes 
across multiple cell and tissue types in the 
GNF SymAtlas database (Supplementary 
Methods). TENR is specifically expressed in 
testis and is an unlikely candidate for the 
causal celiac disease susceptibility gene. 
The function of KIAA1109 is largely un-
known10, although KIAA1109 is widely ex-
pressed as multiple splice variants in multi-
ple tissues. We looked specifically at gene 
expression in duodenal tissue from normal 
individuals and those with celiac disease 
(with normal histology or with villous atro-
phy). TENR expression was mostly undetec-
table. We did not see any differences be-
tween normal individuals and those treated 
for celiac disease for KIAA1109, IL2 or 
IL21. In the presence of inflammation (in in-
dividuals with untreated celiac disease), KI-
AA1109 and IL2 levels showed a modest re-
duction, and IL21 showed an increase 
(Supplementary Fig. 3). The region in 
mouse syntenic to human 4q27 (Idd3) de-
termines susceptibility to multiple autoim-
mune diseases in the NOD mouse model by 
a mechanism influencing IL2 mRNA and IL-2 
protein levels and CD4+ CD25+ regulatory 
T cell activity11. However, further studies are 
required to determine the human gene af-
fecting susceptibility to celiac disease in 
this region. 

Our GWA study has identified genetic varia-
tion in an LD block encompassing the KI-
AA1109-TENR-IL2-IL21 genes as a new 
susceptibility factor for celiac disease. In 
addition to further investigation of this 4q27 
region, the next steps in dissecting the ge-
netic causes of celiac disease include larg-
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Supplementary Material

UK subjects 
Celiac disease patients were recruited from adult outpatient 

clinics at seven UK hospital sites (Barts and the London, 

London; Derbyshire Royal Infirmary, Derby; Hammersmith 

Hospital, London; John Radcliffe Hospital, Oxford; Leeds 

University Hospitals, Leeds; Llandough Hospital, Cardiff; 

Sheffield University Hospitals, Sheffield). Inclusion criteria 

were as described1, based on presence of villous atrophy at di-

agnosis and (since test introduction) positive 

anti¬endomysial/tissue transglutaminase antibody 

(Supplementary Table 1). Population-based controls were an-

alysed from the 1958 British Birth Cohort. Ethics committee 

(Oxfordshire REC B) and local approval were obtained for all 

cohorts. Genomic DNA was extracted from peripheral blood, 

or from immortalised peripheral blood lymphocyte cell lines 

(1958 British Birth Cohort cohort). All individuals were unre-

lated and of white northern European ethnic origin. 

Dutch subjects 
DNA, isolated from whole blood, was obtained from unrelated 

Dutch individuals with celiac disease. All the affected individu-

als were diagnosed in accordance with the revised ESPGAN 

criteria2. More than 90% of the affected individuals were HLA-

DQ2-positive. The initial biopsy specimens of the individuals 

were retrieved; all showed a Marsh III lesion upon re-evalua-

tion by one of two experienced pathologists. Both cohorts in-

cluded children and adults. The control cohort comprised un-

related individuals that were random blood bank donors. All 

cases and controls were from The Netherlands and of 

European descent, and at least three of their four grandpar-

ents were also born in The Netherlands. This study was ap-

proved by the Medical Ethical Committee of the University 

Medical Center Utrecht. 

Irish subjects 
Celiac disease patients were recruited at St. James’s Hospital 

and the Adelaide and Meath (AMiNCH) Hospitals in Dublin, 

and University College Hospital, Galway, Ireland. Patients 

were diagnosed on the basis of histological appearance, anti-

body positivity and clinical improvement in response to a glu-

ten free diet. Over 90% of patients have histological lesions 

with a Marsh II or Marsh III classification. Patients with Marsh I 

(intra epithelial lymphocyte infiltrates) were only diagnosed as 

celiac disease if they have both positive EMA/anti-tTG anti-

Supplementary Figure 1
Summary of genome wide association scan association results. Y axis scale on each chromo-

some graph is -log10 P value (allele count c2 test, two tailed). SNPs with observed P<10-4 are 

annotated with reference SNP number.
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body tests and clinical improvement in response to a gluten 

free diet. Unselected population controls were collected anon-

ymously from blood transfusion donors and healthy volunteers. 

Ethics committee (Institutional Ethics Committee of St 

James’s Hospital) and local approval were obtained for all co-

horts. All individuals were unrelated and of white northern 

European ethnic origin. 

HLA typing 
A subset of UK samples (n=266 of final dataset) was HLA 

genotyped at the Transplant Immunology laboratory, Oxford 

Radcliffe Hospitals NHS Trust. A set of 56 sequence specific 

reactions across HLA-DQA1 and HLA-DQB1 was tested us-

ing a PCR based method3. External quality control was provid-

ed by United Kingdom National External Quality Assessment 

for Histocompatibility and Immunogenetics 

and by exchange of reference samples under the University of 

California at Los Angeles (UCLA) Immunogenetics Center 

International Cell Exchange program. 

Genome wide association scan 
genotyping 
Genotyping was performed according to the Infinium II proto-

col from Illumina (Illumina, San Diego, USA). DNA concentra-

tion was measured by picogreen assay. In brief, 750ng of ge-

nomic DNA was whole genome amplified, fragmented, 

hybridised to HumanHap300 BeadChip (cases) or 

HumanHap550 BeadChip (controls), extended, stained and 

imaged. The HumanHap550 BeadChip contains identical as-

says and probes (in the same beadpools) as the 

HumanHap300 BeadChip, but with additional SNP assays. 

Samples were only included if a minimum 95% call rate was 

observed for the sample in Beadstudio across the 313,505 

SNPs common to both HumanHap300 and HumanHap550 

BeadChips. For each SNP assay, normalised R and theta val-

ues were exported from BeadStudio. SNP R and theta data 

from either HumanHap300 or HumanHap550 assay were then 

combined, and genotypes clustered by a novel algorithm.

 

Genome wide association scan calling 
algorithm 
The Illumina Infinium II assay uses two allele specific Cy3/Cy5 

fluorescent probes per SNP. When investigating all samples 

three clusters are visible when plotting the intensity of allele B 

against the intensity of allele A. Data from large sample sets 

(here, n=2200) is helpful in more accurately assigning these 

clusters. BeadStudio v2.3.42 was unable to simultaneously 

call genotypes from all samples, because different BeadChips 

had been used for the controls and cases, even though actual 

beadpools were identical. 

To overcome potential spurious associations due to differenc-

es in this calling of cases and controls, an algorithm was devel-

oped which calls genotypes for each SNP, while using all raw 

data. It relies on a measure (theta) per individual (i), which is 

defined as:

theta i=
2
π

arctan
AlleleBi

AlleleAi

For each SNP, three clusters were defined, representing the 

homozygous AA genotypes (individuals with a low theta val-

ue), heterozygous AB genotypes (individuals with an interme-

diary theta value) and homozygous BB genotypes (individuals 

with high theta values).

In order to identify the appropriate clusters first a scoring func-

tion was defined which allowed for determining how well the 

three clusters had been defined. For the heterozygous cluster 

the variance was calculated: 

σ 2
AB = (theta i−μAB)2

i=1

i=nab

∑

Where i = each individual in cluster AB, nab = number of indi-

viduals in this cluster, µABi = mean theta value for all individu-

als for SNP i in this cluster

For the homozygous AA cluster a deviation from the expected 

minimal theta value (thetamin) was defined: 

σ 2
AA = (theta i− thetamin)2

i=1

i=naa

∑

Where i = each individual AA, and naa = number of individuals 

in this cluster.

For the homozygous BB cluster a deviation from the expected 

maximal theta value (thetamax)was defined: 

σ 2
BB = (theta i− thetamax)

2

i=1

i=nbb

∑

Where i = each individual BB, and nbb = number of individuals 

in this cluster.

The total variance (σ2) was determined by summing the three 

independent variances: 

2 =σ 2
AA + σσ 2

AB + σ 2
BB

Subsequently the entire search space was assessed, and the 

three clusters with the lowest total variance were considered 

to represent the correct genotypes.

Once for each individual initial genotypes were assigned, it 

was determined per individual whether its theta value corre-

sponded well to the cluster it had designated, or that it was 

also likely it would fit in another cluster. When an individual had 

a theta value that had a squared distance to the mean of its 

own cluster that was more than the half the squared distance 

to the mean of another cluster, the initially assigned genotype 

for this individual was removed.

Java source code, implementing this algorithm, is available at 

www.prioritizer.nl/wga.php 
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Supplementary Figure 2
Linkage disequilbrium and haplotype analysis of 4q27 region

a) Haploview linkage disequilibrium analysis for 1Mb region around rs13119723. Region from rs6825926 to rs309375 analysed. 

HapMap phase I+II data shown for 539 SNPs with >95% call rate and >1% mean allele frequency in 30 CEU trios. UK coeliac 

and population control data shown for 81 SNPs in 2200 samples. Greyscale boxes indicates pairwise correlation statistic (r2). 

Red bar indicates ~480kb celiac disease associated region. b )Haplotype analysis of ~480kb celiac disease associated region 

in UK dataset. Region from rs6835946 to rs6840978 analysed. Haplotypes of >1% frequency (determined in Haploview using 

Gabriel et al criteria) shown. Connections across the two blocks shown for haplotypes >10% frequency with thick lines, and 

> 1% frequency with thin lines. Multiallelic D’ statistics between the blocks are shown.

a)

b)
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Genome wide association scan quality 
control and statistical analysis 
Samples were then excluded for the following reasons: gender 

inferred by X chromosome genotype different to clinical record 

of gender (n=8), possible ethnic outliers (n=3) identified by 

PLINK ethnic outlier (nearest neighbour) analysis, deliberate 

and inadvertent duplicates identified by whole genome identity 

by state analysis (PLINK), mismatch with >1 SNP previously 

genotyped by another method (n=9). 

Of the 313,505 SNPs common to the Human Hap300 and 

HumanHap550 BeadChips, we mapped 312,867 SNPs to au-

tosomes or the X chromosome in NCBI build 36, and selected 

these for further analysis. SNPs were then excluded from anal-

ysis for the following reasons (applied in order): call rate 

<95% in either case or control samples (n=1,490), allele fre-

quency <1% in combined samples (n=32), deviation from 

Hardy Weinberg equilibrium (P<0.0001 in control samples, 

n=740). Subsequent analyses were performed on a dataset of 

310,605 SNPs with a call rate of 99.87%. No difference in call 

rates was seen between cases (Hap300 BeadChip) and con-

trols (Hap550 BeadChip). 

A previous study had reported association of celiac disease 

with genetic variation in MYO9B4. Six SNPs reported in the 

previous study were tested in the current genome scan data-

set (rs7246865, rs4808571, rs1870068, rs10409451, 

rs2305767, rs962917). 

The genome scan was 80% powered to detect an allelic asso-

ciation which had a P < 0.001, with the sample size we used, 

and assuming a MAF of 0.26 in controls (the mean SNP allele 

frequency in controls of all SNPs tested) with an odds ratio of 

1.22. 

Association analysis at single marker level was performed by 

chi-squared test of allele counts as implemented in PLINK 

v0.99q software provided by S. Purcell and colleagues (pngu.

mgh.harvard.edu/~purcell/plink/). Logistic regression imple-

mented in R statistical software (www.r-project.org) was ap-

plied to calculate odds ratios and confidence intervals and to 

test for possible differences in disease susceptibility due to 

statistical interaction between HLA and non-HLA genotypes. 

In some analyses the broad HLA region (defined as 

20,000,000 to 39,999,999 base pairs on chromosome 6 

NCBI Build 36 map) was excluded (3,226 SNPs in final data-

set). 

Haploview v3.32 was used for linkage disequilibrium block 

characterisation, and haplotype association statistics5. 

Tagging efficiency of the 27 Illumina SNPs in the 4q27 region, 

versus HapMap data (Release 21a, >5% frequency HapMap 

phase I+II CEU SNPs with >95% genotype data), was as-

sessed using Tagger in Haploview6, with a pairwise tagging 

approach. 

Supplementary Figure 3
Quantitative RT-PCR analysis of 4q27 region gene expres-

sion in duodenal tissue

Fold change (2-ΔΔCt) versus control gene (GUSB) shown. 

Median shown with a bar. NC, normal control individuals 

(n=12); CD-T treated coeliac individuals with normal duode-

nal histology (n=12); CD-U untreated coeliac individuals with 

villous atrophy (active inflammation) observed on duodenal 

histology (n=12). 
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Supplementary table 1
Characteristics of subjects

Genome wide association scan Replication Replication

UK celiac  

cases

UK population 

controls

Dutch celiac 

cases

Dutch healthy 

controls

Irish celiac 

cases 

Irish healthy 

controls

Individuals (n) 778 1422 508 929 483 560 

Female (%) 71.9% 49.4% 68.8% 38.7% 71.0% 51.0% 

Median age at diag- 43 Born in 1958 46.3 Not available Not available Not available

nosis, range (years) (0.3 - 84) (49 - 49) (1-83) 

Intestinal histology 

when untreated 

100% villous 

atrophy 

(Marsh III)

- 100% villous 

atrophy 

(Marsh III)

- >90% crypt 

hyperplastic 

lesion, villous 

atrophy 

(Marsh II/III) 

-

Known positive IgA anti-endomysial / 

tTG anti-body when untreated

71.4% - Not available - >90% -

 

Supplementary table 2
Classical HLA type and rs2187668 genotype.

UK celiac cases (n=246) rs2187668 genotype

AA AG GG

Classical HLA type

DQ2.5cis1 homozygous 49 2 0

DQ2.5cis heterozygous 1 167 1

DQ2.5trans2, DQ8 homozygous

or DQ8 heterozygous but not DQ2.5cis

0 0 26

1DQ2.5cis (DQA1*0501 and DQB1*0201 encoded on the same chromosome)
2DQ2.5trans (DQA1*0505 and DQB1*0202 encoded on different chromosomes)

This table does not include n=17 celiac cases heterozygous for HLA-DQ2.5cis in 

addition to other rare DQA1/DQB1 alleles (all were heterozygous or homozygous 

for rs2187668 A), nor 3 individuals encoding a partial DQ2 heterodimer.



The following features were observed: 1. Known_CDS 

AC022489.2 (aka KIA1109, FSA); 2. Known_CDS, 

AC022489.3 novel protein, possible orthologue of mouse tes-

tis nuclear RNA-binding protein (Tenr)3. Known_CDS IL2; 4. 

Known_CDS IL21 (non-coding novel_transcript annotated 

AC053545.3 on opposite strand overlapping with IL21 exon 1). 

No known copy number variants (detected by manual inspec-

tion of SNP fluorescence intensity plots, or recorded in the 

Database of Genomic Variants: projects.tcag.ca/variation/) or 

microRNA’s were observed in the region. 

Gene expression analysis 
Expression of genes in the 4q27 region across multiple human 

tissues was examined using the HumanGeneAtlas GNF1H 

qcRMA dataset in the GNF SymAtlas v1.2.4 database (symat-

las.gnf.org/SymAtlas/)7. Similar patterns for KIAA1109, sug-

gesting broad expression across multiple tissues, were ob-

served in the GeneHub-GEPIS database based on EST 

analysis (www.cgl.ucsf.edu/Research/genentech/genehub-

gepis/index.html). 

Collection of duodenal biopsies, RNA extraction, cDNA syn-

thesis, and Taqman quantitative RT-PCR using Applied 

Biosystems pre-designed assays was performed as de-

scribed8. Each sample/condition was assayed in triplicate. 

Fold change (2-ΔΔCt) versus control gene (GUSB) was calculat-

ed. IL21 expression levels were undetectable in at least two of 

the triplicate assays for some samples, therefore we set Ct for 

the sample to an arbitrary high value. Median and Kruskal-

Wallis test statistics were calculated, with Dunn’s Multiple 

Comparison tests (Supplementary Fig. 3). 
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As a final quality control check, we visually inspected geno-

type clouds for SNPs with single marker association test 

P<10-3. Apparent association (P=5.8 x 10-11) with SNP 

rs149947 was spurious due to poor genotype cloud cluster-

ing, this SNP was removed from analyses. 

Genome wide association scan genotyping data are available 

from https://enigma.sanger.ac.uk/cgi-bin/PostGenomics/

genotyping/manager. Please follow instructions to obtain a 

login/password which will be made available to bona-fide sci-

entific investigators. 

Replication collections: genotyping and 
statistical analysis 
We genotyped 8 SNPs outside the 4q27 region, and 14 SNPs 

from the 4q27 region, in further independent cohorts (Table 1, 

Supplementary Table 3, 4). An additional 4q27 region SNP 

rs4833837 (synonymous SNP in IL21) was tested in the 

Dutch collection only (Supplementary Table 4). A collection of 

Dutch healthy controls (blood donors) and Dutch celiac cases 

was genotyped at University Medical Centre Utrecht. Irish ce-

liac case and control collections were genotyped at Queen 

Mary University of London. Taqman assays (Applied 

Biosystems, Warrington, UK) were used for genotyping at 

both sites. Association analysis was performed by chi-squared 

test of allele counts, and meta-analysis of all cohorts by the 

Maentel-Haenszel method.  

We observed perfect concordance between rs13119723 gen-

otypes in n=123 Dutch controls genotyped by both Taqman 

and Hap300 BeadChip Infinium assay (as part of a separate 

project). 

