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ABSTRACT 
 
Genetic variation is a strong risk factor for many human diseases, including 
diabetes, cancer, cardiovascular disease, depression, autoimmunity and asthma.  
Most of the disease genes identified so far alter the amino acid sequences of 
encoded proteins. However, a significant number of genetic variants affecting 
complex diseases may alter the regulation of gene transcription. The map of the 
regulatory elements in the human genome is still to a large extent unknown, and it 
remains a challenge to separate the functional regulatory genetic variations from 
linked neutral variations.  
 The objective of this thesis was to develop methods for the identification 
of genetic variation with a potential to affect the transcriptional regulation of 
human genes, and to analyze potential regulatory polymorphisms in the CD36 
glycoprotein, a candidate gene for cardiovascular disease. 
 An in silico tool for the prediction of regulatory polymorphisms in human 
genes was implemented and is available at www.cisreg.ca/RAVEN. The tool was 
evaluated using experimentally verified regulatory single nucleotide polymorphisms 
(SNPs) collected from the scientific literature, and tested in combination with 
experimental detection of allele specific expression of target genes (allelic 
imbalance). Regulatory SNPs were shown to be located in evolutionary conserved 
regions more often than background SNPs, but predicted transcription factor 
binding sites were unable to enrich for regulatory SNPs unless additional 
information linking transcription factors with the target genes were available.  
 The in silico tool was applied to the CD36 glycoprotein, a candidate gene 
for cardiovascular disease. Potential regulatory SNPs in the alternative promoters of 
this gene were identified and evaluated in vitro and in vivo using a clinical study for 
coronary artery disease. We observed association to the plasma concentrations of 
inflammation markers (serum amyloid A protein and C-reactive protein) in 
myocardial infarction patients, which highlights the need for further analyses of 
potential regulatory polymorphisms in this gene.  
 Taken together, this thesis describes an in silico approach to identify 
putative regulatory polymorphisms which can be useful for directing limited 
laboratory resources to the polymorphisms most likely to have a phenotypic effect.  
 
Keywords: single nucleotide polymprhism (SNP), regulatory SNP, transcription 
factor binding site, phylogenetic footprinting, allelic imbalance, EMSA, CD36, 
cardiovascular disease 
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INTRODUCTION  

INTRODUCTION TO GENETIC VARIATION 

Every living organism, from the smallest bacteria to the largest mammal, contains 
the information for synthesizing nearly all molecules to create a functional being in 
its genome. The human genome consists of roughly 3 billion base pairs which are 
inherited in two copies, one from the mother and one from the father. Two 
unrelated individuals have 99.9 % identical genomes [1,2], the remaining fraction 
being important as it contributes to the phenotypic differences between the 
individuals. In comparison, the human genome is approximately 98,8% identical to 
the genome of our closest relative the chimpanzee [3].  
 Most of the sequence variants within a single human being have no 
immediate effect on his or her health, however, some variations do have 
phenotypic consequences. Genetic variation can affect how we look, how we 
behave, how susceptible we are to various diseases and how we respond to drug 
treatment. Some traits, such as the ABO blood type [4] and certain uncommon 
monogenetic disorders such as Huntington’s disease are dependent on the 
information encoded in one single location in the genome, but most traits have a 
more complex pattern of inheritance. 
 Identification of the functional DNA sequence variant responsible for a 
genetic disease is crucial for understanding the molecular mechanisms behind the 
disease and to pinpoint therapeutic targets. Most functional variations known today 
alter the properties of the encoded protein by changing its amino acid sequence. 
However, genetic variation affecting the regulation of genes may be another major 
source of phenotypic variation among humans [5,6]. The aim of this thesis was to 
use computational and experimental methods to identify sequence variants with a 
potential to alter the regulation of encoded genes, and to apply some of these 
methods to the human membrane glycoprotein CD36, a candidate gene for 
cardiovascular disease. 

Molecular bases of genetic variation in the human genome  

Mutations are introduced into the genome if the replication machinery makes errors 
during cell division, by exposure to different toxic compounds, by irradiation or by 
viruses. When a mutation occurs in the germ line of an individual it will be 
transferred to its offspring, and if the mutation is not immediately harmful for the 
bearer it can be passed on to subsequent generations and allowed to stabilize in the 
population. Common genetic variations that have a minor allele frequency (MAF) 
of more than 1% in a population are called polymorphisms, more unusual genome 
variants are simply referred to as “mutations”. 
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The most common type of genome variation is single nucleotide polymorphisms 
(SNPs), which have been introduced into the genome by the substitution of one 
single base. In addition there are many common one base insertion and deletion 
polymorphisms. SNPs account for 90% of all polymorphisms in the human 
genome [7,8]. The sequencing of the human genome provided a vast amount of 
potential SNPs [9], and continuous re-sequencing efforts have increased the 
number further and enabled a better estimation of their allele frequencies. In 
October 2007 the major repository for SNPs (dbSNP) [10] contained 5.7 million 
unique validated SNP records. From in-depth sequencing of a representative 
collection of genome fragments corresponding to 1 % of the human genome, it has 
been estimated that there is on average one SNP per 279 base pairs [11]. Although 
this number is preliminary, as it is based on only a fraction of the genome, the 
selected fraction is likely to be representative of the entire human genome [12].  
 Short tandem repeats (STR), or microsatellites, consist of short units of 
DNA, typically 1-5 bases in length, that are repeated 10 to 100 times. STR 
polymorphisms often have several alleles corresponding to several possible 
numbers of repeats, which makes them more informative compared with biallelic 
SNPs. STR genotypes within pedigrees are therefore often fully informative so that 
the progenitor of a particular allele can be identified.  
 There are also several types of larger, structural variations in the genome. 
Some are large enough to be identified using a microscope, such as aneuploidies 
and rearrangements that are typically more than 3 Mb in size. Small insertions, 
inversions and duplications (usually less than 1 kb) have been observed through 
DNA sequencing. Structural variations that range in size from approximately 1 kb 
to 3 Mb have been more difficult to observe, but during the last few years new 
strategies and tools for efficient assessment of such intermediate scale variations 
have emerged. Hundreds of submicroscopic copy number variants (CNVs) [13] 
[14] and inversions [15,16] have now been described in the human genome, and 
other types of variation including cryptic translocations and uniparental disomy  
appear to be fairly common [17].  

Linkage disequilibrium and haplotype analysis  

The mutation rate in humans is considered to be relatively low in relation to the 
number of generations since the most recent common ancestor for any two 
humans [11]. Most polymorphisms that have been allowed to stabilize in the 
genome are therefore likely to be the result of single historical mutation events 
rather than having occurred independently in several individuals. Each new genetic 
variant that has been introduced into the genome was therefore initially linked to 
the particular chromosomal background on which it occurred. Since the alleles of 
closely located polymorphisms are linked on the chromosomes, they are inherited 
together as a unit or haplotype (Figure 1).  
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Figure 1: Illustration of the origin of haplotypes. Each new polymorphism is initially linked 
to the chromosomal background on which it occurred and therefore certain combinations 
of allelic variants are inherited as a unit (a haplotype). 
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The co-inheritance of neighboring loci leads to association between the loci in a 
population, a phenomenon known as linkage disequilibrium (LD). As 
recombination takes place between the maternal and paternal chromosomes during 
the formation of germ cells (meiosis), the complete linkage between two recently 
introduced mutations is diluted with time. The likelihood of recombination taking 
place between two SNPs increases with the distance between them, thus, linkage 
disequilibrium between two polymorphic sites on average decline with the distance. 
However, the recombination rate has been shown to vary dramatically across the 
genome and therefore the extent of LD between nearby markers varies [18]. 
Recombination hotspots and long regions of low recombination divide the genome 
into discrete haplotype blocks, with high LD between SNPs located within the 
same block and low LD between SNPs located in different blocks [19].   
 The international HapMap Consortium has carried out a large scale 
evaluation of the haplotype structure across the entire human genome using DNA 
from 269 individuals from four population groups [20]. In phase I of the HapMap 
project, at least one common SNP (in this context a SNP with minor allele 
frequency > 0.05) has been genotyped every 5 kb across the genome. In addition, 
the ENCODE project has selected representative regions corresponding to 1% of 
the human genome (referred to as the ENCODE regions) [12] and these have been 
sequenced in depth in the HapMap project.  
 The results from the HapMap project have given us a preliminary map of 
how genetic variation is distributed across the genome and how it varies among 
populations [11]. Most SNPs have a relatively low minor allele frequency, indicated 
by the fact that 46% of all variation in the ENCODE regions have a minor allele 
frequency below 0.05. On the other hand, 90 % of the heterozygous sites within 
one single individual are due to common SNPs with a minor allele frequency above 
0.05.  
 Because the recombination rates vary dramatically across the genome, the 
lengths of the haplotype blocks vary from 1 to 100 kb. The average haplotype block 
spans between 30 and 70 SNPs, but the number of haplotypes with an allele 
frequency above 0.05 is on average 4 to 5.6 depending on the population. The 
typical SNP is therefore highly correlated with many of its neighbors. Considering 
only common SNPs (MAF>0.05), one in five has 20 or more completely correlated 
neighboring SNPs and one in three has more than five perfectly correlated 
neighbors. In contrast, one in five SNPs has no perfectly correlated neighbor. 
Phase II of the HapMap project showed that approximately 0.5-1.0 % of all 
common SNPs are untaggable, which means that no other SNP within 100 kb is in 
LD with the SNP with an r2 value above 0.2 [21].  
 Because of the strong correlation between alleles of SNPs within a 
haplotype block, knowing the structure of the haplotype blocks in the population 
makes it possible for researchers to genotype only a few representative SNPs in 
each block and from the results infer the genotypes at linked loci. The results from 
the HapMap project clearly show that a small set of highly informative tag SNPs 
capture a large fraction of the variation in the genome, but also that it is very 
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important to select good representative SNPs from each haplotype in order to take 
advantage of the LD structure in the human genome in genotyping studies.  

