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Introduction 

A decade has passed since the first drafts of the 3 billion base pairs of DNA that 
makes us human was presented1,2. A surprising finding from the analysis of the 
human genome sequence was the relative low number of genes. The finishing of 
the human genome project3 (HGP) led to the conclusion that the number of pro-
tein coding genes was in the range of 20-25 000, which is similar to the number 
found in the worm C. elegans4. In total, only 1.2 % of the human genome was 
found to code for proteins. It is now becoming clear that the complexity of an 
organism is reflected not by the number of genes it carries, but rather by the 
dynamic regulation of the genome, which is reflected in the number of func-
tional bases outside those coding for protein5.  

Despite the relative low number of genes, a much larger number of different 
proteins can be made from the sequence through alternative splicing of internal 
exons and use of tissue-specific transcription start sites (TSS). Other layers of 
complexity to the proteome comes from regulation of gene expression and from 
post translational modifications. To a large extent, the gene regulation is defined 
by interaction of proteins, called transcription factors (TF), with DNA elements 
in the promoters close to the transcription start sites (TSS), but it is less well 
understood how the large proportion of DNA sequences outside the coding part 
of the genome, often referred to as “junk” DNA, can affect gene expression. 
Genome-wide studies such as those presented in this thesis and comparisons 
between species have increased our understanding of how these sequences are 
used. It is now estimated that around five to eight times as many noncoding 
bases as bases coding for protein are under functional constraint, and further 
that functional sequences are turning over at a high rate during evolution5.  

The HGP pawed the way for other large international projects, focusing on 
identifying functional variants in the genome. The HapMap project6 aimed to 
characterize the common patterns of DNA variation in the human genome by 
genotyping more than one million sequence variants in different populations, 
which has been useful for genome-wide association studies (GWAS) aiming to 
link common variants to common phenotypes. In the ENCODE (ENCyclopedia 
of DNA Elements) project, the aim is to characterize all functional elements in 
the genome. These projects rely on new technologies that would not have been 
possible to develop without the reference genome.  

In 2004 came a new era in sequencing by the introduction of the first mas-
sively parallel sequencer (MPS), the pyrosequencing based 454 instrument 
which could read hundreds of thousands of short sequences in less than a day. 
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Today, sequencers from Illumina and Life technologies are capable of generat-
ing complete genome sequences in a single instrument run. These instruments 
are often referred to as “second-generation” or “next-generation” sequencers 
(NGS) where the first generation refers to Sanger sequenceing7 using labeled di-
deoxy nucleotides. Today, the “second generation” instruments are becoming 
the method of choice for many applications, and a new wave of “next-
generation” instruments are now under development, some promising long sin-
gle molecules to be read in real time8 while others are striving to sequence 
without light detection. In the following text I will use the term MPS for the 
current systems. The high number of reads generated by MPS can also be used 
for other applications where not the sequence itself but rather the count of 
aligned reads is used, e.g. to identify differentially expressed genes or protein-
DNA interactions through enrichment of chromatin where the protein of inter-
rest binds. 

This thesis aims to further our understanding of transcriptional regulation 
through genome-wide studies of protein-DNA interactions using both microar-
rays and MPS. TFs have been shown to be overrepresented among genes with a 
elevated expression level in humans compared to three other primates9. The 
notion of a rapid evolution of TFs in the human lineage agrees with the sugges-
tion that a large fraction of phenotypic differences between humans and chim-
panzees, which have an almost 99% sequence identity, is due to changes in gene 
regulation. Therefore, the study of TF binding and function on a genome wide 
scale has implications both for the understanding of diseases and for what 
makes us human. In this thesis, several TFs with medical implications have 
been studied. Among these are FOXA2 and HNF4a, which are essential for the 
liver, and USF1 which is involved in familial combined hyperlipidemia. In the 
following chapters I will give a background to the biology behind transcription-
al control and give a short description of the transcription factors studied.  

The human genome and its variations 
The diploid human genome consists of six billion nucleotides arranged in 23 
chromosome pairs, with one copy of each chromosome coming from each par-
ent. The DNA molecule forms a double helix structure10, which consists of two 
complementary polymers made up of a sugar-phosphate backbone to which the 
four information carrying nucleotides adenine, cytosine, guanine and thymine 
(A,C,G,T respectively) are connected. The properties of the nucleotides are such 
that only A-T and C-G can form base pairs (bp) through hydrogen bonds be-
tween the two strands. Mutations can lead to mismatched base pairs which in 
most cases are corrected enzymatically, but sometimes failure of the repair me-
chanism results in an altered base pair. Such point mutations or single nucleo-
tide variants (SNVs) are called polymorphisms (SNPs) if the frequency in the 
population is above 1 %. The most common change is transition from C to T 
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caused by spontaneous deamination of methylated cytosines to thymine in CpG 
dinucleotides, which results in mismatched G/T base pairs. In most cases, the 
cell replaces the T with a C to restore the C/G base pair but sometimes the G is 
replaced by A, which results in a change from C/G to T/A11. 