Annotation of transcripts and features in 
the 4q27 region. 
Manual annotation of coding and non-coding transcript struc-

tures was completed using the Sanger HAVANA analysis and 

annotation pipeline (www.sanger.ac.uk/HGP/havana/) on a 

559 kb region of chromosome 4:123,280,304-123,840,222 

(NCBI36, March 2006). 
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Characteristics of subjects

Genome wide association scan Replication Replication

UK celiac  

cases

UK population 

controls

Dutch celiac 

cases

Dutch healthy 

controls

Irish celiac 

cases 

Irish healthy 

controls

Individuals (n) 778 1422 508 929 483 560 

Female (%) 71.9% 49.4% 68.8% 38.7% 71.0% 51.0% 

Median age at diag- 43 Born in 1958 46.3 Not available Not available Not available

nosis, range (years) (0.3 - 84) (49 - 49) (1-83) 

Intestinal histology 

when untreated 

100% villous 

atrophy 

(Marsh III)

- 100% villous 

atrophy 

(Marsh III)

- >90% crypt 

hyperplastic 

lesion, villous 

atrophy 

(Marsh II/III) 

-

Known positive IgA anti-endomysial / 

tTG anti-body when untreated

71.4% - Not available - >90% -
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Supplementary table 3
Genome wide association and replication results

a) Genome wide association results for SNPs with P<10-4 (excluding HLA region)

SNP Chr Position UK genome wide scan Nearest 

gene 

Replicated in 

Dutch + Irish 

HWE 

Controls

MAF 

Controls

MAF 

Cases 

Odds Ratio 

[95% CI]

P value 

rs875153 1 56672858 0.368 0.494 0.43 0.77 [0.68 - 0.87] 4.3 x 10-5 PPAP2B 
rs3949904 1 62620678 0.518 0.287 0.345 1.30 [1.14 - 1.49] 8.5 x 10-5 USP1 
rs1021621 1 165465160 0.223 0.491 0.425 0.77 [0.68 - 0.87] 3.6 x 10-5 POU2F1 No (Table S3B)
rs2949666 1 165659326 0.222 0.48 0.417 0.77 [0.68 - 0.88] 5.7 x 10-5 POU2F1 
rs13397583 2 23459535 0.732 0.367 0.303 0.75 [0.66 - 0.86] 2.2 x 10-5 UBXD4 
rs1355208 2 30298826 0.642 0.351 0.415 1.31 [1.15 - 1.48] 3.4 x 10-5 LBH 
rs917997 2 102437000 0.027 0.215 0.268 1.34 [1.16 - 1.54] 6.8 x 10-5 IL18RAP 
rs2322659 2 136272129 0.602 0.188 0.238 1.35 [1.16 - 1.57] 8.6 x 10-5 LCT 
rs17654201 2 193432325 0.266 0.063 0.034 0.52 [0.38 - 0.71] 3.5 x 10-5 TMEFF2 
rs1542865 2 196017781 0.574 0.171 0.126 0.70 [0.58 - 0.83] 7.2 x 10-5 SLC39A10 
rs4852100 2 240236764 0.343 0.239 0.296 1.34 [1.17 - 1.54] 3.8 x 10-5 NP_997366.1 
rs9862494 3 2377673 0.723 0.04 0.07 1.82 [1.39 - 2.39] 1.1 x 10-5 CNTN4 
rs6762743 3 180494694 0.749 0.293 0.224 0.70 [0.60 - 0.80] 8.1 x 10-7 ZNF639 No (Table S3B)
rs9290678 3 180499714 0.749 0.292 0.224 0.70 [0.61 - 0.81] 1.1 x 10-6 ZNF639 No (Table S3B)
rs1464510 3 189595248 0.261 0.457 0.519 1.28 [1.13 - 1.45] 9.0 x 10-5 LPP 
rs6554006 4 31769556 0.777 0.104 0.068 0.63 [0.50 - 0.79] 7.6 x 10-5 FCDH7 
rs6554007 4 31769569 0.411 0.263 0.206 0.73 [0.63 - 0.84] 2.7 x 10-5 FCDH7 
rs6419998 4 31783944 0.369 0.292 0.233 0.74 [0.64 - 0.85] 3.3 x 10-5 FCDH7 
rs13151961 4 123334952 0.588 0.179 0.126 0.66 [0.55 - 0.79] 5.2 x 10-6 KIAA1109 
rs13119723 4 123437763 0.193 0.158 0.101 0.60 [0.50 - 0.73] 2.0 x 10-7 KIAA1109 
rs12642902 4 123727951 0.598 0.346 0.285 0.75 [0.66 - 0.86] 3.3 x 10-5 IL21 Yes (Table 1)
rs6822844 4 123728871 0.588 0.179 0.126 0.66 [0.55 - 0.79] 4.6 x 10-6 IL21 Yes (Table 1)
rs6840978 4 123774157 0.529 0.215 0.163 0.71 [0.61 - 0.84] 3.8 x 10-5 IL21 Yes (Table 1)
rs12512791 4 189725728 0.702 0.414 0.354 0.77 [0.68 - 0.88] 9.2 x 10-5 TRIML1 
rs13357969 5 150731750 0.62 0.405 0.345 0.77 [0.68 - 0.88] 9.3 x 10-5 SLC36A2 
rs7708940 5 150769244 0.379 0.406 0.344 0.77 [0.67 - 0.87] 5.4 x 10-5 SLC36A2 
rs6936059 6 52573410 0.786 0.453 0.521 1.32 [1.16 - 1.49] 1.8 x 10-5 TRAM2 
rs4571541 6 92885445 0.43 0.245 0.303 1.34 [1.17 - 1.54] 2.8 x 10-5 EPHA7 
rs4446534 6 92886209 1 0.317 0.379 1.32 [1.16 - 1.50] 3.3 x 10-5 EPHA7 
rs10484716 6 128217415 0.148 0.224 0.174 0.73 [0.62 - 0.85] 6.8 x 10-5 C6orf190
rs648119 8 103207221 0.143 0.423 0.488 1.30 [1.15 - 1.47] 4.0 x 10-5 NCALD
rs10505604 8 134096770 0.268 0.235 0.299 1.39 [1.21 - 1.60] 3.1 x 10-6 TG No (Table S3B)
rs4469515 9 1329391 0.952 0.331 0.4 1.35 [1.19 - 1.53] 4.6 x 10-6 DMRT2 No (Table S3B)
rs13301122 9 28266698 1 0.211 0.265 1.35 [1.17 - 1.56] 3.8 x 10-5 LINGO2
rs1064891 10 6316580 0.371 0.386 0.459 1.35 [1.19 - 1.53] 2.7 x 10-6 PFKFB3 No (Table S3B)
rs1539234 10 6316749 0.435 0.387 0.458 1.34 [1.18 - 1.52] 4.6 x 10-6 PFKFB3
rs276892 11 3732947 0.958 0.519 0.452 0.76 [0.68 - 0.87] 2.2 x 10-5 NUP98
rs276885 11 3752982 0.596 0.518 0.452 0.77 [0.68 - 0.87] 3.0 x 10-5 NUP98
rs10838353 11 44744691 0.012 0.246 0.302 1.33 [1.16 - 1.53] 4.8 x 10-5 TSPAN18
rs7104791 11 110702068 0.934 0.198 0.249 1.35 [1.16 - 1.56] 7.9 x 10-5 POU2AF1
rs582465 11 111173795 0.956 0.392 0.332 0.77 [0.68 - 0.88] 9.7 x 10-5 ALG9
rs2325630 13 74115455 0.952 0.325 0.386 1.30 [1.15 - 1.48] 5.5 x 10-5 KLF12
rs7159238 14 81135391 0.746 0.433 0.504 1.33 [1.18 - 1.51] 6.2 x 10-6 SEL1L No (Table S3B)
rs7497057 15 32741278 0.014 0.185 0.139 0.71 [0.60 - 0.84] 8.5 x 10-5 GJA9
rs1353122 15 79993485 0.337 0.166 0.12 0.69 [0.57 - 0.83] 5.3 x 10-5 RKHD3
rs10500391 16 12868621 1 0.287 0.232 0.75 [0.65 - 0.87] 8.3 x 10-5 FLJ11151
rs3809983 18 54353748 0.199 0.47 0.543 1.34 [1.18 - 1.52] 3.7 x 10-6 ALPK2
rs3809982 18 54354054 0.099 0.472 0.543 1.33 [1.17 - 1.50] 7.0 x 10-6 ALPK2 No (Table S3B)
rs3809973 18 54355912 0.254 0.423 0.486 1.29 [1.14 - 1.46] 6.6 x 10-5 ALPK2
rs3809970 18 54355971 0.624 0.425 0.486 1.28 [1.13 - 1.45] 9.2 x 10-5 ALPK2
rs12103986 18 54356242 0.277 0.423 0.485 1.28 [1.13 - 1.45] 7.8 x 10-5 ALPK2
rs7245277 18 74238260 0.58 0.078 0.117 1.56 [1.27 - 1.92] 1.9 x 10-5 SALL3
rs1036229 19 34672350 0.047 0.105 0.149 1.48 [1.23 - 1.78] 2.5 x 10-5 POP4
rs6053908 20 6034772 0.287 0.081 0.118 1.52 [1.24 - 1.87] 5.1 x 10-5 C20orf42
rs200755 20 15550333 0.803 0.307 0.251 0.76 [0.66 - 0.87] 7.9 x 10-5 C20orf133
rs3124045 X 122772520 0.397 0.28 0.216 0.71 [0.60 - 0.83] 2.9 x 10-5 BIRC4



Supplementary table 4
4q27 SNPs and haplotypes in three collections

a) Detailed single SNP association results

SNP, Position, Cohorts Platform/ Assay Samples Call rate Genotypes (n) MAF P Value

rs6835946, chromosome 4, 123289289 bp AA AG GG
UK celiac cases Infinium II 778 99.60% 67 335 373 30.30% 0.63
UK population controls Infinium II 1422 99.60% 119 599 698 29.60%
Dutch celiac cases Taqman 508 98.00% 38 174 286 25.10%
Dutch healthy controls C_29841309_10 929 94.30% 61 325 490 25.50% 0.81
Irish celiac cases Taqman 483 97.90% 40 217 216 31.40%
Irish healthy controls C_29841309_10 560 98.20% 65 238 247 33.50% 0.32

rs4374642, chromosome 4, 123320561 bp CC CT TT
UK celiac cases Infinium II 778 100.00% 8 147 623 10.50% 0.02
UK population controls Infinium II 1422 100.00% 12 214 1196 8.40%
Dutch celiac cases Taqman 508 98.60% 11 99 391 12.10%
Dutch healthy controls C_30678902_10 929 98.30% 7 139 767 8.40% 0.002
Irish celiac cases Taqman 483 99.00% 3 73 402 8.30%
Irish healthy controls C_30678902_10 560 99.10% 0 74 481 6.70% 0.17

rs13151961, chromosome 4, 123334952 bp GG AG AA
UK celiac cases Infinium II 778 100.00% 14 168 596 12.60%
UK population controls Infinium II 1422 100.00% 42 424 956 17.90% 5.2x10-6

Dutch celiac cases Taqman 508 98.80% 12 98 392 12.20%
Dutch healthy controls C_26024001_10 929 99.40% 32 288 603 19.10% 2.2x10-6

Irish celiac cases Taqman 483 97.90% 8 124 341 14.80%
Irish healthy controls C_26024001_10 560 98.80% 24 167 362 19.40% 0.006

Supplementary table 3
Genome wide association and replication results

a) Genome wide association results for SNPs with P<10-4 (excluding HLA region)

SNP Chr Position UK genome wide scan Nearest 

gene 

Replicated in 

Dutch + Irish 

HWE 

Controls

MAF 

Controls

MAF 

Cases 

Odds Ratio 

[95% CI]

P value 

rs875153 1 56672858 0.368 0.494 0.43 0.77 [0.68 - 0.87] 4.3 x 10-5 PPAP2B 
rs3949904 1 62620678 0.518 0.287 0.345 1.30 [1.14 - 1.49] 8.5 x 10-5 USP1 
rs1021621 1 165465160 0.223 0.491 0.425 0.77 [0.68 - 0.87] 3.6 x 10-5 POU2F1 No (Table S3B)
rs2949666 1 165659326 0.222 0.48 0.417 0.77 [0.68 - 0.88] 5.7 x 10-5 POU2F1 
rs13397583 2 23459535 0.732 0.367 0.303 0.75 [0.66 - 0.86] 2.2 x 10-5 UBXD4 
rs1355208 2 30298826 0.642 0.351 0.415 1.31 [1.15 - 1.48] 3.4 x 10-5 LBH 
rs917997 2 102437000 0.027 0.215 0.268 1.34 [1.16 - 1.54] 6.8 x 10-5 IL18RAP 
rs2322659 2 136272129 0.602 0.188 0.238 1.35 [1.16 - 1.57] 8.6 x 10-5 LCT 
rs17654201 2 193432325 0.266 0.063 0.034 0.52 [0.38 - 0.71] 3.5 x 10-5 TMEFF2 
rs1542865 2 196017781 0.574 0.171 0.126 0.70 [0.58 - 0.83] 7.2 x 10-5 SLC39A10 
rs4852100 2 240236764 0.343 0.239 0.296 1.34 [1.17 - 1.54] 3.8 x 10-5 NP_997366.1 
rs9862494 3 2377673 0.723 0.04 0.07 1.82 [1.39 - 2.39] 1.1 x 10-5 CNTN4 
rs6762743 3 180494694 0.749 0.293 0.224 0.70 [0.60 - 0.80] 8.1 x 10-7 ZNF639 No (Table S3B)
rs9290678 3 180499714 0.749 0.292 0.224 0.70 [0.61 - 0.81] 1.1 x 10-6 ZNF639 No (Table S3B)
rs1464510 3 189595248 0.261 0.457 0.519 1.28 [1.13 - 1.45] 9.0 x 10-5 LPP 
rs6554006 4 31769556 0.777 0.104 0.068 0.63 [0.50 - 0.79] 7.6 x 10-5 FCDH7 
rs6554007 4 31769569 0.411 0.263 0.206 0.73 [0.63 - 0.84] 2.7 x 10-5 FCDH7 
rs6419998 4 31783944 0.369 0.292 0.233 0.74 [0.64 - 0.85] 3.3 x 10-5 FCDH7 
rs13151961 4 123334952 0.588 0.179 0.126 0.66 [0.55 - 0.79] 5.2 x 10-6 KIAA1109 
rs13119723 4 123437763 0.193 0.158 0.101 0.60 [0.50 - 0.73] 2.0 x 10-7 KIAA1109 
rs12642902 4 123727951 0.598 0.346 0.285 0.75 [0.66 - 0.86] 3.3 x 10-5 IL21 Yes (Table 1)
rs6822844 4 123728871 0.588 0.179 0.126 0.66 [0.55 - 0.79] 4.6 x 10-6 IL21 Yes (Table 1)
rs6840978 4 123774157 0.529 0.215 0.163 0.71 [0.61 - 0.84] 3.8 x 10-5 IL21 Yes (Table 1)
rs12512791 4 189725728 0.702 0.414 0.354 0.77 [0.68 - 0.88] 9.2 x 10-5 TRIML1 
rs13357969 5 150731750 0.62 0.405 0.345 0.77 [0.68 - 0.88] 9.3 x 10-5 SLC36A2 
rs7708940 5 150769244 0.379 0.406 0.344 0.77 [0.67 - 0.87] 5.4 x 10-5 SLC36A2 
rs6936059 6 52573410 0.786 0.453 0.521 1.32 [1.16 - 1.49] 1.8 x 10-5 TRAM2 
rs4571541 6 92885445 0.43 0.245 0.303 1.34 [1.17 - 1.54] 2.8 x 10-5 EPHA7 
rs4446534 6 92886209 1 0.317 0.379 1.32 [1.16 - 1.50] 3.3 x 10-5 EPHA7 
rs10484716 6 128217415 0.148 0.224 0.174 0.73 [0.62 - 0.85] 6.8 x 10-5 C6orf190
rs648119 8 103207221 0.143 0.423 0.488 1.30 [1.15 - 1.47] 4.0 x 10-5 NCALD
rs10505604 8 134096770 0.268 0.235 0.299 1.39 [1.21 - 1.60] 3.1 x 10-6 TG No (Table S3B)
rs4469515 9 1329391 0.952 0.331 0.4 1.35 [1.19 - 1.53] 4.6 x 10-6 DMRT2 No (Table S3B)
rs13301122 9 28266698 1 0.211 0.265 1.35 [1.17 - 1.56] 3.8 x 10-5 LINGO2
rs1064891 10 6316580 0.371 0.386 0.459 1.35 [1.19 - 1.53] 2.7 x 10-6 PFKFB3 No (Table S3B)
rs1539234 10 6316749 0.435 0.387 0.458 1.34 [1.18 - 1.52] 4.6 x 10-6 PFKFB3
rs276892 11 3732947 0.958 0.519 0.452 0.76 [0.68 - 0.87] 2.2 x 10-5 NUP98
rs276885 11 3752982 0.596 0.518 0.452 0.77 [0.68 - 0.87] 3.0 x 10-5 NUP98
rs10838353 11 44744691 0.012 0.246 0.302 1.33 [1.16 - 1.53] 4.8 x 10-5 TSPAN18
rs7104791 11 110702068 0.934 0.198 0.249 1.35 [1.16 - 1.56] 7.9 x 10-5 POU2AF1
rs582465 11 111173795 0.956 0.392 0.332 0.77 [0.68 - 0.88] 9.7 x 10-5 ALG9
rs2325630 13 74115455 0.952 0.325 0.386 1.30 [1.15 - 1.48] 5.5 x 10-5 KLF12
rs7159238 14 81135391 0.746 0.433 0.504 1.33 [1.18 - 1.51] 6.2 x 10-6 SEL1L No (Table S3B)
rs7497057 15 32741278 0.014 0.185 0.139 0.71 [0.60 - 0.84] 8.5 x 10-5 GJA9
rs1353122 15 79993485 0.337 0.166 0.12 0.69 [0.57 - 0.83] 5.3 x 10-5 RKHD3
rs10500391 16 12868621 1 0.287 0.232 0.75 [0.65 - 0.87] 8.3 x 10-5 FLJ11151
rs3809983 18 54353748 0.199 0.47 0.543 1.34 [1.18 - 1.52] 3.7 x 10-6 ALPK2
rs3809982 18 54354054 0.099 0.472 0.543 1.33 [1.17 - 1.50] 7.0 x 10-6 ALPK2 No (Table S3B)
rs3809973 18 54355912 0.254 0.423 0.486 1.29 [1.14 - 1.46] 6.6 x 10-5 ALPK2
rs3809970 18 54355971 0.624 0.425 0.486 1.28 [1.13 - 1.45] 9.2 x 10-5 ALPK2
rs12103986 18 54356242 0.277 0.423 0.485 1.28 [1.13 - 1.45] 7.8 x 10-5 ALPK2
rs7245277 18 74238260 0.58 0.078 0.117 1.56 [1.27 - 1.92] 1.9 x 10-5 SALL3
rs1036229 19 34672350 0.047 0.105 0.149 1.48 [1.23 - 1.78] 2.5 x 10-5 POP4
rs6053908 20 6034772 0.287 0.081 0.118 1.52 [1.24 - 1.87] 5.1 x 10-5 C20orf42
rs200755 20 15550333 0.803 0.307 0.251 0.76 [0.66 - 0.87] 7.9 x 10-5 C20orf133
rs3124045 X 122772520 0.397 0.28 0.216 0.71 [0.60 - 0.83] 2.9 x 10-5 BIRC4

b) Additional SNPs (outside 4q27 region) tested in Dutch and Irish collections

UK genome wide scan 

778 cases, 1422 controls

Irish 483 cases, 560 

controls 

Dutch 508 cases, 929 

controls1 

SNP Chr Position MAF MAF P MAF MAF P MAF MAF P

(bp, b36) Controls Cases Controls Cases Controls Cases  

rs1021621 1 165465160 49.1% 42.5% 3.6 x 10-5 44.7% 45.3% 0.79 47.9% 48.4% 0.79
rs6762743 3 180494694 29.3% 22.4% 8.1 x 10-7 28.1% 24.5% 0.075 27.0% 24.7% 0.221

rs9290678 3 180499714 29.2% 22.4% 1.1 x 10-6 28.6% 24.0% 0.021 26.0% 24.7% 0.42
rs10505604 8 134096770 23.5% 29.9% 3.1 x 10-6 23.2% 24.2% 0.61 24.2% 24.6% 0.821

rs4469515 9 1329391 33.1% 40.0% 4.6 x 10-6 36.0% 38.7% 0.23 37.9% 37.7% 0.941

rs1064891 10 6316580 38.6% 45.9% 2.7 x 10-6 39.9% 40.5% 0.79 43.3% 44.8% 0.501

rs7159238 14 81135391 43.3% 50.4% 6.2 x 10-6 45.8% 45.9% 0.96 45.6% 44.9% 0.731

rs3809982 18 54354054 47.2% 54.3% 7.0 x 10-6 50.4% 49.6% 0.75 49.3% 53.1% 0.057

MAF Minor allele frequency

HWE  Hardy Weinberg equilibrium exact test

P values P values are from two-tailed chi-squared allele count tests.