Genetic variation and complex diseases  

Family history is a strong risk factor for many human diseases, including diabetes, 
cancer, cardiovascular disease, depression, autoimmunity and asthma, suggesting 
that inherited genetic factors are important in the pathogenesis of these. Several 
thousands of illnesses are known to have a genetic component, and the influence of 
genetic variance on many other phenotypes has been demonstrated for example by 
twin studies. In January 2007 the database Online Mendelian Inheritance in Man 
(OMIM) had records of 3345 phenotypes for which the molecular basis is 
established, and 2048 unique disease genes were identified [22].  
 The majority of the identified disease causing genes is related to rare, highly 
heritable Mendelian disorders where variation in one single gene is both necessary 
and sufficient to cause the disease. However, most common complex diseases 
depend upon a combination of hereditary and environmental factors, where one 
particular gene variant is typically responsible for only a modest increase in disease 
susceptibility and many common genetic variants are thought to contribute to 
disease onset and progression. Although the increased absolute risk of developing 
such a disease in a single carrier of a susceptibility allele is low, the elevated risk 
with respect to the population prevalence makes the identification of these factors 
relevant for public health [23]. Finding these complex patterns of inheritance is 
much more difficult than identifying rare mutations causing Mendelian diseases. 
Out of the 3345 phenotypes in OMIM for which the molecular basis is established, 
only 375 are susceptibility phenotypes. Many of the susceptibility alleles linked to 
these phenotypes are common polymorphisms [22]. 

Linkage analysis and association studies 

There are two main approaches to demonstrate that a particular genomic locus is 
associated with a trait and thereby implicated in the trait etiology, namely linkage 
analysis and association studies. Linkage refers to the physical proximity of loci 
along a chromosome. Two loci, for example the causative trait locus and a proximal 
marker locus, are linked if they are located sufficiently close together so that their 
alleles tend to be inherited together. Linkage analyses therefore seek to identify 
marker loci that co-segregate with the trait within families. Affected pairs of 
relatives, for example affected siblings, are analyzed and alleles shared between the 
pairs are identified (Figure 2a). The idea behind linkage tests is then to identify 
marker alleles that are co-inherited in affected relatives more often than what would 
be expected if the marker and trait alleles were unlinked. Since linkage analyses seek 
to reveal how alleles segregate in pedigrees, it is critically important to determine 
whether the shared alleles are identical by descent (IBD; i.e. copies of the same 
parental allele) or only identical by state (i.e. appearing the same since they have the 
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same genotype but derived from two different copies of the allele). This is easier if 
the marker polymorphisms are multiallelic, and microsatellites or other multiallelic 
markers are therefore preferred over SNPs. 
 Association studies seek to identify particular variants that are associated 
with the phenotype at the population level (Figure 2b). Such an association can 
arise if the underlying functional sequence variant is measured directly or if a 
marker variant is in linkage disequilibrium with the functional variant. The case-
control study has been the most widely applied strategy. Here patients who already 
have a disease are compared with appropriately matched control subjects. Other 
study designs are also possible, such as the prospective cohort study in which 
individuals are collected before the onset of disease and followed under the same 
experimental protocol. In this way there is no bias for the selection of a control 
population, but the approach requires more resources and patience to allow a 
sufficient number of cases to emerge before the association studies can proceed 
[24]. The basic concept behind linkage analysis and association studies is reviewed 
by Borecki and Suarez [25]. 
 
 

 

 
 
Figure 2: Linkage analyses seek to identify alleles that are identical by descent between 
affected pairs of relatives (for example siblings). Association studies seek to identify 
association at population level, between polymorphic markers and a particular trait.  
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Both linkage analysis and association studies can be applied to candidate genes or to 
a whole genome scan. The candidate gene approach is characterized as a 
hypothesis-testing approach since the choice of gene to analyze is based on prior 
knowledge about the gene and the disease. In a genome scan anonymous genetic 
markers are selected from throughout the genome, and all are tested for the 
presence of a linked trait locus. Since there is no bias in selecting the markers, the 
genome scan is a hypothesis-generating approach.   
 Genome wide linkage studies have suggested many susceptibility loci for 
complex traits, for example in coronary artery disease[26,27,28], type 2 diabetes 
[29,30], asthma [31] and Crohn’s disease [32,33 ]. The recent technological progress 
in genotyping methodologies has introduced new opportunities for performing 
genome wide scans much more efficiently. Hundreds of thousands of SNPs can be 
genotyped in one experiment in a short time. The sequencing of the human 
genome [9,34] and the HapMap project [11] have made large panels of verified 
polymorphisms in humans available. Together, this progress has made feasible 
whole genome association (WGA) studies. Indeed, during the last few years several 
new highly significant disease loci have been identified using WGA, for example in 
type II diabetes[35,36], cardiovascular disease [37,38], prostate cancer [39,40] and 
Crohn’s disease [41,42]. The recent explosion in the number of disease associations 
identified using WGA shows that this is a powerful technique to detect disease 
susceptibility loci.  
 There are numerous methodological considerations to take into account 
before conducting a linkage analysis or association study to identify risk alleles for 
complex diseases, including issues regarding the study design (such as selection of 
the appropriate control population), parameters affecting the power of the test 
(such as the penetrance of the disease allele), and statistical issues (such as multiple 
testing). For a comprehensive review of the design of association studies and 
statistical procedures, see for example the article by Cardon and Bell [24]. 

The importance of finding the functional polymorphism  

Linkage and association studies often reveal linkage to a genomic region containing 
several thousands of SNPs. However, understanding the fundamental molecular 
mechanisms behind a common genetic disease is the key problem in human 
genetics and it is therefore important to identify the causative genetic variants. 
Knowledge of the disease-causing alleles is necessary in order to understand the 
nature of their pathogenic functions and to generate accurate models of the disease 
in vitro and in vivo. These are important steps towards developing new therapeutic 
inventions [6]. Moreover, the functional polymorphism provides optimal power for 
detecting linkage to the trait locus. If the functional variant is not included in the 
analysis it can be difficult to replicate linkage findings in a second cohort, since 
linkage disequilibrium between the functional variant and analyzed markers can 
differ between populations.  
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While structural genomic variation can affect the phenotype through a gene dosage 
effect [43], common polymorphisms in protein coding loci can, in principal, 
influence phenotypes either by changing the quality or quantity of the encoded 
proteins. Non-synonymous polymorphisms, that occur when a codon in the open 
reading frame of the mRNA sequence is altered, give rise to proteins with altered 
amino acid sequences. The effects of such variations can vary from almost nothing 
if an amino acid is replaced with another amino acid of very similar chemical 
properties, to a protein with drastically altered function or even loss of function if 
the polymorphism introduces a premature stop codon.  
 The quantity of a protein can, for example, be affected by variation in 
genomic regulatory elements leading to altered transcriptional regulation of the 
gene. Variation in the 5’ or 3’ untranslated regions (UTR) of a gene can alter the 
stability of the encoded mRNA molecule and thereby affect the amount of 
produced protein.   
 There are numerous examples of monogenic Mendelian disorders caused 
by mis-sense or nonsense mutations in the amino acid coding parts of genes, for 
example the trinucleotide repeat expansion in the HD gene in Huntington’s disease 
[44], point mutations in the amino acid coding sequence of the CFTR gene causing 
cystic fibrosis [45] and the single base substitution in FV (Factor V Leiden) which 
is associated with deep vein thrombosis [46]. However, in complex genetic diseases 
the functional alleles often have more subtle effects and regulatory polymorphisms 
are suggested to be important for such susceptibility phenotypes [47].  

GENETIC VARIATION AFFECTING GENE REGULATION 

Although most of the disease alleles known today alter the amino acid sequences of 
encoded proteins, there remain disease-associated genes for which there is no 
difference in protein-coding information between individuals of different 
phenotypes. Examples of such cases include the phenotypic variances in plasma 
Dopamine-beta-hydroxylase [48] and serum angiotensin I converting enzyme levels 
[49].  
 In vivo studies have demonstrated that allele-specific differences in gene 
expression can be observed for about 40% to 50% of the human genes [50-53]  and 
that a portion of the differences can be attributed to genetic variation in non-
coding regulatory regions [54]. Polymorphisms can affect gene regulation through 
either cis- or trans-acting effects. Cis-acting regulatory polymorphisms are those 
that act on genes located within (or near) their own locus, for example by altering 
the binding sites of DNA binding proteins. Trans-acting effects are observed when 
variation in one gene (either qualitative or quantitative) influences the expression 
level of a second gene located far away on the same chromosome or on another 
chromosome.  
 Genome-wide linkage mappings of gene expression levels in model 
organisms have been used to study trans- and cis-acting regulatory polymorphisms. 
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It has been shown that there is a higher fraction of SNPs close to genes for which 
altered mRNA expression between individuals have been linked to the locus of the 
same gene (self-linkage) compared to genes with no self-linkage [55,56], an 
observation that may highlight the importance of cis-acting regulatory SNPs. A 
recently published whole genome linkage analysis of gene expression levels in 
human lymphocytes suggested that approximately 7 % of all transcripts are affected 
by cis-regulatory polymorphisms, and trans-acting effects were observed for less 
than 0.1% of the transcripts, indicating that the regulators with the strongest effect 
tend to be located in cis [57]. Approximately the same results were obtained from 
the back-to-back published whole genome association study of gene expression in 
lymphoblastoid cell lines from the 269 individuals sampled in the HapMap project 
[58].  
 While SNPs that alter the amino acid sequences of encoded proteins are 
often readily identifiable because of the knowledge of the rules of gene translation, 
the map of regulatory elements in the human genome is still sparse and the 
identification of genetic variation altering such elements often relies on de novo 
characterization of previously unknown functional sites. New insights into the 
functional complexity of the non-amino acid coding fraction of the human genome 
( reviewed in [59])  suggest that genetic variation can influence gene regulation 
through many different molecular mechanisms, and the identification of each 
functional allele is therefore a complex task.  