One goal of the HGP was to catalogue the variations between genomes, and 
from the initial sequencing of the genome it was assumed that difference in 
DNA sequence between any two individuals mainly consists of SNVs, with less 
than 0.1 % of the sequence altered12. It should be noted though that 0.1 % of the 
genome corresponds to several million bases that can account for the heritable 
variations in traits and disease susceptibility.  

The knowledge about the diversity of human genetic variation has increased 
substantially since the draft genome was presented, not so much from the se-
quences generated by the HGP as from the technological advances that would 
have been impossible without the reference sequence. In the microarray field, 
the development of genome-wide BAC arrays lead to the identification of hun-
dreds of large copy number variations (CNVs) in the genome13 and later, dense 
oligonucleotide arrays have allowed shorter CNVs to be studied. The advent of 
MPS and the publications of individual genomes has lead to a steep increase in 
the count of reported SNVs, rising from the 1.42 million found in the draft se-
quence14 to the current estimate of 23.6 million15. Most genomes published con-
tain around 3-4 million SNVs. Larger structural variations are less frequent, but 
they likely contribute more to the number of base pair differences between indi-
viduals. The Venter genome, sequenced using Sanger sequencing, contained 
more than 800 000 indels, and the 454 sequencing of the Watson genome re-
vealed > 200 00016. The short read techniques gives some limitations to the 
range of indel sizes that can be detected, but improvements to read lengths and 
mapping algorithms have increased the possibility to find these events.  

Non-synonymous changes to coding sequence are surprisingly common – the 
Watson genome had ~11 000 such changes and similar numbers were found in 
the latest publication, describing the genome of a Japanese male17. In total Wat-
son and Venters genome differed by 7 648 amino acid changes. Assembly of 
non-aligned reads has shown that the sequenced genomes often contain 3-5 Mb 
of non-reference sequences.   

The structural variants range in size from small insertions and deletions (in-
dels) affecting one to a few hundred bp to CNVs affecting several megabases. 
From the publications of individual genomes, it is clear that indels are more 
common than previously thought. There are several different types of structural 
variants, sometimes with interchangeable definitions18: 

 
• Indels are small insertions and deletions, comprising one to a few hun-

dred base pairs. Indels are less frequent than SNPs, but are similar in 
terms of basepairs of variation19. Indels occurring in coding sequence 
causes frameshift mutations unless their length is a multiple of three. Al-
though relatively rare, this causes several disorders20.  
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• Microsatellites and other simple repeats are classified as Short tandem 
repeats (STRs). They are often 2 – 6 base pairs that occur in 10-100 cop-
ies. The frequency is around one every few thousand base pairs, and the 
high mutation rate has made them useful as genomic markers. 

•  Segmental duplications are blocks of DNA that occur at multiple plac-
es in the genome. They are generally > 1 kb with > 90 % sequence iden-
tity. These duplications are estimated to occupy ~ 4% of the genome21 
and are frequently found on different chromosomes and may thus be a 
cause of chromosomal rearrangements. 

• CNVs are copy number variations of genomic fragments that are larger 
than 1 kb. CNVs can be caused of  insertions, deletions and duplications. 

• Inversions occurs when a segment is reversed in comparison to the ref-
erence genome.  

• Translocation is a change in position for a chromosomal fragment, 
which can be either intra- or interchromsomal although the term is most 
commonly used for transfers between non-homologous chromosomes. 
Balanced translocations occurs when parts of two chromosomes change 
place, and does not affect the total DNA content. 

A large proportion of the genome (around 45 %) is derived from transposable 
elements (TE), with over 3 million copies of SINE-, LINE-, DNA- and LTR-
transposon insertions1. These repetitive elements are ranging from 0.1-8kb in 
size, with an average distance of ~ 0.5 kb between them. Polymorphisms of Alu 
SINEs contribute to a large proportion of observed CNVs16. Several large (> 10 
kb) transposon free regions (TFRs) have been found in the human genome, with 
the majority overlapping annotated genes22. The TFRs are also enriched with 
ultraconserved elements and genes with a regulatory function, and many trans-
poson insertions associated with cancer are found in TFRs. Most of the se-
quence in the TFRs is not evolutionary conserved, therefore it is not clear how 
these regions have remained transposon free, but one possibility is that insertion 
of TEs affect chromatin structure or spacing of regulatory regions, which may 
make the TE insertion deleterious.   

