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Abstract
Over the last few years, genome-wide association studies (GWAS) have been used to
identify numerous obesity associated SNPs in the human genome. By using linkage
studies, candidate obesity genes have been identified. When SNPs in the first intron
of FTO were found to be associated to BMI, it became the first gene to be linked
to common obesity. In order to look for causative explanations behind the associated
SNPs, a re-sequencing of FTO had been performed on the SOLiD sequencing platform.
In-house candidate gene, SLCX, was also sequenced in order to evaluate a potential
obesity association. The purpose of this project was to analyse the sequences and
also to evaluate the quality of the SOLiD sequencing. A part of the project consisted
in performing PCRs and selecting genomic regions for future sequencing projects. I
developed and implemented a sequence analysis strategy to identify obesity associ-
ated SNPs. I found 39 obesity-linked SNPs in FTO, a majority of which were located
in introns 1 and 8. I also identified 3 associated intronic SNPs in SLCX. I found
that the SOLiD sequencing coverage varies between non-repetitive and repetitive ge-
nomic regions, and that it is highest near amplicon ends. Interestingly, coverage varies
significantly between different amplicons even after repetitive sequences have been
removed, which indicates that it is affected by features inherent to the sequence. Still,
the observed allele frequencies for known SNPs were highly correlated with the SNP
frequencies documented in HapMap. In conclusion, I verify that SNPs in FTO are
associated with obesity and also identify a previously unassociated gene, SLCX, as a
potential obesity gene. Re-sequencing of genomic regions on the SOLiD platform was
proven to be successful for SNP identification, although the difference in sequencing
coverage might be problematic.
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Chapter 1

Introduction

Obesity is an increasing global health problem and a risk factor for type 2 diabetes,
cardiovascular disease and certain types of cancer. The obesity epidemic is spreading
throughout the world and the problem is becoming huge. In 2005, 400 million indi-
viduals were considered clinically obese [1] and if the current trend continues, 1.12
billion will be obese by 2030 [2]. Although excessive eating and low levels of physical
exercise clearly matter, it has been estimated that about 50-90% of variation in Body
Mass Index (BMI) is due to genetic factors [3]. What these factors are remains to be
investigated. The only gene so far to be definitely linked to common obesity is the so
called fat mass and obesity associated gene, FTO. Individuals carrying two copies of
the risk allele weigh on average 3 kg more than individuals with the low-risk allele [4],
but a causative explanation to this observation is still lacking. In general, the search
for causative mutations explaining common obesity will require a re-sequencing of
large genomic regions, something which has been made possible by second generation
sequencing technology, an example of which is Applied Biosystems’ SOLiD sequenc-
ing platform. SOLiD sequencing is a rather new technology, and the development of
sequence analysis software has been left behind.

In order to evaluate a potential obesity association for in-house candidate gene SLCX,
and to search for causative explanations behind FTO’s association with obesity, a re-
sequencing of these genes had been performed on the SOLiD sequencing platform.
The genes had been sequenced in a cohort consisting of 547 overweight and 531
normal-weight children and adolescents. The goal of this project was to develop and
implement a strategy for the analysis of the sequencing data and also to evaluate the
general quality of SOLiD sequencing. A part of the project consisted in performing
PCRs for a candidate obesity gene, TMEM18, and in selecting genomic regions for
future sequencing projects.

Due to confidentiality, SLCX’s annotated name will not be given, nor will genomic
positions for identified SNPs be revealed.
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Chapter 2

Background

Obesity is an increasing global health problem and a major risk factor for type two di-
abetes, cardiovascular diseases and certain types of cancer [1]. It leads to an increased
overall mortality and morbidity [5], carrying with it heavy economic health care bur-
dens [6]. The so called "obesity epidemic" started in the 1980’s in the United States
[7] and is currently spreading over the world [1]. In the year of 2005 approximately
1.6 billion individuals were overweight and 400 million were clinically obese [1]. It
has been estimated that if the current trend continues, 1.12 billion individuals will be
obese by 2030 [2]. Attempts to stop the epidemic have so far been unsuccessful, and
it is clear that a better understanding of the problem is needed.

A common measure of obesity is the Body Mass Index (BMI) which is calculated
as body weight in kilograms divided by the square of the body length in meters.
Overweight is defined as having a BMI over or equal to 25, and obesity as higher or
equal to 30 [1]. Overweight and obesity are caused by an imbalance between energy
uptake and energy expenditure, and have both environmental and genetic risk factors
[1], [8]. Although the ongoing obesity epidemic is assumed to be caused by societal
changes affecting food intake and physical exercise [7], there are large genetic risk
factors involved. Some individuals are simply more prone to weight gain than others.
How much of the variance in BMI within a population that is due to genetic factors is
uncertain; results from twin studies indicate that 50 to 90% of BMI variation within
a population can be attributed to genetic factors, although lower numbers have been
reported [3]. Several genes involved in monogenic, severe cases of obesity have been
identified, but these mutations are rare and cannot explain the genetic factor seen in
general obesity [9].

In the search for genes associated with obesity, there are three strategies [8]. The
first strategy is to perform linkage studies in families where obesity is common and to
identify genomic markers which co-segregate with the disease. The second strategy
is to screen candidate genes for variants that can be associated with obesity. Both
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4 Background

these strategies have been unsuccessful for determining genetic causes of common
obesity, but rather successful in the search for causes of rare monogenic forms of
obesity [8], [9]. The third, and newest, strategy is to conduct genome-wide association
studies (GWASs) in order to identify single nucleotide polymorphisms (SNPs) that
show association with obesity [10]. These SNPs can together with linkage studies be
used to identify candidate genes for screening. Linkage studies are used to identify
linkage disequilibrium (LD) blocks, which are genomic regions that are inherited as
single units, without being disrupted by recombination events. This means that SNPs
and genes that are located in the same block are almost always inherited together.
Therefore, if an SNP is found to be associated with obesity, it is possible that the
cause of the association is in fact a mutation in a gene which co-segregates with the
SNP.