Genetic variation affecting transcriptional regulation 

The most abundant type of regulatory variation known today interferes with the 
binding of transcription factors (TFs) to genomic regulatory elements, thereby 
altering the rate at which the genes are transcribed. Well over hundred such cis-
acting sequence variants have been shown to alter transcription in vitro [60,61,62]. 
Experimental methods to pinpoint regulatory polymorphisms in individual genes 
have been successful, but these methods are time consuming. High throughput 
methods for measuring RNA abundance of two allelic variants (allelic imbalance) 
can indicate genes with linked cis-acting regulatory polymorphisms, but these 
methods do not pinpoint the functional allele. Computational methods to 
distinguish functional from neutral genomic variants could prove useful to direct 
limited laboratory resources to sites most likely to exhibit a phenotypic effect. 
However, these approaches still have limited capacity to detect true regulatory 
polymorphisms. A combination of the currently available in silico, in vitro and in vivo 
tools are therefore likely to be most efficient in the search for functional regulatory 
polymorphisms. Below is a description of some of the tools available for such 
analyses today, some of which have been used in the context of this thesis. For in-
depth reviews of experimental approaches to regulatory SNP analysis, please refer 
to the articles by Buckland [6] and Prokunina and Alarcon-Riquelme [63]. 

17 



Computational and experimental approaches to regulatory genetic variation 

Experimental methods for the analysis of regulatory SNPs 

Electrophoretic mobility shift assay (EMSA) 

Altered DNA-protein binding interactions between allelic variants can be detected 
using electrophoretic mobility shift assays (EMSA) [64,65,66]. Double stranded 
oligonucleotides of 20 to 25 bases in length are labeled and incubated with nuclear 
extracts to allow any DNA binding protein to bind to its recognition sequence if it 
is present. The mixture is analyzed on a polyacrylamide gel, and the formation of at 
least one band in addition to the band corresponding to the free probe indicates 
formation of a DNA-protein complex. If oligonucleotides corresponding to the 
two alleles of an SNP are analyzed separately it is possible to assess the relative 
ability of each sequence to bind to the protein. The effect of excess amounts of 
unlabeled oligonucleotide corresponding to one but not the other allele can be 
studied in a competitive assay. A decrease in intensity of the shifted band on the gel 
in the competitive assay indicates allele specific binding of a factor in the nuclear 
extracts (Figure 3). Addition of antibodies against the protein involved in the 
complex formation can cause additional retardation of the shifted band (called 
supershift), which proves that particular nuclear protein is involved in the 
interaction.   
 

 

Figure 3: Cartoon of a competitive EMSA with oligonucleotides corresponding to both 
alleles of an SNP. The first four lanes contain, from left to right, labeled oligo 
corresponding to allele 1, labeled oligo for allele 1 and transcription factor, labeled oligo 
corresponding to allele 2, labeled oligo corresponding to allele 2 plus transcription factor. 
The last six lanes contain labeled oligo corresponding to allele 1 and transcription factor, 
and in addition lanes 5-7 contain increasing amounts of unlabeled oligo for allele 1, lanes 8-
10 contains increasing amounts of unlabeled oligo for allele 2. Since the upper band is 
stronger in lane 2 than in lane 4, the DNA-protein complex is stronger for allele 1 than for 
allele 2. Lanes 5-7 show that the unlabeled oligo corresponding to allele 1 competes for the 
protein. Lanes 8-10 show that unlabeled oligonucleotide corresponding to allele 2 is a less 
efficient competitor. A pattern like this would suggest allele specific binding between allele 1 
and the transcription factor.  
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Chromatin immunoprecipitation 

Although EMSA is a widely used method for analysis of binding events between 
DNA and the transcription factor in vitro, the identified sites are not always 
functional in vivo. In vivo binding events can be analyzed using chromatin 
immunoprecipitation [67], where formaldehyde crosslinking is used to freeze DNA-
protein and protein-protein contacts at a given moment in living cells or tissues. 
The crosslinked DNA is broken into smaller fragments (enzymatically or by 
sonication) and exposed to antibodies capable of recognizing the bound 
transcription factor. The DNA attached to the antibody is then amplified by PCR 
and either sequenced or studied by hybridization to a genomic microarray (a 
method called ChIP-on-chip) [68,69]. 

Reporter vector assays 

The effect of potential regulatory SNPs on gene transcription can be assessed in 
vitro using reporter vector constructs [70]. Fragments of DNA carrying the alleles of 
the SNP can be cloned into a vector containing a weak promoter, or the whole 
endogenous promoter carrying the two alleles of the SNP can be cloned into a 
promoter-less vector. The vector carries a reporter gene (for example the firefly-
derived luciferase gene or green fluorescent protein) whose expression will depend 
on the inserted regulatory sequence. The different allelic constructs and a control 
plasmid are transiently transfected into the appropriate cell line. The level of 
reporter gene expression is measured for each allele of the SNP and compared with 
the expression of the empty vector, and the impact of the allelic variants on 
transcription can thereby be evaluated.   

Allelic imbalance 

The effects on transcription of cis-acting regulatory SNPs can be monitored in vivo 
by analyzing coding SNPs in cDNA samples from heterozygous individuals. The 
relative amount of the two alleles of an SNP in a cDNA sample reflects the relative 
expression of the gene from the two copies of the chromosome. If the ratio 
between the two alleles deviates from unity, the maternal and paternal copies of the 
gene are transcribed at different rates (allelic imbalance, AI), suggesting that 
regulatory variation in linkage disequilibrium with the observed coding SNP affect 
the transcription [50,52]. The relative amounts of the two alleles can be measured 
by a DNA sequencing or genotyping technique. Since the allelic variants have been 
exposed to the same environmental influences and trans-acting factors, the allelic 
imbalance is likely to be due to cis-acting regulatory variation or epigenetic factors.  

HaploChIP 

A limitation of using allelic imbalance in mRNA expression is that it requires 
polymorphisms to be present in the RNA transcript (or at least in the pre-mRNA). 
An alternative approach is to use chromatin immunoprecipitation against for 
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example Ser5-phosphorylated RNA polymerase II, and sequence the precipitated 
DNA molecules. Phosphorylation of Ser5 on RNA polymerase II takes place when 
the protein is released from the initiation complex and starts synthesizing the new 
mRNA molecule, and is therefore a marker of transcriptional activity. If  there are 
SNPs within the precipitated genomic region, and if one allele or haplotype is 
detected at a higher frequency than 50%, this is evidence of preferred transcription 
of that allele or haplotype [71].  

Linkage mapping 

Cis- and trans-acting regulatory variation can be characterized by linkage mapping 
of expression levels, where variation in expression levels between individuals are 
treated as quantitative traits and mapped (using pedigrees) to genomic loci. 
Variation in mRNA expression levels that are linked to the locus of the same gene 
(self-linkage) is likely to be dependent on variation in cis-regulatory elements, and 
variation in mRNA expression levels linked to other loci are likely due to trans 
acting effects [55,56]. 

In silico predictions of regulatory SNPs 

The detection of allelic variants with a potential to alter the binding affinity to 
transcription factors is fundamental for in silico predictions of regulatory 
polymorphisms. Eukaryotic transcription factors tolerate a considerable amount of 
variation in their target binding sites. However, certain positions are highly 
conserved between functional sites, and genetic variations in such positions are 
therefore likely to affect the binding affinity between the DNA and the 
corresponding transcription factor. A brief introduction to the field of transcription 
factor binding site (TFBS) prediction research will be given in this section. For 
more in-depth reviews please see the articles by Stormo [72], Wasserman and 
Sandelin [73] and MacIsaac and Fraenkel[74]. 