Chromatin structure 
The DNA molecules can be compacted in several ways, as illustrated in Figure 
1. This organization of chromatin can serve both structural and functional pur-
poses. The first level of compaction occurs when the DNA associates with his-
tone proteins to form chromatin. Two copies each of histone H2A, H2B, H3 and 
H4 form the histone octamer around which 147 bp of DNA is wrapped two 
times through interaction between the histone core and the DNA phosphodiester 
backbone23. These structures, called nucleosomes, are separated by linker DNA 
of varying length of which around 20 bp are bound by the linker histones H1 
and H5. This creates a “beads on a string” conformation, which can further be 
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packed into the 30-nm fibers. During cell division, the 30-nm fibers forms giant 
loops fixed around a protein skeleton, and are thus tightly packaged into the 
optically visible mitotic chromosomes24.  

 

 
Figure 1. A) Compaction of DNA into chromosomes. B) 3D-model of DNA wrapped 
around histones. Reprint from Felesenfeld and Groudine, Nature 2003. 

The fundamental role of histone proteins in organizing the DNA make them 
some of the most conserved protein families known. Each histone protein has its 
N-terminal tail reaching out from the nucleosome core (Figure 6) with several 
amino acid residues available for modifications by nuclear proteins. These mod-
ifications form a so called “Histone Code” of chromatin functions, in which 
they are thought to represent specific functions such as gene activation or si-
lencing. Histones are generally assembled into chromatin during replication of 
DNA, but the histone variants can be inserted at other time as a means of chang-
ing the properties of the chromatin. A number of alternative histone proteins 
with discrete functions have been found. CenHS is found to be localized in cen-
tromeric chromatin and the H2A.Z variant hinders the spread of silent heteroch-
romatin in yeast25. The H3.3 variant replaces histone H3 over active genes, thus 
providing a mechanism of inheriting activated chromatin26. Macro H2A replac-
es one or both H2A in the inactive X-chromosome and stabilizes the nucleo-
some and impede the temporal removal of the H2A-H2B dimer which is an 
essential step in transcription27.  
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Transcriptional regulation 
The human body is made of more than 200 different cell types which contain 
the same genomic information in the nucleus, with some exceptions: erythro-
cytes are nucleus free, and gametes are haploid while leukocytes shuffle genetic 
segments to create diverse antibodies. Transcriptional regulation is the key to 
establish the cell type diversity and further, the cells need to be able to quickly 
reprogram the way proteins are expressed in order to adapt to changes in the 
environment which is achieved by the activation and silencing of different parts 
of the genome, which affect the expression levels of the genes.  

The transcriptome 
The information flow in a cell follows the central dogma of molecular biology, 
which was postulated by Crick in 195828. According to this dogma, information 
goes in a unidirectional way from DNA via RNA to proteins. Three different 
RNA polymerases (Pol I-III) produce the variety of transcripts which together 
forms the transcriptome. The different types of transcripts and their functions 
are summarized in Table 1.The major part of the transcriptome consists of ribo-
somal RNAs which are needed to translate messenger RNAs into proteins. Pol I 
produces the ribosomal RNA subunits 28S, 18S and 5.8S, whereas Pol II tran-
scribes the protein coding genes into pre-mRNA and it also generates small 
nuclear RNAs (snRNAs). The main products from Pol III transcription are the 
transfer RNAs (tRNAs) and the 5S subunit of the ribosome.  

The regulation of Pol I and III genes mainly affects the growth rate of the 
cell, as they produce the components necessary for protein synthesis. Regulation 
of Pol II genes is essential for defining the cell type and for response to stimuli. 
There are several levels of regulations available for the organism. The compac-
tion of DNA around the histone octameres in nucleosomes represses the af-
fected genes, and histone acetylation can give the chromatin a more relaxed and  

Table 1. Different types of RNA and their function. 