1 For these SNPs n= 569 Dutch controls were genotyped.
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rs4505848, chromosome 4, 123351942 bp GG AG AA
UK celiac cases Infinium II 778 99.90% 99 337 341 34.40% 0.15
UK population controls Infinium II 1422 99.90% 151 615 654 32.30%
Dutch celiac cases Taqman 508 97.80% 66 242 189 37.60%
Dutch healthy controls C_34908_30 929 97.50% 106 420 380 34.90% 0.15
Irish celiac cases Taqman 483 96.90% 36 221 211 31.30%
Irish healthy controls C_34908_30 560 97.30% 39 225 281 27.80% 0.084

rs13119723, chromosome 4, 123437763 bp GG AG AA
UK celiac cases Infinium II 778 99.70% 13 131 632 10.10%
UK population controls Infinium II 1422 99.60% 42 363 1012 15.80% 2.0x10-7

Dutch celiac cases Taqman 508 99.00% 12 92 399 11.50%
Dutch healthy controls C_26404981_10 929 98.90% 32 238 649 16.40% 0.000
Irish celiac cases Taqman 483 99.40% 10 103 367 12.80%
Irish healthy controls C_26404981_10 560 99.30% 23 134 399 16.20% 0.03

rs1127348, chromosome 4, 123500310 bp CC CT TT
UK celiac cases Infinium II 778 100.00% 63 260 455 24.80% 0.016
UK population controls Infinium II 1422 100.00% 66 483 873 21.60%
Dutch celiac cases Taqman 508 97.80% 30 195 272 25.70%
Dutch healthy controls C_12001860_1 929 98.30% 48 343 522 24.00% 0.34
Irish celiac cases Taqman 483 97.70% 17 171 284 21.70%
Irish healthy controls C_12001860_1 560 98.00% 13 159 377 16.90% 0.005

rs11732095,chromosome 4, 123567795 bp GG AG AA
UK celiac cases Infinium II 778 99.90% 12 113 652 8.80%
UK population controls Infinium II 1422 100.00% 16 212 1194 8.60% 0.79
Dutch celiac cases Taqman 508 99.00% 5 90 408 9.90%
Dutch healthy controls C_1866308_10 929 94.90% 9 142 731 9.10% 0.45
Irish celiac cases Taqman 483 96.90% 5 70 393 8.50%
Irish healthy controls C_1866308_10 560 98.20% 6 73 471 7.70% 0.5

rs10857092,chromosome 4, 123608669 bp AA AG GG
UK celiac cases Infinium II 778 100.00% 3 75 700 5.20%
UK population controls Infinium II 1422 100.00% 9 1691244 6.60% 0.069
Dutch celiac cases Taqman 508 98.00% 4 70 424 7.80%
Dutch healthy controls C_1866315_10 929 95.30% 5 119 761 7.30% 0.6
Irish celiac cases Taqman 483 97.50% 2 62 407 7.00%
Irish healthy controls C_1866315_10 560 98.20% 4 77 469 7.70% 0.53

rs6822844,chromosome 4, 123728871 bp TT TG GG
UK celiac cases Infinium II 778 100.00% 14 168 596 12.60%
UK population controls Infinium II 1422 100.00% 42 425 955 17.90% 4.6x10-6

Dutch celiac cases Taqman 508 99.60% 12 101 393 12.40%
Dutch healthy controls C_28983601_10 929 99.50% 31 280 613 18.50% 2.1x10-5

Irish celiac cases Taqman 483 96.10% 8 116 340 14.20%
Irish healthy controls C_28983601_10 560 97.70% 21 173 353 19.70% 0.001

rs4492018,chromosome 4, 123733978 bp AA AG GG
UK celiac cases Infinium II 778 100.00% 57 300 421 26.60%
UK population controls Infinium II 1422 100.00% 102 549 771 26.50% 0.93
Dutch celiac cases Taqman 508 97.20% 31 162 301 22.70%
Dutch healthy controls C_1597477_10 929 97.80% 50 320 539 23.10% 0.8
Irish celiac cases Taqman 483 96.70% 32 208 227 29.10%
Irish healthy controls C_1597477_10 560 96.40% 53 220 267 30.20% 0.6

rs975405,chromosome 4, 123740630 bp CC CT TT
UK celiac cases Infinium II 778 99.70% 126 347 303 38.60%
UK population controls Infinium II 1422 99.90% 256 703 461 42.80% 0.007
Dutch celiac cases Taqman 508 97.80% 93 226 178 41.50%
Dutch healthy controls C_8949724_10 929 94.30% 156 447 273 43.30% 0.34
Irish celiac cases Taqman 483 96.30% 75 221 169 39.90%
Irish healthy controls C_8949724_10 560 97.90% 102 277 169 43.90% 0.07

rs4833837,chromosome 4, 123756413 bp GG GA AA
UK celiac cases Not tested
UK population controls Not tested
Dutch celiac cases Taqman 508 98.40% 63 219 218 34.50%
Dutch healthy controls C_25473096_10 769 96.70% 83 334 327 33.60% 0.64
Irish celiac cases Not tested
Irish healthy controls Not tested
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UK celiac cases Infinium II 778 100.00% 63 260 455 24.80% 0.016
UK population controls Infinium II 1422 100.00% 66 483 873 21.60%
Dutch celiac cases Taqman 508 97.80% 30 195 272 25.70%
Dutch healthy controls C_12001860_1 929 98.30% 48 343 522 24.00% 0.34
Irish celiac cases Taqman 483 97.70% 17 171 284 21.70%
Irish healthy controls C_12001860_1 560 98.00% 13 159 377 16.90% 0.005

rs11732095,chromosome 4, 123567795 bp GG AG AA
UK celiac cases Infinium II 778 99.90% 12 113 652 8.80%
UK population controls Infinium II 1422 100.00% 16 212 1194 8.60% 0.79
Dutch celiac cases Taqman 508 99.00% 5 90 408 9.90%
Dutch healthy controls C_1866308_10 929 94.90% 9 142 731 9.10% 0.45
Irish celiac cases Taqman 483 96.90% 5 70 393 8.50%
Irish healthy controls C_1866308_10 560 98.20% 6 73 471 7.70% 0.5

rs10857092,chromosome 4, 123608669 bp AA AG GG
UK celiac cases Infinium II 778 100.00% 3 75 700 5.20%
UK population controls Infinium II 1422 100.00% 9 1691244 6.60% 0.069
Dutch celiac cases Taqman 508 98.00% 4 70 424 7.80%
Dutch healthy controls C_1866315_10 929 95.30% 5 119 761 7.30% 0.6
Irish celiac cases Taqman 483 97.50% 2 62 407 7.00%
Irish healthy controls C_1866315_10 560 98.20% 4 77 469 7.70% 0.53

rs6822844,chromosome 4, 123728871 bp TT TG GG
UK celiac cases Infinium II 778 100.00% 14 168 596 12.60%
UK population controls Infinium II 1422 100.00% 42 425 955 17.90% 4.6x10-6

Dutch celiac cases Taqman 508 99.60% 12 101 393 12.40%
Dutch healthy controls C_28983601_10 929 99.50% 31 280 613 18.50% 2.1x10-5

Irish celiac cases Taqman 483 96.10% 8 116 340 14.20%
Irish healthy controls C_28983601_10 560 97.70% 21 173 353 19.70% 0.001

rs4492018,chromosome 4, 123733978 bp AA AG GG
UK celiac cases Infinium II 778 100.00% 57 300 421 26.60%
UK population controls Infinium II 1422 100.00% 102 549 771 26.50% 0.93
Dutch celiac cases Taqman 508 97.20% 31 162 301 22.70%
Dutch healthy controls C_1597477_10 929 97.80% 50 320 539 23.10% 0.8
Irish celiac cases Taqman 483 96.70% 32 208 227 29.10%
Irish healthy controls C_1597477_10 560 96.40% 53 220 267 30.20% 0.6

rs975405,chromosome 4, 123740630 bp CC CT TT
UK celiac cases Infinium II 778 99.70% 126 347 303 38.60%
UK population controls Infinium II 1422 99.90% 256 703 461 42.80% 0.007
Dutch celiac cases Taqman 508 97.80% 93 226 178 41.50%
Dutch healthy controls C_8949724_10 929 94.30% 156 447 273 43.30% 0.34
Irish celiac cases Taqman 483 96.30% 75 221 169 39.90%
Irish healthy controls C_8949724_10 560 97.90% 102 277 169 43.90% 0.07

rs4833837,chromosome 4, 123756413 bp GG GA AA
UK celiac cases Not tested
UK population controls Not tested
Dutch celiac cases Taqman 508 98.40% 63 219 218 34.50%
Dutch healthy controls C_25473096_10 769 96.70% 83 334 327 33.60% 0.64
Irish celiac cases Not tested
Irish healthy controls Not tested

rs1398553,chromosome 4, 123767518 bp TT CT CC
UK celiac cases Infinium II 778 99.90% 102 326 349 34.10%
UK population controls Infinium II 1422 100.00% 133 603 686 30.60% 0.016
Dutch celiac cases Taqman 508 97.00% 66 215 212 35.20%
Dutch healthy controls C_8949749_10 929 93.60% 91 386 393 32.60% 0.18
Irish celiac cases Taqman 483 96.50% 42 201 223 30.60%
Irish healthy controls C_8949749_10 560 98.20% 35 213 302 25.70% 0.015

rs2893008,chromosome 4, 123772264 bp GG AG AA
UK celiac cases Infinium II 778 100.00% 8 140 630 10.00%
UK population controls Infinium II 1422 100.00% 11 2051206 8.00% 0.021
Dutch celiac cases Taqman 508 98.40% 8 94 398 11.00%
Dutch healthy controls C_16088771_10 929 99.70% 4 129 793 7.40% 0.001
Irish celiac cases Taqman 483 95.20% 1 65 394 7.30%
Irish healthy controls C_16088771_10 560 98.60% 0 72 480 6.50% 0.5

rs6840978,chromosome 4, 123774157 bp TT CT CC
UK celiac cases Infinium II 778 100.00% 23 208 547 16.30%
UK population controls Infinium II 1422 100.00% 61 489 872 21.50% 3.8x10-5

Dutch celiac cases Taqman 508 98.60% 11 130 360 15.20%
Dutch healthy controls C_1597502_10 929 94.30% 41 301 534 21.90% 2.0x10-5

Irish celiac cases Taqman 483 97.70% 19 143 310 19.20%
Irish healthy controls C_1597502_10 560 98.60% 33 199 320 24.00% 0.008

MAF Minor allele frequency

P Value P values are from two-tailed chi-squared allele count tests.

b) Detailed haplotype analysis results

Block 11

Block 21

UK genome scan collection Irish collection Dutch collection
Case
MAF 

Control 
MAF P Value 

Case
MAF 

Control 
MAF P Value 

Case
MAF 

Control 
MAF P Value 

UK genome scan collection Irish collection Dutch collection
Case
MAF 

Control 
MAF P Value 

Case
MAF 

Control 
MAF P Value 

Case
MAF 

Control 
MAF P Value 

1 1 1 1 1 1 1 2 2 29.3% 29.1% 0.87 31.7% 33.5% 0.40 24.7% 24.9% 0.88 

2 1 1 2 1 2 1 2 2 23.2% 20.5% 0.040 20.0% 16.0% 0.018 24.1% 22.5% 0.32 

2 1 2 1 2 1 1 2 1 10.0% 15.3% 1.2 x 10-6 11.7% 16.1% 0.0045 11.1% 15.9% 5 x 10-4

2 2 1 1 1 1 1 2 2 10.3% 8.3% 0.027 7.8% 6.5% 0.26 11.7% 8.3% 0.0026 

2 1 1 1 1 1 2 2 2 8.6% 8.2% 0.65 8.6% 7.5% 0.33 10.0% 9.0% 0.39 

2 1 1 2 1 1 1 2 2 6.0% 5.2% 0.25 5.5% 4.7% 0.43 6.3% 5.6% 0.44 

2 1 1 2 1 1 1 1 2 4.4% 5.2% 0.20 5.2% 6.5% 0.20 5.8% 5.7% 0.87 

2 1 1 1 1 1 1 2 2 3.7% 3.6% 0.94 4.6% 4.4% 0.85 3.0% 3.2% 0.75 

2 1 2 1 1 1 1 2 1 2.2% 2.2% 0.98 2.3% 3.3% 0.20 1.1% 2.6% 0.007 

2 1 1 1 2 34.1% 30.5% 0.014 29.5% 30.5% 0.61 34.9% 32.7% 0.23 

1 1 2 1 2 26.5% 26.4% 0.93 30.1% 25.5% 0.019 22.7% 23.0% 0.85 

2 2 2 1 1 16.3% 21.4% 4.5 x 10-5 19.4% 24.0% 0.012 15.1% 21.9% 1.6 x 10-5

2 2 2 1 2 12.4% 13.4% 0.33 13.0% 13.1% 0.99 15.2% 14.0% 0.41 

2 2 2 2 2 10.1% 8.0% 0.022 7.5% 6.6% 0.45 11.0% 7.5% 0.0017 
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1  Block structure (determined in Haploview using data from these 14 SNPs and applying strict Gabriel et al 

criteria) was identical in UK and Irish collections. The UK / Irish structure was applied for analysis of the Dutch 

dataset which showed a minor difference in the position of the block 1 / block 2 boundary.

  MAF Minor allele frequency
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Summary

We identified a SNP in the DPP6 gene that is consistently
strongly associated with susceptibility to amyotrophic lateral
sclerosis (ALS) in different populations of European ancestry,
with an overall P value of 5.04 x 10-8 in 1,767 cases and
1,916 healthy controls and with an odds ratio of 1.30 (95%
confidence interval (CI) of 1.18–1.43). Our finding is the first
report of a genome-wide significant association with sporadic
ALS and may be a target for future functional studies.



Amyotrophic lateral sclerosis (ALS) is a se-
verely disabling and lethal disorder caused 
by progressive degeneration of motor neu-
rons in the brain, spinal cord and brainstem. 
ALS affects 1-3 per 100,000 people, and 
the average survival time is three years from 
disease onset. To date, no effective treat-
ment is available1. Familial ALS accounts for 
up to 10% of ALS cases, with approximately 
20% of familial ALS cases linked to muta-
tions in SOD1. Mutations in ALS2, DCTN1, 
VAPB and ANG have been found in rare 
cases of familial ALS2. Sporadic ALS ac-
counts for 490% of ALS cases and is con-
sidered to be a multifactorial disease with 
an estimated heritability ranging from 0.38 
to 0.85 3. Variants in several genes, includ-
ing ANG4, VEGF5, HFE6 and PON1 7 and 
copy number variations in SMN1 and SMN2 
8 have been reported to be associated with 
ALS susceptibility. However, attempts to 
replicate these findings in other populations 
have frequently failed. For instance, se-
quence variations in ANG are reported to 
be associated with ALS in Irish and Scottish 
populations but rarely in English, Swedish 
or Italian populations. Similarly, mutations in 
SOD1 are found in 12% - 23% of families 
with ALS in the United States, the UK, Ger-
many, Sweden and Belgium, but they are 
rare in families with ALS in Portugal, Swit-
zerland and The Netherlands (F.B. and 
P.M.A., unpublished data). Sporadic as well 
as familial ALS therefore seems to be a ge-
netically heterogeneous disease, even 
across European populations. 

To identify previously unknown ALS suscep-
tibility genes, we carried out a genome-wide 
association study using Illumina 300K 
Beadchips (Supplementary Methods). After 
stringent quality control, we carried out as-
sociation analysis on 311,946 SNPs in 461 
affected individuals (cases) and 450 healthy 
controls matched in age, gender and ethnic-
ity from The Netherlands. The overall call 
rate was 99.5%. Results for all 311,946 
SNPs are available online (www.alscentrum.
nl/index.php?id=GWA). We did not ob-
serve any genome-wide significant associa-
tion with ALS after Bonferroni correction for 
multiple testing. Recently, first-stage data 
from a genome-wide association study of 
276 ALS cases and 271 controls from the 
United States was released. No genome-

wide significant findings were observed in 
this study9. Considering the genetic hetero-
geneity of ALS and the fact that both stud-
ies were conducted with relatively small 
sample sizes, we hypothesized that signals 
from truly associated SNPs might be 
present, although weak. We therefore de-
cided to combine both datasets and to fol-
low up on all SNPs that had P < 0.01 in 
each study independently and unidirectional 
allelic association (that is, association in the 
same direction of the allele associated). Fif-
teen SNPs fulfilled these criteria and were 
analyzed in three additional independent 
populations consisting of 272 cases and 
336 controls from The Netherlands, 467 
cases and 437 controls from Sweden and 
291 cases and 420 controls from Belgium 
(Supplementary Methods and Supplemen-
tary Table 1). Overall power for the study is 
shown in Supplementary Table 2. Genotyp-
ing of these 15 SNPs was done with Taq-
man technology (Supplementary Methods). 
We included 100 randomly selected individ-
uals from our Dutch genome-wide associa-
tion (GWA) study sample for TaqMan geno-
typing of the 15 SNPs and observed a 
concordance rate of >99.6% between plat-
forms. Before this analysis, we examined 
whether population stratification was 
present in the available GWA data from the 
Dutch and US sample series using Eigen-
strat and did not detect any (see Supple-
mentary Methods and Supplementary Fig-
ure 1a,b). Because the sample series in our 
study were derived from different popula-
tions, we calculated overall P values and 
odds ratios (OR) using the Mantel-Haenszel 
method as well as the c2 test on allele 
counts for all 15 SNPs. 

Only one SNP, rs10260404, showed ge-
nome-wide significance after Bonferroni 
correction for the 311,946 SNPs tested in 
the first stage. The overall P value for 
rs10260404 was 5.04 x 10-8 (corrected P = 
0.017) with an odds ratio of 1.30 (95% CI = 
1.18ñ1.43) using the χ2 test and 5.40x 10-8 
with an OR of 1.30 (95% CI = 1.18ñ1.43) 
using the Mantel-Haenszel method10. The 
association for rs10260404 was slightly 
more significant under a genotypic model 
(Cochran-Armitage trend test), with a P val-
ue of 3.30 x 10-8 and with an increased dis-
ease susceptibility for homozygote carriers 
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Table 1 
Descriptive statistics and results for SNP rs10260404

a MAF: Minor allele frequencies
b HWE: Hardy-Weinberg equilibrium P values
c P values were calculated for each individual population using c2 test on allele counts. 
d  Odds ratios (OR) were calculated for the minor allele in each population; 

 95% confidence intervals are shown in parentheses. 
e  P values and ORs using data from multiple populations were 

 calculated using the Mantel-Haenszel method.

Number cases Number controls MAF Casesa MAF Controlsa HWE Casesb HWE Controlsb P value OR (95%CI)d

Stage 1

Netherlands 461 450 0.44 0.37 0.48 0.78 0.006 1.3 (1.08–1.56)

USA 276 271 0.42 0.34 0.28 0.06 0.003 1.45 (1.13–1.86)

Stage I combinede 737 721 0.43 0.36 0.39 0.19 4.30 x 10-5 1.34 (1.08–1.65)

Stage II

Netherlands 272 336 0.42 0.37 0.18 0.51 0.04 1.26 (1.01–1.58)

Sweden 467 439 0.4 0.34 0.26 0.23 0.006 1.31 (1.08–1.58)

Belgium 291 420 0.4 0.35 0.43 0.39 0.11 1.21 (0.96–1.51)

Stage II combinede 1,030 1,195 0.41 0.35 0.11 0.06 0.000 1.26 (1.11–1.42)

Stages I+II combinede 1,767 1,916 0.42 0.35 0.33 0.38 5.40 x 10-8 1.3 (1.18–1.43)



of the risk allele (OR = 1.60 with 95% CI = 
1.32 - 1.92) compared to heterozygotes 
(OR = 1.20 with 95% CI = 1.06 - 1.41) in a 
dose-dependent manner. P values and odds 
ratios for each individual population are 
shown in Table 1. The minor allele frequency 
for rs10260404 was 42% for cases com-
pared to 35% for controls. Results for all 15 
SNPs analyzed in stage 2 are shown in 
Supplementary Table 3. Rs10260404 maps 
to a 50-kb linkage disequilibrium (LD) block 
on chromosome 7q36 (r2 = 0.8), within a 
gene encoding dipeptidyl peptidase 6 
(DPP6; Fig. 1). 