GWASs were made possible by the HapMap project [11] which aimed at identifying
common polymorphisms in the human genome, determining their frequencies and
constructing a map of linkage disequilibrium blocks. By using HapMap information,
microarrays for large-scale analysis of SNPs could be developed, something which was
necessary for conducting genome-wide scans. Several GWASs have been conducted so
far, which has led to the identification of the first human gene to be linked to common
obesity, FTO (fat mass and obesity associated gene).

2.1 The FTO Gene

The first gene to be linked to common obesity was the FTO gene. It was first reported
by Frayling et al [4] that a cluster of SNPs in the first intron of this gene were linked
to type two diabetes. All SNPs were in strong linkage disequilibrium, meaning that
the rate of recombination between these SNPs is low and that they are almost always
inherited together. However, after correcting for BMI, the association with diabetes
was completely abolished, indicating that this association was in fact mediated by an
increase in body weight. The results were then replicated in 13 cohorts with a total of
38,759 individuals where it was confirmed that individuals homozygous for the high-risk
A allele of SNP rs9939609 weigh on average 3 kg more and have a 1.67-fold increased
odds of becoming obese compared to those homozygous for the low-risk T allele. The
A allele was also associated with a higher waist circumference and higher subcutaneous
mass, and it was found that the association was almost entirely attributable to changes
in fat mass. These effects are seen from the age of 7 and beyond and have since then
been replicated in several studies.

FTO is a large gene consisting of 9 exons that span about 400,000 kb on chromosome
16. In populations of European descent, the frequency of the A-allele is about 63%,
with about 16% homozygous for it [4]. It has been estimated that the population
attributable risk of FTO for obesity is 20%, meaning that if the effects of FTO on
body weight were eliminated, 20% of obesity cases would be prevented [12].

The actual function of FTO is so far unknown, but it has been shown that FTO
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shares sequence motifs with Fe(II)- and 2-oxoglutarate-dependent oxygenases and that
it can catalyse the demethylation of 3-methylthymine in single-stranded DNA [13].
Whether this is its physiologically relevant substrate remains to be discovered. FTO is
conserved within vertebrates and, oddly enough, two types of algae [14]. It is expressed
throughout the body in both adult and fetal tissues and its highest expression has been
found to be in the brain, especially in the hypothalamus, a region important in the
regulation of energy balance. FTO localizes to the cell nucleus which is consistent
with its predicted demethylation activity [13], [14].

Several studies aiming at finding the signaling pathways and understanding the function
of the FTO protein have been published. It has been shown that there is a link between
feeding and Fto expression in mice and rats. In mice, Fto mRNA levels in the arcuate
nucleus of the hypothalamus are decreased during fasting [13]. Interestingly, the effect
of fasting in rats is opposite to that in mice [14].

The first study to demonstrate that the mouse ortholog of FTO is involved in energy
homeostasis used Fto knockouts. The Fto-null mice were found to weigh less than
normal mice, almost entirely due to a decrease in fat mass, and to gain less weight
when exposed to a high-fat diet. The low body weight was however not caused by a
decrease in energy intake; Fto-null mice were actually found to eat more than normal
mice, and they also had a decreased level of physical activity. Despite this, their energy
expenditure was higher than normal, as were their plasma adrenaline levels [15]. In
light of this, Tung et al [16] studied the effect of hypothalamic levels of Fto on food-
intake in rats. By manipulating the expression of Fto in the arcuate nucleus, they
found that an over expression of Fto leads to a decrease in food intake and that a
reduced expression results in an increased food intake. Body weight was however not
affected.

Studies in humans support the involvement of FTO in energy homeostasis. Individuals
homozygous for the A allele have been found to eat more [17], [18] and have an
impaired satiety response [19] compared to those homozygous for the T allele. No
association to physical activity has however been found in humans [16], [17].

It seems clear that there is a linkage between FTO genotype and BMI, but even so,
FTO only explains about 1% of the genetic component of BMI, so clearly many genes
remain to be identified [12]. SNPs in several other regions have been linked to obesity,
which we will look at next.

2.2 Potential Obesity Genes

In a recent article by Willer et al [20] six new genomic regions were shown to be
associated with BMI, a few of which will be mentioned here.
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2.2.1 SH2B1

Willer et al [20] found that several SNPs in a region containing the SH2B1 gene were
associated with BMI. SH2B1 is located on chromosome 16 and encodes a cytoplasmic
protein known to be involved in leptin and insulin signaling [21], [22]. SH2B1 is
expressed in various tissues including the liver, skeletal muscle, fat, and brain. It
binds to various protein tyrosine kinases among which are the insulin receptor (IR)
and JAK2. JAK2 initiates cell signaling in response to leptin, which is an adiposity
signal conveying information regarding peripheral energy status to the brain [21], [22].

SH2B1 has been found to enhance insulin and leptin signaling in vivo; mice with a
systemic SH2B1 deletion are obese and develop hyperglycemia, hyperleptinemia and
hyperinsulinemia [21], [22]. When SH2B1 expression is restored specifically in neural
tissue, a normal phenotype is obtained, which suggests that neuronal SH2B1 controls
energy balance and body weight [22].

