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Introduction 

The concept of offspring inheriting traits from their parents must have been 
known since the dawn of the modern human. The domestication of animals 
and plants with the artificial selection that culture and breeding implies also 
suggest a notion of inheritance. However it was only in 1866 some funda-
mental understanding of the underlying mechanisms was achieved. Gregor 
Mendel published his "Experiments on Plant Hybridization" in Procedings of 
the Natural History Society of Brünn (Mendel 1866), a paper by many con-
sidered the birth of genetics, with his observations on how traits in plants 
were carried over to the following generations. While Mendel’s work went 
largely unrecognized during his lifetime, it was brought into the research 
community’s eye again at the beginning of the 20th century by researchers 
who had been working on similar questions in parallel, and Mendel’s work 
was rediscovered. During the same period the term “genetics” was popular-
ised in the scientific community to describe the study of inheritance. 
 
The modern field of molecular genetics, the study on molecular level of the 
structure and function of genes, is closely linked to the technological ad-
vances made in methods for analysing the variation that is a part of what 
makes us all different. Analysis instruments have progressed from being able 
to look at a small number of positions a little over a decade ago, to the cur-
rent systems with capacities to query millions of positions for thousands of 
samples, and the scale of the questions researchers can ask has expanded 
along with it. We now work in an exciting time when the sequencing of 
whole human genomes has become possible, both practically and economi-
cally, on a single instrument in a small laboratory. It is truly the beginning of 
the genomic era. 

  



 12 

Variation in the human genome 
There are several classes of DNA variation in the human genome. Over the 
years different types have been the focus of the research community, either 
as markers in studies to pinpoint traits or disease causation, or as in them self 
potential causes of disease. Below those of main interest for mapping traits 
and disease studies are listed. 

Variable number tandem repeats 
Variable number tandem repeats or VNTRs (Jeffreys et al. 1985) are made 
up from repeated segments of DNA where the identity of individual alleles is 
based on the number of repetitions. The class is divided into two main 
groups based on the length of the repeated segment: minisatellites for a re-
peat unit of around 10-20 bp, and microsatellites for smaller repeats, usually 
up to four bp long with an entire repeat segment that tend to be less than 100 
bp. Microsatellites are also known as short tandem repeats (STRs). Microsa-
tellites were widely used for linkage studies where the goal is to link a phe-
notype of interest to a specific chromosome region in a family material. A 
key advantage of the use of microsatellites in such studies is that there can 
be a large number of different alleles for each analysed microsatellite, 
thereby making the variation more informative when the transmission is 
tracked through the generations in a pedigree, since two separate individuals 
are less likely to share the same allele by chance rather than relation. Mi-
crosatellites are still widely in use for forensic purposes, but for genetic link-
age studies the use of single nucleotide polymorphisms has become more 
common than STRs due to new technology allowing analysis of massive 
panels of SNPs through different kinds of microarray technologies. 

Single nucleotide polymorphisms 
Single nucleotide polymorphisms, or SNPs for short, are the main marker 
variation in use today for genetic studies.  It is the variation in a single nu-
cleotide between individuals, present in the population at a frequency larger 
than 1%. Although they mainly are biallelic, and thereby less informative 
than for example the microsatellites mentioned earlier, their abundance in 
the genome and ease of automation in analysis, have made them the marker 
of choice today. Several million SNPs can be queried in a single sample 
simultaneously in modern genotyping instruments (Steemers et al. 2006), 
providing means to take analysis to a genome-wide level, and at the same 
time generate fine mapping data from the same analysis.They are by number 
the most common type of variation in the genome, and approximately one 
nucleotide in 1000 is different between two individuals (Wheeler et al. 
2008). The sequencing of James D. Watson’s genome to 7.4-fold redun-
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dancy (Wheeler et al. 2008) resulted in 3.3 million single base differences 
compared to the human reference sequence, out of which 10,654 caused 
amino-acid substitutions in the coding sequences of proteins. 

Copy number variation 
While the SNP is the variation numbering the highest in the genome, the 
type affecting the largest proportion of bases are copy number variations 
(CNVs). These are duplications, insertions and deletions of larger regions up 
to several mega bases (Mb). Some 5% of the human genome is variable in 
the normal healthy population due to CNVs. For example Conrad et al. ob-
served a cumulative length of 24Mb (0.78% of the genome) that differed in 
CNVs between two individuals, and 113Mb (3.7%) across all 41 individuals 
they assayed with comparative genomic hybridization (CGH) (Conrad et al. 
2010). Their tiling CGH approach was mainly able to detect regions of du-
plications and deletions larger than 1kb.  
 
Massively parallel sequencing can be used to generate CNV data that include 
also smaller variations. Methods include read depth analysis and paired-end 
mapping where the ends of DNA fragments of known size are sequenced, 
and the spacing of the reads in the reference genome is compared with the 
known fragment length to detect unexpected mappings. Mills et al. reported 
the results of the Structural Variation Analysis Group of the “1000 genomes 
project” (Mills et al. 2011) who are sequencing a large number of human 
genomes and at the time had generated 4.1 terabases of raw sequence data. 
They found that their sequence based approach detected a far larger propor-
tion of smaller CNVs than the CGH approach of Conrad et al., and that this 
method allowed them in many cases to map the breakpoints precisely to be 
able to analyze the driving forces behind CNV formation. They also found 
that CNVs in many cases disrupted exons and other functional elements, 
indicating potential functional impact. 

Mapping disease genes 
When discussing disease that are caused or predisposed for by genetic varia-
tion, a division is usually made between mendelian (monogenic) disease and 
complex (polygenic, multifactorial) disease. A mendelian disease is one that 
is mainly caused by alterations in one gene, and that displays one of the clas-
sical inheritance patterns such as autosomal dominant or recessive inheri-
tance etc. Penetrance is usually high meaning that carriers of an alteration 
often tend to display the phenotype. The alterations that cause these condi-
tions tend to be rare, often with unique defects in different families. Exam-
ples of such diseases are Cystic Fibrosis (autosomal recessive) (Kerem et al. 
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1989), Huntington’s disease (autosomal dominant) (MacDonald 1993) and 
Duchenne muscular dystrophy (X-linked) (Den Dunnen et al. 1989). Com-
plex disease on the other hand is the opposite in most aspects; many different 
genes together with environmental effects make small contributions to the 
outcome. It is hard to predict if a person will get the disease, even if we 
know that the person is a carrier of known risk factors. Examples of complex 
disease are many common diseases affecting large parts of the population 
like cardiovascular disease (Schunkert et al. 2011) and diabetes (Voight et al. 
2010).  
 
The fundamental differences in the nature of mendelian and complex disease 
also mean that different tools are preferable when looking for the causes of 
disease. The use of genetic linkage studies has been very successful in dis-
covering genes causing mendelian disorders (Botstein et al. 2003). This 
method works by looking for co-segregation of the phenotype with the ge-
netic markers in pedigrees. The markers in use are microsatellites or SNPs. 
Parametric (model based) linkage requires certain parameters to be specified 
such as penetrance and mode of inheritance, these cannot be specified for 
complex disease, but can usually be estimated for mendelian traits. For com-
plex disorders non-parametric linkage has to be used since this avoids the 
need for specifying model parameters by not testing a specific inheritance 
model. Instead the software looks for an increased sharing among affected 
individuals of specific parts of the chromosomes. Overall linkage has had 
limited success in finding the causes for complex disease. 
 