Modeling and predicting transcription factor binding sites 

To predict de novo transcription factor binding sites, a model that captures the 
degenerate nature of the preferred binding sequences must first be derived based 
on multiple examples of functional sites. Collections of binding sites can be 
compiled from experimentally verified functional binding sites in the genome, or by 
high throughput in vitro site selection assays [75]. The collected binding sites are 
aligned to capture the preferred binding pattern of the transcription factor (Figure 
4a).  It is possible to describe the degenerate DNA pattern that makes up a TFBS 
using a consensus sequence (Figure 4b), but a disadvantage is that one single 
symbol cannot quantitatively describe the nucleotide distribution at a degenerate 
position in the binding site. To allow for this, a binding site is often represented by 
a position frequency matrix (PFM), describing the nucleotide frequencies in every 
position of the site (Figure 4c). 
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Figure 4: Overview of the construction of PWMs and sequence logos from a 
collection of experimental transcription factor binding sites [79], and the use of 
PWMs for scoring unknown DNA sequences.  
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 The PFM can be viewed as a table of probabilities of observing each nucleotide in 
every position of the TFBS.  The preferred binding pattern of a transcription factor 
can be visualized graphically by a sequence logo [76], enabling a fast and intuitive 
visual assessment of the pattern (Figure 4d).  
 Once a TFBS model is built, it can be used to identify occurrences of the 
binding pattern in DNA sequences. For efficient computational analysis, the PFM 
is converted to a log-scale before being used to score new sequences. To eliminate 
null values before log-conversion, and in part to correct for small samples of 
binding sites, a pseudo count is also added to each cell. The final log-scale 
converted matrix is called a position weight matrix , shortened PWM (Figure 4e) 
(reviewed by Stormo [72]). Databases such as Transfac [77] and JASPAR [78] 
contain collections of PWMs for the currently evaluated transcription factors. The 
PWM can be used to score DNA sequences for the presence of potential binding 
sites by summing the contributing score for each relevant nucleotide in the profile. 
When evaluating longer sequences, the PWM is slid over the sequence in 1 bp 
increments, evaluating every possible binding site in the sequence (Figure 4f).  
 The absolute score from a PWM has been shown to be directly 
proportional to the binding energy of the DNA-protein interaction [80,81]. This 
implies that matrix models of TFBSs can be used to score the two alleles of a 
polymorphism in a regulatory region and from the score difference estimate the 
effect on the TF binding affinity.  
 One limitation of PWMs is that the nucleotide observed at one position in 
the binding site is assumed to have no effect on the likelihood of observing a 
certain nucleotide at an adjacent site [82]. A high throughput analysis of the binding 
affinities between the MAX A and MAX B transcription factors and their target 
binding sites recently showed that PWMs tend to overestimate differences in free 
binding energies between sequence variants that differ by three or more bp [83]. 
However, most predictions for two bp deviations were correct, supporting the use 
of PWMs for assessing the impact of SNPs on consensus and near-consensus 
binding sites. 

Discovery of TFBS by pattern recognition 

Another limitation in using PWMs for the identification of potential transcription 
factor binding sites is that the data for constructing the models is limited and 
therefore high quality PWMs are missing for a large number of human transcription 
factors. An alternative approach to identify preferred binding sites is to look for 
overrepresented DNA motifs in the promoter regions of co-regulated genes, or in 
genomic regions enriched for transcription factor binding using the ChIP-chip 
assay [74].  

 PWMs are prone to produce false positive TFBS predictions 

A significant proportion of the binding sites predicted by PWMs are capable of 
binding the corresponding transcription factors in vitro [84]. However, the short and 
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degenerate nature of the TFBS means that PWMs are likely to generate many false 
positive predictions. A PWM for the transcription factor MEF2 was for example 
shown to give one predicted site per 1700 bp [85]. It is not biologically realistic that 
all these sites are functional in vivo. Although PWMs are capable of describing the 
DNA binding properties of transcription factors, additional information about the 
regulatory region must therefore be incorporated for the detection of in vivo 
biologically relevant sites.  

Phylogenetic footprinting 

One type of additional information that is readily available is the evolutionary 
conservation of functional non-coding genomic sequences. Under the hypothesis 
that the regulatory mechanism of a gene is conserved between species, it is likely 
that mutations in regulatory elements have been less tolerated during evolution and 
that these sites therefore are more conserved between species than the background 
sequence. This is the underlying principle behind phylogenetic footprinting, which 
can be used to eliminate regions less likely to contain cis-acting regulatory sites and 
thereby increase the specificity of predictions generated with PWMs [73,86,87]. 
Restricting the search for regulatory genetic variation to conserved regions can be 
expected to increase the likelihood of identifying functional variants.  
 Moses et al showed that experimentally verified transcription factor 
binding sites in the promoter regions of four yeast genomes were more conserved 
than the background sequence in the analyzed promoters. They also showed that 
the rate of evolution in TFBSs varied within the binding sites so that the positions 
important for binding were more conserved than the more degenerate positions in 
the TFBS [88]. Conserved regions in alignments between orthologous genomic 
sequences in human and mouse have been widely used in the search for functional 
regulatory elements, both because the appropriate data have been available for 
several years and because the genomes have been shown to be particularly useful in 
enriching for human regulatory elements [86,89]. For example, Wasserman et al 
showed that 74 out of 75 experimentally defined sequence specific binding sites of 
skeletal-muscle-specific transcription factors were confined to the 19% of the 
human sequences that were most conserved in the orthologous mouse sequences 
[86]. 
 However, not all regulatory elements that are functional in vivo are 
conserved between species, and the suitable evolutionary distance for comparison 
varies depending on the analyzed gene. Dermitzakis et al showed that in a 
collection of 64 functional TFBS in genomic sequences that were alignable between 
human and rodent, 33 sites had shared function between the species, 17 sites were 
specific for rodent and 14 sites were specific for human. From genome wide 
mappings of the liver-specific transcription factors FOXA2, HNF1A, HNF4A and 
HNF6 in human and mouse hepatocytes using the ChIP-chip technology, Odom et 
al showed that 41% to 89% of the binding events appeared to be species specific 
despite the conserved function of the transcription factors [90]. This indicates that 
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although evolutionary conservation provides help in finding functional sites, a 
significant proportion of the functional sites will be eliminated. 
 Thanks to the recent explosion in the number of sequenced genomes, and 
to the development of tools that allow construction and evaluation of alignments of 
several whole genomes, it is possible to increase the specificity of phylogenetic 
footprinting by comparing multiple species. When scoring multiple alignments for 
evolutionary conserved regions it is necessary to consider the phylogeny of the 
represented species, which for example is implemented in the PhastCons program 
[91]. From the functional analysis of 1% of the human genome in the ENCODE 
pilot project, it was shown that 4.9% of the human genome is evolutionary 
constrained when compared to the orthologous sequences in 14 mammalian species 
[92]. Out of these constrained sequences, 40% overlapped with protein coding 
exons and their associated untranslated regions and 20% overlapped with 
experimentally verified non-coding functional elements such as regulatory elements. 
The ENCODE project has used ChIP-chip technology to identify functional 
transcription factor  binding regions in vivo and 55% of these regulatory regions 
reside within the evolutionary constrained sequences [92].  

Cis-regulatory modules  

The binding of transcription factors in vivo is not only a function of the binding 
affinity between the protein and its DNA site. In higher eukaryotes TFs rarely 
operates alone, but generally bind to DNA in cooperation with other DNA binding 
factors, and their binding sites are often organized into clusters of so called cis-
regulatory modules (CRM). Incorporation of the modularity of TFBSs in cis-
regulatory regions can increase the signal to noise ratio of TFBS predictions, as was 
shown for example in [93,94] and reviewed in [73]. Analysis of overlap between 
potential regulatory SNPs and predicted cis-regulatory modules could be an 
interesting approach to increase the specificity of predictions of regulatory SNPs 
based on individual PWMs.  

Distance to the transcription start site is a relevant factor when selecting potential regulatory SNPs 

It has been shown that there is a strong bias in the location of functional regulatory 
SNPs towards the proximity of transcription start sites (TSSs) [62,95]. Although 
this might reflect ascertainment bias in studies based on regulatory polymorphisms 
from the literature since regulatory SNPs in the proximal promoters have generally 
been more analyzed in vitro than more upstream variants [95], this cannot explain 
the results by Buckland et al [62].  
 Buckland et al searched for regulatory polymorphisms in the regions from 
approximately 700 bp upstream of the TSS to the TSS in 247 genes by cloning the 
corresponding sequence from 16 individuals into luciferase reporter constructs. The 
polymorphic sites responsible for differences in expression between individuals 
were identified by analyzing the cloned sequences in denaturing high performance 
liquid chromatography. They noticed that the polymorphisms identified as 
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functional in their assay were located closer to the TSS of the respective genes than 
SNPs with no effect on reporter gene expression. Although the set of identified 
regulatory polymorphisms was small (only 40 regulatory allelic variants were 
detected), the results indicate that SNPs located in the first 200 bases upstream of 
the TSS are more likely to have a functional effect than those further upstream. 
 In relation to this it is important to note that more than half of the human 
protein coding genes have alternative first exons, utilized in a tissue specific fashion  
[96-99], and that the transcription start site for one specific first exon can vary 
[96,97]. Incorporation of information of alternative transcription start sites in the 
selection of candidate regulatory SNPs is therefore highly relevant.  

Tools for the in silico prediction of regulatory SNPs 

Several resources for the identification of SNPs within predicted TFBSs are 
available on the internet, both using TFBS predictions alone and in combination 
with evolutionary conserved regions. Stepanova et al presented a database of SNPs 
affecting putative TFBSs based on predictions using Transfac PWMs [100]. Zhao et 
al presented a database called PromoLign that contains pre-computed SNP analyses 
of the 10 kb sequence upstream of more than 6400 human-mouse orthologous 
gene pairs [101]. Paper I in this thesis describes RAVEN, which is a web-based tool 
for the analysis of SNPs affecting putative transcription factor binding sites based 
on PWMs in JASPAR [78] and evolutionary conservation based on phastCons 
scores[91].  Montgomery et al have compiled a database of experimentally verified 
regulatory SNPs [61].  