Type of RNA Location Function 

Ribosomal (r)RNA Cytoplasm Protein synthesis
Transfer (t)RNA Cytoplasm Protein synthesis
Pre-mRNA Nucleus Unspliced m-RNA
Messenger (m)RNA Cytoplasm Protein coding RNA
Small nuclear (sn)RNA Nucleus Splicing
Small nucleolar (sno)RNA Nucleus RNA modification
Micro (mi)RNA Cytoplasm Silences mRNAs by targeting 3´UTRs  
Piwi-interacting (pi)RNA Germline Defense, silencing of retrotransposons 
Small interferring (si)RNA Target dependent Gene regulation, RNA interference 

srpRNA Cytoplasm Secretion, part of signal recogninton particle 

Long non-coding (linc)RNA Nucleus Gene regulation



 15 

 
Figure 2. HepG2 RNA-seq. A) Coverage over the long non-coding RNA KCNQ1OT1, 
with a NFY binding site in the promoter identified by ChIP-seq. B) A highly expressed 
protein coding gene shows that mainly the mature mRNA is present in the total RNA 
preparation, but some reads remain from introns. C) snRNAs and rRNA remnants are 
difficult to remove in total RNA preparations. 

 
open state. Transcription factors bind to DNA and interact with the transcription 
machinery, which affects transcription in either a positive or a negative way. 

 RNA molecules are also important regulators; small miRNAs can affect the 
conversion of mRNA to protein and large non-coding RNAs are crucial for 
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imprinting events which allows for silencing of specific genes on either the 
paternal or maternal chromosome, and for regulating genes in other ways.  

The recent advances in technologies have lead to a change in the way we 
view mammalian transcription. By sequencing and cloning the capped ends of 
transcripts, the RIKEN institute in Japan has identified a large number of new 
transcripts and TSS in mice29. A different approach was taken by Kim et. al 
who used genome-wide location of binding sites for the preinitiation-complex in 
fibroblast cells. They found more than 10 000 active promoters, and a wide-
spread clustering of active promoters and extensive use of alternative TSS. Fur-
ther, 1 200 unannotated transcriptional units were identified. High-resolution 
oligonucleotide arrays was used by the Affymetrix research laboratory to study 
the complete transcriptome, with the conclusion that the majority of the genome 
is being transcribed at some point, mostly as nonpolyadenylated transcripts of 
unknown function30. Deep sequencing of RNA by MPS (RNA-seq) has made it 
possible to study different components of the transcriptome in a strand-specific 
way, which has revealed that antisense transcription often occurs from active 
promoters31 and that tiny RNAs are associated with TSS with G+C rich promo-
ters32. Some examples of different types of transcripts seen in sequencing of 
total RNA are given in Figure 2. 

The basal transcription machinery 
A key event in gene regulation is the assembly of general transcription factors 
and Pol II into the preinitiation complex (PIC), which consists of over 60 poly-
peptides. At transcriptional initiation, Pol II forms a holoenzyme together with 
several enzymes and general transcription factors. The general factors (TFII A-
J) are those that permit selective initiation by Pol II in vitro33. The first step is 
binding of the TATA binding Protein (TBP) subunit of TFIID to the TATA box 
which triggers the assembly of the other factors and Pol II. Other components of 
the holoenzyme interact with transcriptional activators either directly or through 
the Mediator complex, which functions as a link between Pol II and transcrip-
tional regulators34.  

Although all three RNA-polymerases transcribe DNA templates to RNA, on-
ly Pol II transcripts are spliced and translated to protein. This discrimination is 
possible through a process termed “capping”, where an enzyme that interacts 
with Pol II add a cap structure to the transcript, thereby forming the pre-mRNA 
which can be recognized by other enzymes which catalyses the splicing and 
polyadenylation necessary for translation to protein by the ribosome. 

Recently, several new functions for the basal transcription machinery have 
been discovered. One such function is the “mitotic bookmarking”, that can pre-
serve the transcriptional state of the cell through mitosis35 (Figure 3).  
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Figure 3. Mitotic bookmarking. When the cell enters mitosis, TBP binds protein 
phosphatase 2A (PP2A) and CAP-G which keeps the promoter from being 
tightly condensed. Pol II dissociates during mitosis, but can when the cells enter 
G1 quickly relocalize at core promoters of bookmarked genes that were active 
before mitosis. Reprinted from Goodrich and Tjian35. 

Regulatory elements 
Non-coding functional elements are divided into differerent classes depending 
on their location and function: promoters, enhancers, silencers, locus control 
regions (LCR) and insulators. Promoters are the regions directly upstream of 
TSS necessary for transcription to occur in a regulated way. They are generally 
divided into the minimal core promoter needed to initiate Pol II transcription 
and upstream promoter regions up to a few kb from the TSS where TFs are 
known to bind. The classical core promoter consists of around 40 nucleotides, 
containing a TATA box, Initator sequence, TFIIB recognition element (BRE) 
and downstream core promoter element (DPE)36. However, most of the promo-
ters have been found to be TATA-less, with no universal core promoter se-
quence37. A second class of promoters is the broad-peak promoters, often asso-
ciated with CpG islands and without a TATA-box. These promoters show a 
random distribution of TSSs in a 100 bp window, and are often found at ubi-
quitously expressed genes in contrast to the more tightly regulated TATA-box 
promoters38,39. 