The method mainly used in the search for the causes of complex disease is 
the genome-wide association study (GWAS). This method attempts to asso-
ciate genotypes across the genome with the phenotype of interest. Associa-
tion studies are treating the whole population as an extended family for 
analysis, with the goal of detecting segments of chromosome that is shared 
in cases as result of distant common ancestry with a person where the defect 
appeared. Linkage and association analysis are basically complements since 
they perform best on different types on problems. Association has the most 
power to detect small effects (Risch et al. 1996), hence its use for complex 
disease, but since it works on distantly related subjects, more recombination 
limits the extent of linkage, so a dense marker map is required, but higher 
resolution is also accomplished. Linkage disequilibrium (LD), the correla-
tion of genotypes in different loci, makes detecting a region easier since each 
of the correlated markers can work as a proxy to detect a non-genotyped 
variation. The commonly used measure for LD in this context is r2. For the 
purpose of detecting phenotype association through a proxy marker, a level 
of r2 > 0.8 has been widely used, although the limit would depend on for 
example effect size. An interpretation of the effect of the r2 value for an as-
sociation study is: If the causative SNP could be detected in the study with a 
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sample size of N, the detection of the same signal in an LD proxy with r2 = x 
to the causative SNP, would require N/x samples. In other words, the effec-
tive sample size in the LD proxy is xN. Even if association studies should be 
more powerful for the detection of small effects, finding the cause of com-
plex disease has been difficult. Only in recent years have the well validated 
findings begun to increase (Speliotes et al. 2010; Voight et al. 2010; 
Schunkert et al. 2011). Current projects are beginning to amass massive 
sample sets of in some cases tens and hundreds of thousands of samples. 
What the future will bring only time will tell. 

The HapMap project 
The International HapMap project was a key project in enabling straight-
forward design of genome-wide association studies. It started in October 
2002 and its stated goal was to determine the common patterns of DNA se-
quence variation in the human genome to further medical research (The 
HapMap Consortium 2003). It would also make this information freely 
available in the public domain. In 2002, SNP genotyping was a relatively 
low success rate analysis, due to lacking knowledge of variable positions in 
the genome and their allele frequencies in different populations. The SNP 
information available in the central repository for SNP data, dbSNP, was 
often based on in-silico studies of different kinds of sequencing data without 
experimental validation of the alleles and had various levels of quality con-
trol. When a panel of SNPs was genotyped in a sample set, large proportions 
of markers would often be non-polymorphic due to lack of validation data 
during the design of the SNP panel and some regions would be poorly cov-
ered since few SNPs were known (Gabriel et al. 2002; Carlson et al. 2003; 
Reich et al. 2003).  
 
The initial phase of the HapMap project included large scale SNP discovery 
by sequencing, and in just over a year more than doubled the 2.8 million 
SNPs that were available in the dbSNP at the start of the project. In the first 
genotyping phase of the project, approximately 1.3 million SNPs across the 
genome were genotyped in samples of of European, African and Asian ori-
gin, 270 samples in total (The HapMap Consortium 2003; The HapMap 
Consortium 2005). The goal of the first phase was to genotype a SNP at least 
every five kb in the genome. Phase two then extended the SNP panel by 
additional genotyping of 2.1 million SNPs in the same samples resulting in 
an average SNP density of about one per kb (Frazer et al. 2007). Phase two 
was estimated to cover about 25-35% of all common SNPs, i.e. a minor al-
lele frequency larger than 5%. Finally phase three extended the sample sets 
to include a more divergent set of populations for example several African 
populations, African Americans and Gujarati Indians. In the final phase the 
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sample number increased from the 270 individuals and four populations in 
phase one and two, to 1301 samples from 11 populations. 1.6 million SNPs 
were genotyped in the full sample set and ten 100kb regions were sequenced 
in 692 individuals (Altshuler et al. 2010). 
 
The main reasons for initiating the HapMap project was the lack of a dense 
SNP map across the genome mentioned above, but also the recognition from 
work studying linkage disequilibrium (LD) that alleles in SNP markers 
tended to be correlated to each other (Daly et al. 2001; Patil et al. 2001; 
Gabriel et al. 2002). Two SNPs could in a sense carry redundant information 
for a disease study. This indicated the possibility that one could scan a ge-
nomic region or the entire genome, without having to query every single 
SNP for association to a disease or other phenotype. Given prior knowledge 
of the correlations between markers, a study using a reduced number of 
SNPs selected to be as representative of the full SNP set as possible, should 
be able to capture essentially the same information as the full set. This would 
save money in genotyping or allow larger regions to be investigated. To 
generate this knowledge of SNP correlation patterns, or LD patterns, was 
one of the main goals of the HapMap project. SNPs selected to be represen-
tatives of a larger group are often called haplotype tagging SNPs (Johnson et 
al. 2001), or tagSNPs, and this methodology for selection of SNP panels has 
dominated the association studies since the release of the HapMap data.  

The ENCODE project 
The ENCODE project or “Encyclopedia of DNA Elements” 
(http://genome.ucsc.edu/ENCODE/), launched in September 2003, funded 
by The National Human Genome Research Institute (NHGRI). The ambi-
tious goal was declared to be the discovery of all functional elements in the 
human genome sequence. It started with a pilot phase where 35 research 
groups contributed over 200 different datasets focused on a selection of 
30Mb, or about 1% of the genome, that was divided between 44 regions. 
These regions had been selected either because they were well studied with 
reference data sets available for comparisons, or as randomly selected re-
gions for analysis. This setup would ensure that the analyzed regions were 
diverse enough to make evaluation of different experimental and computa-
tional methods representative for the whole genome. In parallel with this, a 
technology development effort took place to establish different methods for 
analysis that could cope with the scale of the project. The pilot phase was 
completed in 2007 and results from the many types of analysis applied to the 
data were published (Birney et al. 2007). Since the dataset for the regions 
was very rich in information on functional elements, and on a very large 
scale, a number of important findings were made in the analysis.  
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The project used hybridization of RNA to unbiased tiling arrays and tag-
sequencing of cap-selected RNA combined with the previously available 
DNA and EST sequences to indentify transcripts. The results confirmed 
previous findings (Bertone et al. 2004; Cheng et al. 2005) that indicated that 
nearly all of the human genome is transcribed, not only regions containing 
protein coding genes and closely associated transcripts. ENCODE data indi-
cated that somewhere between 74% and 93% of the genome was covered by 
primary transcripts depending on the type of validation applied. The project 
could also confirm the presence of many intercalated transcripts tying to-
gether genes thought to be separate units. This had been reported previously 
(Bertone et al. 2004; Carninci et al. 2006) but been met with some doubt 
about their functional relevance. A large number of non-coding transcripts 
were identified, also in regions thought to be transcriptionally void. Regula-
tory sequences were found to be evenly distributed around transcription start 
sites instead of having an upstream bias, and analysis revealed that chroma-
tin accessibility and patterns of histone modification could strongly predict 
location and activity of transcription start sites. It was determined that 5% of 
the genome was evolutionary conserved within mammals based on the pilot 
data, and also that 60% of these had been assigned some function by the 
other types of experiments. Another surprising finding was that many func-
tional regions actually were not conserved among mammals. 
 
As the pilot phases had been successfully completed, NHGRI awarded new 
funding to move the project into the true production phase, scaling the pro-
ject to the full human genome. Data sets for the whole human genome have 
been released continuously during 2011 as well as ENCODE data for mouse 
to complement the human information. 