Combining the two GWA sets, we found 
several SNPs within this 50-kb block that 
showed association with disease at P = 
0.01. To rule out LD beyond this 50-kb 
block, we re-examined 130 SNPs in a 900-
kb region surrounding rs10260404 and did 
not find any SNP to be associated at P = 
0.01 (Fig. 1). Comparison of LD structure in 
this 900-kb region showed similar haplo-
type structure in the Dutch, US and Hap-
Map CEPH sample datasets (Supplementa-
ry Fig. 2a). Further examination of the 
associated 50-kb LD block also indicated 
that similar LD structure is present in both 
the Dutch and US population (Supplemen-
tary Fig. 2b,c). It is therefore unlikely that 
the initial finding of ALS association is due 
to genetic variation outside the 50-kb LD 
block containing rs10260404. To fine-map 
the associated 50-kb LD block and carry 
out haplotype analyses, we additionally gen-
otyped all SNPs (n = 6) within this block 
that showed an association with disease at 
P < 0.01 in the combined analysis of both 
genome-wide studies. Genotyping of these 
six SNPs was done with Taqman technology 
(Supplementary Methods). Single-SNP 
analysis of these six additionally genotyped 
SNPs did not show any SNP to be associat-
ed more significantly than rs10260404 
(Supplementary Table 4). We then applied 
a recently developed multi-marker indirect 
association method that takes advantage of 
the correlation structure between SNPs in 
the HapMap sample (weighted haplotype 
analysis (WHAP); http://whap.cs.ucla.edu) 
using rs10260404 and the additional six 
flanking SNPs11. Using this imputation meth-
od, we again identified the strongest associ-
ation signal for rs10260404, with 

Number cases Number controls MAF Casesa MAF Controlsa HWE Casesb HWE Controlsb P value OR (95%CI)d

Stage 1

Netherlands 461 450 0.44 0.37 0.48 0.78 0.006 1.3 (1.08–1.56)

USA 276 271 0.42 0.34 0.28 0.06 0.003 1.45 (1.13–1.86)

Stage I combinede 737 721 0.43 0.36 0.39 0.19 4.30 x 10-5 1.34 (1.08–1.65)

Stage II

Netherlands 272 336 0.42 0.37 0.18 0.51 0.04 1.26 (1.01–1.58)

Sweden 467 439 0.4 0.34 0.26 0.23 0.006 1.31 (1.08–1.58)

Belgium 291 420 0.4 0.35 0.43 0.39 0.11 1.21 (0.96–1.51)

Stage II combinede 1,030 1,195 0.41 0.35 0.11 0.06 0.000 1.26 (1.11–1.42)

Stages I+II combinede 1,767 1,916 0.42 0.35 0.33 0.38 5.40 x 10-8 1.3 (1.18–1.43)
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Figure 1 
Schematic overview of DPP6

P values from the combined analysis of the two genomewide studies are shown for all SNPs in a 

900-kb region surrounding rs10260404. rs7803828, located distal to rs10260404, had a lower 

P value in the combined analysis of the GWAs but did not fulfill the initial criteria for SNP 

selection (P = 0.01 in both GWAs). Subsequent analysis of seven SNPs in the associated 50-kb 

locus (r2 = 0.8) showed the lowest allelic P value for rs10260404 at P = 5.04 x 10-8. The 

Bonferroni-corrected genome-wide significance level was set at P = 0.05 / 311,946 = 1.6 x 10-7.
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bility. Identification of a common variant 
within DPP6 is an exciting first step in the 
genetic study of sporadic ALS, and it opens 
up new avenues for studying the molecular 
basis of this devastating disease.
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P = 6.69 x 10-8 (Supplementary Methods 
and Supplementary Table 5 online). Subse-
quent haplotype analysis with Haploview, 
using the ‘solid spine of LD’ method to de-
fine haplotypes, showed the strongest asso-
ciation signal for a haplotype containing the 
CC alleles of flanking SNPs rs10239794 
and rs10260404, with a P value of 3.01 x 
10-9 and an allelic OR of 1.34 (95% CI = 
1.17 - 1.54; Supplementary Fig. 3 online). 
Results from examining long-range LD, fine 
mapping (including imputation analysis) and 
haplotype analysis all indicated that the 
strongest signal for association hinges on 
the ‘C’ allele of rs10260404, suggesting 
that the underlying variation for disease sus-
ceptibility is at this site. Because the entire 
associated 50-kb LD block containing 
rs10260404 is located within intron 3 of 
DPP6, and there are no known genes or mi-
croRNAs nearby, we consider this to be the 
putative ALS-associated gene (Fig. 1). 
DPP6 is located on chromosome 7q36 at 
location 153,380,839 - 154,315,627 (Build 
35). It consists of 26 exons and is 954 kb in 
size (OMIM 126141). DPP6 (also known as 
DPPX) encodes a dipeptidylpeptidase-like 
protein expressed predominantly in the 
brain, with very high expression in the amy-
gdala, cingulate cortex, cerebellum and pa-
rietal lobe (http://symatlas.gnf.org/SymAt-
las). This peptidase regulates the biological 
activity of neuropeptides by converting pre-
cursors to active forms or vice versa12. 
DPP6 binds specific voltage-gated potassi-
um channels and alters their expression and 
biophysical properties. Notably, differential 
DPP6 gene expression has been linked to 
spinal cord injury in rats13, and DPP6 was 
also identified as a nervous systemñspecific 
gene with accelerated evolutionary rate in 
the primate lineage14. 

In conclusion, we identify genetic variation 
in the DPP6 gene that is highly associated 
with ALS susceptibility in a combined sam-
ple of 1,767 cases and 1,916 healthy con-
trol subjects from European descent. The 
identified SNP, rs10260404, is located 
within an intron of DPP6, and no known 
functional variants within the gene have 
been yet identified. Further study will pro-
vide insight into genetic variation at this lo-
cus, its potential effect on gene function 
and, ultimately, its role in disease suscepti-
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Supplementary Material

Study populations & diagnosis
Supplementary Material Study populations & diagnosis. 

We analyzed populations from The Netherlands, USA, 

Belgium and Sweden. Adhering to the principles of the 

Declaration of Helsinki (1964), with written informed consent 

and approved by the local ethical committees for medical re-

search, venous blood samples were drawn and DNA extracted 

according to standard procedures. All samples from Belgian 

and Swedish patients were screened for SOD1 gene muta-

tions, the Swedish samples were also screened for ANG mu-

tations. No samples with mutations in these genes were in-

cluded in this study. Since no SOD1 gene mutation has ever 

been reported in SALS or FALS in The Netherlands, no SOD1 

screening were done in these samples1. All patients were diag-

nosed with sporadic ALS according to the 1994 El Escorial 

criteria2. Patients were included in the study when they fulfilled 

the criteria for probable ALS or higher. All controls had nega-

tive medical and family histories for neurodegenerative disor-

ders. Controls were matched for age, gender and ethnicity. 

Dutch population: The 461 sporadic ALS cases included in 

the genome wide association study were individuals referred 

to the University Medical Center Utrecht (UMCU), the 

Academic Medical Center Amsterdam (AMC) or the University 

Medical Center Nijmegen, St Radboud. The 450 controls in-

cluded in the genome wide association study were unrelated, 

age- and sex-matched healthy volunteers accompanying non-

ALS patients to the UMCU neurology out patient clinic and 

spouses of sporadic ALS patients. 272 cases and 336 con-

trols in the second, independent Dutch population were re-

cruited from an ongoing, prospective population based study 

on ALS in The Netherlands. In this study, a capture-recapture 

design is used to identify all prevalent and incident cases in 

The Netherlands. Family practitioners are then asked to recruit 

age- and sex-matched controls from their patient registers for 

each case in their practice. Belgian population: 291 individu-

als with sporadic ALS were unrelated and from self reported 

Flemish descent for at least three generations. All patients 

were referred to the University Hospital Gasthuisberg, Leuven. 

The Belgian control group existed of 420 unrelated, healthy, 

Flemish individuals that were selected among married-in indi-

Supplementary table 1
Baseline characteristics for the studied population

Study Populations Total Male (%) Spinal Onset (%) Age at Onset (yrs)* Survival (months)§ 

The Netherlands, GWA (Stage I)

 ALS 461 59 69 59 (20-86) 33 (5-147)

 Healthy Controls 450 59 - 60 (22-87) -

USA, GWA (Stage I)

 ALS 276 63 78 55 (26-87)

 Healthy Controls 271 48 - 62 (25-94) -

The Netherlands, 2nd population (Stage II)

 ALS 272 57 71 58 (16-83) 43 (4-196)

 Healthy Controls 336 57 - 59 (29-95) -

Belgium (stage II)

 ALS 291 59 73 59 (18-86) 39 (5-177)

 Healthy Controls 420 58 - 51 (18-92) -

Sweden (Stage II)

 ALS 467 57 66 60 (20-89) 31 (9-108)

 Healthy Controls 439 52 - 62 (25-94) -

Total

 ALS 1767 58 71 59 (16-89) 36 (4-196)

 Healthy Controls 1916 57 - 58 (18-95) -

* Age at onset is shown in years with range in parenthesis. 

§ Survival is shown in months with range shown in parenthesis. No survival data is available for the US cohort.



viduals in families with neurological diseases collected for ge-

netic studies. Swedish population: The Swedish cohort con-

sisted of 467 cases and 437 controls. Individuals with 

sporadic ALS were unrelated Swedish citizens who reported 

(northern) Swedish citizenship for at least three generations 

and were referred to the Umea University ALS Clinic. The 

Swedish control samples were spouses of the patients or un-

related healthy controls matched for age and gender. US pop-

ulation: Genotype data and population characteristics for the 

American samples were provided digitally by Bryan J Traynor. 

In brief, DNA from cases and controls was obtained from the 

NINDS Neurogenetics Repository at the Coriell Institute for 

Medical Research, NJ, USA. All included individuals were 

unique, unrelated and from white, non-Hispanic ethnicity. 16% 

of sALS samples were negative for SOD1 mutations, the re-

maining samples were not screened. Controls were also ob-

tained from NINDS Neurogenetics Repository at the Coriell 

Institute for Medical Research and were sampled from many 

different regions across the US. All participants underwent a 

detailed medical history interview. None had a history of neu-

rological disease3,4. 

Sample collection & DNA isolation 
The Netherlands: Blood samples were collected in 10 ml 

EDTA tubes. DNA was isolated from whole blood using the au-

topure DNA isolation protocol from Qiagen (Qiagen, Valencia, 

USA). USA: DNA from cases and controls was obtained from 

the NINDS Neurogenetics Repository at the Coriell Institute 

for Medical Research, NJ, USA. DNA was extracted from 

Epstein-Barr virus immortalized lymphocyte cell lines using a 

salting out procedure. Belgium: Genomic DNA was extracted 

from peripheral lymphocytes using standard procedures, on a 

Chemagen Magnetic Separation Module 1 platform 

(Chemagen AG, Baesweiler, Germany). Sweden: Genomic 

DNA was extracted from white blood cells from peripheral 

blood using the QIAamp Blood Kit (Qiagen). 

Genotyping methods 
For the Dutch genome wide association study we genotyped 

461 sALS cases and 450 healthy controls derived from the 

Dutch population. Genotyping experiments were performed at 

the University Medical Centre Utrecht using the Illumina 

Infinium II HumanHap300 SNP chips (Illumina, San Diego, 

CA). The sALS samples from the US were assayed using the 

Illumina Infinium II HumanHap 550 SNP chips1. 227 controls 

from the US were genotyped using the Illumina Infinium II 

HumanHap300 SNP chips and typed additionally using the 

Illumina 240S chip. A further 48 controls were assayed using 

the Illumina Infinium II HumanHap 550 SNP chip. All experi-

ments were carried out according to the manufacturer’s proto-

col. In short, 750 ng of DNA per sample was whole-genome 

amplified, fragmented, precipitated and resuspended in the 

appropriate hybridization buffer. Subsequently denatured 

samples were hybridized on Illumina BeadChips at 48°C for a 

minimum of 16 hours. After hybridization, the beadchips were 

processed for the single base extension reaction and stained. 

Chips were then imaged using the Illumina Bead Array Reader. 

For each sample, normalized bead intensity data was loaded 

into Illumina Beadstudio 2.0 and converted into genotypes. 

Genotypes were called using the auto-calling algorithm in 

Illumina Beadstudio 2.0. The SNPs, which were selected for 

replication in additional populations, were genotyped using 

Taqman allelic discrimination assays. PCR was carried out 

with mixes consisting of 10 ng of genomic DNA, 1 x Taqman 

master mix (Applied Biosystems), 1x assay mix (Applied 

Biosystems, Foster City, USA) and ddH2O in a 5 ml reaction 

volume in 384-well plates (Applied Biosystems). PCR condi-

tions were as follows: denaturation at 95°C for 10 minutes, fol-

lowed by 40 cycles of denaturation at 92 °C for 15 seconds 

and annealing and extension at 60°C for 1 minute. Allelic PCR 

products were analyzed on the ABI Prism 7900HT Sequence 

Detection System using SDS 2.3 software (Applied 

Biosystems). Primer and probe sequences are available upon 

request. We genotyped 100 random individuals from the 

Dutch genome wide association study for all 15 selected 

SNPs using the Taqman allelic discrimination assays to ensure 

Supplementary table 2
Overall statistical power

Power (%) Power (%) Power (%)

MAF OR P=0.01 P = 1.0 x 10-5 P = 1.6 x 10-7

0.10 1.30 84 20 5

1.50 100 90 65

1.70 100 99 99

0.35 1.30 100 85 58

1.50 100 100 100

1.70 100 100 100

Power is shown calculated over Stage I&II, total of 1,767 cas-

es and 1,916 controls, at different minor allele frequencies 

(MAF) and different odds ratios (OR) at three separate 

P-values. A P-value of 1.6 x10-7 corresponds to genome-wide 

significance after Bonferroni correction.



7  136  –137

Supplementary table 3
P-values for all 15 SNPs with P < 0.01 in Stage I

SNP Chr Gene GWA GWA Stage II P-Value MAF Overall  OR (9% CI) 

NL USA NL Be Swe Combined Cases Controls

rs10260404 7 DPP6 0.006 0.003 0.04 0.11 0.006 0.004 0.42 0.35 5.04x10-8 1.30 (1.18 - 1.43) 

rs3825776 15 LIPC 0.008 0.003 0.005 0.71 0.21 0.009 0.35 0.29 8.75x10-6 1.34  (1.20-1.46) 

rs7580332 2 No Gene 0.005 0.002 0.36 0.56 0.08 0.08 0.40 0.45 8.78x10-6 0.82  (0.74-0.92) 

rs973807 8 NSMAF 0.0002 0.006 0.81 0.74 0.50 0.68 0.30 0.35 0.0006 0.82  (0.73-0.92) 

rs1061947 17 COL1A1 0.005 0.002 0.49 0.82 0.93 0.74 0.18 0.15 0.002 1.23  (1.08-1.40) 

rs9409314 9 No Gene 0.001 0.010 0.70 0.85 0.44 0.86 0.38 0.34 0.003 1.16  (1.05-1.29) 

rs9380343 6 No Gene 0.003 0.001 0.85 0.84 0.77 0.88 0.03 0.05 0.003 0.69  (0.54-0.88) 

rs10438933 18 No Gene 0.003 0.003 0.20 0.35 0.21 0.93 0.14 0.12 0.004 1.24  (1.07-1.43) 

rs5924655 23 PASD1 0.009 0.003 0.57 0.68 0.49 0.80 0.25 0.28 0.006 0.81 (0.66-0.93) 

rs1574549 7 CALN1 0.004 0.001 0.44 0.93 0.18 0.77 0.32 0.29 0.008 1.15  (1.04-1.28) 

rs1493282 17 ASPA 0.007 0.002 1.00 0.50 0.79 0.95 0.26 0.23 0.007 1.17  (1.04-1.31) 

rs12861395 23 PASD1 0.007 0.003 1.00 0.31 0.41 0.28 0.25 0.28 0.03 0.85 (0.72-0.97) 

rs895459 2 BARD1 0.010 0.003 0.11 0.67 0.44 0.68 0.37 0.39 0.07 0.91 (0.81-1.01) 

rs1123319 23 PASD1 0.004 0.001 1.00 0.31 0.41 0.45 0.22 0.25 0.08 0,83 (0,69-1,02) 

rs11127401 2 No Gene 0.010 0.008 0.03 0.06 0.61 0.06 0.32 0.33 0.32 0.88 (0.82-1.06) 

NL The Netherlands

Be Belgium

Swe Sweden

Overall MAF Minor allele frequency calculated over all five populations

OR Odds ratio, shown for each SNPs minor allele with 95% confidence interval shown in parentheses

Supplementary figure 1 
a) Eigenstrat analysis between Dutch cases and controls shows no evidence for population 

stratification. Cases are shown in red and controls in metallic. b) Eigenstrat analysis between 

USA cases and controls shows evidence for structure, but no evidence for population 

stratification. Cases are shown in red and controls in metallic.
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both SNP genotyping platforms generated the same geno-

types for each individual (concordance rate = 99.6%). 

Quality control
Extensive quality control was done on the data from Dutch ge-

nome-wide study before performing statistical analysis. In the 

genome-wide study we genotyped 477 unique samples from 

Dutch sporadic ALS cases and 472 unique Dutch controls. 

We excluded 34 individuals (12 cases and 22 controls) for 

poor quality genotyping (call rate < 95%). Two pairs of cases 

(n=4) were excluded due to observed family relationships (> 

200.000 concordant SNPs). Two samples were genotyped 

twice yielding concordance of over 99.9% for each sample. 

The average call rate across all samples was 99.5%. The call 

rate was > 99% for 298,807 SNPs and > 95% for 315,293 

SNPs. HWE was calculated in controls for each SNP and < 

0.05 for 14,498 SNPs and < 0.01 for 3,207 SNPs. The aver-

age minor allele frequency was 26.1%. 396 SNPs had a minor 

allele frequency < 0.01. After pruning SNPs according to fre-

quency (MAF < 0.01) and genotyping (missingness > 0.05, 

HWE < 0.01) 311,946 SNPs remained. A total of 284,182,806 

unique genotype calls were made. For the US genome-wide 

study quality control was performed as previously described4. 

In short, 276 unique samples from sporadic ALS cases and 

275 unique controls were genotyped. A total of 3 controls 

were excluded for poor quality genotyping (call rate < 95%) 

and 1 individual was excluded for having an African American 

background. One sample was genotyped twice yielding con-

cordance of over 99.9%. The average call rate across all sam-

ples was 99.6%. The call rate was > 99% for 514,088 SNPs 

and > 95% for 549,062 SNPs. HWE was calculated for each 

SNP and was P 0.05 for 23,657 SNPs and P 0.01 for 5,911 

SNPs. The average minor allele frequency was 23.7%. A total 

of 302,655,011 unique genotype calls were made. Only SNPs 

on the Illumina 300K chips with a call rate > 95% and MAF > 

0.01 were included for statistical analysis. 

Association analysis
Illumina Beadstudio 2.0 was used to generate genotype final 

report files, which we converted into pedigree and map files 

using the software program Perl (http://www.perl.com). 