Other regulatory genetic variation 

The focus of this thesis is variation affecting transcriptional regulation. 
Nevertheless, it should be noted that several other types of non-protein-coding 
polymorphisms may affect the expression of proteins and thereby influence human 
phenotypes. Polymorphisms in the 3’ or 5’ untranslated regions of genes can alter 
expression both by affecting the stability of the mRNA molecule and by altering the 
efficiency of translation, for example by introducing or removing upstream open 
reading frames. Another class of functional regulatory polymorphisms interferes 
with mRNA splicing. Mutations can alter splice donor sites, splice acceptor sites or 
exonic splicing enhancers. This gives rise to alternative splicing of the pre-mRNA 
and often insertion of premature stop codons, leading to a truncated protein. Given 
the complexity of the non-protein-coding fraction of the human genome, and the 
importance of non-coding regulatory RNA molecules in multi cellular organisms, 
polymorphisms affecting non-coding RNA molecules are also likely to contribute 
to human traits [59].  
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INTRODUCTION TO CD36  

CD36 is a candidate gene for many traits involved in cardiovascular disease, and we 
hypothesized that regulatory polymorphisms might influence the expression of the 
gene. A brief introduction to the function and complex regulation of this protein is 
needed at this point. For a more complete review of the role of CD36 in 
cardiovascular disease, and of the molecular basis of the genetic variation in the 
CD36 locus, please see the articles by Silverstein and Febbraio [102], Nicholson and 
Hajjar [103], Collot-Teixeira et al [104] and Rac et al [105]. 

CD36 function  

CD36 is an 88 kDa membrane glycoprotein expressed on the surface of many 
tissues and cell types, including adipocytes, skeletal muscle, endothelial cells, liver, 
monocytes and macrophages. On cells that rely on fat as energy source, such as 
heart, muscle and fat cells, CD36 is involved in the energy metabolism by binding 
and transporting long chain fatty acids across the cell membrane into the cells 
[106,107,108]. On phagocytic cells such as macrophages, CD36 functions as a 
scavenger receptor by binding and internalizing oxidized low density lipoprotein 
(oxLDL) [109]. The protein is also involved in induction of apoptosis together with 
other membrane proteins, and it is an adhesion protein capable of interacting with 
collagen and thrombospondin as well as thrombospondine like peptides expressed 
on the surface of malaria infected erythrocytes [110,111].  

Gene structure 

The CD36 gene is located on chromosome 7 q11.2 in human [112] and it consists 
of 15 exons, of which exons 1, 2 and 15 are untranslated. Exons 3 and 14 encode 
the N-terminal and C-terminal domains of the CD36 protein, and these exons also 
encode the two transmembrane regions. Exons 4 to 13 encode the extracellular 
domain of the protein, containing the different binding sites for the interaction with 
thrombospondin, long chain fatty acids, collagen, apoptotic cells and oxLDL 
(reviewed in [105]). 
 The gene has several alternative first exons [113,114,115] (and Paper III in 
this thesis), and it has a large 5’ UTR which folds into a structure that has been 
shown to influence the translational efficiency of the mRNA sequence [116]. 
Several isoforms exist of the protein due to alternative splicing of the CD36 pre-
mRNA.  
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CD36 deficiency 

Two types of CD36 deficiency exists among humans: In type I deficiency the 
protein is absent on the surface of all human cells, whereas in type II CD36 
deficiency the protein is absent on the surface of platelets but expressed at nearly 
normal levels on the surface of monocytes and macrophages. CD36 deficiency is 
present in 2% to 3% of Japanese, Thais, and Africans, but in less than 0.3% of 
Americans of European descent [117,118,119]. 

CD36 and cardiovascular disease 

Animal models have suggested that CD36 has a significant role both in the 
progression of atherosclerosis and in insulin resistance, which is a strong risk factor 
for cardiovascular disease [120]. Spontaneously hypertensive rats show insulin 
resistance, hypertension, hypertriglyceridaemia, reduced plasma concentrations of 
high density lipoprotein (HDL) and metabolic defects in adipocytes, and the 
phenotype has been linked  to a defect in the CD36 gene [121,122,123]. In human 
studies CD36 deficiency has been associated with insulin resistance, decreased fatty 
acid uptake, increased plasma non-esterified fatty acid concentrations [124,125], 
elevation in serum low-density lipoprotein (LDL) cholesterol [126] and a decreased 
uptake of oxLDL [127] by macrophages.  
 Atherosclerosis is a chronic inflammatory response in the walls of arteries, 
characterized by a gradual thickening and hardening of the arteries and the 
formation of atheromatous plaques, which can lead to the formation of a thrombus 
with its clinical complications myocardial infarction or stroke if the plaque ruptures. 
One of the initial steps in the development of atherosclerosis is that macrophages 
are recruited to the plaque area, and by binding and internalizing oxLDL they 
develop into lipid laden cells called foam cells that constitute the core of the plaque. 
Since CD36 is one of the principal receptors responsible for the binding and uptake 
of oxLDL in macrophages [109,128,129], it may play a crucial role in the 
progression of macrophages to foam cells. In vitro, CD36 is demonstrated to have a 
role in the pro-inflammatory response of macrophages when exposed to oxLDL, 
with a significant positive correlation between the expression of CD36 and pro-
inflammatory genes [130].  
 Common polymorphisms in the CD36 locus have been associated with 
type 2 diabetes, insulin resistance [131], increased plasma concentrations of non-
esterified fatty acids and triglycerides, as well as increased risk for cardiovascular 
disease in patients with type 2 diabetes [132]. The causative polymorphisms 
underlying these associations have not yet been identified experimentally. Several 
amino acid altering SNPs are reported for CD36 in dbSNP [10], but they appear to 
be monomorphic in European populations, in which the above associations were 
observed. Given the complex regulation of this gene we therefore hypothesized 
that there might be regulatory polymorphisms affecting the expression of the gene 
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and ultimately some of the complex traits associated with it in relation to 
cardiovascular disease.  
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PRESENT INVESTIGATIONS 

AIMS 

The overall aim of this thesis was to develop methods to detect genetic variation 
with a potential to alter transcriptional regulation of human genes, and to analyze 
potential regulatory polymorphisms in the CD36 glycoprotein, a candidate gene for 
cardiovascular disease.  
 
In particular, the aims were:  

• To develop a sequence based in silico prediction tool for the detection of 
polymorphisms with a potential to alter transcriptional regulation. The tool 
should be available as a user friendly web-based application that enables 
analysis of any gene of interest. 

• To evaluate the bioinformatics driven approach for selecting potential 
regulatory polymorphisms using experimentally verified regulatory SNPs 
from the literature. 

• To evaluate if the combination of experimentally determined allelic 
imbalance in the expression of target genes and in silico predictions of 
regulatory SNPs in these genes can aid in the identification of functional 
variants. 

• To analyze the alternative promoter usage of the CD36 gene in human and 
rodent as a preparation for regulatory SNP identification, to expand 
previous (incomplete) reports of the structure and expression pattern of 
the gene.  

• Use the in silico based approach to detect potential regulatory SNPs in the 
CD36 gene and analyze whether these SNPs are associated with 
phenotypes relevant for cardiovascular disease.  
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RESULTS AND DISCUSSION 

In silico prediction of regulatory polymorphisms (Paper I and II) 

Development of a web-based tool for prediction of regulatory SNPs (Paper I) 

Position-specific weight matrices (PWMs) have been useful for predicting cis-
regulatory elements, especially when phylogenetic footprinting is used to eliminate a 
fraction of the false positive transcription factor binding site (TFBS) predictions 
[72,86]. Since the scores produced by PWMs are proportional to the binding energy 
between the DNA and the transcription factor [81], a score difference between two 
alleles of an SNP in a predicted TFBS should, theoretically, reflect a difference in 
binding energy between the two sequences. We therefore developed an algorithm 
that combines phylogenetic footprinting with detection of putative TFBSs affected 
by SNPs to identify polymorphisms with the potential to alter gene transcription.  
 To facilitate efficient analyses, computational methods and newly 
implemented algorithms were developed as an integrated framework for regulatory 
SNP analysis. The framework includes all the components for the location and 
extraction of data from genome and SNP databases, pattern detection, phylogenetic 
footprinting and SNP effect estimation. A web interface to the application, entitled 
RAVEN (Regulatory Analysis of Variation in Enhancers), was developed to enable 
analysis of almost any gene of interest. Genes are located directly using keywords or 
identifiers and the user defines the genomic region to analyze (for example an 
upstream, downstream or intronic region of the analyzed gene). The central screen 
of RAVEN is a genome browser like view of the analyzed genomic region, with 
SNPs, predicted TFBSs affected by SNPs, evolutionary conserved regions, repeat 
elements and mRNA transcripts mapped to it (Figure 5).  
 Resources for predicted regulatory SNPs have been presented before, for 
example as databases of SNPs in predicted TFBS [100], and in combination with 
conserved regions from human-mouse alignments [101]. RAVEN expands on the 
functionalities of these databases by enabling users to explore regulatory elements 
outside of the 5’ upstream proximal promoter, analyzing user-supplied 
polymorphisms (not limited to SNPs) and by using phastCons scores from multiple 
alignments for phylogenetic footprinting. Since the user defines the genomic 
region, the analysis is not restricted to regulatory polymorphisms around one 
annotated transcription start site, which is important if a gene has several alternative 
promoters.  
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Figure 5: The graphical results view of the RAVEN application. The results view contains 
(from the top)  genomic coordinates, SNPs from major SNP databases, personal SNPs, 
predicted transcription factor binding sites affected by SNPs, predicted transcription factor 
binding sites affected by SNPs and in conserved regions, conserved sequence segments, 
repeat sequences, the conservation profile, reference transcripts and coordinates relative to 
the transcription start site of the analyzed gene.  