A coding SNP in SH2B1 has been associated to serum leptin and body fat in humans.
This SNP has no predicted effect on protein function or structure and is probably in
LD with the causative mutation [23]. Deletions encompassing SH2B1 have been found
to co-segregate with severe early-onset obesity [24].

2.2.2 KCTD15

KCTD15 is located on chromosome 19 and has been found to have a high level of
expression in the brain and hypothalamus [20]. Several studies have found that SNPs
downstream of the gene are associated with BMI [20], [25], [26]. The function of
KCTD15 is however unknown.

2.2.3 TMEM18

TMEM18 is located on chromosome 2 and SNPs in close proximity to the gene have
been strongly associated with obesity [20], [25], [26], [27]. The function of TMEM18 is
unknown, although it has been shown to have a nuclear localization signal, and contain
a potential DNA or RNA binding site. The gene is highly conserved in eukaryotes and
is widely expressed. Most interestingly, it shows a high expression in the hypothalamus,
which is known to be involved in feeding and body weight regulation. Gene expression
is however not affected by fasting [27].

2.2.4 NEGR1

NEGR1 is located on chromosome 1 and is thought to influence neuronal outgrowth.
The gene is expressed at high levels in the brain and hypothalamus. Several studies
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have shown that there is an association between BMI and a region upstream NEGR1
[20], [25], [26]. Two segments in this region are copy number variable and there are
two deletion polymorphisms (10 kb and 45 kb) that segregate on distinct haplotype
blocks. The larger deletion sequence contains conserved, noncoding elements. The
SNPs that were most strongly associated to BMI by Willer et al [20] flank the 45 kb
deletion (rs2568958 and rs2815752) and it has been suggested that this deletion is
what causes the association to BMI. Individuals who have these BMI-associated SNPs
will thus have a 45 kb deletion and it therefore seems like the deleted sequence has
some "protective" function against becoming overweight.

2.2.5 SLCX

SLCX is an in-house candidate obesity gene. It is believed to be a solute carrier, and it
shows a high expression in the entire brain, especially the hypothalamus. Besides that,
nothing is known regarding its function, but since it was found to be highly expressed
in brain regions important for weight control, SLCX was considered interesting for
further investigation regarding association to BMI (personal communication).

2.3 SOLiD Sequencing

The approach of using GWASs to locate regions associated with BMI has led to the
identification of many candidate obesity genes. In order to discover the causative
mutations behind these seen associations, large genomic regions will need to be re-
sequenced. Targeted re-sequencing has been greatly facilitated by the use of high-
throughput "next generation sequencing" techniques, one of which is SOLiD sequenc-
ing.

SOLiD sequencing (Applied Biosystems; California, USA) is one of the so called next
generation sequencing platforms which are, unlike traditional sequencing methods,
not based on Sanger sequencing. Second generation sequencing methods all entail
the following steps: DNA fragmentation to create a library, adaptor ligation to the
library fragments, clustering of amplicons from each library fragment, and cyclic array
sequencing (Fig 2.1) [28]. There are different approaches for accomplishing each of
these steps, the ones which are used in SOLiD sequencing are described below.

The first step in the SOLiD sequencing protocol is to create a DNA library. DNA
libraries can be created in any way that gives rise to short fragments, for instance by
sonication where the DNA molecules are shattered by ultrasound. After fragmentation,
adaptor sequences are ligated to both ends of the fragments (Fig 2.1a) and then an
emulsion PCR, with primers complementary to the adaptor sequences (Fig 2.1b), is
performed. An emulsion PCR is like a regular PCR, except that the reaction mixture
contains a huge number of tiny droplets. By adjusting the template concentration
it is possible to achieve a condition where each droplet contains no more than one
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DNA fragmentation
adaptor ligation

  

 

emulsion PCR

Enrichment of beads carrying amplicons

 
 

SOLiD Sequencing

a

b

c

Figure 2.1. Preparation of DNA for SOLiD sequencing. a) DNA is randomly fragmented,
and adaptor sequences are ligated to the fragment ends. b) Emulsion PCR is performed,
with one of the primers linked to a paramagnetic bead. Beads end up being covered with
amplicons from one specific DNA frament. c) Beads carrying amplicons are enriched and
prepared for SOLiD sequencing. Modified from Shendure and Ji [28].

template, so that a very large amount of miniature PCR reactions are performed in
the emulsion [29]. This feature makes it possible to cluster PCR amplicons belonging
to each separate library fragment. In SOLiD sequencing, one of the PCR primers is
linked to a 1 µm paramagnetic bead which means that as the PCR is performed, the
bead will become covered with PCR products (Fig 2.1b). By keeping the template
concentration low, each drop will contain a maximum of one bead and possibly a DNA
template; thus when the PCR is finished, each bead will be covered by amplicons from
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one specific library fragment. The point of using beads is that they enable the isolation
of clusters of unique PCR products after the reaction has finished (Fig 2.1c). Beads
containing amplicons are separated from beads that did not take part in a PCR and
these beads are then attached to a slide [28].