Subsequently, pedigree files were loaded into PLINK 0.99s to 

perform association analysis using the chi-squared test on al-

lele counts. To calculate p-values over genotype data derived 

from different populations we used the Maentel-Haenszel 

method using PLINK 0.99s5. P-values for the selected 15 

SNPs were also calculated under different models with PLINK 

0.99s. Considering the Dutch genome-wide association study 

was performed using the Illumina Hap300 chip with roughly 

317,000 SNPs (compared to the US GWA which included > 

500,000 SNPs, only the Hap300 SNPs were included for the 

analyses. We further excluded SNPs from analysis if: call rate 

<95% in either case or control samples in the US or Dutch 

data sets, minor allele frequency <1% in either US or Dutch 

sample series or for deviation from Hardy-Weinberg equilibri-

um (P<0.0001 in control samples). A total of 311,946 SNPs 

were included for analysis. This number was also used when 

correcting for multiple testing using the Bonferroni method. 

Odds ratios with 95% CI were calculated for the minor allele of 

each SNP. 

Power calculations
Power calculation for the genome-wide studies were per-

formed using Genetic Power Calculator (http://pngu.mgh.har-

vard.edu/~purcell/gpc/) based on sample size, the average 

observed minor allele frequency under the assumption of a 

multiplicative model and a prevalence of 2 per 100,0006. 

Using these parameters the Dutch genome scan was 80% 

powered to detect an allelic association with P<0.01 and an 

odds ratio of 1.44. The US genome scan was 80% powered to 

detect an allelic association with P<0.01 and an odds ratio of 

1.57. Power was calculated for stage I using the P-value of 

0.01, since this was the cut-off value set for SNP selection. In 

Stage II of this study 15 SNPs were selected for further analy-

sis. We calculated the power for replication for each of these 

SNPs in Stage II based on the observed MAF in Stage I and 

odds ratios at a P-value of 0.05 and the Bonferroni corrected 

value of P=0.05/15=0.0033. The size of the overall replica-

tion sample provided at least 80% power to detect for each of 

the 15 SNPs at a P-value of 0.05 and the corrected level of 

0.0033 (Results not shown). Supplementary Table 2 shows 

the overall power for the study at P=0.01, 1.0 x10-5 and 1.6 

x10-7 (which corresponds to genome-wide significance 

P=0.05/311,946). 

Haplotype analysis
Haploview v3.32 was used for assessing linkage disequilibri-

um patterns and haplotype association statistics7. Haplotypes 

were defined using the solid spine of LD setting in Haploview. 

We included all haplotypes with a frequency>1%. P-values 

were calculated using a Chi-square test on alleles. Haplotypes 

were estimated using an accelerated EM algorithm, creating 

highly accurate estimations of the population frequencies of 

the phased haplotypes based on the maximum likelihood ratio 

as determined from the unphased input. 

Results from population stratification 
analysis 
We analyzed the data from both genome-wide studies for evi-

dence of population stratification between cases and controls 

using Eigenstrat (Supplementary Figure 1). P-values generat-

ed by Eigenstrat were essentially identical to the initial analysis 

and the ranking of SNPs remained the same. Furthermore, we 

calculated a genomic control population inflation factor be-

tween cases and controls of 1.00. Both methods revealed no 

evidence for stratification between cases and controls in the 

genome-wide association studies. We calculated a genomic 

control population inflation factor between the Dutch and US 

population of 1.00, indicating no evidence for strong popula-

tion stratification between the two populations. Furthermore, 

Supplementary table 3
P-values for all 15 SNPs with P < 0.01 in Stage I

SNP Chr Gene GWA GWA Stage II P-Value MAF Overall  OR (9% CI) 

NL USA NL Be Swe Combined Cases Controls

rs10260404 7 DPP6 0.006 0.003 0.04 0.11 0.006 0.004 0.42 0.35 5.04x10-8 1.30 (1.18 - 1.43) 

rs3825776 15 LIPC 0.008 0.003 0.005 0.71 0.21 0.009 0.35 0.29 8.75x10-6 1.34  (1.20-1.46) 

rs7580332 2 No Gene 0.005 0.002 0.36 0.56 0.08 0.08 0.40 0.45 8.78x10-6 0.82  (0.74-0.92) 

rs973807 8 NSMAF 0.0002 0.006 0.81 0.74 0.50 0.68 0.30 0.35 0.0006 0.82  (0.73-0.92) 

rs1061947 17 COL1A1 0.005 0.002 0.49 0.82 0.93 0.74 0.18 0.15 0.002 1.23  (1.08-1.40) 

rs9409314 9 No Gene 0.001 0.010 0.70 0.85 0.44 0.86 0.38 0.34 0.003 1.16  (1.05-1.29) 

rs9380343 6 No Gene 0.003 0.001 0.85 0.84 0.77 0.88 0.03 0.05 0.003 0.69  (0.54-0.88) 

rs10438933 18 No Gene 0.003 0.003 0.20 0.35 0.21 0.93 0.14 0.12 0.004 1.24  (1.07-1.43) 

rs5924655 23 PASD1 0.009 0.003 0.57 0.68 0.49 0.80 0.25 0.28 0.006 0.81 (0.66-0.93) 

rs1574549 7 CALN1 0.004 0.001 0.44 0.93 0.18 0.77 0.32 0.29 0.008 1.15  (1.04-1.28) 

rs1493282 17 ASPA 0.007 0.002 1.00 0.50 0.79 0.95 0.26 0.23 0.007 1.17  (1.04-1.31) 

rs12861395 23 PASD1 0.007 0.003 1.00 0.31 0.41 0.28 0.25 0.28 0.03 0.85 (0.72-0.97) 

rs895459 2 BARD1 0.010 0.003 0.11 0.67 0.44 0.68 0.37 0.39 0.07 0.91 (0.81-1.01) 

rs1123319 23 PASD1 0.004 0.001 1.00 0.31 0.41 0.45 0.22 0.25 0.08 0,83 (0,69-1,02) 

rs11127401 2 No Gene 0.010 0.008 0.03 0.06 0.61 0.06 0.32 0.33 0.32 0.88 (0.82-1.06) 

NL The Netherlands

Be Belgium

Swe Sweden

Overall MAF Minor allele frequency calculated over all five populations

OR Odds ratio, shown for each SNPs minor allele with 95% confidence interval shown in parentheses
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Supplementary figure 2 
a) shows a similar haplotype structure in the Dutch (NL), US and in the HapMap CEPH sample. Rs10260404 is located in a block 

with relatively low LD, therefore it seems unlikely that the initially observed association signal was derived from genetic variation 

outside of the 50 kb block of LD (r2 > 0.8) in which rs102060404 is located. b) Top part of the figure shows P-values for SNPs in 

the 50 kb LD block surrounding rs10260404 in the Dutch population. The bottom part shows LD structure. c) Top part of the

figure shows P-values for SNPs in the 50 kb LD block surrounding rs10260404 in the US population. The bottom part shows LD 

structure.
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the case-control ratio in both studies was identical, hereby fur-

ther reducing possible influence due to population stratifica-

tion (461:450=1.02, cases versus controls for the 

Netherlands compared to 276/271=1.02, cases versus con-

trols for the US). Even though we did not observe any evidence 

for population stratification, the Mantel-Haenszel method was 

used to calculate P-values when combining data from different 

populations, hereby taking into account that our overall study 

sample was comprised of subjects from The Netherlands, 

United States, Belgium and Sweden and could represent dif-

ferent strata. 

 

Additional genotyping and Haplotype 
analysis 
Considering only one SNP in the associated locus fulfilled our 

criteria for follow-up (P<0.01 in both GWAS), we hypothe-

sized that other SNPs or haplotypes could be associated at a 

more significant level in the overall sample (including Stage II 

populations), while not necessarily most significant in the dis-

covery set (Stage I). We therefore selected six additional tag-

ging SNPs within the associated 50 kb locus that demonstrat-

ed an association with disease at P<0.01 in the combined 

analysis of both genome-wide studies and subsequently geno-

typed these SNPs in all populations. The 6 additional SNPs 

were rs10239794, rs1388543, rs1552734, rs7803828, 

rs902743 and rs902739. Individual testing of these SNPs 

from this region showed that none was more significantly as-

sociated than the previously identified rs10260404. However, 

all additionally typed SNPs consistently demonstrated 

P-values <0.05. Results are shown in Supplementary Table 4. 

Using the solid spine setting in Haploview, 2 haplotype blocks 

were identified. Subsequent association analysis demonstrat-

ed a P-value of 3.01 x 10-9 for the CC-haplotype of 

rs10260404 and rs10239794 (Supplementary Figure 3). 

Weighted Haplotype analysis (WHAP) 
WHAP is a statistical test for case/control association stud-

ies. It takes advantage of the known correlation structure be-

tween SNPs in the HapMap sample (www.hapmap.org) in or-

der to improve power over traditional methods8. The full details 

of the rationale and the methodology are described in Zaitlen 

et al9. The WHAP tool is available online at http://whap.ucla.

edu/. The analysis was performed using genotype data from all 

included subjects from all populations for the following SNPs: 

rs10239794, rs10260404, rs1388543, rs1552734, 

rs7803828, rs902743 and rs902739. Quality control parame-

ters were set at 0.001 for the Hardy-Weinberg Equilibrium 

P-value and 10% for missing genotype or missing individual 

frequencies. HapMap correlations were taken from the 

European-American (CEPH) HapMap sample. WHAP analy-

sis yielded the most significant association with the collected 

marker rs10260404 at P=6.69 x 10-8 (Supplementary Table 

5). The most significant result from the WHAP analysis is the 

same SNP identified by the initial scan and fine mapping, sug-

gesting that the true association signal represented with these 

seven SNPs and the imputated haplotype structure is located 

at very close proximity to this marker or rs10260404 itself.

References supplementary material
1 Baas, F. & Andersen, P.M. (2007).

2 Brooks, B.R. J. Neurol. Sci. 124 Suppl, 96-107 (1994).

3 Fung, H.C. et al. Lancet Neurol. 5, 911-916 (2006).

4 Schymick, J.C. et al. Lancet Neurol. 6, 322-328 (2007).

5 Purcell S., et al. Am. J. Hum.Gen. 81, 559-75 (2007).

6  Purcell, S., Cherny, S.S., & Sham, P.C. Bioinformatics. 19, 

149-150 (2003).

7  Barrett, J.C., Fry, B., Maller, J., & Daly, M.J. Bioinformatics. 

21, 263-265 (2005).

8  The International HapMap Consortium. Nature 426, 789-

796 (2003).

9  Zaitlen, N., Kang, H.M., Eskin, E., & Halperin, E. Am. J. 

Hum. Genet. 80, 683¬691 (2007).



7  140  –141

Supplementary figure 3
Using the Solid Spine of LD method in Haploview two haplotype blocks were defined. The CC-

haplotype composed of rs10239794 and rs10260404 demonstrated the most significant result.
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Supplementary table 4
Results for additionally genotyped SNPs

SNP Stage I Stage II Overall

 NL USA Meta-analysis NL Swe Be Meta-analysis P-value

rs10239794 0.045 0.039 0.004 0.29 0.06 0.54 0.06 6.10x10-4 

rs1388543 0.053 0.02 0.003 0.24 0.63 0.3 0.43 0.009 

rs1552734 0.034 0.003 5. 0x10-4  0.15 0.11 0.11 0.005 7.44x10-6 

rs7803828 5.53x10-4  0.019 3.0x10-5  0.31 0.23 0.42 0.31 3.08x10-5 

rs902743 5.90x10-5  0.196 7.5x10-5  0.37 0.4 0.84 0.99 0.01 

rs902739 1.01x10-4  0.173 9.0x10-5  0.63 0.52 0.8 0.87 0.01 

NL The Netherlands

Be Belgium

Swe Sweden

P-values were calculated using the c2 test on allele counts. Overall P-values were calculated using the Mantel-Haenszel Method.



Supplementary table 5
Results from WHAP analysis

db SNP ID Chr Position MAF r2 P-value Tagset
rs10260404 7 153841730 0.38 1.00 6.69x10-8 Collected marker
rs10264387 7 153851755 0.50 0.94 3.75x10-7 rs10260404, rs1552734, rs902743
rs12668377 7 153840791 0.41 0.97 1.03x10-6 rs10260404, rs1388543
rs10247061 7 153837975 0.43 0.85 5.69x10-6 rs10239794, rs10260404, rs902739
rs11975187 7 153863909 0.39 1.00 6.84x10-6 rs10260404, rs7803828, rs902743
rs1907616 7 153859314 0.40 0.97 7.15x10-6 rs10260404, rs7803828, rs902743
rs6956780 7 153850432 0.21 0.68 7.43x10-6 rs10260404, rs1388543, rs1552734
rs7803828 7 153856587 0.43 1.00 1.19x10-5 Collected marker
rs1552734 7 153854973 0.46 1.00 1.51x10-5 Collected marker
rs923711 7 153852675 0.45 0.97 1.56x10-5 rs1388543, rs1552734, rs902743
rs10952491 7 153848888 0.50 0.86 3.43x10-5 rs10260404, rs7803828, rs902743
rs6964455 7 153839596 0.48 0.83 3.63x10-5 rs10239794, rs10260404, rs1552734
rs13246178 7 153848111 0.18 0.85 3.90x10-5 rs10260404, rs1388543, rs1552734
rs12538549 7 153840163 0.18 0.75 4.86x10-5 rs10260404, rs1388543, rs1552734
rs7780519 7 153848685 0.18 0.85 5.18x10-5 rs10260404, rs1388543, rs1552734
rs13232525 7 153839757 0.18 0.71 6.16x10-5 rs10260404, rs1388543, rs1552734
rs11767475 7 153839973 0.18 0.75 6.58x10-5 rs10260404, rs1388543, rs1552734
rs6464429 7 153844747 0.43 0.90 9.61x10-5 rs10239794, rs10260404, rs902743
rs12534820 7 153834965 0.16 0.70 2.02x10-4 rs10239794, rs10260404, rs1388543
rs4725547 7 153834387 0.43 0.86 2.20x10-4 rs10239794, rs1388543, rs902743
rs10267199 7 153834908 0.40 0.89 2.42x10-4 rs10239794, rs7803828
rs1388540 7 153853562 0.39 0.76 2.55x10-4 rs10260404, rs7803828, rs902743
rs10276300 7 153864766 0.10 0.75 2.58x10-4 rs10260404, rs1388543, rs902743
rs10262182 7 153833200 0.45 0.87 4.45x10-4 rs10239794, rs902743, rs902739
rs10952485 7 153829535 0.43 0.93 6.3 x10-4 rs10239794, rs10260404, rs1552734
rs10239794 7 153836826 0.42 1.00 6.89x10-4 Collected marker
rs11976788 7 153829985 0.49 0.97 7.59x10-4 rs10239794, rs902743, rs902739
rs6955044 7 153832247 0.50 0.94 1.10x10-3 rs10239794, rs902743, rs902739
rs9690048 7 153852822 0.08 0.90 1.31x10-3 rs10260404, rs1388543, rs902743
rs7809068 7 153859565 0.08 0.90 1.31x10-3 rs10260404, rs1388543, rs902743
rs11971700 7 153864956 0.08 0.90 1.31x10-3 rs10260404, rs1388543, rs902743
rs13228346 7 153866129 0.08 0.90 1.31x10-3 rs10260404, rs1388543, rs902743
rs12703363 7 153846598 0.08 0.90 1.31x10-3 rs10260404, rs1388543, rs902743
rs13226031 7 153832786 0.26 0.76 1.58x10-3 rs10239794, rs10260404, rs1388543
rs10260955 7 153838166 0.34 0.82 2.41x10-3 rs10260404, rs1388543, rs7803828
rs10274497 7 153869441 0.20 0.87 2.73x10-3 rs10239794, rs1388543, rs7803828
rs923710 7 153852787 0.19 0.83 2.96x10-3 rs10239794, rs1388543, rs7803828
rs10231561 7 153837944 0.18 1.00 4.02x10-3 rs10239794, rs1388543
rs10464419 7 153856052 0.30 0.77 4.15x10-3 rs10239794, rs1552734, rs902743
rs6969351 7 153877668 0.46 0.97 4.27x10-3 rs10260404, rs902743, rs902739
rs12533032 7 153834856 0.28 0.74 4.60x10-3 rs10239794, rs10260404, rs1388543
rs11766937 7 153836441 0.28 0.74 4.6x10-3 rs10239794, rs10260404, rs1388543
rs1120724 7 153837511 0.08 0.63 4.75x10-3 rs10239794, rs1552734, rs902739
rs1388543 7 153847278 0.204 1.00 6.29x10-3 Collected marker
rs12703360 7 153831979 0.292 0.74 6.55x10-3 rs10239794, rs10260404, rs1388543
rs6976924 7 153850457 0.125 1.00 6.85x10-3 rs10239794, rs10260404, rs1552734

MAF Minor allele frequency

Results from WHAP analysis showing the top 50 SNP locations; All non collected markers are imputed based on haplotype 

correlations present in the European-American CEPH HapMap sample.
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Introduction 

In this thesis we have described two genome-wide association anal-
yses performed to identify new susceptibility genes in celiac dis-
ease1 and amyotrophic lateral sclerosis2. We have also described 
new statistical methods that can help to identify such genes3. This 
final chapter discusses the key events in genetics that eventually en-
abled us to identify these disease genes and describes what types 
of future studies might help us to discover more. We outline how 
new high-throughput methodologies might contribute to further the 
identification and biological understanding of these susceptibility 
genes. Finally, some pressing ethical issues are discussed, now 
that commercial entities are starting to capitalize on our genome-
wide findings and those of others.



fingerprinting18; 19 by observing that a certain 
tandem-repeat was highly polymorphic and 
present at many sites throughout the ge-
nome. Mullis et al in 1985 invented polymer-
ase chain reaction (PCR) which allowed for 
amplifying DNA easily20. Using this PCR 
technique, it became possible in 1989 to 
easily genotype common short-tandem-re-
peat markers, or microsatellites, that 
spanned the genome (Litt and Luty21; We-
ber and May22). 

These markers enabled the widespread use 
of linkage analysis and its success was re-
markable: the responsible loci for many 
Mendelian diseases could be identified. 
Subsequent positional cloning of the dis-
ease genes through PCR-based sequenc-
ing technologies provided insights into the 
different types of mutations. Deletions, du-
plications, inversions, short repeats or sin-
gle nucleotide polymorphisms (SNPs) were 
shown to cause these rare disorders23; 24.

Due to the successes for Mendelian disor-
ders, efforts were undertaken to identify 
susceptibility loci for more common but 
complex polygenic diseases. In 1990 Hall et 
al were the first to be successful as they 
discovered that a locus on 17q21 was linked 
to early-onset familial breast cancer25. How-
ever, it soon turned out to be difficult to une-
quivocally identify loci linked to other com-
mon disorders. Various hypotheses were 
presented to explain this lack of success. 
As linkage analysis assumed certain models 
of inheritance and penetrance, one explana-
tion was that these parameters had been in-
correctly estimated. Non-parametric meth-
ods (such as identity-by-descent sharing 
methods) were developed to overcome this, 
but these also proved mostly ineffective. 
The common variant-common disease (CD-
CV) hypothesis26 became popular and pre-
dicted that there were multiple disease sus-
ceptibility loci that each contained only a 
limited number of common disease suscep-
tibility alleles. As these individual alleles 
were common and only conferred limited 
susceptibility, the power had been insuffi-
cient to detect them through linkage. This 
hypothesis was supported by the identifica-
tion of a protective allele in APOE4 in Alzhe-
imer’s disease27, a protective Factor V allele 
in deep-venous thrombosis28 and a protec-

Retrospective view

The history of the search for disease genes 
goes back to the beginning of the 20th cen-
tury. In 1903 Sutton4 and de Vries5, and in 
1904 Boveri6, suggested that genetic varia-
tion could be exchanged between homolo-
gous chromosomes during meiosis (homol-
ogous recombination). This led Thomas 
Hunt Morgan in 1911 to the concept of 
crossing over and genetic linkage7; 8. In 
1937, Haldane and Bell9 suggested that 
markers could help to identify human dis-
ease genes. They stated if “an equally close 
linkage” (as between the genes for hemo-
philia and color-blindness) “were found be-
tween the genes for blood groups” and that 
“determining Huntington’s chorea, we 
should be able, in many cases, to predict 
which children of an affected person would 
develop this disease and to advise on the 
desirability or otherwise of their marriage”.