Evaluation of the in silico tool using regulatory SNPs collected from the literature (Paper I) 

In order to evaluate if the in silico approach could enrich for regulatory 
polymorphisms we compiled a collection of experimentally verified regulatory 
SNPs from published papers. We required that the two alleles of the SNPs should 
show allele specific binding to nuclear extracts or purified transcription factors in 
an EMSA assay, and that the two alleles should show altered expression levels of a 
reporter gene. We managed to collect 104 examples of such single base 
substitutions. For 20 of the verified regulatory SNPs the associated transcription 
factor had been identified using supershift. For comparison we also collected a 
background set of SNPs from the genomic regions from -10 kb to the TSS of all 
human genes with a mouse ortholog (N=26044). 
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We tested all regulatory SNPs and 4000 background SNPs randomly selected from 
the larger data set for overlap with putative TFBSs using PWMs from the JASPAR 
database [78], and recorded a score delta to every SNP according to:  

( ) ( ) ( )PWMallelescorePWMallelescorePWMSNPdeltascore 21 −=  

 
The result from this analysis suggested that nearly all SNPs overlapped and affected 
potential TF binding sites, and there was no difference in the distribution of score 
delta values between the regulatory and background SNPs. This is in line with 
another recently published evaluation of properties of genomic regions containing 
regulatory SNPs, which showed that PWM scores alone are poor predictors of 
functional regulatory SNPs [95]. 
 We next tested the application of phylogenetic footprinting to assess the 
method’s capacity to enrich for functional regulatory SNPs. The results showed 
that the SNPs with documented effect on gene regulation were more frequently 
located within evolutionary conserved sequences relative to the background SNPs. 
For example, when using a phastCons score threshold of 0.4 to define conserved 
regions, approximately 28% of the regulatory SNPs were retained compared with 
only 9% of the background SNPs.  From these results it is obvious that although 
evolutionary conservation does help in enriching for regulatory SNPs, a significant 
proportion of the regulatory SNPs will be eliminated when applying stringent 
conservation constraints. Also, even after the application of phylogenetic 
footprinting there will be some false positive predictions since nearly all SNPs 
overlap with putative transcription factor binding sites, and since 9% of the 
background SNPs are located in conserved regions. Using background SNPs is a 
necessary simplification due to the difficulty in collecting a data set of documented 
neutral SNPs, and a fraction of the false predicted background SNPs could in fact 
be true regulatory SNPs.  
 When we analyzed the regulatory SNPs for which the affected 
transcription factor binding site was identified using supershift, we observed that 
the number of false predictions was drastically decreased when the predictions were 
limited to those corresponding to the PWMs of the verified TFs. This is perhaps 
not surprising, but the observation suggests that prior information about which 
transcription factor is involved in the regulation of an analyzed gene is necessary in 
order to make meaningful predictions.  
 In reality, the transcription factor associated with a not-yet identified 
regulatory region is seldom known, but suggestive prior data to motivate directed 
analysis can be derived from many sources. In addition to the scientific literature, 
candidate transcription factors can be selected based on associated Gene Ontology 
terms [133] in common with a target gene. High throughput proteomics initiatives 
such as the Human Protein Atlas program [134] can highlight transcription factors 
expressed in the tissues relevant for the target gene and the studied disease.  

32 



Malin Andersen 

In silico predictions of regulatory SNPs in genes with allelic imbalance (Paper II) 

A second study facilitated evaluation of the in silico tool in combination with 
experimental evidence of allelic imbalance (AI) of the target gene in cancer cell 
lines. Using RNA from 13 human tumor cell lines, allelic imbalance was observed 
in 41 out of 160 candidate genes involved in cancer progression and in response to 
anticancer drugs. A previous version of RAVEN was used to select putative 
regulatory SNPs in the upstream genomic regions of these 41 genes. In this version 
of RAVEN the phylogenetic footprinting analysis was based on human-mouse 
alignments. About 100 SNPs were selected that were both located in genomic 
regions conserved between human and mouse and that overlapped and affected 
putative TFBSs.  
 Allelic imbalance of a coding SNP in heterozygous individuals gives an 
indication that there are cis-acting regulatory effects favoring the transcription of 
one chromosome above the other. The idea is that genetic variation in cis-acting 
regulatory elements should be in LD with the analyzed coding SNP, and that one 
allele of the regulatory SNP is located on the same chromosome as the highly 
expressed coding allele, the other allele of the regulatory SNP being linked to the 
less abundantly expressed coding allele. The potential regulatory SNPs identified 
using RAVEN were therefore genotyped in the cell lines, and those SNPs that were 
heterozygous in the same cell lines in which the allelic imbalance was detected were 
selected for evaluation using EMSA (N=15).  
 Electrophoretic mobility shift assays were performed for these 15 SNPs, 
using nuclear extracts from one of the analyzed cell lines (HeLa). Eight out of the 
fifteen SNPs that were analyzed using EMSA showed reproducible evidence of 
allele specific binding to proteins present in the nuclear extracts. This success rate is 
comparable with the results from another study, in which potential regulatory SNPs 
were identified and evaluated using EMSA [135]. EMSA reflects DNA-protein 
binding interactions in highly artificial conditions, since the DNA-protein 
interaction is studied completely out of its chromatin environment. However, the 
fact that allelic imbalance was observed in vivo supports the results of the EMSA 
study, and gives credibility to the interpretation that these SNPs in fact influence 
the gene regulation. 
 The relatively high success rate in EMSA was encouraging, suggesting that 
the combination of detection of allelic imbalance and in silico prediction of potential 
regulatory SNPs is a good approach to pinpoint regulatory SNPs. However, it is 
also possible that the selection of SNPs that were heterozygous in the same cell line 
that showed evidence of AI contributed to the results. Allelic imbalance is thought 
to be caused by non-coding regulatory SNPs that are heterozygous in the analyzed 
individual (unless the observed AI is caused by epigenetic effects). If there is a 
number of non-coding SNPs in the vicinity of a gene, the cell line in which AI was 
detected is likely to be heterozygous for only a fraction of these non-coding SNPs, 
eliminating some of the candidate regulatory SNPs in the locus.  
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Out of approximately 100 SNPs selected based on in silico predictions, only 15 were 
shown to be heterozygous in the same cell lines that showed allelic imbalance, 
suggesting that the other 85 cases could not be responsible for the observed AI. 
Although the remaining 85 predicted regulatory SNPs may influence gene 
expression in other tissues, cell types, or under different environmental conditions, 
it is likely that some represent false positive predictions. This highlights the 
difficulties of applying the in silico approach in a high throughput manner without 
prior information about which transcription factor is involved in the altered 
regulation of the gene. 
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Alternative first exon usage of the CD36 gene (Paper III and IV) 

The CD36 gene has a strong tissue specific expression pattern, which is apparent in 
type-II deficient patients who have lost the CD36 protein on the surface of 
platelets but have nearly normal expression of the protein on the surface of 
monocytes and macrophages. Tissue specific regulation of CD36 has also been 
observed in rodents in response to two different anti-diabetic drugs [136], and a 
female predominant expression of the gene has been observed in rat and human 
liver [137].  
 Given the fact that the gene has at least five alternative first exons in 
human, the tissue and gender specific regulation of the gene may be mediated 
through the alternative promoters. In order to get an overview of how the 
alternative first exons of CD36 are used in various tissues and cell types, and in 
response to external stimuli, we investigated their expression patterns in human and 
rodent tissues using real time RT-PCR.  This prepared us for the subsequent in silico 
identification of potential regulatory SNPs in the gene (Paper V). An overview of 
the alternative first exons, with primers used for real time RT-PCR in human and 
rat are shown in Figure 6. 

 

 
 

Figure 6: Alternative first exons and corresponding mRNA transcripts for the human and 
rat CD36 genes. Forward and reverse primers used in the RT-PCR reactions are indicated 
with arrows. 
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Alternative first exons usage of in human tissues (Paper III)  

We evaluated relative expression levels of the different first exons of CD36 in 
human tissues with a central role in energy metabolism: liver, fat and muscle (heart 
and skeletal muscle) where the role of the protein as a fatty acid transporter is 
central, in monocytes where the protein is a scavenger receptor, as well as in 
various other tissues and cell types. The relative expression levels of CD36 in the 
different tissues varied between the analyzed alternative first exons, suggesting that 
they are regulated independently and tissue specifically. For example, most 
alternative fist exons were relatively highly expressed in adipose tissue. Monocytes 
on the other hand expressed relatively high levels of exons 1b, 1e, 1f and 3-4, but 
no expression at all was detected of exon 1c.  
 A semi-quantitative analysis of the expression levels of the alternative first 
exons within the samples suggested that exons 1a, 1b and 1c were the main 
contributors to the total CD36 expression in the heart, skeletal muscle, adipose 
tissue and placenta samples, and that exon 1b was the main contributor in the liver 
and monocyte samples. 
 CD36 is one of the principal receptors for the binding and uptake of 
oxidized low density lipoprotein (oxLDL) in macrophages [109,128,129], and since 
the gene is upregulated by its own ligand in a positive feed-back loop [138,139] we 
evaluated whether this upregulation was caused by activation of one particular 
promoter. To this end we used cells from a human monocytic leukemia cell line, 
THP-1. The cells were differentiated into macrophages by treatment with PMA, 
and we measured the relative expression of the alternative first exons of CD36 
before and after incubation with oxLDL. The results showed that all alternative 
first exons were upregulated in response to oxLDL, except for exon 1c which was 
not detected at all in the THP-1 macrophages even after treatment with oxLDL. 
This suggests that the effect of oxLDL on CD36 expression in macrophages is not 
mediated strictly through one of the alternative promoters, and we speculate that a 
locus control mechanism may be involved. 