Unlike Sanger sequencing which is based on elongation by a DNA polymerase, SOLiD
uses a DNA ligase [28]. At the beginning of sequencing, a primer is hybridized to
the adaptor sequence and then, in each cycle the primer is extended by hybridizing
fluorescently labeled octamer sequences to the amplicons (Fig 2.2). Four fluorescent
labels are used and each corresponds to the two bases in the fourth and fifth position
of the octamer according to the colour scheme in Fig 2.2. As an octamer binds to the
amplicon to be sequenced, the fluorescent colour is registered and the last three bases
which bind the fluorescent are cleaved off. The primer extension continues with the
binding of yet another octamer. In this way every fourth and fifth base are queried,
however, since there are four colours to identify 16 base pairs, one round of primer
extension does not reveal the identity of a single base, it only narrows it down. So
after a certain read length (50 bp), the strands are denatured to begin a new round
of sequencing, this time with a primer one base longer. The process is iterated until
every base has been queried twice. If the sequencing begins in the adaptor sequence,
the genetic code can be deciphered according to the principle described in figure 2.2
[28], [29]. In practice however, the data is aligned to a reference sequence which has
been translated to colour space, and after the alignment, the data is translated into
base space [30].

The random fragmentation of the DNA strands gives overlapping sequences, which
means that each genomic position is included in several fragments with different start-
ing positions, so called unique starting points (usp). The number of times a genomic
position is sequenced, independent of how many unique starting points it has, is its
sequencing coverage.
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Cycle 1

Cycle 2

After 4 cycles

XX XX XX XX XX
TX XX XX XX XX

XX XX XX XX XX
XX XX XX XX XX

Deciphering

AC AA CT CC CG
TA AA CC GC AC

TA AC GG GA CC
CT AA TG CG GC

TACTAAAACCTGGCCGACGCA

NNNXXNNN

T

TX XX XX XX XX

XX XX XX XX XX

Figure 2.2. The principles of SOLiD sequencing. Fluorescently labeled octamers bind to
the DNA strand that is to be sequenced. Each fluorescent corresponds to the nucleotides
in the fourth and fifth positions of the octamers according to the colour scheme. When an
octamer binds to the DNA strand, the fluorescent colour is registered, and the last bases
of the octamer are cleaved off. In this way every fourth and fifth base is queried. To get
the entire sequence, successive rounds of primer extension are performed, each time with a
displacement of the primer by one step, so that every base is interrogated twice. By letting
the first base be a part of the adaptor sequence (pink), the code can be deciphered.



Chapter 3

Methods

The approach we use to identify SNPs linked to obesity can be said to roughly follow
the process illustrated in Fig 3.1. The first step is to identify candidate genes, either
through bioinformatic methods or literature studies. When a candidate gene has been
identified, target-specific primers are designed so that the gene can be isolated and
amplified in a PCR. The PCR products are sequenced on the SOLiD platform and
the sequencing data is analysed. SNPs associated with obesity are then genotyped to
verify the results.

Figure 3.1. Schematic overview of the approach used to identify obesity associated SNPs

3.1 Identification of Genomic Regions and Primer
Design

The choice of candidate genes was based on the GWAS by Willer et al. [20]. Due
to limited resources it was not possible to sequence the entire genes, so regions of
specific interest needed to be identified. My approach was to look at the SNPs with
the highest obesity association and by using Haploview [31], isolate a region in LD
with the SNPs.

11



12 Methods

For the deletion upstream of NEGR1, the deletion region was studied using the UCSC
Genome Browser (http://genome.ucsc.edu) [32] and blastn (refseq database).

Genomic sequences were downloaded from UCSC Table Browser [33]. Primers were
designed using Primer3Plus [34]. Two separate design strategies were used: The first
strategy was to design one pool of overlapping amplicons of about 2000 base pairs
(bp). However, due to previously observed problems with a highly varying sequenc-
ing coverage and the loss of information in primer regions, a second strategy was
developed. The strategy was to design two almost completely overlapping pools of
amplicons. This makes it possible to remove the primer sequences from each pool and
still have a large overlap between amplicons, which evens out the sequencing coverage.

3.2 PCR and SOLiD Sequencing

Two study groups were used for the sequencing of the candidate obesity genes: (1)
A case group consisting of 547 children enrolled at the National Childhood Obesity
Centre at Karolinska University Hospital, Huddinge, Sweden. (2) A control group
consisting of 531 normal-weight Swedish adolescents. The DNA from each group
was pooled, so that two pools where no individual genotype could be identified were
obtained. This was done in order to decrease the amount of PCR reactions needed.

I performed PCRs for the TMEM18 gene. Primers had been designed so that there was
one pool of five overlapping amplicons. Primers were optimised by trying 3 melting
temperatures (55, 63, and 68◦C). PCRs were performed with the following reaction
mixture (volumes given for 1 reaction): 7.5µl primermix (0.3µM), 10µl template DNA
(5 ng/µl), and 7.5µl master mix. For the preparation of the master mix, solutions
from the KAPA HiFi PCR Kit (Kapa Biosystems; Massachusetts, USA) were used.
The master mix consisted of 1.25µl MilliQ water, 5µl buffer (5x, KAPA HiFi Fidelity
Buffer), 0.75µl dNTP (10 mM, KAPA dNTP Mix), and 0.5µl DNA polymerase (1U/µl,
KAPA HiFi polymerase). The PCR protocol used was 2 minutes at 95◦C, 30 seconds
at 98◦C, 15 sec at the optimised primer temperature, and 1.20 min at 72◦C.

Gel electrophoresis was performed on PCR products to verify correct amplification.
DNA was extracted from the gel by using the GeneJET Extraction Kit (Fermentas Life
Sciences; Sweden). In the case that there were no studder bands, DNA was extracted
directly by using the GeneJET PCR Purification Kit. Amplicon concentration was
measured on NanoDrop (Thermo Fischer Scientific; Michigan, USA). Sequencing on
the SOLiD platform was performed at the Uppsala Genome Centre.

3.3 Sequence Analysis

When analysing SLCX, I developed a strategy that I implemented in Microsoft Office
Excel 2007. The strategy was then slightly refined and implemented into two Python
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scripts for the analysis of FTO. A summary of the strategies is given in figure 3.2.