Non-coding RNA 
The “Central dogma of molecular biology” (Crick 1970) where DNA is tran-
scribed into mRNA that is translated into protein, is more and more being 
challenged. In the classical view, non-coding RNAs were mainly limited to 
structural RNA like ribosomal RNA and transfer RNAs closely connected to 
protein production, but as our understanding of transcription in the genome 
have evolved it is clear that there are more things at play. Non-coding RNA 
as the name implies are RNAs that do not encode a sequence of amino acids 
to produce a protein. They are mainly divided in two groups based on the 
size of the transcript, where RNAs shorter than 200 bp include short or small 
ncRNAs and micro RNAs (miRNAs). Larger RNAs are usually called long 
ncRNAs (lncRNA) or sometimes long intergenic RNAs (lincRNAs) if not 
overlapping with protein coding transcripts. Knowledge is limited of the 
functions and importance of large ncRNAs in the human genome. A few 
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lncRNAs are comparatively well studied like XIST, involved in X inactiva-
tion (Augui et al. 2011). RNA is expressed from the future inactive X chro-
mosome in females, to coat the chromosome of origin through a cis activity 
that leads to a histone modification that down-regulates expression from the 
coated chromosome, this has been shown to involve the recruitment of Poly-
comb repressive complex 2 (Maenner et al. 2010). XIST itself may also be 
under control of other ncRNAs, indicating an intricate regulatory system 
involving non-coding transcripts. Also Air (Nagano et al. 2008) and 
Kcnq1ot1 (Pandey et al. 2008) mediate repression through cis-effects, again 
through chromatin interaction and histone modifications. An example of a 
ncRNA acting in trans is HOTAIR (Rinn et al. 2007), this ncRNA is located 
in the HOXC gene cluster on chromosome 12. When knockdown experi-
ments were conducted by Rinn et al., they did not detect any regulation of 
the nearby genes within the same cluster as expected from previously known 
cis-acting ncRNAs, but repression was removed from a 40 kb region in the 
HoxD cluster on chromosome 2, demonstrating ncRNA trans-effects for the 
first time (Rinn et al. 2007). More recently a study looked for ncRNAs regu-
lated by the transcription factor p53, an important tumor suppressor gene 
involved in response to DNA damage (Huarte et al. 2010). They discovered 
among other ncRNAs, lincRNA-p21, a lincRNA that represses multiple 
genes in different genomic locations in response to p53 activation. They also 
showed that heterogeneous nuclear ribonucleoprotein K (hnRNP-K), a part 
of a repressor complex, interacted with lincRNA-p21.  
 
Still little is known of the functions of lncRNAs in the human genome in 
general, but the pattern that is emerging from the few partially known 
mechanisms, point to histone modification and epigenetic regulation. 
Whether this will remain a theme in lncRNA regulation as knowledge in the 
field expands, time will tell. 
 
Among the shorter forms of non-coding transcripts, miRNA are short 
ncRNAs on average 22 bp long. They tend to act as post-transcriptional 
regulators by binding a complementary region on the mRNA target and re-
press translation or induce target degradation (Bartel 2009). The miRNA 
database miRBase (Kozomara et al. 2011) release 17, lists over 1400 human 
entries, and the numbers are growing. Other small RNAs acting in a similar 
context are small interfering RNAs (siRNA) (Kawasaki et al. 2005) and 
Piwi-interacting RNAs (piRNAs) (Siomi et al. 2011). 

Detecting regulatory variation in the genome 
The search for variation that affects gene expression provides a tool to dis-
cover regions important for gene regulation, and possibly disease causation. 
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Two methods used for these types of studies are the association of SNP 
genotypes to either the total expression of a gene or region here referred to 
as standard eQTL analysis, or the differential expression of the two chromo-
somes, known as allele specific expression analysis. While the two methods 
in many ways accomplish similar things, there are also profound differences 
due to the phenotype that is measured in the two techniques. 

Association to total expression 
In standard eQTL analysis (Cheung et al. 2005; Stranger et al. 2005), the 
genotypes of SNPs in the genome are tested for association to expression 
levels in much the same way as any continuous phenotype. The main differ-
ence compared to tests versus disease or biochemical measurements, is the 
many different phenotypes tested. The signal from each expression probe or 
transcript in effect is a phenotype of its own. The technique can be used to 
detect both cis- and trans-effects, that is effects located on the same chromo-
some in proximity to the expressed region, or distant or located on other 
chromosomes. For attempting to detect trans-effects one should be aware of 
the significant multiple testing problem inherent in testing all markers geno-
typed across the genome versus all expression phenotypes measured, and the 
resulting requirements for adjustments to p-values and large sample sizes to 
attempt to counter these effects. Batch effects and other unknown variation 
can have a detrimental effect on the measured expression signals (Fare et al. 
2003; Akey et al. 2007; Branham et al. 2007) and weaken association sig-
nals.  

Association to allele specific expression 
Allele specific expression analysis is similar to standard eQTL analysis in 
the sense that genotypes and expression signals are used to look for SNP 
effects on expression, but here the expression phenotype is the relative ex-
pression of the two alleles of the transcript (Yan et al. 2002; Pastinen et al. 
2004; Ge et al. 2009; Milani et al. 2009). To measure such a phenotype a 
system is needed that can discriminate between them, and a relatively cost 
effective method of analysis is quantitative SNP genotyping of RNA via 
cDNA. Any heterozygous SNP in the transcript will generate separate sig-
nals from each of the alleles since they carry different nucleotides, and these 
are detected by quantitative genotyping. The genotype signals from genomic 
DNA are used as a control in the analysis to adjust for any assay efficiency 
differences between the two alleles such as incorporation rate for the differ-
ent labelled nucleotides. The fact that comparisons are made within each 
sample give ASE analysis some unique properties. The two alleles that are 
compared come from the same cells, were prepared in the same reaction, and 
were genotyped in the same spot on the chip. Essentially they will have 



 20 

shared all environmental conditions with each other, this eliminates noise 
and environmental effects from the analysis. From a biological perspective, 
the two alleles will also have shared the same exposure to trans-acting fac-
tors like transcription factors, only leaving the cis-effects local to each 
chromosome to differ from each other. This makes the ASE assay a purely 
cis-detecting assay. It also means that the allele specific signal will be 
cleaner than the total expression counterpart due to fewer effects from exter-
nal factors influencing the results, but as a result trans-acting factors will not 
be detected in the assay. Another interesting aspect of SNP ASE analysis is 
that the assay is sensitive enough to detect the differential expression signal 
in pre-mRNA in introns, indeed this is the main signal used for ASE calling 
when using normal whole-genome genotyping arrays, as SNPs in exons are 
relatively rare. Detecting pre-mRNA also mean that effects of post-
translational regulation are smaller, again generating a cleaner cis-regulatory 
association signal. The general workflow of the haplotype based ASE ap-
proach (Ge et al. 2009) used in papers III and IV is listed below. 
 
1. Quantitative genotyping of cDNA and DNA. For the analysis SNPs play 

a double role, both as discreet genotypes when used for grouping the 
samples in the association test, but also as a continuous expression phe-
notype for ASE calculations. 

2. Normalization of fluorescence signals. The system used for genotyping 
has an intensity bias in the channel balance, a quadratic normalization is 
used to remove it. 

3. Calculation of ASE values for individual SNPs. ASE is the difference in 
fraction between RNA (cDNA) and genomic DNA. 

4. Haplotype phasing of the chromosomes. To improve robustness of the 
ASE signals in analysis windows (generally corresponding to a transcript 
region or sub region), values are averaged across the window. As the po-
larity of the ASE value depends on the order of the alleles, the haplotype 
information is necessary to be able to order alleles according to chromo-
some and combine data from multiple SNPs in a region. See Figure 1 A 
and B for an example of the effects of haplotyping on ASE. 

5. Combination of ASE in SNPs within the analysis window. 
6. Association testing of SNPs in the surrounding regions vs. ASE levels. 

Haplotypes are ordered according to the alleles in the tested SNP. 
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Figure 1. A.  An example region with strong ASE without haplotype phasing, grey 
lines are the ASE values of single individuals in heterozygous SNPs along the 
chromosome, red bars are average ASE in SNPs. B. The example region with SNPs 
haplotype phased, polarity for SNPs within individuals now align. Three groups are 
visible, positive, negative and no ASE. C. Chromosomes ordered according to the 
alleles of a strongly associated SNP upstream of the displayed region, only het-
erozygotes for the associated SNP shown. All samples heterozygous for the associ-
ated SNP have strong ASE in the analysis window (red dashed lines), the same cis-
regulatory SNP allele cause over-expression in all samples. 

 
Modern sequencing techniques could also be used to generate data for ASE 
by counting the relative number of reads for the two haplotypes in each indi-
vidual by distinguishing the separate alleles by SNPs in the sequence. Most 
likely this is the direction this type of analysis will take when costs for tran-
scriptome sequencing drop to manageable levels for large sample sets and 
the deep sequencing necessary to detect rare transcripts. 
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Genotyping and sequencing technology 
The developments in genotyping and sequencing technology during the last 
decade have been truly staggering. The increase in capacity for instruments 
are beyond what most people could dream of at the turn of the millennia and 
have enabled us to move the scale of experiments from genes and regions to 
complete genomes. Especially in the case of massively parallel sequencing 
technology, the new instruments have brought sequencing into completely 
new fields and applications. Below the allele discrimination principles for 
technologies used in the papers of this thesis are explained. 