Essential for identifying these disease 
genes through linkage analysis was the 
availability of markers that reflect polymor-
phic loci in the physical vicinity of the dis-
ease genes. Initially these markers were 
based on clear phenotypes (such as blood 
groups) and serum proteins, but molecular 
avenues were opened in 1953 when 
Watson and Crick resolved the three-dimen-
sional helix structure of DNA10. (Owing to 
the extreme elegance of this structure, they 
only needed a single page in Nature to de-
scribe it). However, it took until 1978 when 
Kan and Dozy identified typable genetic 
markers that were widely present through-
out the human genome11. In 1980 Botstein 
et al observed that restriction-fragment-
length polymorphisms (RFLPs), spanning 
the entire genome, could efficiently be used 
for linkage analysis12. Using these markers, 
in 1983 Gusella et al were the first to identi-
fy a disease gene through linkage analysis13: 
They discovered that the gene for Hunting-
ton disease mapped to chromosome 4. Vari-
ous technological improvements and novel 
statistical methods improved the efficacy of 
linkage analysis. Initial single marker linkage 
algorithms, developed by Elston and Stew-
art14 in 1971 and Ott15 in 1974 were com-
plemented by more powerful statistical 
methods that used multiple adjacent mark-
ers16; 17. In 1984 Jeffreys et al invented DNA 
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Table 1: Overview of recent genome-wide association papers
Indicated are papers in Nature, Nature Genetics, Science or the New England Journal of 

Medicine (NEJM) that appeared within one year after Duerr et al described the first genome-

wide association study with high coverage.

Authors Year Journal Disease Indentified Susceptibility Loci

Duerr et al 2006 Science Inflammatory Bowel 

Disease

IL23R

Hampe et al 2006 Nature Genetics Crohn’s Disease ATG16L1

Sladek et al 2007 Nature Type 2 Diabetes SLC30A8, IDE/KIF11/HHEX, 

EXT/ALX4

Gudmundsson et al 2007 Nature Genetics Prostate Cancer AW183883/AF268618

Yeager et al 2007 Nature Genetics Prostate Cancer POU5F1P1/DG8S737

Rioux et al 2007 Nature Genetics Crohn’s Disease PHOX2B/NCF4, FAM92B

Steinthorsdottir et al 2007 Nature Genetics Type 2 Diabetes CDKAL1

Scott et al 2007 Science Type 2 Diabetes CDKAL1, IGF2BP2, 

CDKN2A/CDKN2B

Helgadottir et al 2007 Science Myocardial Infarction CDKN2A/CDKN2B

Easton et al 2007 Nature Breast Cancer Multiple

Hunter et al 2007 Nature Genetics Breast Cancer FGFR2

Stacey et al 2007 Nature Genetics Breast Cancer Multiple

Saxena et al 2007 Science Type 2 Diabetes CDKN2A/CDKN2B, 

IGF2BP2, CDKAL1

Wellcome Trust 

Case Control 

Consortium

2007 Nature Bipolar disorder, Coro-

nary artery disease, 

Crohn’s disease, Hyper-

tension,  Rheumatoid ar-

thritis, Type 1 diabetes, 

Type 2 diabetes

Multiple

McPherson et al 2007 Science Coronary Heart Disease CDKN2A/CDKN2B

van Heel et al 2007 Nature Genetics Celiac Disease Il2/Il21

Moffatt et al 2007 Nature Childhood Asthma ORMDL3

Winkelmann et al 2007 Nature Genetics Restless Legs Syndrome MEIS1,BTBD9,

MAP2K5/LBXCOR1

Hafler et al 2007 NEJM Multiple Sclerosis IL2RA,IL7RA



These initial papers were surprisingly suc-
cessful in identifying susceptibility genes 
and provided strong support for the CV-CD 
hypothesis, despite the fact that their genet-
ic coverage was limited. (Using the SNPs 
on the array from Klein et al, a two-marker 
analysis could tag only 39% of HapMap 
Phase II SNPs (R2 ≥ 0.8) with a MAF above 
5%)37. The HapMap project allowed for de-
termining a limited set of SNPs that provid-
ed much greater genetic coverage, as it was 
observed that many of the human SNPs 
were usually in strong linkage disequilibrium 
with each other. Through careful selection 
of only 300,000 SNPs (tagging SNPs), ap-
proximately 86% of the genetic variation of 
the Caucasian human genome could be 
captured (two-marker SNP analysis tags 
(with an R2 ≥ 0.8) 86% of HapMap Phase II 
SNPs with a MAF above 5%)37; 38. This 
spurred the development of affordable chips 
containing these SNPs. Affymetrix an-
nounced its Human Mapping 500K Array 
Set in September 2005 and Illumina soon 
followed with the release of its Infinium Hu-
manHap300 Genotyping BeadChip in Janu-
ary 2006. Genome-wide association was no 
longer solely feasible, but had become fi-
nancially viable as well. 

Using these chips many research groups in-
itiated genome-wide studies, leading to the 
first paper utilizing these chips in October 
200639. Duer et al identified IL23R as a sus-
ceptibility gene in inflammatory bowel dis-
ease. Twelve months later 18 more genome-
wide studies had identified susceptibility 
loci for various diseases in papers pub-
lished in Nature, Nature Genetics, Science 
or the New England Journal of Medicine 
(see table 1). The strict guidelines that had 
been imposed by these journals40 (see box 
1) ensured that most of these findings could 
be replicated. As such, in December 2007 
Science concluded that genetic variation 
was the scientific breakthrough of the year.

However, it was realized that the SNPs 
typed in the HapMap project could not cap-
ture all genetic variation. In 2006 Redon et 
al41 showed that structural variants, such as 
deletion and duplication loci, were very 
common throughout the genome and that 
they accounted for a considerable amount 
of genetic variation. In approximately the 

tive deletion allele in CKR5 in human immu-
nodeficiency virus29.

To systematically assess the CD-CV hy-
pothesis, in 1996 Risch and Merikangas 
proposed that genome-wide association 
analysis using unrelated cases and controls 
could be efficiently performed30. However, 
their proposal relied heavily on the availabili-
ty of a physical and linkage disequilibrium 
map of the human genome. The Human Ge-
nome Project was initiated in 1990 to devel-
op this physical map and on 26th June 2001 
Francis Collins, Craig Venter, Bill Clinton 
and Tony Blair announced a major mile-
stone: a rough draft of the human genome 
sequence had been generated. Bill Clinton 
called it “one of the most important, most 
wondrous maps ever produced by human-
kind”. The laborious task of positionally 
cloning identified genes could now be per-
formed in silico. It also initiated the develop-
ment of many algorithms for predicting the 
biological functions of certain genomic loci.

But as only a consensus DNA genome as-
sembly had been generated31; 32 initiatives 
were also required to explore genetic varia-
tion in a systematic way. As most of this vari-
ation could be attributed to SNPs that can 
also tag other genetic variants, plans were 
outlined in early 2003 to generate a linkage 
disequilibrium map in four different popula-
tions. The International Human Haplotype 
Mapping Project (HapMap) aimed to identi-
fy most of the common genetic variation us-
ing SNPs that could be easily typed by then. 
By systematic analysis of 270 samples, the 
characteristics of over 3.1 million polymor-
phic loci were eventually determined33; 34.

These findings allowed two groups early on 
to identify susceptibility genes by analyzing 
thousands of these SNPs. Ozaki et al35 
identified lymphotoxin-alpha (LTA) as a sus-
ceptibility gene in myocardial infarction us-
ing 65,671 successfully genotyped SNPs. 
Two years later Klein et al presented results 
for age-related macular degeneration36. 
They successfully genotyped 105,980 
SNPs and used HapMap to identify comple-
ment factor H (CFH) as a strong suscepti-
bility gene. 
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Box 1: Guidelines for replicating genetic associations
In 2007 the NCI-NHGRI Working Group on Replication in Association Studies established an 

extensive list of points to consider when performing genome-wide association analyses40. The 

following categories were defined:

-  Study information: Design, phenotyping and DNA collection should be 

well-described.

-  Data issues: Genotype data or extensive summary statistics should be 

made available.

-  Genotyping and quality control procedures: Numerous genotyping and 

quality procedures (such as population stratification analyses) should be un-

dertaken to ensure that identified associations are real.

-  Results: The analysis of the data should be well described, substantiating 

the relevance of the reported associations.

-  Replication studies: Replication cohorts should be well described. Multiple-

testing issues should be discussed.

-  Genotyping deposition in standard databases: If genotype data is depos-

ited in public databases, the methodologies employed for transferral of raw 

data should be described.

-  Points for reviewers and authors to consider regarding priority for publi-

cation: Various aspects, such as the importance of a finding, the sample size 

and statistical analyses, should be considered in order to determine the rele-

vance of the findings.



mans56-61 provided evidence that genetic 
variation often affects eukaryotic gene ex-
pression levels. In 2007 Stranger et al62 re-
ported that many SNPs and CNVs, which 
are present in the HapMap samples, control 
gene expression. Keurentjes et al63; 64 ob-
served that many protein levels were also 
under tight genetic control. These funda-
mental studies have already provided evi-
dence that certain recently identified sus-
ceptibility loci have functional expression 
consequences65; 66.

Putting our Studies in 
Perspective

The work outlined in this thesis would have 
been impossible without these technologi-
cal and biological advances in genetics. We 
are indebted to several large collaborative 
projects that enabled us to perform the 
studies described here.

We performed two genome-wide associa-
tion studies using the Illumina Human-
Hap300 BeadChips and developed a new 
genotype-calling algorithm; the results led 
to identification of two susceptibility loci: 
IL2/IL21 in celiac disease1 and DPP6 in 
sporadic ALS2. Since the discovery of IL2/
IL21, associations with other auto-immune 
diseases have also been observed for this 
locus67; 68. Apart from IL2 and IL21, other in-
terleukins and chemokines have been 
shown to affect auto-immunity and inflam-
matory disease susceptibility. By increasing 
our celiac disease sample size from 2,200 
to 7,049 samples, we recently identified 
seven more loci. CCR1, CCR2, CCRL2, 
CCR3, CCR5, CCXCR1, IL18RAP, IL18R1 
and IL12A are among the interleukins and 
chemokines that map within these loci66. 
These indicate that a considerable amount 
of the genetic risk in celiac disease is con-
ferred by genetic variation in genes involved 
in adaptive immunity. The involvement of 
DPP6 (rs10260404) in sporadic ALS has 
recently been validated in an independent 
Irish cohort69 (rs10260404, P value = 
0.029, identical direction of associated al-
lele). As most sporadic ALS patients die 
within three years, (there is no cure availa-
ble yet), our finding may help to identify 
pathways that are affected by alterations 
within this gene for follow-up research. 

same period, various copy number variants 
(CNVs) turned out be associated with 
AIDS42, glomerulonephritis43 and Crohn’s 
disease44. However, most of these CNVs 
had not been described before and there-
fore had not been efficiently tagged by 
SNPs in HapMap. As such, the available oli-
gonucleotide arrays were biased against 
these variants. To resolve this, efforts are 
currently underway to detect these CNVs 
with high sensitivity, which will allow for the 
design of new arrays that will eventually 
have a much greater genetic coverage.

From a functional perspective it is tempting 
to assume the CNV disease associations 
elicit gene-dosage dependent effects. Al-
though other biological explanations are 
also likely (such as abrogation of functional 
products near breakpoints), clear biological 
implications are often lacking for associated 
SNPs. Some of these SNPs are non-synon-
ymous, affect splicing or lead to preliminary 
stop codons, and thus result in different 
proteins, which immediately lead to biologi-
cally contestable hypotheses. However, for 
the majority of associated SNPs, these sce-
narios do not seem to apply. Additionally, as 
most associated SNPs tag common haplo-
types, it is quite possible that the true dis-
ease-associated variant is not the associat-
ed tagging SNP, which complicates 
deciphering of the biological consequences 
considerably.

To improve our biological insight, different 
high-throughput strategies have been pre-
sented and various high-throughput se-
quencing techniques now allow us to rese-
quence many susceptibility loci. This was 
supported in 2007 by the sequencing of 
two different diploid genomes45, of which 
one used a new, low-cost, high-throughput 
technology46. As such this allows in-depth 
analyses of the associated haplotypes and 
is likely to reveal new variants for which func-
tional consequences might be detected.

To gain systematic insight into the potential 
functional effects of genetic variants, a new 
strategy was proposed by Jansen and Nap 
in 200147: genetical genomics correlates 
genotypes with gene expression levels in a 
high-throughput way. Results in maize48, 
yeast49-51, rats52; 53, mice48; 54; 55 and hu-
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this will help increase the power to identify 
new susceptibility loci.

To gain insight into the functional conse-
quences of genetic variation we have de-
scribed two different strategies to bridge 
genetic variation with functional biology. In 
our Prioritizer method we assume that the 
genes contributing to a specific disorder are 
likely to confer a function that is similar3. To 
assess this we reconstructed a functional 
human gene network and then developed a 
method that can prioritize positional candi-
date genes within susceptibility loci, identi-
fied using linkage analysis. Using this ap-
proach we proposed NPY2R as a plausible 
candidate gene in Type II diabetes72, of 
which SNPs within the promoter (P < 
0.009) were subsequently indeed shown to 
be associated73. We expect that new data-
sets and statistical frameworks, incorporat-
ing these datasets, will help to construct 
more accurate networks that concentrate on 
specific cell types, improving insight in the 
functional consequences of disease genes. 
We also performed a genetical genomics 
study in 110 celiac disease samples for 
which both genome-wide genotype and 
gene expression data was available. 
Through this analysis we found many genes 
whose expression is under strong genetic 
control and it allowed us to identify 
IL18RAP as the most plausible positional 
candidate gene in a susceptibility locus we 
have identified as significantly associated 
with celiac disease66. Additionally we have 
provided preliminary evidence that these in-
tegrative approaches will also help to identi-
fy new biological pathways.

Future Perspectives

Identifying additional 
susceptibility loci

The susceptibility loci we identified in spo-
radic ALS and celiac disease provide strong 
support for the CD-CV hypothesis. Howev-
er, the results also indicate that the known 
loci in these disorders usually exert only 
modest effects (odds ratios between 1.2 
and 1.4 when excluding the HLA in celiac 
disease), and explain less than 10% of the 
heritability. Follow-up research is thus war-
ranted to identify the real causal variants 
that might exert stronger effects than the 

However, both our studies also indicate that 
a considerable proportion of the heritability 
still remains to be explained. This suggests 
that not only have we had insufficient statis-
tical power to detect common variants with 
smaller effects, but also that it is quite likely 
that rare variants are present which cannot 
be easily detected by genome-wide associ-
ation analysis.

Inspired by the ramifications of widespread 
copy number variation, we conducted two 
studies on structural variation. We identified 
1,880 SNPs with an untyped allele, and 
have estimated approximately 700 of these 
reflect deletions. Although we used Illumina 
HumanHap300 and HumanHap550 Bead-
Chip arrays that are biased against CNVs, 
we were able to identify many new deletions 
by employing a new calling algorithm we 
have developed. Our methodology has the 
highest attainable resolution and indicates 
that most of the structural variants in the ge-
nome (especially smaller ones) still remain 
to be identified. New oligonucleotide arrays 
that cover more SNPs and are less biased 
against CNVs will result in the identification 
of many more structural variants. Additional-
ly, we have described how our algorithm can 
be extended to also capture duplications 
and rare structural variants. 

In another study we investigated recurrent 
cytogenetic aberrations in autistic individu-
als, as recent papers have provided evi-
dence that structural variation is important 
in the etiology of autism70; 71. However, it is 
unclear so far how this structural variation 
eventually results in autism. We assumed 
that autism might partly reflect a contiguous 
gene syndrome, affecting the function of 
multiple consecutive genes that individually 
cause rather atypical symptoms, but jointly 
contribute to an autistic phenotype. To as-
sess this we first determined what syn-
dromes are known to be caused by muta-
tions within these loci and then we identified 
various clinical symptoms (such as seizures 
and craniofacial abnormalities) that are 
caused by mutations in the aberrant loci 
more often than would be expected by 
chance. We concluded these symptoms are 
likely to co-occur with autism and that they 
might serve to help define genetically more 
homogenous (patient) groups. We expect 



arrival of high-throughput sequencing meth-
ods78, it is now becoming feasible to con-
duct these types of studies, as has been re-
cently shown for various rare variants 
contributing to quantitative metabolic 
traits79-82. The currently available, high-
throughput, sequencing technologies can 
generate millions of sequence reads. This is 
a major improvement (both technically and 
financially) over chain terminator sequenc-
ing (Sanger sequencing). However, the lim-
ited read size (currently generally up to 
~250 bp) restricts analysis to approximately  
2% of the human genome at a time. This re-
quires the input DNA to be limited to loci 
that are deemed interesting. Common strat-
egies involve the selection of a limited 
number of candidate loci or only exons83-86. 
Another limitation is that these methods can 
only sequence a limited number of different 
individuals at the same time. To overcome 
this, methods have recently been introduced 
that can simultaneously assess many sam-
ples through nucleotide bar-coding de-
signs87-90. 

It is expected that these technologies will 
help to start discovering rare variants. These 
studies might also help to explain why there 
has been such a strong discrepancy be-
tween the susceptibility loci that have been 
identified through linkage analysis and the 
loci that are now being discovered through 
genome-wide association studies. Contrary 
to association analysis, linkage analysis for 
a given locus does not require that the sus-
ceptibility alleles (which potentially can be 
multiple rare variants) reside on a limited 
number of haplotypes. High-throughput se-
quencing might help to uncover what is go-
ing on in these loci and unveil new genes in-
volved in disease.

Susceptibility loci and their biological 
consequences

While genetics has been successful in iden-
tifying susceptibility loci in complex diseas-
es, the subsequent functional studies have 
been less successful in explaining how 
these genes affect disease. However, we 
expect this will be partly resolved in the near 
future as genetics will capitalize on other 
high-throughput approaches that are now 
being adopted in the field of biology. 
Through careful integration of these data-

tagging SNPs we have now identified. Addi-
tionally it can be assumed additional loci 
play a role in these disease.

One obvious strategy to detect common 
variants with even smaller effects is to in-
crease the sample size. This suggests that 
collaborations between various research 
groups and physicians will become even 
more important. However, physicians might 
be reluctant to spend their time collecting 
samples from individual patients when they 
realize their contribution will constitute only 
a small proportion of the total number of 
samples needed for performing these large 
studies. The physician’s importance howev-
er is likely to become even greater: for many 
of the identified loci it is important that ac-
curate risks can be estimated, such that 
these risks can eventually be used for prog-
nosis. To determine these, prospective fol-
low-up studies conducted in very close col-
laboration with physicians will be necessary. 
Additionally, these studies might shed some 
light on subtle genotype-phenotype 
associations.