Figure 3.2. Summary of the steps in the SOLiD sequencing analysis. For each genomic
position, the coverage for the reference allele and for the alternative alleles is calculated.
Together with total coverage, this is used to calculate major and minor allele frequencies,
which are then used to perform χ2 tests and to calculate Odds Ratios.

The first step of both strategies was to calculate the coverage for each genomic po-
sition. The number of times there was a hit for the reference base was distinguished
from the number of times there was a hit for an alternative base. Major and minor
allele frequencies were then calculated for each position that had a total coverage ex-
ceeding 500. Frequencies were calculated as individual base coverage divided by total
coverage.

For SLCX, usps for each position were also counted. Statistical analyses were per-
formed for positions with a coverage exceeding 500, with more than 30 usp and a
minor allele frequency over 5%. For each position, Odds Ratio (OR) (3.1) and Stan-
dard Error (3.3) were calculated as

OR = pob/(1− pob)
pc/(1− pc) (3.1)

L = ln(OR) (3.2)

SE =

√
1

nobpob
+ 1
nob(1− pob) + 1

ncpc
+ 1
nc(1− pc) (3.3)

where pob and pc are the minor allele frequencies in the obese and control group,
respectively and nob and nc are the number of individuals in each group. Confidence
intervals (3.4) were calculated so that the accumulated degree of confidence was at



14 Methods

least 95% after Bonferroni correction. Confidence intervals were constructed using
Woolf’s method.

CI = L± 2.58SE (3.4)

χ2 tests were then performed for positions with an OR 6= 1. The null hypothesis
was that the probability of being obese or slim is equal in both groups independent
of whether one has the minor or major allele. Since the individuals were pooled, the
genotype for each individual could not be considered. Therefore, instead of considering
the number of people in each group, the number of alleles was used in the statistical
calculations.

To assess the regions in which the identified positions were located, the UCSC genome
browser was used. PhyloP [35] and RepeatMasker [36] were used to study the conser-
vation at individual positions and to examine whether the region contained repetitive
elements or not.

For the sequence analysis of FTO, the method of analysis was slightly refined. Instead
of basing the selection of positions on OR, χ2 tests were performed for all genomic
positions that had a sequencing coverage exceeding 500 and a minor allele frequency
higher than 5% in either the test or control group. Positions were then evaluated
based on the χ2 p-value, after Bonferroni correction. OR was used to indicate the
direction of influence of the minor allele (whether it had an increased or decreased
odds of being found in obese individuals). The number of usps was not counted since
it was considered less interesting than coverage.

3.4 Quality of SOLiD Sequencing

The observed minor allele frequencies for SLCX and FTO were compared to HapMap
SNP frequencies by performing Mann-Whitney tests. For FTO, I examined whether
the relative frequency discrepancy (3.5) was correlated with the minor allele frequency
in the control and obese groups, and whether there was any difference between the
groups. I also examined whether we were able to identify the correct minor allele.

|ObservedFrequency −HapMapFrequency|
ObservedFrequency

(3.5)

The remaining analyses of sequencing quality were performed for the SLCX sequencing
only. The sequencing coverage, the number of unique starting points and the difference
in minor allele frequency between the test and control groups in repetitive regions (as
defined by UCSC’s RepeatMasker) were compared to those in non-repetitive regions
by performing Mann-Whitney tests. The effect of distance to primer, i.e. amplicon
ends, on coverage was studied by correlation.
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I examined whether there was any difference in sequencing coverage between amplicons
(repetitive regions were removed). Since coverage was not normally distributed a non-
parametric Kruskal-Wallis test was performed. A Friedman test was performed to
examine the block influences (test and control groups).

All statistical analyses were performed using MiniTab .
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Results

4.1 Identification of Genomic Regions and Primer
Design

Because SH2B1 has previously been linked to obesity [20], I chose to design primers
for the entire gene to look for causative SNPs. For KCTD15, the associated SNPs
are downstream of the gene [20], and a haplotype analysis was performed to choose
which region to sequence. Parts of KCTD15 were found to be in LD with two of the
obesity associated SNPs (Fig 4.1) and I therefore chose to design primers for the entire
KCTD15 and three haplotype blocks upstream of the gene, one of which contains the
assocated SNPs. In the case of TMEM18, the associated SNPs were tightly clustered
in a region of about 57 kb downstream of the gene [20]. Because of the strong
association in this region, I chose to sequence it in addition to the TMEM18 gene.

The deletion close to NEGR1 was found to contain several highly conserved regions,
and the end regions showed the highest degree of conservation. There were no hu-
man mRNAs encoded in the region, but there was a hit for a cDNA clone from a
mosquito. A blastn search with this sequence, using the refseq rna database, revealed
that the sequence is similar to protein X (actual name will not be given) in many
species, among which are humans. To confirm, a blastn search with the human pro-
tein X was performed, which gave many hits across the genome, indicating that this
is a common pseudogene. One of the hits was in the deletion region upstream of
NEGR1. The pseudogene has not been shown to be transcribed, but there are six
human expressed sequence tags (ESTs) at the 3’ end. These ESTs have however
only been documented in cell lines. I used the Emboss pariwise alignment algorithm
(www.ebi.ac.uk/Tools/emboss/align) to evaluate the similarity between the parental
gene and its pseudogene. The pseudogene is 85.8% identical to the mRNA of pro-
tein X, and the greatest difference is in exon 3. By using BLAT searches I scanned
several mammalian genomes with the protein X mRNA as bait. I discovered that the

17
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Figure 4.1. Haplotype view of the region around KCTD15. The SNPs which were most
strongly associated with BMI according to Willer et al [20] are given. The arrow indicates
the direction of transcription of KCTD15.

pseudogene is conserved in monkeys, but not in more distantly related organisms. To
examine whether the pseudogene is expressed in humans, I chose to design primers for
a qPCR which will be performed on human RNA from brain.