Genotyping 
Minisequencing / single base extension 
Minisequencing (Syvanen et al. 1990) also known as single base extension 
(Fan et al. 2000) among other names, is a DNA polymerase assisted primer 
extension assay. It works through the extension of a single primer annealing 
next to the SNP position. Included in the reaction mixture are labelled 
ddNTPs that will terminate extension after the first nucleotide has been in-
corporated in the actual SNP position. The SNP genotype can then be read 
by querying the labels. Labelling methods have included radioisotopes, mass 
and fluorophores in different instruments and applications, but the main de-
tection method used today on genome-wide scale is fluorescence detection. 
The assay makes use of the high sequence specificity of the DNA poly-
merase when discriminating between alleles. It is a testament to the effi-
ciency of the assay that it has been scaled to several million parallel assays 
through modern array technology (Steemers et al. 2006). 
Minisequencing assays were used for genotyping in papers I, II, III and IV. 
In paper I and II PCR was used for amplification of DNA before the assay, 
while papers III and IV used whole genome amplification as a part of the 
Illumina Infinium assay. 

Allele specific primer extension 
Allele specific primer extension (Wallace et al. 1979) share many features 
with minisequencing; it is again utilizing the features of the DNA poly-
merase to discriminate between alleles. In this assay, two primers are used 
where the last nucleotide of the primers match the two alleles in the SNP 
position, i.e. two allele specific primers. Each primer will only be extended 
on the allele where the 3’-end of the primer is a perfect match. 
Allele specific primer extension was used in papers III and IV as a part of 
the Illumina Infinium assay. 
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Sequencing 
The massively parallel sequencing technology has been one of the great cata-
lysts in genomic science. By generating huge datasets in short time they have 
brought what was only possible to generate in large sequencing factories on 
classical capillary sequencers into a single benchtop instrument. The power 
of modern sequencing is not only that it has enabled the rapid and cheap 
generation of high coverage genomic sequence data, but the many other 
techniques that it has made possible on a large scale. Two of these tech-
niques that have been extensively used in for example the ENCODE project, 
are transcriptome sequencing (Nagalakshmi et al. 2008) and chromatin im-
munoprecipitation (ChIP) sequencing (Johnson et al. 2007). In transcriptome 
sequencing, cDNA is sequenced, allowing not only the assembly of tran-
scripts present in the sample but also quantification with a very wide dy-
namic range. In ChIP-sequencing proteins are crosslinked to DNA, the com-
plex is then pulled down with an antibody directed towards a protein of in-
terest. By then releasing the protein from the DNA and sequencing the re-
maining DNA fragments, a genome-wide protein-DNA interaction map is 
generated by mapping the reads to the genome. Both these techniques were 
used for validation purposes in paper IV. In effect sequencers have become 
the cutting edge also in expression studies and protein-DNA interaction. An 
important point is that the system captures what is present, regardless of 
prior assumptions, and can thereby discover new phenomena that were en-
tirely unexpected. 
 
Read length for the types of instruments used in paper IV, the Illumina Ge-
nome analyzer II and HiSeq2000 (read lengths in paper IV: 75 and 100 bp), 
is still short compared to classic capillary sequencing. This brings its own set 
of problems, especially when used for genome sequencing where e.g. repeat 
regions may not be possible to span with the shorter reads, it also makes 
haplotyping difficult since multiple heterozygote positions may not be cov-
ered in one read. New types of software had to be created to deal with the 
data in an optimal way (Zerbino et al. 2008; Langmead et al. 2009; Trapnell 
et al. 2009), but as the systems have matured, read-length has increased step 
by step. The current maximum read lengths are now for example 150 bp on 
the Illumina Genome Analyzer. 
 
The general procedure when sequencing a sample with the Illumina sequenc-
ing systems begin with random fragmentation of the sample DNA, followed 
by an adapter ligation to both ends of the fragments. Single stranded frag-
ments are then randomly bound to the surface of a flow cell channel where 
additional primers are attached to the surface as well. The fragments anneal 
to the primers on the surface to form a bridge, attached to the surface in one 
end, and to the primer in the other. On addition of unlabeled nucleotides and 
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enzyme the primers are extended to form a double stranded molecule, and 
when denatured, the result is a copy of the fragment attached to the flow cell 
by the opposite end as the mother fragment. Multiple cycles of this proce-
dure referred to as to as solid phase bridge amplification, results in an up to 
1000-fold amplified colony of clonal sequences on the flow cell surface, and 
many millions of clusters are formed in the flow cell channel. Sequencing 
then commence by adding sequencing primers and four labelled reversible 
terminators. The terminators are incorporated, the fluorescence read i.e. in-
corporated base, and termination reversed. Then a new cycle will start with 
another incorporation, read-out, and finally unblocking until the read length 
has been reached. Analysis of the images from the flow cell is not trivial, as 
more and more sequences will become out of phase within each cluster, the 
longer the cycles progress. This is due to incomplete incorporations and de-
blocking in the cluster that make some sequences lag compared to the opti-
mum, also some terminators may fail and extension continue an extra nu-
cleotide to give sequences that lead the intended pace. As these problems 
accumulate over the cycles, they are the main limiting factor for read length 
together with the survival of the DNA polymerase due to long run-times. 
They are also the reason for the error profile of reads from the technique, 
where error rate is much higher in the ends of reads, especially those ap-
proaching the read length limit of the current chemistry. 

The 1000 genomes project 
The aim of the 1000 genomes project (http://www.1000genomes.org) is to 
discover most human variation with at least an allele frequency of 1%. The 
chosen approach is to lightly sequence the genome of a large set of individu-
als from diverse populations around the world. The project intends to make 
use of the presence of LD between many markers in the human genome by 
using imputation to predict variation that is missing due to the low sequence 
coverage. This should allow them to make up for low sequencing coverage 
by identifying the represented haplotypes in the large sample set, and then 
fill the gaps in each individuals haplotypes based on the data from the large 
sample set. The project started in January of 2008 with a pilot phase, during 
which strategies and technology for whole genome shotgun sequencing was 
evaluated. The pilot consisted of three subprojects: low-coverage sequencing 
of 179 individuals from four populations, high-coverage sequencing of two 
trios (parents and one child) and finally exon sequencing of 8140 exons in 
697 individuals from seven populations (Table 1). The last of the pilot se-
quencing effort was completed in June 2009, and the results of the pilot 
study were published a year later (The 1000 Genomes Project Consortium 
2010). 
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Table 1. The sub projects of the 1000 genomes pilot. 

Sub pilot Purpose Coverage Samples Completion 

Low coverage 
samples 

Evaluate correlation /  
imputation strategy 2-4X 179 samples, four 

populations Oct. 2008 

High coverage 
trio samples 

Evaluate platforms and 
necessary coverage 20-60X 

2 parent-parent-child 
trios  Oct 2008 

High coverage 
exon capture 

Evaluate techniques for 
region capture and se-
quencing

50X 
697 samples, seven 
populations June 2009 

 
In all 4.9 terabases of DNA sequence were generated by nine different se-
quencing centers, using three different sequencing technologies. Highlights 
from the results include 15 million SNPs, 1 million small insertion-deletions 
and 20,000 structural variants of which around 90% were novel depending 
on class. The project claimed to cover more than 95% of all variation present 
in any individual in their dataset, and found that an average individual car-
ries 250 – 300 loss of function variants in known genes, with some 50 – 100 
previously reported as linked to disease (The 1000 Genomes Project 
Consortium 2010).  
 