Alternative first exon usage in rat and mouse (Paper IV) 

The CD36 gene is located on the small arm of chromosome 4 in rat. The genomic 
sequence corresponding to the alternative promoters of the gene was not yet 
available in the rat genome, which made the analysis of the alternative promoters 
problematic. Alternative first exons 1a and 1b have been described in mouse 
[114,140], and there were rat EST sequences in GenBank with high sequence 
similarity to the alternative mouse transcripts. PCR primers were therefore designed 
based on a comparison between the rat EST sequences and the annotated mouse 
transcripts. These primers were used to amplify the alternative transcripts 
corresponding to exon 1a and 1b using cDNA from rat liver. By sequencing the 
amplified DNA we observed two sequence species that differed only in their 
5’regions, where the part of the sequence that differed between the sequences 
corresponded to exons 1a and 1b and the common sequence corresponded to 
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exons 2 and 3. The alternative first exons 1a and 1b therefore appeared to be 
mutually exclusive in rat liver. The presence of alternative promoters of CD36 in 
both human, mouse and rat supports the hypothesis that the complex first exon 
structure has a physiological relevance for regulating the expression of the gene.  
 Upon sequencing of the alternative first exons 1a and 1b, we evaluated the 
expression of the two mRNA isoforms in male and female rat and mouse liver. A 
female predominant expression of both alternative first exons was observed both in 
rat and mouse, but the relative difference in expression was larger in rat, and exon 
1a showed a greater fold difference than exon 1b.  
 The use of model organisms enabled us to study the alternative first exon 
usage of CD36 in male and female individuals in response to specific environmental 
conditions. Many sex-specific differences in gene expression in hepatic cells can be 
explained by differences in the amounts and expression patterns of certain 
hormones, for example estrogen and growth hormone (GH). In order to find 
putative hormonal factors behind the female predominant CD36 expression in liver 
we investigated if the expression of the gene in male rats could be “feminized” by 
treatment with estrogen and continuous (female specific) administration of GH. 
The expression was also analyzed in liver from old male rats. The results showed 
that male rats treated with a female specific pattern of GH showed significantly 
higher levels of the alternative first exons of CD36 compared with untreated male 
rats, exon 1a showing a larger fold-difference. Male rats treated with estrogen 
showed significantly higher levels of exon 1a in comparison with untreated male 
rats, but no difference was observed for exon 1b. High age increased the expression 
of both alternative first exons, again with a larger fold difference for exon 1a. 
 We also analyzed the expression of CD36 in male and female rat liver and 
skeletal muscle in response to food depravation. Animals that have been without 
food for 12 hours should have an increased lipolysis in comparison with those that 
have been out of food for 4 hours. Since CD36 has a central role in transporting 
free fatty acids into tissues that can use fat as energy source, it was interesting to 
analyze sex-specific differences in expression of the alternative first exons in 
response to this condition. Both male and female rats showed increased expression 
of CD36 in skeletal muscle after food depravation, in line with the fact that muscle 
cells have increased fatty acid metabolism upon starvation. In liver on the other 
hand, the higher expression of basal levels of CD36 in females was reduced in 
response to starvation, but no effect was observed in male rats.  
   Taken together, these results show that the alternative first exons of 
CD36 are regulated both sex-specifically and tissue specifically under various 
hormonal and nutritional conditions in rodents. The effects involve both alternative 
first exons of the gene, but the higher fold differences observed for exon 1a in 
some of the experiments may indicate that a promoter specific effect is involved. 
Given this sex-specific regulation of CD36 in rodents and in humans [137], it is 
possible that potential polymorphisms in regulatory regions of the gene can 
influence males and females differently.  
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Identification of potential regulatory SNPs in the CD36 gene and 
their evaluation in relation to coronary artery disease (Paper V) 

As described in the introduction, CD36 may be involved in several processes of 
relevance for cardiovascular disease, such as metabolic status, inflammation and 
atherosclerosis. Given the complex regulation of the CD36 gene with at least five 
alternative first exons, and the fact that the amino acid altering polymorphisms 
reported for the gene in dbSNP appear to be monomorphic in European 
populations, we hypothesized that regulatory SNPs could affect some of the 
processes in which CD36 is involved. In Paper III we observed that alternative first 
exons 1a, 1b and 1c are the main contributors to the total CD36 expression in 
skeletal muscle, heart and adipose tissue, and that monocytes mainly express the 
gene from exon 1b. We therefore used the in silico tool described in Paper I to 
identify potential regulatory SNPs upstream of these alternative first exons, and 
evaluated their effect in vitro using EMSA and in vivo in a clinical study of coronary 
artery disease. This enabled us to evaluate whether the in silico approach for 
predicting regulatory SNPs could be useful in a clinical study.  
 We identified one SNP located in an evolutionary conserved region 
upstream of exon 1c which affected a potential binding site for c-REL, a 
transcription factor we considered relevant in relation to CD36 since it is involved 
in immune regulation. We also identified one SNP located in a conserved region 
upstream of exon 1a. No SNPs were located in evolutionary conserved regions in 
the proximal promoter of exon 1b, but one SNP was selected because it was 
located only 2 base pairs away from the transcription start site of the alternative 
first exon. In order to capture as much information as possible in the subsequent 
association study, we also selected 5 marker SNPs distributed across the CD36 
locus. A representation of the CD36 gene, with selected SNPs and haplotype 
blocks observed in the studied population is shown in Figure 7.  
 

 

Figure 7: Overview of the CD36 gene and SNPs selected for the association study. The 
lines below the mRNA mappings represent haplotype blocks inferred from the genotypes in 
the studied population. 
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The function of the SNPs upstream of exons 1a and 1c were tested in vitro using 
EMSAs on nuclear extracts from THP-1 cells. The major C-allele of the SNP 
upstream of exon 1c (rs1194182) showed stronger binding to protein(s) in the 
nuclear extracts than did the minor G-allele. The same SNP affected a predicted 
binding site for c-REL, but the in silico results were not in line with the in vitro 
results since the PWM score was higher for the G-allele than for the C-allele. 
Moreover, we were unable to detect a supershift using an antibody against c-REL, 
indicating that the allele specific binding pattern observed using EMSA could be 
caused by protein(s) other than c-REL.  
 The SNPs were genotyped in a clinical study for coronary artery disease, 
selected because it contained data on several of the parameters and phenotypes that 
CD36 may influence based on the literature. The cohort consisted of 387 patients 
admitted to the hospital for myocardial infarction (MI) and 387 healthy age and sex 
matched control subjects. In brief, 82% of the participants were men, the median 
age was 54 years and median BMI was 26.8 and 25.6 in the MI patients and control 
subjects respectively [141]. We observed significant differences in plasma 
concentrations of the inflammatory markers C-reactive protein (CRP) and serum 
amyloid A (SAA) protein between MI patients with different genotypes of the 
SNPs in block 2, with lower levels in the heterozygous individuals. No differences 
were observed between control subjects of different genotypes. We also observed 
associations between the SNPs rs819454 in block 1 and rs7789369 in block 2 and 
“mean % stenosis”, and between the rs819454 SNP and “plaque area /mm”. These 
parameters reflect the severity and extension of coronary artery disease, analyzed by 
quantitative coronary angiography.  
 The aim of this study was to test if the in silico approach for selecting 
regulatory SNPs described in Paper I could be used to identify regulatory 
polymorphisms in the CD36 gene with an effect in a clinical cohort. The observed 
associations between the potential regulatory SNPs in the promoters of exons 1c 
and 1a and inflammatory markers, and the observed allele specific binding of 
nuclear extract protein(s) to the exon 1c SNP support the use of the bioinformatics 
driven approach. As discussed previously, EMSA reflects binding events between 
short DNA sequences and nuclear proteins out of the chromatin environment of 
the analyzed gene, and further studies in vitro and in vivo must be carried out in order 
to establish if the SNP upstream of exon 1c in fact alters the transcriptional 
regulation of CD36, or if the observed associations are caused by strong LD 
between the analyzed SNPs and unknown functional polymorphisms. An 
interesting experiment would for example be to correlate the genotypes of the 
promoter SNPs a with the expression levels of the gene in relevant tissues and cell 
types. However, given the relative ease and low cost of genotyping, the strategy of 
testing predicted regulatory SNPs in a clinical cohort prior to more extensive 
functional studies in vitro and in vivo may be cost effective when searching for 
potential disease mechanisms. 
 Clearly there are many unsolved issues regarding the associations observed 
in Paper V. They appear to be caused by lower levels of inflammation in individuals 
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that are heterozygous for the associated SNPs, which does not fit the standard 
dominant or allele dosage effect models. Also, due to the risk of obtaining positive 
signals just by chance, the results from an association study must always be 
interpreted with caution, especially when performing multiple comparisons. 
Nevertheless, the observed associations between promoter polymorphisms in 
CD36 and the inflammatory status of patients with an early onset myocardial 
infarction highlight the need for further analyses of the potential regulatory SNPs in 
this gene.  
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CONCLUDING REMARKS 

Paper I: Position-specific weight matrices can be used to model a difference in 
binding strengths between a transcription factor and the two alleles of an SNP, but 
due to their low specificity they could not be used to distinguish regulatory from 
background SNPs in the absence of additional data. Regulatory SNPs was shown to 
be located within evolutionary conserved regions more often than background 
SNPs. However, also the combination of PWMs and phylogenetic footprinting 
resulted in many false positive predictions, and it will therefore be important to 
integrate prior knowledge of which transcription factor is likely to be involved in 
the regulation of a gene in order to make meaningful predictions. 
 