The success rate of the primers I designed was on average 70% (unsuccessful primers
were redesigned).

4.2 Sequence Analysis - SLCX

Three positions in SLCX with an OR 6= 1 were identified (Table 4.1, Fig 4.2). Two
of the SNPs have higher odds of being found in the obese group than in the control
group. The null hypothesis of the χ2 test could be rejected for all three positions
(P ≤ 0.01), i.e. there is a significant difference in minor allele frequency between the
test and control groups for these positions. Neither of the positions is located in a
coding sequence or obvious splice site. Two positions are located in intronic regions,
whereas the third is found upstream exon 1.

The three identified SNPs were studied with UCSC’s PhyloP and RepeatMasker. One
of the positions was found to be negatively conserved, whereas the other positions were
evolutionarily neutral (Table 4.1). Two positions were located in repetitive regions.
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Figure 4.2. Sequencing results for SLCX. a) Approximate exon locations and the locations
of the three obesity-associated SNPs that were identified. b) Level of sequence conservation.
A positive value indicates a high conservation, while a negative value indicates that the
sequence has changed many times during evolution. c) Difference in minor allele frequency
between the obese and control groups. d) PCR amplicons of SLCX. e) Sequencing coverage.

Table 4.1. Positions associated with obesity in SLCX. LTR=Long terminal repeats,
SINE=Short interspersed repetitive elements

Position Region Allele Minor 
allele 
frequency 
difference 

Odds 
Ratio 

95% 
Confidence 
Interval 

p‐
value  

Coverage Unique 
Starting 
points 

Repetitive 
region 

Conservation  

1 Intron 8 C/A 0,131 0,219 

 

0,117‐ 

0,410 

0,000 3046 100 

 

No Neutral  

2 Intron 9 T/C 0,091 

 

0,443 

 

0,269‐ 

0,730 

0.000 1039 

 

95 

 

LTR Negative  

3 Upstream 

exon 1 

A/G 

 

0,065 

 

1,576 

 

1,030‐ 

2,414 

0.006 34650 

 

47 

 

SINE Neutral  

 

4.3 Sequence Analysis - FTO

Positions with a χ2 p-value lower than 5% (after Bonferroni correction for 1987 cal-
culations) were considered significantly associated with obesity in this cohort. 126
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positions had a p-value that met the requirements. Out of these, positions with a
minor allele that could not be determined (N) were removed. This left 53 positions
(Fig 4.3) which were then filtered for positions with a minor allele frequency exceeding
5% in the control group (since we are interested in frequent SNPs). 39 positions
were then left, 31 of which were not documented in dbSNP [37]. The distribution of
the significant positions can be seen in table 4.2. SNPs considered significant have a
p-value ≤ 0.05 and a minor allele frequency ≥ 0.05 in the control group. SNPs where
the minor allele could not be determined were not included. 11 of the associated
SNPs were located in intron 1, and 6 of these are in LD with rs9939609. There were
no significant SNPs in any exons. The results for the most "famous" SNP in FTO,
rs9939609, could not be repeated, its χ2 p-value was 0.14.

Table 4.2. Distribution of obesity linked SNPs in FTO

Intron Number of  

significant SNPs 

1 11 
2 1 
3 1 
4 5 
7 4 
8 17 
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Figure 4.3. Obesity linked positions in FTO. Top graph: schematic view of FTO. Bottom
graph: -log(p) plotted against genomic position. Top line (pink) shows the limit for signifi-
cance at 1% (after Bonferroni correction), second line (turquoise) shows the 5% limit, and
the bottom line (green) shows the limit for significance at 5% without adjusting for multiple
testing.
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4.4 Quality of SOLiD Sequencing

Figure 4.4. Correlation between observed minor allele frequencies and HapMap SNP
frequencies for FTO and SLCX
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4.4.1 Adherence to known SNP frequencies

The observed minor allele frequencies were found to be fairly adherent to the HapMap
frequencies (Fig 4.4). A Mann-Whitney test for SLCX gave a point estimate of -
0.00312 for the difference in minor allele frequency between HapMap and our results
(95% CI [-0,01025; 0,01245]). The null hypothesis of equal distributions could not be
rejected (P=0.2869). For both FTO and SLCX, the Pearson correlation coefficient was
slightly over 0.8, which indicates that the HapMap allele frequencies are consistently
slightly higher than the allele frequencies in our cohort.

I found a significant correlation between the minor allele frequency and the relative
frequency discrepancy compared to HapMap (-0.383 and -0.210) for the control and
obese groups respectively (P=0.000). The relative error decreases for higher minor
allele frequencies. For FTO, the discrepancy with HapMap frequencies is smaller in
the obese than in the control group (Fig 4.5). Our minor allele was compared to that
of HapMap. In those cases where a minor allele was detected, it was consistent with
that of HapMap. Out of 713 HapMap SNPs, 520 were detected in both groups. Out
of the detected SNPs, all but 3 had the correct minor allele. The nucleotide for these
3 SNPs could not be identified, which was indicated by an "N".