After completing the pilot phase, work moved on to the full production 
phase. Currently the aim is to sequence around 2,500 individuals from 
around the world. Data sets are continuously being released from the project, 
e.g. the latest data release in June 2011 included genotypes from 1,094 indi-
viduals.  
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Aim of this thesis 

The aim of this thesis was to apply state of the art genotyping and sequenc-
ing technology to the study of human genetic variation and disease. 
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The present study 

The papers included in this thesis cover in many ways the development in 
the field of human association studies, from a candidate gene study on a 
single gene, through investigations on the HapMap data set, to whole ge-
nome analysis of variation and expression through array technology and 
massively parallel sequencing. What were once great obstacles of practical-
ity and cost are now only memories in light of the massive throughput of 
modern genotyping instruments and sequencers. What the future holds no 
one knows, but with even more powerful technologies around the corner like 
single molecule sequencing and a budding understanding of transcription 
and functions in parts of the genome thought to be evolutionary wastelands, 
it will surely prove interesting. 

Paper I: NPC1 and triglyceride metabolism: Mouse 
studies and human association 
Niemann-Pick disease type C (NPC) is in more than 95% of cases caused by 
mutations in the gene NPC1 on chromosome 18. The disease is a rare auto-
somal recessive neurodegenerative disorder where a majority of cases suffer 
from liver failure or milder liver dysfunction depending on the severity of 
the disease. The liver is the main organ responsible for maintaining lipid 
balance in the body. NPC1 encodes for an intergral membrane protein and is 
believed to be involved in export of cholesterol and possibly other lipids 
from late endocytic organelles. Absence of a functional NPC1 disables the 
mechanisms that stabilizes cholesterol concentrations in the endoplasmatic 
reticulum and leads to increased cholesterol biosynthesis and uptake. 
 
The aim of paper I was to study the effects of NPC1 on triglyceride (TG) 
metabolism, a less studied aspect than the genes influence on cholesterol 
homeostasis. This was done through the use of mouse models as well as 
human association studies in multiple cohorts to investigate the effects of 
NPC1 on blood lipids at the population level. The human part of the study 
followed the theory that genes involved in severe monogenic disease also 
can be implicated in milder phenotypic effects on the population level. 
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The mouse study 
The Npc1-/- mouse develops a liver disorder that is similar to the severe in-
fant form of human NPC, and it provides a model for the study of hepatic 
dysfunction related to NPC. In Npc1-/- mice a reduced TG content was previ-
ously found in liver (Beltroy et al. 2005) and isolated hepatocytes (Kulinski 
et al. 2007), but the reasons for this are unknown. To investigate the mecha-
nisms of TG imbalance in Npc1-/- mouse liver the fatty acid use, TG synthe-
sis and TG secretion were studied in Npc1-/- hepatocytes.  
The results of the study showed that TG content was significantly reduced in 
Npc1-/- mouse serum, liver and isolated hepatocytes, relative to Npc1+/+ lit-
termates, in accordance with previous reports. The reduced TG levels for 
hepatocytes could have three explanations: reduced TG synthesis, increased 
hydrolysis and/or increased export as very low density lipoprotein (VLDL). 
Experiments using radio labeled fatty acids and acetate indicated that re-
duced TG synthesis played an important role, but that hydrolysis could not 
be ruled out as an additional possibility even if reduced Npc1-/- TG excretion 
spoke against it. Further work with [3H]carbons gave rise to the idea that the 
enhanced hepatic cholesterol production in Npc1-/- mice could be the cause 
of the TG levels. To test this hypothesis cholesterol synthesis was inhibited 
with statin. This normalized both the intracellular and secreted TG levels, 
and suggested that this indeed largely was the cause for the decreased TG 
levels in Npc1-/- hepatocytes. The mechanism is not known, but a plausible 
explanation is that the upregulation of cholesterol biosynthesis cause less 
carbon to be available for TG synthesis, hence the reduced TG levels. 

NPC1 and blood lipids in humans 
To explore if common variation in NPC1 had an influence over serum lipid 
levels in humans, a panel of 19 SNPs were selected across the gene region of 
NPC1 on chromosome 18. The average spacing between markers was 3 kb. 
The sample used for the initial study was the Uppsala Longitudinal Study of 
Adult Men (ULSAM), a population based cohort of 1053 men (Zethelius et 
al. 2005). One of the SNPs was P237S, a SNP that had been genotyped in 
the cohort at an earlier stage, and was included in the study. It had previ-
ously been believed to be a recessive NPC-causing mutation, but it had 
proved to have a frequency of 2% in the general population (Blom et al. 
2003). ANOVA was used to test for the influence of SNP genotypes on 
LDL-cholesterol, HDL-cholesterol, total cholesterol and TG levels with 
body mass index, lipid medication and diabetes mellitus as covariates. ApoB 
was tested in a subset of the ULSAM cohort (n=435) where the phenotype 
had been measured. An association was detected for serum TG levels in a 
group of five markers in high linkage disequilibrium to each other: 
rs1788825, rs1788821, rs1788785, rs1788826 and rs1429934. The strongest 
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p-value (p < 0.001) was for for rs1429934. A similar pattern of association 
was detected for for ApoB in the same SNPs, but p-values were weaker. 
Based on the high LD between the markers (r2 = 0.91 to 0.98) the associa-
tions were most likely based on a same signal. A weak association was de-
tected for P237S to LDL-cholesterol, but the p-value would not survive ad-
justment for the number of tests that were used. 
 
We genotyped the SNP rs1429934 in two additional Swedish cohorts, in 
total 8041 individuals, to replicate the TG finding. 2882 individuals were 
from the FRISC II and SWISCH studies (FRISC II Investigators 1999). 
FRISC II (the Fragmin and Fast Revascularization during Instability in 
Coronary Artery Disease II), is a Scandinavian multicenter randomized trial 
on the treatment of unstable coronary artery disease, and SWISCH (Swedish 
Women and Men and Ischemic Heart Disese investigation), includes healthy 
individuals of similar age as FRISC II. 5159 individuals were available for 
analysis after genotyping in the Malmö Diet and Cancer study (Berglund et 
al. 1993; Pero et al. 1993) (MDC), a population based prospective cohort 
from Malmö, Sweden. In this case the samples used were the cardiovascular 
cohort (MDC-CC), a randomly selected sub sample characterized for cardio-
vascular and metabolic risk factors. 
 
The association between the A allele in rs1429934 and higher TG levels 
were detected in both cohorts at p=0.01 in FRISC/SWISCH, and p=0.009 in 
the MDC-CC. No significant associations were detected for LDL or HDL 
cholesterol. 

Conclusion 
The study demonstrated that NPC1, known to be a key protein involved in 
aspects of cholesterol transport and homestasis, affects hepatic TG metabo-
lism, and that it is relevant for controlling serum TG levels in mice and po-
tentially in humans.  

Paper II: An investigation on the utility of the HapMap 
dataset for six populations of European descent 
The HapMap project (The HapMap Consortium 2003; The HapMap 
Consortium 2005; Frazer et al. 2007; Altshuler et al. 2010) has in retrospect 
proved to be a great resource for the genetics research community. It simpli-
fied much in the field of genotyping and association studies. However during 
the early years it was not without its critics, both regarding the usefulness of 
the dataset and general design of the project. Paper II investigates how repre-
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sentative the European HapMap sample (CEU) is for six samples of Euro-
pean origin and its performance for the selection of haplotype tagging SNPs.  
 
At the time of the analysis in paper II, the latest release of HapMap data was 
#22 of March 2007, and contained around 3.8 million validated SNPs. An 
important question for the application of HapMap data to different studies 
was how representative the samples used in the HapMap study really were 
for other sample sets collected around the world. There were some data on 
tagSNP transferability available (Mueller et al. 2005; Sawyer et al. 2005; 
Conrad et al. 2006; de Bakker et al. 2006; Ribas et al. 2006), and  Gu et al. 
(Gu et al. 2007) had reported an investigation on ten genomic regions that 
indicated that definitions of haplotype blocks varied greatly between sam-
ples, while tagSNPs were more transferable. De Bakker et al. analysed data 
from white people from Hawaii and individuals from Finland, their conclu-
sion was that loss of coverage for haplotype tagging was no larger in other 
samples than the sampling variation within HapMap samples themselves (de 
Bakker et al. 2006). Other studies like Mueller et al. (Mueller et al. 2005) 
indicated more mixed results for HapMap data use. Over all there was some 
discrepancy in results from different studies. 