Paper II: Using the prediction tool described in Paper I, potential regulatory SNPs 
were identified in genes showing allelic imbalance in tumor cell lines. Predicted 
regulatory SNPs that were heterozygous in the cell line in which allelic imbalance 
was observed were analyzed in vitro using EMSAs. Around half of the analyzed 
SNPs showed evidence of allele specific binding of a nuclear protein. This suggests 
that experimental detection of allelic imbalance in combination with in silico 
predictions of regulatory SNPs is an efficient approach to identify the functional 
variant, but it is likely that the filter for heterozygous upstream SNPs also 
contributed to the enrichment.  
 
Paper III: CD36 was shown to be expressed from at least five alternative first 
exons in human. The first exons appeared to be regulated both individually and 
collectively in different tissues and cell types and in response to various 
environmental factors.  
 
Paper IV: CD36 appeared to be transcribed from at least two alternative first 
exons in rat. The alternative first exons were regulated sex-specifically in rat liver, 
with a female predominant expression pattern that could be introduced in male rats 
by continuous infusion with growth hormone. The alternative first exons were 
down-regulated in female rat liver in response to starvation, but in skeletal muscle 
the expression in response to starvation was increased in both male and female rats. 
 
Paper V: Potential regulatory SNPs were predicted in the proximal promoters of 
exons 1a and 1c of the CD36 gene. Significant associations were observed between 
these SNPs and plasma concentrations of the inflammatory markers C-reactive 
protein and serum amyloid A, in patients with an early onset myocardial infarction. 
This suggests that the in silico approach for predicting functional polymorphisms 
could be useful when there is a reason to believe that regulatory SNPs are involved 
in determining a disease trait. 
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FUTURE PERSPECTIVES 

This thesis has described a bioinformatics driven approach to identify SNPs with a 
potential to alter transcriptional regulation. The tool was evaluated using genes 
from the literature containing experimentally verified regulatory SNPs, tested on 
genes with experimental evidence of allelic imbalance and finally applied to the 
CD36 glycoprotein, a candidate gene for cardiovascular disease. 
 Paper I clearly shows that in silico predictions of TFBSs in combination 
with phylogenetic footprinting has a limited capacity to enrich for regulatory SNPs 
in the absence of additional supportive data. Position-specific weight matrices are 
capable of modeling preferred TFBSs and the effect of single base variation in such 
sites, but the interface between the DNA and the transcription factor contains too 
little information to make specific predictions. Although regulatory SNPs are 
located in evolutionary conserved regions more often than background SNPs, the 
enrichment provided by applying phylogenetic footprinting is still not satisfying. 
 Since the presence of an optimal binding sequence for a transcription 
factor does not imply that the TF necessarily binds the site in vivo, other genomic 
properties may distinguish regulatory elements from neutral DNA sequences. It has 
for example been suggested that regulatory elements may have different DNA 
stability, flexibility and curvature than other sequences, and that SNPs affecting 
such properties may interfere with transcriptional regulation (reviewed in [6]).  
 In a recent publication, several genomic properties were assessed to 
evaluate if they could pinpoint regulatory genetic variation [95]. Experimentally 
verified regulatory SNPs from the literature were compared with background 
variation located in the promoter regions of the same genes. The SNPs were for 
example assessed for the location in evolutionary conserved regions, overlap with 
repetitive sequences, overlap with CpG islands, allele specific differences in PWM 
scores, changes in overrepresented motifs detected with various pattern recognition 
tools, allele specific differences in DNA bendability and curvature, the minor allele 
frequency of the SNP and the distance between the SNP and the TSS. The authors 
concluded that some of these properties could significantly discriminate between 
regulatory and background SNPs, but other methods, such as PWM scores and 
DNA bendability and curvature, had little capacity to pinpoint regulatory SNPs. 
Regulatory SNPs were located closer to the transcription start sites, were less likely 
to be located in CpG islands or within repetitive elements and had higher minor 
allele frequencies than the background SNPs [95]  
 These results are interesting and may help to improve future prediction 
tools. However, some of the properties may be affected by ascertainment bias since 
researchers may have preferred to study SNPs with relatively high minor allele 
frequencies located in close proximity to the target genes, and therefore such 
regulatory SNPs may be overrepresented in the literature. Nevertheless, also an 
unbiased approach to identify regulatory SNPs by cloning promoter regions from 
different individuals into reporter vector constructs revealed a strong bias in the 
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location of regulatory SNPs close to the TSSs of the genes [62], indicating that the 
finding has biological relevance. Since a large fraction of the human genes are likely 
to have alternative transcription start sites it might be relevant to include such 
information in the analysis when selecting candidate regulatory SNPs.  
 In Paper I we observed that prior information about which transcription 
factors are likely to be involved in the regulation of a gene helps eliminating a large 
fraction of the false positive TFBS predictions, and that such information therefore 
is likely to make the predictions biologically meaningful. In addition to the scientific 
literature we suggested that common Gene Ontology terms [133] may recommend 
candidate transcription factors for an analyzed gene. Analysis of co-expression of 
target genes and transcription factors may also provide such information, and one 
interesting filter to explore would be to look for transcription factors that are 
present in the same tissues and cell types as the target gene, for example using the 
human protein atlas [134].  
 Transcription factors in higher eukaryotes usually bind to DNA in 
cooperation with other DNA binding factors and co-factors [142]. In silico analysis 
of cis-regulatory modules can provide more specific predictions of regulatory 
elements compared with isolated PWMs [143]. In addition to prior information on 
which transcription factors are likely to regulate a particular gene, it would also be 
valuable to have prior information on which transcription factors work together to 
regulate their target genes.  
 Even if prior knowledge is available for the analyzed gene, a fundamental 
limitation in the application of PWMs is that models of preferred binding sites are 
still missing for a large fraction of the human transcription factors. In order to 
enable a hypothesis driven approach of the sort suggested in Paper I and above, 
PWM models for a candidate TF must be available. Continuous experimental work 
is therefore necessary, using chromatin immunoprecipitation, high throughput in 
vitro site selection assays and standard gene-by-gene analysis.   
 In relation to this, it has been shown that DNA sequences specifically 
bound by a TF in vivo do not always correspond to the high affinity binding sites 
obtained by cyclic in vitro site selection assays. This was for example shown for 
transcription factors in the ETS protein family. In ETS target genes with tissue 
specific expression patterns, ETS1 was often found to bind in cooperation with the 
transcription factor RUNX1. A binding pattern compiled from DNA sequences  
showing strong binding to the ETS1-RUNX1 complex in vivo was shown to deviate 
substantially from the in vitro selected EST1 and RUNX1 binding sites [144]. This 
may imply that it will be important to analyze preferred binding patterns of 
cooperatively bound transcription factors in order to model many of the sites that 
are active in vivo.  
 The recent advances in global analysis of gene regulation by array or 
sequencing based technologies of chromatin immunoprecipitation can provide 
information on which genomic regions are bound by certain transcription factors in 
vivo. The ENCODE project has taken on a systematic analysis of regulatory 
elements where for example modified histones that indicate the location of actively 
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transcribed DNA, DNase hypersensitive sites, binding sites for a number of 
transcription factors and alternative transcription start sites are identified [12,92]. 
Such high throughput mappings of regulatory elements do not only provide a draft 
map of the regulatory landscape of particular candidate genes, but may also provide 
new insights to the global distribution of regulatory elements and to the genomic 
properties of such sites [92]. This may lead to better predictions of regulatory 
sequences and genetic variation affecting such sites, which will be valuable until the 
complete regulatory landscape of the human genome has been characterized 
experimentally. 
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ABBREVIATIONS 

AI  Allelic Imbalance 

ChIP  Chromatin Immunoprecipitation 

CNV  Copy Number Variation 

CRP  C-Reactive Protein 

EMSA  Electrophoretic Mobility Shift Assay 

ENCODE ENCyclopedia Of DNA Elements 

GH  Growth Hormone 

HDL  High Density Lipoprotein 

IBD  Identical By Descent 

LD  Linkage Disequilibrium 

LDL  Low Density Lipoprotein 

MAF  Minor Allele Frequency 

MI  Myocardial Infarction  

OMIM  Online Mendelian Inheritance in Man 

oxLDL  oxidized Low Density Lipoprotein 

PFM  Position Frequency Matrix 

PWM   Position-specific Weight Matrix 

RAVEN Regulatory Analysis of Variation in Enhancers 

SAA  Serum Amyloid A 

SNP  Single Nucleotide Polymorphism 

STR  Short Tandem Repeat 

TF  Transcription Factor  

TFBS  Transcription Factor Binding Site 

TSS  Transcription Start Site 

UTR  Untranslated Open Reading frame 

WGA  Whole Genome Association  
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