The power to detect susceptibility loci can 
also be increased by using chips that have 
greater genetic coverage, since it has been 
established that not all genetic variation is 
currently captured by the Illumina Human-
Hap330 BeadChip arrays we used1; 2. We 
expect that new arrays with better coverage 
will help to identify more susceptibility loci 
and recently developed CNV calling algo-
rithms are likely to help as well74; 75. We de-
veloped a new, high-resolution, calling algo-
rithm that can detect very small deletions. 
We expect high-resolution calling algo-
rithms for duplications and methods that 
can assess de novo CNVs will also help to 
identify more loci. New statistical frame-
works for imputing genotypes76 and assess-
ing epistasis77 are likely to contribute even 
more, given that sufficient numbers of sam-
ples are will become available.

A different explanation for the limited contri-
bution of the known susceptibility loci is that 
a considerable proportion of the currently 
unknown heritability is not due to common 
variants, but to rare ones. So far the costs 
of the available technologies have been too 
high to assess this systematically. With the 
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Table 2: Overview of 16 diseases included in routine screening of 
newborns in the Netherlands

Disorder Symptoms Treatment

3-methylcrotonyl-CoA carbo-

xylase deficiency

Feeding difficulties, vomiting, diarrhea, leth-

argy, hypotonia, development delay, sei-

zures, coma

Low-protein diet, supplements

Biotinidase deficiency Seizures, developmental delay, eczema, 

hearing loss

Biotin supplements

Congenital adrenal 

hyperplasia

Ambiguous genitalia, infertility, hypertension, 

vomiting, early pubic hair

Hormone and salt administration

Congenital hypothyroidism Excessive sleeping, poor muscle tone, 

jaundice

Thyroxine administration

Galactosemia Ataxia, speech deficits, dysmetria, prema-

ture ovarian failure, cataract

Lactose and galactose intake 

restriction

Glutaric aciduria type I Brain damage, mental retardation, spasms, 

jerking, rigidity or decreased muscle tone 

and muscle weakness

Carnitine administration, restric-

tion of protein (tryptophan, 

lysine) intake

HMG-CoA-lyase deficiency Vomiting, dehydration, lethargy, convulsions, 

and coma

IV glucose and bicarbonate ad-

ministration, restriction of pro-

tein (leucine) intake

Holocarboxylase synthase 

deficiency

Immunodeficiency diseases, feeding difficul-

ties, breathing problems, skin rash, alopecia, 

lethargy

Biotin supplements

Homocystinuria Thrombosis, cardiovascular failure Vitamin B6

Isovaleric acidemia Distinctive odor, sweety feets, feeding diffi-

culties, vomiting, seizures, lethargy, coma

Protein intake restriction, gly-

cine and carnitine administration

Long-chain hydroxyacyl-CoA 

dehydrogenase deficiency

lethargy, hypoglycemia, hypotonia, liver dam-

age, heart damage, retina damage, muscle 

damage, peripheral neuropathy

Glucose administration

Maple syrup urine disease Neurological damage, vomiting, dehydration, 

lethargy, hypotonia, seizures, ketoacidosis

Leucine, isoleucine and valine 

restriction, protein supplements

MCAD deficiency hypoglycemia, hyperammonemia, vomiting, 

lethargy, neurological damage

Avoidance of fasting

Phenylketonuria Seizures, microcephaly, impairment of cere-

bral function, mental retardation

Phenylalanine intake restriction

Sickle-cell disease Ischemia, pain, tissue damage, acute chest 

syndrome

Zinc administration

Very-long-chain acyl-CoA 

dehydrogenase deficiency

Hypoketotic hypoglycemia, hepatocellular 

disease, cardiomyopathy, fatal 

encephalopathy

Avoidance of fasting, long-chain 

fatty acid intake restriction, car-

nitine supplements



early intervention can either prevent their 
development or decrease their severity. Pre-
natal screening is also frequently per-
formed. As the average age at which women 
become pregnant has increased steadily in 
the Netherlands over the past few decades, 
the chances of having a child with chromo-
somal abnormalities has increased as well. 
Dutch women are now systematically of-
fered a combination test to assess for this 
(through echography, chorionic villus sam-
pling, or amniocentesis). Apart from this, if 
there are other indications that a fetus might 
suffer from a severe genetic predisposition 
(such as a family history of Duchenne’s 
muscular dystrophy), prenatal screening 
and diagnosis can be performed for a par-
ticular condition. Likewise, if people suspect 
they may have a familial predisposition for a 
certain disorder they can request genetic 
counseling. Based on the findings of a clini-
cal geneticist, intervention or treatment is 
sometimes possible and advice on family 
planning can be given.

Clinical geneticists, who have been exten-
sively trained to explain the ramifications of 
genetic findings to individuals are, by law, 
the only ones who may perform this coun-
seling. It is important to realize that for many 
common disorders there is usually no black-
and-white answer, but rather a probability or 
risk of developing the disease is deter-
mined. Assessing this risk can be very diffi-
cult (e.g. in breast cancer), as a trade-off 
has to be made between two potentially 
drastic courses (i.e. living with an increased 
risk of developing breast cancer or having 
breast amputation). As the eight clinical ge-
netic centers in the Netherlands effectively 
had a monopoly on genetic testing and 
counseling, efficient quality control by the 
Dutch government was possible. The Health 
Council of the Netherlands ensured that pa-
tients were well informed and that well-artic-
ulated decisions were made. 

The clinical genetics centers have, in the 
past, mainly provide services for rare Men-
delian disorders that have severe conse-
quences. However, a new era is opening up 
to the general public, in that commercial ge-
netic tests that can also test for more com-
plex disorders started to become available 
in 2006, allowing individuals to bypass the 

sets (such as genomics and proteomics), 
considerable gains in the knowledge on 
functional consequences of genetic varia-
tion are likely to be made.
 
An important source of information is al-
ready building up: genetical genomics has 
been shown to be successful, as a consid-
erable number of human genes have been 
identified whose expression is under strong 
genetic control61; 62; 91-93. Although only 
2,500 unique individuals have been ana-
lyzed so far, many expression effects have 
already been observed.

We think that new (large-scale) genotyping 
projects should also consider systematically 
studying the gene expression for all geno-
typed samples. Although various problems 
remain to be resolved (such as tissue spe-
cificity of gene expression and RNA degra-
dation issues), the extra cost of performing 
these analyses is modest compared to the 
cost of solely genotyping these samples. 
The fundamental knowledge likely to be pro-
vided will be of value to many researchers. 
These datasets will not only help to identify 
genes whose expression is under tight ge-
netic control by variants in their vicinity, but 
analogous to findings in plants and mice, 
they will help to uncover new molecular 
pathways.

With the availability of more high-throughput 
techniques, such as proteomics and arrays 
for assessing genome-wide methylation, we 
expect the power to discover these path-
ways to increase even more. If experiments 
are properly performed using sufficient sam-
ples, many unknown pathways are likely to 
be unveiled, providing new avenues of in-
vestigation for molecular biologists.

Unintended consequences of our 
findings: commercial genetic testing

Dutch healthcare routinely uses screening 
and diagnostics for various genetic diseas-
es. Postnatal screening is now systematical-
ly performed for16 genetic disorders, as de-
termined by the Health Council of the 
Netherlands. These diseases have been in-
cluded in routine screening under the princi-
ples outlined in 1968 by the World Health 
Organization94; all have severe consequenc-
es (table 2) if they remain untreated, but 
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statistical geneticist, to conclude anything.

The genetic test providers state that if you 
have an increased genetic risk, you might be 
able to compensate for this by reducing 
your environmental risk through exercising, 
losing weight or other changes in lifestyle. 
However, for some of the diseases that are 
offered for testing, the environmental factors 
are either unknown or can hardly be influ-
enced (e.g. Alzheimer’s disease or inflam-
matory bowel disease). Individuals might 
become concerned if they discover they 
have an increased risk of developing certain 
disorders and as a consequence they may 
visit their doctor more frequently, putting ex-
tra pressure on the healthcare system96. 
Genetic test results are likely to affect family 
relationships, because they may have con-
sequences (to a lesser degree) for related 
individuals. Should individuals have the right 
to test themselves without even consulting 
their family members (let alone getting in-
formed consent from them)? 

Another relevant aspect is that under Dutch 
law, insurance companies have the right to 
ask whether individuals or their close rela-
tives have been genetically tested for pre-
dispositions. This information can currently 
be used to accept or reject individuals for 
life insurance policies above € 160,000 or 
for total permanent disability insurance poli-
cies over € 32,000. It will be interesting to 
see how insurance companies react if a per-
son replies that his/her brother has been 
genetically tested and it has been predicted 
he has a chance of 1.5% instead of the pop-
ulation average of 1% to develop a certain 
severe disorder.

Although these genetic tests can be used to 
assess ancestry (which is particularly inter-
esting for many North Americans), the limit-
ed number of susceptibility loci and the diffi-
culties of interpreting the calculated risks 
considerably restrict their usefulness. We 
envisage that in the coming years a higher 
proportion of the genetic variation for many 
diseases will be explained as more suscep-
tibility loci are identified and new statistical 
frameworks employed (such as models that 
take epistasis into account). This will result 
in more accurate risk estimates, which will 
make the results from some of these tests 

traditional Dutch healthcare system. Initially 
these DNA tests only covered single gene 
disorders, but at the end of 2007 deCO-
DEme and 23AndMe announced they could 
genotype hundreds of thousands of SNPs 
for $ 1,000 and use the results to provide 
risk estimates for dozens of complex diseas-
es simultaneously (deCODEme is currently 
providing risk estimates for age-related 
macular degeneration, Alzheimer’s disease, 
asthma, atrial fibrillation, breast cancer, celi-
ac disease (utilizing our findings1), colorec-
tal cancer, Crohn’s disease, exfoliation glau-
coma Xfg, multiple sclerosis, myocardial 
infarction, obesity, prostate cancer, psoria-
sis, restless legs, rheumatoid arthritis, type 
1 diabetes and type 2 diabetes).

However, these predictions are difficult to 
interpret because, for each of these diseas-
es, the genetic risk that is conferred by 
known loci is less than 10%. Given a realis-
tic scenario of a disorder with a prevalence 
of 1% and five known susceptibility loci, 
each having a relative risk of 1.25, the indi-
vidual’s risk of developing this disease 
would theoretically range between 0.3% 
and 3.0%. How can one interpret these ob-
servations? A complication is that the odds 
ratios reported in the literature, used as the 
basis for estimating these risks, are current-
ly likely to be overestimated, due to the ‘win-
ner’s curse’ phenomenon95. If a true-positive 
but small-effect disease locus is discovered, 
it is likely that chance favored its detection, 
so that in reality the actual odds ratio will be 
somewhat lower than that initially reported. 
Additionally, most of the currently associat-
ed SNPs tag a causal variant. These causal 
variants might exert a greater effect than the 
tag SNP, thereby complicating the calcula-
tion of accurate risk estimates even further. 
deCODEme’s service agreement assumes 
these statistical aspects are clear to all of 
its clients: “You acknowledge your under-
standing of genetic risk as a statistical 
measure that has implications derived from 
a large group of people with characteristics 
equivalent to yours but does not determine 
your chances for getting the corresponding 
disease”. However, given the small effects 
of the identified loci on the disease proba-
bilities and the uncertainties of these proba-
bilities for each of the diseases, it is ex-
tremely difficult, even for a clinical or 



made aware of the uncertainties in risk 
prediction and interpretation, but also 
need to realize that science will 
progress quickly, enabling them to as-
sess their risk for getting severe diseas-
es in the future. They should also be in-
formed of all the potential medical, 
familial and legal consequences. 

Conclusions

The work we have carried out in the past 
four years has added to our understanding 
of complex diseases, specifically celiac dis-
ease and sporadic ALS. We have devel-
oped statistical methods that will help iden-
tify new disease pathways and susceptibility 
loci. However, more professional attention 
should be devoted to the societal implica-
tions of findings from genetic research, so 
that the progress made in genetics will in-
deed help to improve individual welfare and 
public health in general.
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Een groot aantal ziekten zijn erfelijk. Hierbij 
valt te denken aan vrij zeldzame ziekten als 
cystic fibrose (taaislijmziekte) of amyotrofe 
laterale sclerose, maar ook aan veelvoorko-
mende ziekten zoals borstkanker, atheros-
clerose (aderverkalking), reuma, diabetes 
(suikerziekte), astma en coeliakie (gluten-
intolerantie). 

Genetisch onderzoek richt zich onder ande-
re op het opsporen van de erfelijke factoren 
die bijdragen aan het ontstaan van deze 
ziekten. In 1983 werd het eerste grote suc-
ces geboekt: Er werd een locus op het DNA 
gevonden waar een mutatie moest liggen 
die de ziekte van Huntington veroorzaakt. 
Daarna volgden successen elkaar snel op 
en werden er voor een groot aantal, voorna-
melijk zeldzame aandoeningen, ziektever-
wekkende loci gevonden in het DNA.

Pas in 1990 werd voor het eerst een afwij-
king in een veelvoorkomende ziekte gevon-
den, te weten borstkanker. De mutatie kan 
een deel van de gevallen van borstkanker 
verklaren. Helaas bleek het opsporen van 
de precieze genetische risicofactoren voor 
andere ziekten die veel voorkomen toch aan-
zienlijk moeilijker. 

Belangrijke verklaringen voor het uitblijven 
van succes voor deze ziekten waren de 
technische mogelijkheden van die tijd en de 
manier waarop genetische studies werden 
opgezet: Aangenomen werd dat telkens één 
of enkele mutaties een ziekte verklaart. Uit-
gaande van deze vooronderstelling, werd 
per chromosoom systematisch op een aan-
tal loci gekeken of er verschillen zichtbaar 
waren tussen patiënten en controles. Het 
beperkte succes van dit ‘koppelingsonder-
zoek’ leidde tot het besef dat er vermoede-
lijk een groot aantal verschillende geneti-
sche risicofactoren een rol spelen. Daarom 
was een andere insteek wenselijk. 

Echter, methoden om dit daadwerkelijk te 
doen waren nog niet voorhanden, doordat 
nog onvoldoende inzicht in het menselijk ge-
noom aanwezig was. Dit veranderde in 
2001, toen het menselijke genoom systema-
tisch in kaart was gebracht. Deze mijlpaal 
maakte het mogelijk om systematisch te 
gaan kijken naar de normale genetische ver-
schillen tussen gezonde mensen. Al snel 
werd het duidelijk dat er op miljoenen plek-
ken in het DNA kleine verschillen (SNPs) 
tussen mensen aanwezig zijn. Dit inzicht lag 
ten grondslag aan de ontwikkeling van zo-

Samenvatting

Begrippenlijst
Genoom  Erfelijke informatie, beschrijft het grootste deel van de  

onderdelen van een cel

DNA  Drager van de erfelijk informatie

RNA Stap tussen DNA en eiwit

Chromosoom  DNA is normaliter verdeeld over 46 verschillende chromo-

somen per menselijke cel

Locus Plaats op het DNA

Mutatie Verandering in het DNA

SNP  Single nucleotide polymorphism (spreek uit ‘snip’).  

Verandering in het DNA van één basepaar (nucleotide) 



genaamde ‘DNA chips’ in 2006. Hiermee 
kan in één keer naar honderdduizenden 
SNPs per individu worden gekeken (dit 
proefschrift geeft op iedere pagina een deel 
van mijn eigen DNA weer). Aangezien dit 
ongeveer duizend keer zoveel informatie per 
individu opleverde dan koppelingsonder-
zoek, werd de kans op het succesvol vinden 
van nieuwe ziekteverwekkende loci hoger. 

Dit proefschrift beschrijft allereerst nieuwe 
statistische methoden om genetisch onder-
zoek uit te voeren en deze DNA chips te 
analyseren. Tevens zijn een tweetal studies 
beschreven waarbij deze DNA chips zijn in-
gezet. Tenslotte wordt stilgestaan bij toe-
komstige ontwikkelingen en maatschappelij-
ke consequenties van deze resultaten.

In hoofdstuk 2 wordt de ontwikkeling van 
een netwerk van relaties tussen genen en 
eiwitten beschreven. Het menselijke DNA 
codeert voor naar schatting 20.000 ver-
schillende genen. Deze genen worden 
meestal vertaald in eiwitten die voorzien in 
verschillende functies in een cel. Sommige 
eiwitten werken samen in dezelfde biologi-
sche processen. Verstoringen in deze biolo-
gische processen kunnen leiden tot ziekte. 

Wij veronderstelden dat mutaties in ver-
schillende genen binnen zo’n biologisch 
proces daarom tot eenzelfde ziekte kunnen 
leiden. Op basis van deze hypothese is het 
netwerk toegepast op ziekte loci die gevon-
den zijn met behulp van koppelingsonder-
zoek. Deze loci bevatten vaak een groot 
aantal verschillende genen, waarbij normali-
ter verondersteld wordt dat één van deze 
genen een mutatie zal bevatten. Aan de 
hand van simulaties hebben we laten zien 
dat onze methode met behulp van het gen 
netwerk in staat is vaker dan verwacht het 
gemuteerde ziekte gen correct aan te wij-
zen. Deze observatie bevestigt onze hypo-
these dat de verschillende genetische risi-
cofactoren binnen één enkele ziekte vaak in 
genen zitten die vergelijkbare biologische 
functies hebben. 

Hoofdstuk 3 beschrijft een nieuwe statisti-
sche methode waarmee een groot aantal 
verschillende maar vaak voorkomende dele-
ties (structurele varianten) zijn geïdentifi-
ceerd in de Nederlands en Engelse popula-
tie. Het toegepaste algoritme stelde ons in 
staat ongeveer 700 deleties te vinden die 
over het algemeen kleiner zijn dan eerder 
gevonden structurele varianten. Bekend is 
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dat sommige structurele varianten ook risi-
cofactoren voor ziekten zijn. Een analyse in 
Engelse coeliakie patiënten en gezonde 
controles identificeerde CSF1R als een gen 
waarin een deletie mogelijk is geassocieerd 
met coeliakie. Vervolgonderzoek zal moeten 
uitwijzen wat de rol van dit gen in coeliakie 
is. Daarnaast verwachten we dat deze me-
thode bij gebruikmaking van nieuwe DNA 
chips meer structurele varianten zal vinden. 
De momenteel uitgevoerde analysen maak-
ten gebruik van DNA chips, waarbij het ont-
werp onbedoeld het vinden van deze struc-
turele varianten bemoeilijkt. De nieuwe DNA 
chips kennen dit probleem minder en be-
monsteren daarnaast meer plekken op het 
DNA, waardoor een groot aantal, niet eer-
der beschreven structurele varianten, ge-
vonden zullen worden.

Hoofdstuk 4 beschrijft een nieuwe manier 
om ziekten te bestuderen waarvan de gene-
tische basis nu nog grotendeels onduidelijk 
is, maar waarbij er aanwijzingen zijn dat er 
bij patiënten vaak delen van hun DNA mis-
sen (deleties) of vaker dan gewoonlijk voor-
komen (gedupliceerd). Wij veronderstellen 
dat deze mutaties effect hebben op het 
functioneren van de genen die in deze loci 

liggen. Aangezien in deze loci vaak verschei-
dene genen liggen zullen dus verschillende 
biologische processen aangedaan zijn. In au-
tisme hebben we deze hypothese getoetst 
op basis van dertien eerder beschreven loci. 
Voor ieder locus hebben we per gen bepaald 
welke klinische symptomen door mutaties 
veroorzaakt kunnen worden. Vervolgens heb-
ben we gekeken of bepaalde symptomen 
door mutaties in meer loci dan verwacht ver-
oorzaakt kunnen worden. Aangezien sympto-
men die bekend zijn samen te gaan met au-
tisme, zoals gezichts afwijkingen en epilepsie, 
kwamen hieruit naar voren, onderschrijft dit 
bovenstaande hypothese.