Samples and genotyping 
We compared how representative HapMap CEU samples were for six sam-
ples from five European populations. They were mostly trios (parents and a 
child) from Australia (Zhu et al. 2007), Finland (general population and 
Kuusamo region) (Service et al. 2006), the Netherlands (Boomsma et al. 
2006), Sweden (Leon et al. 2005) and the United Kingdom (Spector et al. 
2006).  
The genomic region used for our comparison was the 1.47 Mb region on 
chromosome 4 that contains the GRID2 gene. From available HapMap SNPs 
in the region, 197 SNPs were genotyped with an average spacing of 8 kb. 
SNPs were genotyped using the GenomeLab SNPStream system (Bell et al. 
2002), with manufacturer supplied reagents and software (Beckman Coul-
ter). 11 SNPs failed in genotyping and 13 were non-polymorphic, leaving 
173 SNPs for analysis. Checks for Hardy-Weinberg equilibrium and Mende-
lian inheritance were used as quality controls.  

Analysis 
The Haploview software (Barrett et al. 2005) was used to  calculate LD 
measures and select tagSNPs via the included Tagger (de Bakker et al. 2005) 
implementation (pair-wise tagging, r2 > 0.8). TagSNPs were defined in the 
European HapMap samples, and their ability to capture the variation in the 
other populations was evaluated. Fisher’s exact test was used to test for al-
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lele frequency differences between samples and 7000 permutations were 
used to determine a multiple testing adjusted 5% p-value cut-off for the fre-
quency comparisons. Principal component analysis was used to project all 
allele frequencies onto a plane to look for any obvious clustering of popula-
tions. The Gabriel et al. (Gabriel et al. 2002) blocking algorithm was used to 
annotate high LD segments in the region. Four blocks with differing r2 pat-
terns were selected for haplotype reconstruction using Phase version 2.2.1 
(Stephens et al. 2001; Stephens et al. 2005), Phase was also used to test for 
differences in haplotype frequency distributions between samples. 

Results 

Allele frequencies 
To determine if allele frequencies for the SNPs differed between population 
samples, allele frequencies of the parents were tested pair-wise between 
populations and the HapMap CEU data. Permutation testing indicated P < 
1.3 x 10-4 as the global 5% error level. Only two SNPs in the Kuusamo – 
HapMap comparison reached this level. To look for overall differences in 
allele frequencies, without concern for the identity of specific SNPs, an all 
against all comparison was also performed. The number of differences at an 
unadjusted p<0.05 is shown in Table 2. From this data it is evident that the 
Kuusamo sample had an elevated number of frequency differences compared 
to the other samples, given that the number of expected random results be-
low 5% would be between 8 and 9 for each combination of samples. The 
Kuusamo sample is the only sample that clearly deviates from these num-
bers. While the Swedish and regular Finnish samples, follow with small 
potential elevations. 

Table 2. The number of pair-wise allele frequency differences between populations 
at p < 0.05. 

 Aus FiKu Fi Du UK Swe HapMap 

Aus  50 8 1 8 10 6
FiKu 50 39 76 46 32 55 
Fi 8 39 12 11 11 10 
Du 1 76 12 5 18 2
UK 8 46 11 5 16 5
Swe 10 32 11 18 16 5
HapMap 6 55 10 2 5 5
Average 13.8 49.6 15.2 19.0 15.2 15.3 13.8 

 
PCA was used to project the allele frequencies of the 173 SNPs into two 
dimensions to summarize differences and similarities (Figure 1). Again the 
Kuusamo sample was the sample that separated most from the rest along the 
first component capturing the largest amount of variation. The Swedish sam-



 32 

ple with the least amount of differences vs. Kuusamo, was located the clos-
est along the first component. In the second component the Finnish popula-
tion sample separated from the rest, indicating that in part a separate set of 
SNPs were responsible for this separation. Examination of the loadings plot, 
which indicate which variables (SNPs in this case), that are responsible for 
positions in the score plot, indicated that the SNPs with the strongest effects 
on separation usually were located close to recombination hotspots. 
 

 
Figure 1. The allele frequency PCA score plot. 

Linkage disequilibrium and tagSNP efficiency 
Average levels of LD were similar in the different sample-sets and patterns 
of r2 and D’ were very similar between populations, with some minor differ-
ences in the general level of LD. To measure the efficiency of tagSNPs se-
lected in the HapMap CEU sample and then applied to the other populations, 
a panel of tagSNPs were selected at r2 > 0.8. This resulted in 63 tagSNPs for 
the region. Around 90% of SNPs in the other populations were captured by 
the HapMap panel, the highest was Kuusamo with 95% and the lowest the 
Australian sample with 87% of SNPs captured at r2 > 0.8 (Table 3). 

Table 3. Performance of HapMap tagSNPs. 

 Hap-
Map Aus FiKu Fi Du UK Swe 

Average r2 using Hap-
Map tagSNPs 0.95 0.93 0.95 0.93 0.94 0.95 0.93

Minimum r2 using Hap-
Map tagSNPs 0.81 0.28 0.27 0.25 0.24 0.27 0.22

% of SNPs with r2 > 0.8 
to HapMap tagSNPs 100 87 95 91 90 92 90

Number of native SNPs 
needed to tag at r2 > 0.8 63 73 58 67 70 61 68
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The number of native tagSNPs needed to capture all SNPs in respective 
population had a similar pattern to the HapMap efficiency, with Kuusamo 
being the easiest to capture with 58 native SNPs necessary, and Australia the 
hardest where 73 native tagSNPs were required (Table 3). No increase in 
SNPs with very low LD to HapMap SNPs were observed in the populations 
with lower number of SNPs tagged, differences were mainly due to shifts 
slightly below the hard cut-off at r2 > 0.8. 

Haplotypes 
Four high D’ regions were selected for haplotype reconstruction with Phase 
to exemplify any differences in haplotype frequencies between the different 
samples. The case-control functionality of Phase was used to test the Hap-
Map CEU haplotype distribution versus the distribution in the other samples. 
This test also considers the similarity of tested haplotypes. Generally fre-
quency differences were smaller than 10%, but in some cases they differed 
as much as 20% (Figure 2).  

 
Figure 2. Haplotype frequencies > 1% in the example regions, significant different 
distributions vs. HapMap marked with an asterix. 

Three comparisons were significant in the haplotype distribution tests, these 
were region 1 Finland (p = 0.032), region 3 Kuusamo (p = 0.002) and region 
4 Australia (p = 0.039) (Figure 2). Only the Kuusamo haplotypes would be 
significant after Bonferroni correction for 6x4 tests (p<0.0021). This result 
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seem to have been driven mainly by a haplotype with frequency 0.11 in 
Kuusamo while absent in HapMap CEU while having multiple differences 
compared to haplotypes observed in HapMap.  

Conclusion 
The aim of our study was to investigate how well the HapMap CEU data 
represented five specific European population samples, from which SNP 
genotype data would be subjected to combined / pooled analysis. Results 
from the study were reassuring with high similarities in LD structure and 
tagSNP performance, with allele frequency differences only to the Kuusamo 
sample. Allele frequency findings contrasted with those by Willer et al. 
(Willer et al. 2006) who noted differences in Finnish allele frequencies vs. 
HapMap, but their sample size was larger and smaller differences would be 
detectable. Our conclusion was that allele frequency estimates based on 
HapMap data were as good as could be expected by the sample size for all 
included population samples except Kuusamo where additional caution was 
advised. TagSNP performance was good in all populations, even in 
Kuusamo where allele frequencies were divergent. Kuusamo performance 
could have been aided by a reduced number of haplotypes present due to the 
population history of being founded by 78 people 310 years ago. A limita-
tion in the study was that we only sampled SNPs present in HapMap as rarer 
variation may have been less well represented. Still we can only conclude in 
agreement with several other studies (Willer et al. 2006; Service et al. 2007), 
that the HapMap CEU represent our samples of interest well for the purpose 
of tagSNP selection and SNP panel design. 