Figure 4.5. Deviation between HapMap SNP frequencies and observed frequencies for
FTO.
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4.4.2 Effect of repetitive regions on primers

To examine whether repetitive regions affect coverage and thus the quality of the
sequencing, a Mann-Whitney test was performed. The test showed that the coverage
in repetitive regions is significantly different from the coverage in non-repetitive regions
(P=0.0000). The point estimate for the difference in coverage is -585.0 (95% CI:
-657.0; -514.0). The median values were 2893.0 and 3801.0 for repetitive and non-
repetitive regions, respectively. There was no significant effect of repetitive regions on
the number of unique starting points. The difference in MAF between the test and
control groups was found to be slightly higher in repetitive regions; point estimate
0.00028 (P=0.0000, 95% CI: 0.00023;0.00034). A correlation study confirmed that a
higher coverage is correlated to a lower difference in minor allele frequency between
case and control groups (Pearson coefficient -0.10).

4.4.3 Effect of distance to primer on coverage

Coverage is negatively correlated to distance to primer (-0.37), meaning that when
the distance to a primer decreases, i.e. near the ends of the PCR-amplified sequences,
the coverage increases. This can also be seen in figures 4.2d-e.

4.4.4 Difference in coverage between amplicons

The null hypothesis of the Kruskal-Wallis test of equal median values could be rejected
at a level of P=0.000. The test was performed for both the control and obesity groups.
Friedman tests for the median and average coverage values were performed. The null
hypothesis for this test is that all treatment effects, in this case amplicon effects, are
zero, i.e. that coverage is not affected by the amplicons. The null hypothesis could
be rejected at a level P=0.010 in favour of the alternative hypothesis that coverage
is affected by amplicon sequence in at least some cases. Figures 4.2d-e and 4.6 show
that coverage clearly differs between amplicons.
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Figure 4.6. Sequencing coverage in the amplicons of SLCX in the test and control
groups, respectively
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Discussion

SLCX is a gene that has never been associated with obesity until now. Three SNPs in
SLCX have an OR significantly separated from 1, indicating that these alleles are not
found in obese and lean individuals to an equal extent and therefore could play a role
in the development of obesity. SNP 1 has the lowest OR (Table 4.1), suggesting that
individuals with the alternative allele have a lower odds of becoming obese compared
to the test group. SNP 2 has a slightly higher OR, but still the alternative allele is
more common in the control group. Interestingly, the direction of the OR of SNP 3 is
opposite to that of the two other SNPs. While SNPs 1 and 2 seem to protect against
obesity, SNP 3 is more often found in obese individuals and is potentially causing
the weight gain. SNP 2 was found to be negatively conserved, whereas the other
positions were evolutionarily neutral. A negative degree of conservation means that
the position is fast evolving and that alternative alleles have been introduced many
times during evolution, possibly to adapt to changes in the environment. SNP 3 is
found upstream of the first exon whereas the other two SNPs are intronic. None of
the SNPs is located at an obvious splice site or regulatory region, but it is possible
that they exert their effect by altering the splicing mechanism or the expression of the
gene through unknown mechanisms.

Whereas SLCX was previously unlinked with obesity, SNPs in the first intron of FTO
have showed a significant association in several studies. I here identified 39 obesity-
associated SNPs in the FTO gene. All of the SNPs were located in intronic regions,
with clusters in introns 1 and 8 (Table 4.2). SNPs in intron 1 have previously been
associated with obesity [4], and SNPs in intron 4 have been found to correlate with
serum insulin levels and insulin resistance, but not body weight [38]. Intron 8 has so
far not been associated with obesity or any other medical condition. It should however
be noted that intron 8 is the longest, which could explain the larger amount of SNPs
found in it.

Several studies have pointed toward an involvement of FTO in food intake and energy
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regulation. Inactivation of Fto in mice leads to a reduction in adipose tissue, and a
higher tolerance to high-fat diets [15]. These results were strengthened by another
study which showed that food intake in rats is influenced by the expression levels of
Fto in the hypothalamus. The more Fto is expressed, the lower is the energy intake
[16]. Studies have also shown that variants in FTO intron 1 influence food intake in
children [18].

Although variants in intronic regions of FTO have been linked to obesity, this does not
necessarily mean that the FTO gene is the reason behind the association. If FTO is
indeed involved in common obesity, it would be expected that mutations causing a loss
of FTO function, would be prevalent in either obese or lean individuals. This is however
not the case; loss-of-function mutations are equally common in both groups [39]. It
was recently reported that an autosomal recessive disorder in a consanguineous family
was caused by a loss-of-function mutation in FTO. Affected individuals had multiple
malformations including growth retardation, functional brain deficiency and severe
psychomotor delay. Some individuals had structural brain malformations and cardiac
defects. This points to an involvement in the development of the central nervous and
cardiovascular systems. It was also observed that heterozygotes were not clinically
obese [40]. Thus, although studies point to the involvement of FTO in body weight
regulation, it is clearly not its only function. The wide expression of FTO also fits with
an involvement in several systems, one of which is likely to be energy homeostasis [14].

The intronic regions where the strongest obesity association has been observed are
highly conserved in vertebrates. The proximity to the genes IRX3, IRX5 and IRX6 is
also highly conserved, which indicates that the region is a genomic regulatory block
(GRB). GRBs control the expression of target genes and the regulatory sequences are
often found in introns of so called bystander genes. In the case of FTO, this would
mean that FTO is a bystander gene that has been mistaken for an obesity gene and
that the actual cause for the association would be IRX3, 5 or 6. IRX3 is closest to
FTO and has been found to be involved in the regulation of the ratio of pancreatic
beta to epsilon cells, which means that it is involved in the control of insulin secretion
and could be the underlying cause for the association to BMI [41]. The combination of
GWAS and studies of conserved synteny could be a promising approach for identifying
causative mutations behind common obesity. I here identified additional intronic SNPs
in FTO and SLCX, but whether these are located in GRBs has not been examined.