Hoofdstuk 5 beschrijft een analyse van de ef-
fecten die genetische variatie heeft op de 
RNA expressie van genen. Met behulp van 
DNA en RNA chips hebben we een groot 
aantal genen geïdentificeerd die beïnvloed 
worden door veelvoorkomende genetische 
varianten. Deze soort studies bevinden zich 
nog in een vroeg stadium waardoor het pas 
zeer recentelijk is gebleken dat de invloed 
van genetische variatie op gen expressie 
soms verkeerd is geïnterpreteerd. Allereerst 
blijkt voor een aanzienlijk deel van de genen 
dat het hier vals positieve bevindingen be-



 De belangrijkste conclusies van dit proefschrift zijn:
-  De inzet van moleculaire gen netwerken in genetisch onderzoek kan helpen 

bij de identificatie van nieuwe genetische risicofactoren (hoofdstuk 2)
-  Structurele genetische variatie is wijdverspreid in het humane genoom. 

De inzet van DNA oligonucleotide chips die niet gebiased zijn tegen 
structurele varianten zal leiden tot een beter en completer inzicht van 
structurele variatie (hoofdstuk 3)

-  Syndromale ziekten met een klinisch variabel spectrum, zoals autisme, 
kunnen profijt hebben van een systematische genotype-fenotype analyse 
(hoofdstuk 4)

-  Genetische variatie heeft een effect op gen expressie. Deze regulatie kan 
echter complex van karakter zijn (hoofdstuk 5)

-   Het IL2/IL21 locus is geassocieerd met coeliakie (hoofdstuk 6)
-  Het DPP6 locus is geassocieerd met amyotrofe laterale sclerose 

(hoofdstuk 7)
-  De recente beschikbaarheid van DNA oligonucleotide chips die voor 

individuen en verzekeraars betaalbaar zijn geeft aanleiding tot een 
maatschappelijke discussie over de wenselijkheid van de inzet van deze 
chips in een vroegtijdig stadium (hoofdstuk 8).

treft. Voor verscheidene andere genen blijkt 
dat de regulatie complexer is dan veronder-
steld. Daarnaast blijkt dat voor sommige ge-
netische varianten geldt dat deze leiden tot 
verschuivingen in verhoudingen van gepro-
duceerde gen-varianten (splice varianten). 
De komst van nieuwe high-throughput se-
quencing technologieën zal het in de nabije 
toekomst mogelijk maken beter naar deze 
regulatie te kijken. 

Hoofdstuk 6 beschrijft een studie met be-
hulp van DNA chips in 778 Engelse coelia-
kie patiënten en 1.422 gezonde controles. 
Door middel van een nieuwe statistische 
methode voor het toekennen van genotypes, 
leidde deze studie tot de identificatie van 
een nieuw ziekteverwekkend locus waarin 
onder meer de genen IL2 en IL21 liggen. 
Deze interleukines spelen een belangrijke 
rol bij de ontstekingsreactie die kenmerkend 
is voor coeliakie: de Th1 adaptieve immuun-
reactie. Recentelijk is deze studie vervolgd 
in een grotere groep patiënten en controles. 
Dit heeft geleid tot de identificatie van nog 
eens zeven loci, waarvan zes loci genen be-
vatten met een bekende immunologische 
functie. Middels meta-analyses en de inzet 
van nieuwe DNA chips is het de verwach-

ting dat extra loci een rol zullen blijken te 
spelen in coeliakie. Daarnaast zal met het 
behulp van de eerder genoemde nieuwe se-
quencing technologieën vermoedelijk moge-
lijk worden de causale variant op te sporen.

Hoofdstuk 7 beschrijft een studie met be-
hulp van dezelfde DNA chips in 461 Neder-
landse amyotrofe laterale sclerose patiënten 
en 450 gezonde controles. In deze studie 
werd een nieuw ziekteverwekkend locus ge-
vonden waarin het gen DPP6 ligt. DPP6 
komt voornamelijk tot expressie in het brein 
en beïnvloedt de biologische activiteit van 
neuropeptides. Verschillen in DPP6 expres-
sie zijn daarnaast in verband gebracht met 
schade aan het ruggenmerg in ratten. Deze 
resultaten bieden concrete handvatten voor 
vervolg onderzoek en bieden in de toekomst 
misschien aanknopingspunten voor thera-
peutische interventie.

In hoofdstuk 8 wordt een evaluatie gegeven 
van onze behaalde resultaten. Daarnaast 
worden verwachtingen voor toekomstig ge-
netisch onderzoek geschetst. Afgesloten 
wordt met een discussie omtrent de inzet 
van DNA chips bij het voorspellen van indivi-
duele risico’s voor het ontwikkelen van ziekte.
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Many diseases are heritable. Among these 
are quite rare disorders such as cystic fibro-
sis or amyotrophic lateral sclerosis, but also 
common diseases such as breast cancer, 
atherosclerosis, rheumatoid arthritis, diabe-
tes, asthma and celiac disease.

One of the aims of genetic research is to 
identify the genetic factors that contribute to 
these diseases. The first success in human 
disease was in 1983: a locus in the DNA 
was identified that had to contain a mutation 
that caused Huntington’s disease. After this 
first success, many new disease-causing 
loci were identified in predominantly rare 
disorders.

In 1990 a milestone was achieved for com-
mon diseases: a mutation was found that 
was responsible for breast cancer in a mi-
nority of cases. However, the identification 
of the genetic risk factors for many other 
common diseases turned out to be more 
difficult.

Important explanations for the lack of suc-
cess for these diseases were the technical 

possibilities available at the time and the 
way the genetic studies had been designed. 
It had been assumed that there were only a 
few causative mutations for each of these 
diseases. Based on this assumption, vari-
ous loci in each chromosome were as-
sessed systematically for evidence of 
whether there was a mutation in or near any 
of these loci. The limited success of this 
‘linkage analysis’ approach implied that, for 
many diseases, it was likely that numerous 
different genetic risk factors could be play-
ing a role. Alternative strategies were pro-
posed to detect these. 

However, these strategies could not yet be 
employed, because there was only limited 
insight into the human genome. This 
changed in 2001, when the Human Ge-
nome Project was completed and the full 
genome mapped. This milestone permitted 
a systematic analysis of normal genetic vari-
ation among healthy individuals. It soon be-
came apparent that there were millions of 
places in the DNA where there were SNPs, 
small differences between humans. 

Summary

Glossary
Genome Heriditary information, describes the majority of the parts that 

 make up a cell

DNA  Encodes the heritable information

RNA Step in between DNA and protein

Chromosome  DNA is usually distributed over 46 different chromosomes per 

human cell

Locus Place on the DNA

Mutation Alteration within the DNA

SNP  Single nucleotide polymorphism (pronounce as ‘snip’). Change 

in the DNA of one single base pair (nucleotide) 



This knowledge was the basis for ‘DNA 
chips’, becoming available in 2006. These 
chips can simultaneously assess hundreds 
of thousands of SNPs per individual. This 
results in approximately a thousand times 
more information than from linkage analysis, 
increasing the probability of successfully 
identifying risk factors.

This thesis describes new statistical meth-
ods developed to analyze these DNA chips 
and to perform genetic research. Additional-
ly it describes two studies that have em-
ployed these DNA chips. Finally, attention is 
devoted to future developments and the so-
cietal consequences of these results.

Chapter 2 describes the development of a 
network of relationships between genes and 
proteins. Human DNA codes for approxi-
mately 20,000 different genes. These genes 
are usually translated into proteins that carry 
out most of the functions within a cell and 
some proteins act together in the same bio-
logical processes. Alterations in these bio-
logical processes can lead to disease. We 
thus assumed that mutations in various 

genes that play a role in the same biological 
processes could result in the same disorder. 
Based on this hypothesis we applied our 
network to susceptibility loci that had been 
identified through linkage analysis. These 
loci are often fairly large and contain multi-
ple genes. It is assumed that usually only 
one of these genes will contain a mutation. 
Based on simulations we showed that our 
method correctly pinpointed the real dis-
ease gene more often than would be ex-
pected by chance. This observation corrob-
orates our hypothesis that, for many 
diseases, the different genetic risk factors 
map within genes that have comparable bio-
logical functions.

Chapter 3 describes a new statistical meth-
od that identified many different but com-
mon deletions (structural variants) through 
an analysis of Dutch and English samples. 
Our algorithm enabled us to identify approx-
imately 700 deletions that on average are 
smaller than those found previously. It is 
known that these structural variants can 
also be risk factors for diseases. An analysis 
in English celiac disease patients and 
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healthy controls identified CSF1R as a gene 
that mapped within a deletion associated 
with celiac disease. Follow-up research is 
needed to determine its role in celiac dis-
ease. We expect our method to identify 
many more structural variants by employing 
new DNA chips. The current analyses were 
performed on DNA chips that were actually 
biased against finding these structural vari-
ants. As newer DNA chips are less biased 
and also query many more loci, we expect 
many more, new structural variants to be 
identified in the near future.

Chapter 4 describes a novel method to 
study diseases for which the genetic basis 
is still mostly unclear, but for which there is 
evidence that patients often miss parts of 
their DNA (deletions) or have multiple cop-
ies of parts of their DNA (duplications). We 
hypothesized that these mutations are likely 
to affect the function of the genes within 
these deletions or duplications. Since multi-
ple genes usually map within these loci, it 
can be assumed that multiple biological 
processes are affected. We tested this hy-

pothesis on thirteen previously described 
loci for autism. We determined which clini-
cal symptoms could be caused by mutations 
within these genes for each loci per gene. 
We then assessed whether certain symp-
toms could be caused by mutations in more 
loci than expected. Various symptoms 
known to co-occur with autism were identi-
fied, such as craniofacial abnormalities and 
epilepsy. As such, these findings substanti-
ate our hypothesis.

Chapter 5 describes an analysis of the ef-
fects of genetic variation on RNA gene ex-
pression. By using both DNA and RNA 
chips we identified many genes whose ex-
pression is affected by common genetic var-
iants. These studies are still in their infancy, 
and it has only recently been shown that 
some of the observed effects have not been 
explained correctly. For a considerable pro-
portion of these genes, the observed effect 
on expression was not real but rather due to 
technical artifacts. For other genes whose 
expression is truly affected by genetic varia-
tion, their regulation was found to be more 



complex than originally anticipated. Some 
genetic variants can also lead to shifts in the 
ratios of gene variants (splice variants) pro-
duced in different ways. We expect more 
accurate and more complete insight will be 
achieved with the arrival of new high-
throughput sequencing technologies.

Chapter 6 describes a DNA chip study in 
778 English celiac disease patients and 
1,422 healthy controls. By developing a new 
statistical method to assign genotypes to 
these samples, we were able to identify a 
new susceptibility locus that contains IL2 
and IL21. These interleukins play an impor-
tant role in the immune response which is 
characteristic for untreated celiac disease 
patients (the Th1 adaptive immune re-
sponse). Recently this study has been fol-
lowed up in a larger cohort of patients and 
controls, which has led to the identification 
of seven additional loci. Six of these loci 
contain candidate genes with a known im-
munological function. Through meta-analy-
ses and by employing new DNA chips, we 
should be able to identify various additional 

loci that play a role in celiac disease. New 
sequencing technologies will probably ena-
ble us to identify the real causal variants.

Chapter 7 describes a DNA chip study in 
461 Dutch amyotrophic lateral sclerosis pa-
tients and 450 healthy controls. This study 
led to the identification of a new susceptibil-
ity locus that contains DPP6. This gene is 
predominantly expressed in brain and af-
fects the biological activity of neuropep-
tides. Differences in DPP6 expression have 
been associated with damage to the spinal 
cord in rats. These results provide new ave-
nues for follow-up research and may provide 
clues for developing therapeutic 
interventions.

In Chapter 8 we evaluate our results and 
also provide some perspectives for future 
genetic research. Finally, we discuss the 
current usefulness of DNA chips in predict-
ing individual risks for developing disease 
and the ethical issues surrounding commer-
cial genetic screening services.

 The main conclusions of this thesis are:
-  The use of molecular gene networks in genetic research can 

help to identify new genetic risk factors (chapter 2)
-  Structural genetic variants are widespread throughout the 

human genome. The use of DNA oligonucleotide chips that are 
not biased against these variants will lead to a better and more 
complete insight into structural variation (chapter 3)

-  Syndromes with a broad clinical spectrum, such as autism, can 
benefit from a systematic genotype-phenotype analysis 

 (chapter 4)
-   Genetic variants can affect gene expression; however, its 

regulation can be complex (chapter 5)
-  The IL/IL21 locus is associated with celiac disease (chapter 6)
-  The DPP6 locus is associated with amyotrophic lateral sclerosis 

(chapter 7)
-  The recent availability of affordable DNA oligonucleotide chips 

for individuals and insurance companies means society must 
debate the ethical and practical issues surrounding their use.
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Dankwoord
Weliswaar staat op de omslag van dit proef-
schrift slechts de naam van één auteur, de 
bijdragen van anderen zijn minstens zo 
groot geweest. Het bewijs hiervoor vindt u 
deels in de infographics waarin de door mij 
ontvangen e-mail is weergegeven: Hieruit 
blijkt de grote inbreng en onschatbare waar-
de van velen. Ieder heeft vanuit een eigen 
invalshoek bijdragen geleverd aan de tot-
standkoming van dit proefschrift. Graag 
maak ik hierbij gebruik van de mogelijkheid 
een aantal mensen extra te bedanken.

Beste Cisca, dankzij jou heb ik de mogelijk-
heid gehad me te bekwamen in een specia-
lisme wat ik ontzettend uitdagend, leuk en 
inspirerend vind. Ik heb verschrikkelijk veel 
van je geleerd en hoop dit de komende ja-
ren te blijven doen in het rode Groningen!

Dear David, thank you for letting me work on 
the celiac genome-wide association study 
and the joy of Princes’ street. Karen and 
Graham, I am looking forward to seeing you 
again in London.

Beste Leonard, bedankt dat je de mogelijk-
heid hebt geboden betrokken te zijn bij het 
ALS onderzoek. Beste Roel, dank voor de 
vele conversaties als ik weer eens voorbij-
liep in de gang op weg naar nog een koffie.

Beste Ritsert, met plezier kom ik iedere 
dinsdag naar Haren. Hopelijk mag ik nog 
een lange tijd langskomen bij jou en alle an-
dere GBIC’ers voor intrigerende discussies.

Dear Lon, thank you for inviting me to come 
over to Oxford. I learned a lot from you and 
all other friends at the WTCHG.

Ik dank de leescommissie voor het kritisch 
beoordelen van dit proefschrift.

Ik ben het Celiac Disease Consortium en 
het Nationaal Regieorgaan Genomics dank-
baar voor het financieren van mijn onderzoek.

Beste Michael van Es, Hylke, Christiaan, 
Paul en Jan: We hebben gezamenlijk veel 
geleerd over de nieuwe Illumina arrays en 
ALS, dank!

Beste Like: Ik vond het geweldig om aan het 
begin van mijn promotie met jou te mogen 
samenwerken. Beste Michael Egmont-Pe-
tersen: Hoofdstuk twee was zonder jouw 
Bayesiaanse statistische kennis en creativi-
teit absoluut niet mogelijk geweest.

Wouter van Gool, Tebbo, Iris, Kristel en 
Dirk-Jan: bedankt voor al jullie inspanningen 
als stagiaire. Ik heb veel van jullie geleerd en 
hoop dat het wederzijds is.

Beste Edwin, Arno en Rainer: Dank voor jul-
lie advies op bioinformatica en text-mining 
gebied.

Beste Dalila, Bart, Dineke, Clara, Jonathan, 
Steven, Martine, Alienke, Marianna, Erica, 
Eric, Ruben, Bobby, Begoña, Roel, Jelena, 
Esther, Karen, Behrooz, Gosia, Martin en 
Sasha: Ik heb jullie leren kennen als een 
zeer kleurrijk gezelschap. Hopelijk heb ik jul-
lie niet tot wanhoop gedreven als ik weer 
eens zat te drammen.

Beste Carolien en Yurii, dank voor de vele 
inspirerende gesprekken. Jullie ideeën wa-
ren instrumentaal voor hoofdstuk vier.



Dankwoord
Beste Jacobine, Bert, Wouter Staal, Jacob, 
Ron, Emma en Herman: Hopelijk heeft onze 
samenwerking van onder andere hoofdstuk 
vijf niet geleid tot een DSM-IV etiket voor 
mij. 

Beste Harm, dank voor je begeleiding tij-
dens mijn stage en onze immer prikkelende 
conversaties. Hierbij horen natuurlijk ook 
Yumas, Wim, Philip en Patrick: ik denk met 
genoegen terug aan de vele discussies die 
we met elkaar hebben gevoerd, waarbij we 
het opvallend vaak met elkaar oneens ble-
ken te zijn. Excuses voor alle digitale over-
last die ik jullie bezorgd heb.

Beste Harry: ik hoop, net als jij, na mijn 
vijfstigste nog vlot van een zwarte piste af te 
komen. Wat is je geheime recept? Zijn het 
de chocolade flensjes?

Allerbeste Jackie: velen hebben hun artike-
len aan jou te danken. Voor steenkolen En-
gels heb jij me weten te behoeden, alsmede 
ook voor spellings- en grammatica- en typ-
fouten en wanstaltige zinsconstructies, zo-
als deze.

Beste Alfons, met genoegen kijk ik terug op 
onze ‘professionele’ relatie: de vele concer-
ten die we hebben bezocht, waarvan Oi Va 
Voi en Spinvis de toppers zijn geweest!

Beste Flip en Albertien: Sectie Senseo zeg 
ik met pijn in het hart vaarwel. Bedankt voor 
de gezellige tijd samen!  

Gert en Thomas: Dankzij jullie inspanningen 
is dit boek geworden wat het is. 

Aan al mijn collega’s en Gert: Sorry voor het 
altijd te laat komen, te laat inleveren of te 
laat reageren!

Vrienden van de W55, AK19 en aanverwan-
ten: In voor- en tegenspoed, altijd balkon of 
trap met een biertje. Bedankt voor jullie 
vriendschap!

Koen, Fleur, Sabine, Sander, Moniek: De 
duurgekochte nootjes heb ik graag met jullie 
gedeeld en het is fantastisch dat we nog al-
tijd bij elkaar komen.

Lieve studievrienden: Jullie zijn net zo ver-
baasd als ik dat er in mij een bioloog school. 
Bedankt voor jullie hulp tijdens alle practica.

Roald, Erik en Wouter: Jullie stonden garant 
voor het nodige absurdisme de afgelopen 
jaren, ‘of niet?’. Het is een genoegen jullie 
te kennen. 

Koen en Sytse: Geweldig dat jullie paranimf 
zijn. Koen, bedankt dat je bereid bent de 
verdediging inhoudelijk over te nemen, 
mocht ik onwel raken!

Lieve Gert en Lieke: Jullie zijn een top broer 
en zus! Lieve papa en mama: Dank jullie wel 
voor alle jaren zorg, liefde en kritiek op zijn 
tijd.

Lieve Lien: dank je wel voor onze prachtige 
Suzuki avonturen, de gedichten die ik waar-
schijnlijk toch nooit zal begrijpen, je steun, 
je optimisme en je humor. Jij bent echt de 
allerliefste!
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