Paper III: A comparison of allele specific expression 
and total expression eQTL mapping for the discovery of 
cis-regulatory SNPs. 
The SNPs identified in the surge of genome-wide association studies of later 
years often reside outside of known protein-coding loci. A common step in 
trying to provide functional information to such variation is expression quan-
titative trait loci (eQTL) mapping in relevant tissues. This analysis looks for 
the association of SNP alleles to the total expression levels of genes. The 
discovery of a strong association between a SNP and gene would indicate 
that the tested SNP, or another in high linkage disequilibrium with it, is 
likely to influence the transcriptional regulation of the gene. Potential func-
tion would also mean potential disease implication. 
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The measurement of the allele-specific expression (ASE) of genes through 
quantitative genotyping of RNA and DNA, can be a powerful tool for the 
discovery of cis-regulatory variation (Pastinen et al. 2004). By analysing 
association between SNP genotypes and differential expression, the result is 
a kind of analysis that inherently filters away environmental and trans-
effects. This property stems from the fact that the comparisons are made 
within-sample, between the chromosomes that shared the same environment 
in the cell and in the lab, as compared to between different samples in stan-
dard eQTL mapping. While the theoretical advantages of allele specific 
analysis for detection of cis-regulatory variation is clear, to what degree this 
translates into real world study power is not. Paper III investigates the rela-
tive power of the two techniques.  

Samples 
The samples used in the study were circulating monocytes from 395 healthy 
blood donors from Cambridge, UK.  

Expression quantitative trait locus mapping 
The number of individuals with genotypes and eQTL data was 395. Illumina 
expression arrays were used for expression profiling. They contained 24526 
probes corresponding to 10059 genes. All SNPs within 100kb of the genes 
were tested for association to expression. As the subset of samples used in 
ASE analysis was genotyped on a different genotyping chip from the rest of 
the eQTL samples, only the overlapping 517K SNPs were used in the analy-
sis. Association analysis used linear regression with age and sex as covari-
ates.  

Allele specific expression analysis 
The samples used for ASE analysis was a subset of 188 individuals from 
those used for eQTL mapping. Genomic DNA and cDNA from each sample 
were genotyped on the same chip to reduce variation. ASE was calculated as 
the difference in allele fractions between cDNA and gDNA.  
(Allele1cDNA/Allele1cDNA+Allele2cDNA) - (Allele1gDNA/Allele1gDNA+Allele2gDNA)   
Analysis windows for the ASE were defined as the start and end of tran-
scripts in RefSeq release 47 with sufficient informative SNPs for analysis 
(five in window). The same set of 517K SNPs was tested for association in 
the ASE analysis as for the eQTL analysis, and all SNPs within 100kb of the 
analysis windows were tested for association. Linear regression was used to 
test for association between SNPs and ASE levels essentially as previously 
described (Ge et al. 2009).  
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P-value corrections 
Permutation correction of p-values for multiple testing was done using 500 
permutations, where the lowest p-value was saved each round. In addition 
Bonferroni correction was also used for comparisons. 

Results and discussion 
The total number of monocyte  samples with genotypes and eQTL data was 
395, of which 188 were analysed for ASE. The eQTL samples were also 
downsampled to 188, 95 and 50 samples. The ASE samples were downsam-
pled to 95 and 50 samples. Table 4 shows the best P-value for the different 
sample sizes and the number of significant results for different p-value cu-
toffs. In all cases the ASE method had a higher number of significant SNPs 
for the same sample size. 

Table 4. Comparison of the results between the ASE method and the eQTL method. 
The best p-values and number of significant SNPs are shown for different sample 
sizes and cutoffs.  

 Method Sample size 
395 188 95 50 
p-value 

Best p-value ASE 
eQTL

NA 
3.63e-142

6.70e-138 
1.34e-671

8.15e-701 
4.26e-491

6.60e-371 
9.41e-401 

Permutated p-value to 
get into top 5% rank 

ASE 
eQTL

NA 
1.6e-14

1.4e-35 
2.3e-9

6.1e-19 
2.2e-9

4.3e-13 
2.1e-8 

Number of SNPs 
Corrected permutated 
p-value < 0.01 

ASE 
eQTL

NA 
275

876 
69

157 
16

70 
10 

Corrected permutated 
p-value < 0.05 

ASE 
eQTL

NA 
732

983 
103

183 
40

144 
17 

Bonferroni: p-value <= 
corr, =0.01 

ASE 
eQTL

NA 
2704 

19147 
198

1396 
75

607 
27 

Bonferroni: p-value <= 
corr, =0.01 

ASE 
eQTL

NA 
3242 

21424 
259

1648 
105

770 
41 

1Median of 10 runs. 

To make a fair comparison we used a scheme that is non-parametric and chip 
independent. We created top lists of the highest ranking p-values from the 
eQTL and ASE analysis with sizes 100, 500, 1000, 5,000 and 10,000. The 
change in overlap between the eQTL and ASE top lists when sample size is 
increased corresponds to the relative power of the two methods. Implicit is 
the assumption that a hit is more likely to be true if found in both types of 
analysis. If for a fixed sample size in analysis 1 the sample size of analysis 2 
is increased, an increase in top list overlap will reflect more true hits found 
that was already present in the top list of the first analysis. If then the types 
of analysis are switched and the procedure repeated but with no or little in-
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crease in overlap, this would indicate that analysis 1 was more powerful 
since the common true hits were already present in this top list at smaller 
sample sizes. In the non-parametric comparison using top lists, shown in 
Table 5 and Figure 3, the overlap between ASE and eQTL increase as eQTL 
sample size becomes larger (Figure 3A), while the overlap remains almost 
constant when ASE sample size increases (Figure 3B). The average slope in 
Figure 3A is 1.4 and 0.12 in Figure 3B. The increased power of the larger 
eQTL sample sizes generate more true hits in the toplists, but many of these 
exist in the ASE top list already in small sample sizes. However, when we 
increase the power in the ASE analysis through an increased sample size, 
overlap does not increase indicating that hits are absent from the eQTL top 
list, eQTL mapping has not been able to pick up weaker hits. The numbers 
of significant hits based on the permutation p-values indicate that the ASE 
analysis need below half of the samples for the same statistical power as the 
eQTL mapping. Expressed as number of hits, ASE analysis finds more than 
five times more regulatory SNPs using the same sample size. 

Table 5. Overlap between p-value toplists from the ASE and eQTL analysis. Where 
there are down sampled data the overlap is calculated as an average over 10 runs. 
Both counts and percentages are shown. 

Size of top list 100 500 1000 5000 10000 

Number of samples
ASE eQTL

50 50 2 (1.9%) 20 (4.0%) 42 (4.2%) 267 (5.3%) 713 (7.1%) 
50 95 2 (2.1%) 24 (4.9%) 58 (5.8%) 370 (7.4%) 914 (9.1%) 
50 188 2 (2.0%) 27 (5.3%) 66 (6.6%) 472 (9.4%) 1134 (11.3%) 
50 395 2 (2.0%) 28 (5.5%) 71 (7.1%) 540 (10.8%) 1323 (13.2%) 
95 50 5 (4.5%) 19 (3.8%) 42 (4.2%) 275 (5.5%) 745 (7.4%) 
95 95 3 (3.2%) 23 (4.6%) 59 (5.9%) 376 (7.5%) 941 (9.4%) 
95 188 3 (3.2%) 25 (5.1%) 69 (6.9%) 482 (9.6%) 1177 (11.8%) 
95 395 3 (3.2%) 26 (5.2%) 73 (7.3%) 545 (10.9%) 1380 (13.8%) 
190 50 3 (3.2%) 19 (3.9%) 43 (4.3%) 264 (5.3%) 732 (7.3%) 

190 95 4 (4.2%) 22 (4.3%) 58 (5.8%) 390 (7.8%) 971 (9.7%) 

190 188 4 (4.1%) 25 (4.9%) 70 (7.0%) 508 (10.2%) 1215 (12.1%) 

190 395 4 (4.0%) 26 (5.2%) 74 (7.4%) 577 (11.5%) 1429 (14.3%) 
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Figure 3. The overlap between top lists from the ASE and eQTL analysis. In A the 
ASE sample size is fixed at different levels, and the eQTL sample size increased. In 
B the eQTL sample size is fixed while the ASE sample size is increased. The legend 
contains top list sizes. The slope is clearly higher in A than in B showing that the 
ASE method is more powerful. 