In the BMI associated deletion upstream NEGR1 I identified a processed pseudogene.
Pseudogenes are non-functional sequences with a high similarity to one or more par-
alogous genes and they can arise through either retrotransposition or duplication of
genomic regions [42]. Processed pseudogenes are copies of the mRNA of their parental
genes and are thus intron free [43]. It has been shown that processed pseudogenes
regulate gene expression by RNA interference in mouse oocytes [44], [45] and that
the transcription level of a human ABC transporter is regulated by its pseudogene
[43]. The expression of the ABC transporter gene was found to decrease when the
pseudogene was knocked out. It was speculated that the genes competed for a cellular
RNA degradation route, and that when the pseudogene was not expressed, the mRNA
of the parental gene was degraded to a higher extent. Whether the pseudogene near
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NEGR1 is the explanation behind the association with BMI will be studied in a future
project.

To summarise, many genes are involved in the development of common obesity, a
majority of them are certainly still unknown. There are also several types of genetic
variation that could contribute to an obesity-prone genotype, for instance copy number
variations [46] and epigenetic modifications [47]. It is however important to stress
that most people are not genetically destined to become obese. Even though some
people are more prone to gaining weight, environmental factors still matter. This
was demonstrated in a study by Andreasen et al [48] which showed that the effect
of FTO SNP rs9939609 depends on the level of physical activity. Physically active
individuals carrying the risk allele weigh less than those that are physically inactive.
A study in a Swedish cohort of elderly men [49] further indicates the importance of
environmental factors. In this study, no association between FTO genotype and BMI
was found. These men have lived most of their life in a non-obesogenic environment,
which suggests that the effect of FTO genotype is dependent on environmental factors.

Overall, the results of this pooled sequencing strategy should be seen as an indicative
as to which SNPs could be obesity linked, rather than regarded as absolute proof. The
strategy of pooling DNA has several risks. There is no guarantee that DNA from all
individuals in the cohort was amplified in the targeted PCR, and DNA from different
individuals could be amplified to a varying extent, leading to false allele frequency
approximations and thus false positive SNPs. However, a recent study performed
on the Roche 454 sequencer [50] found that pooled DNA strategies give accurate
estimates of SNP frequencies, something which was supported by my results (Fig 4.4).
Still, in order to verify the results, all individuals in the cohort will be genotyped for the
most significant SNPs in FTO and SLCX. It is however difficult to draw conclusions
from these results; the test cohorts used may not be optimal since psychological
problems such as depression are likely to be overrepresented among the obese children
and results will need to be verified in other cohorts as well. The clustering of SNPs in
the first intron of FTO is however a sign of quality, as is the high correlation between
observed SNP frequencies and HapMap frequencies.

SOLiD sequencing is cheaper and has a higher throughput than Sanger sequencing [51],
but it suffers from a varying coverage depth between different regions (Fig 4.2). I found
that coverage is significantly higher near amplicon ends, which has been previously
reported by Harismendy et al [51]. The higher coverage at amplicon ends was expected
since the PCR products are fragmented through sonication prior to sequencing. The
sonication process is biased toward the ends of the amplicons (private communication),
and there will thus be more fragmentation near the ends of the amplified regions. As
a result, the amplicon ends are overrepresented in the DNA library that is to be
sequenced, which leads to a significantly higher coverage. We hope that the issue of a
higher coverage near amplicon ends can be resolved by using a primer design strategy
with two almost completely overlapping pools of primers.

I also found coverage to be higher in non-repetitive than in repetitive regions, which
has also been reported by Harismendy et al [51]. The bias against repetitive regions
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could be due to problems with mapping short repetitive reads to a unique position.
Since 45% of the human genome consists of repetitive regions [51], this is potentially
problematic. Interestingly, the coverage varies within non-repetitive regions as well; I
found that different amplicons are covered to a significantly varying extent (Fig 4.6).
A possible explanation is that the amplicons are not present at equal concentrations
in the initial DNA mix (due to random pipetting errors). This assumption would have
been strengthened if the variance in coverage were not consistent between the test and
control groups. However, a Friedman test showed that the variance in coverage is the
same in both the test and control groups and that the difference in coverage is due to
some unknown difference between amplicons. Since repetitive regions were removed
prior to statistical analysis they could not be the cause. Longer amplicons naturally
have a higher coverage, but since the Friedman test was performed for average coverage
(coverage per bp) this would not influence the results. It seems as though something
inherent to the DNA sequence could be the reason, as for example differences in GC
content (private communication). Indeed, repetitive, AT-rich regions have been found
to have the lowest coverage of all sequences [51].

The variance in coverage depth leads to resources being used to sequence the same
part over and over again, while other parts are sequenced to a lower extent, and in
some cases, not sequenced at all. The variance slightly affects the difference in minor
allele frequency between test and control groups, but this difference is very small and
unlikely to have any impact. More importantly, variance in coverage influences which
SNPs can be identified since rare genetic variants are less likely to be identified at
lower coverage [50]. A lower coverage also leads to a higher percentage of random
base calling errors which are not influenced by local sequence characteristics [51].

With all of this in mind, the search for genetic explanations behind obesity continues.
The purpose of this research is not primarily the development of a drug against obesity,
but rather a greater understanding of genetic mechanisms behind body weight control,
something which could lead to better recommendations and treatments in the future.
It is clear that the methods used so far have failed, and more research will be needed
in order to stop the ongoing obesity epidemic.
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