For Bonferroni correction the assumption is that all tests are independent. 
For SNP data this tends to be far from the truth with correlation introduced 
by linkage disequilibrium. Still, the correction of the permutation p-value is 
even more conservative both in the eQTL and ASE analysis. This could be 
explained by the fact that we only keep the lowest value from each permuta-
tion run, suitable if we expect few real signals in the data. This fits a study 
into disease associated SNPs for example where few strong hits are ex-
pected. In our case we consider all kinds of differential expression which we 
expect to be plentiful. So, a more suitable procedure could be obtained by 
keeping an equal number of p-values in each permutation as the expected 
number of differentially expressed genes. This number is hard to estimate. 
Therefore, a conservative choice is recommended. This does not matter for 
the method comparison as this would affect both methods in the same man-
ner. 
In addition to this non-parametric comparison we also use p-value cutoffs 
obtained from permutations and Bonferroni corrections to measure the rela-
tive power of the two methods. In summary, all strategies used to compare 
the two methods point in the same direction; that the ASE methodology is 
more powerful than the eQTL analysis using the same sample size. 
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Paper IV: A novel application of ASE analysis. 
Long non-coding RNAs are a class of transcripts in the genome that we 
know relatively little about compared to their protein-coding relatives. A few 
have been deeply studied, with increasing knowledge of activity and mecha-
nisms, like XIST mentioned under the section on ncRNA in the thesis intro-
duction. Relatively little is known about the larger group of transcripts that 
belong to this class. In paper IV we apply the technique of ASE mapping to 
regions reported to harbour long non-coding RNAs (lncRNAs). We then 
compare the list of lncRNA cis-regulatory SNPs to published trait and dis-
ease associated SNPs, to look for potentially disease related alterations in 
ncRNA expression. 

Allele specific expression 
Allelic specific expression (ASE) was measured in monocytes from 188 
healthy Caucasian individuals from the United Kingdom National Blood 
Service in Cambridge, UK. RNA and DNA were extracted and complemen-
tary DNA (cDNA) synthetised from the RNA. The Illumina Infinium II as-
say was used to genotype cDNA and genomic DNA (gDNA) on 1.2M Duo 
custom chips and gDNA and cDNA from each sample were genotyped on 
the same chip to reduce variation. ASE was calculated as the difference in 
allele fractions between cDNA and gDNA, where the genomic fraction for a 
heterozygote would be 0.5 in the ideal case:  
(Allele1cDNA/Allele1cDNA+Allele2cDNA) - (Allele1gDNA/Allele1gDNA+Allele2gDNA)   
Impute 2 (Howie et al. 2009) was used to impute the missing genotypes and 
phase the chromosomes. ASE in each individual was averaged across the 
heterozygous SNPs in each analysis window to form the phenotype for the 
association test. The regions tested for ASE was retrieved from public 
sources. In all over 5000 potential ncRNA regions were used. SNPs located 
within 250kb of the regions were tested for association to ASE essentially as 
preciously described (Ge et al. 2009).  

SNP expression and validation 
SNP-expression, the summed signals of both alleles in the cDNA genotyp-
ing, were used to evaluate expression, as this measure was available for the 
full sample set. A summed signal of 1000 was used as a SNP-expression 
cutoff, based on the level of background signal detected in the channels (al-
leles) not present according to genotyping. The transcriptome of a monocyte 
sample was subjected to massively parallel sequencing for validation pur-
poses. It was sequenced with one lane of reads on the Illumina Genome Ana-
lyzer II, and one lane on an Illumina HiSeq2000 machine. Reads were 
aligned with BWA (Li et al. 2009) for full reads and Bowtie/Tophat 
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(Langmead et al. 2009; Trapnell et al. 2009) to map spliced reads. A region 
was called as expressed if more than 5% had an average coverage larger than 
2.1 to allow for low coverage of rare transcripts and suboptimal windows. 
To characterize transcribed regions for high-scoring ASE hits, chromatin 
immunoprecipitation followed by high-throughput sequencing was used 
(ChIP-Seq). Antibodies to detect regions affected by histone H3 lysine 4 
trimethylation (H3K4me3) were used. This histone modification is a mark of 
an actively transcribed promoter (Barski et al. 2007; Mikkelsen et al. 2007). 
The same sample used for transcriptome sequencing was subjected to ChIP-
Seq, with one lane of Genome Analyzer II sequencing. 

Results and discussion 
The goal of our study was to explore the effect of cis-variation on lincRNAs, 
and especially their overlap with published associations to trait and disease. 
The first step was to look for expression in the regions indicated as ncRNAs 
by our source materials. Transcriptome sequencing and SNP-expression 
were used to define the expressed set of regions. The general expression 
levels in ncRNA regions were determined to be slightly lower than introns, 
but higher than intergenic regions (Figure 4) and roughly a quarter of the 
regions were called as expressed.  
Our attention then turned to the ASE analysis and the search for variation 
with an influence on expression of ncRNAs. SNPs with significant effect on 
transcription in the regions of interest were observed in close to three hun-
dred regions with varying patterns of association to surrounding genes. We 
observed both isolated ASE in intergenic regions, and ASE that extended 
across neighbouring protein-coding genes. Finally comparisons were made 
to the SNPs with published trait associations. In all 29 SNPs with disease or 
trait overlap had an effect on the differential expression in ncRNA regions, 
in many cases transcription could be confirmed with RNA-Seq reads map-
ping to the region and H3K4Me3 peaks flanking the ASE region. 
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Figure 4. SNP expression signals (summed alleles) for different annotation classes. 

Conclusion 
Mapping of allele specific expression proved to be a robust technique for the 
discovery of cis-regulatory variation. We detected highly significant associa-
tions between SNPs and expressed regions outside of known protein-coding 
transcripts. Our study has generated interesting leads where further studies 
are needed to characterize the functional aspects of the findings. 
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Concluding remarks 

I started my work in human genetics at a time when the human genome draft 
sequence had recently become available, and the first thing needed when 
looking at a region of interest was to try to evaluate how big the holes were 
in the sequence. We now move into times when the human genome sequence 
is taken for granted. In this thesis the progress of the field of human genetic 
studies in the last decade is mirrored in many ways. The first study uses as-
sociation analysis in a single gene, based on prior knowledge of involvement 
in monogenic disease. We then move on to a larger chromosomal region 
using haplotype tagging SNPs, now entering the post HapMap phase of dis-
ease studies, when marker selection is much simpler, but still using a geno-
typing system with relatively low multiplexing of assays. Finally we arrive 
at techniques comparing the expression from the two chromosomes across 
the whole genome while trying to link differences to genetic variation, with 
genotyping technology that can query millions of SNPs in a sample, and 
parallel sequencing technology that allows assembly of transcriptomes from 
single runs. More than just the scale I think it is the integration of many 
types of information that mark a new epoch in the field of genetics. Many 
large data sets from projects like ENCODE and 1000 genomes are becoming 
freely available and are integrated with genome browsers and other tools that 
make them easily accessible to researchers across the world. Reference sets 
of epigenetic modifications, transcripts, structural variants etc. will be avail-
able for many tissues and thousands of genomes as new sequencing tech-
nologies generate genome-wide datasets at rates and costs never seen before. 
With massive amounts of data available, the problem may shift from produc-
ing the data, to extracting the information. As the knowledge of the mecha-
nisms that support life increase, and ever more complexity and clever regula-
tion is discovered, the only thing that is sure is that we will not run out of 
mysteries anytime soon. 
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