Enhancers and silencers are defined as stretches of DNA that can regulate 
expression of genes at a distance. These sequences are a few hundred bases long 
and contain binding sites for several different TFs, and the function is indepen-
dent of direction when studied in constructs in vitro. Locus control regions have 
similar functions but can lie at greater distances and even on other chromo-
somes. Insulators are boundary elements that hinder the change of chromatin 
structure by histone acetylases. They are often bound by the zinc finger CTCF40. 

Looping of chromatin allows for direct interactions between enhancers and 
promoter over long distances41 (Figure 4). LCRs regulate several genes in a 
tissue specific manner, as is the case for the LCR in the β-globin locus42. The 
coordinately regulated β-globin gene family has been shown to form a so-called 
chromatin-hub where the active promoters are in contact with the LCR and the 
inactive are looped outside the hub. Other studies have shown inter-
chromosomal interactions in transcriptionally active regions in the nucleus, 
implying that gene regulation should be considered a 3-D rather than a linear 
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event27. Methods for capturing the chromatin conformation (3/4/5C,HiC, ChIA-
PET) exists and will make it possible to identify a higher order of DNA interac-
tions on a genome wide scale, and allow for a better understanding of long 
range gene regulation through LCRs and enhancers43-46.  

Transcription factors 
Transcription factors are a diverse group of proteins that regulate transcription 
either through sequence-specific DNA interactions or as co-regulators. They 
interact either directly or indirectly with the initiation of transcription and are 
divided into activators or repressors depending on their main effect on transcrip-
tion, and further grouped by their DNA binding domains. The most common 
domains are the following: 

 
I Basic-helix-loop-helix (bHLH) bind DNA with two alpha-helices 

containing basic amino acids residues linked by a loop structure, 
and these TFs often bind DNA as homo- or heterodimers.  

II Helix-turn-helix (HTH) bind DNA in the major groove with two 
alpha helices and are found in many repressors47. This group in-
cludes homeobox genes such as Nanog and the HOX genes which 
are essential during embryonal development. 

III Zinc fingers (ZNF). Nearly half of all human transcription factors 
are zinc fingers, often with multiple tandem ZNF motifs. Very 
few genome-wide experiments have been done on ZNFs48, but 
their rapid expansion in the primate linage suggest that they are 
important high-level regulators of transcription and could be the 
cause of major transcriptional differences between primates49. 

IV Forkhead-box (FOX) or winged-helix TFs are involved in de-
velopment and in tissue specific gene expression, and bind DNA 
with a HTH structure flanked with two “wings” capable of further 
strengthening the binding50. Members of this group include 
FOXA1/2/3, FOXP2, which is involved in speech development51, 
and FOXP3, the master regulator of regulatory T-cells52 
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V Leucine zippers functions as dimerization domains, which con-
sists of a short alpha helix with a leucine at every seventh posi-
tion. This motif was first identified in C/EBP and is present in the 
AP1 members c-fos and c-jun,as well as in the myc family of on-
cogenes53. 

 

Each DNA recognition domain normally binds 3-5 bases each, and the collec-
tion of sequences bound by a TF defines its DNA motif which normally is be-
tween 5-20 bp long. The motif is commonly described by a position weight 
matrix (PWM) or a consensus sequence, and can be visualized by sequence 
logos where the height of each letter is proportional to the information content 
at that position (Figure 5). Besides the DNA-binding domain, TFs have do-
mains for establishing protein interactions either with the basal transcription 
machinery or with co-activators/repressors. The total number of DNA-binding 
transcription factors is estimated to be just below 2 000, out of which 1 391 
have been manually curated54. 

 
Figure 5. The ZBED6 motif is represented as a Sequence Logo and aligned to the SNV 
in IGF2 from which ZBED6 was identified (Paper III55). BioProspector was used to 
construct the motif from several hundred binding sites. 

Figure 4. Schematic view of regulatory elements. A) a transcriptional unit as found in
unicellular eukaryotes. B) Higher organisms require more intricate regulatory me-
chanisms. Reprinted from Levine and Tjian, 2003. 
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 Studying transcription factor DNA binding specificity 
The discovery of enhancers capable of regulating gene expression over long 
distances was made over 30 years ago, but even so most of our knowledge 
about transcription factor binding comes from analysis of the proximal promoter 
regions of single genes. In most cases the binding sites have been verified in 
vitro by electro mobility shift assay (EMSA), which is a method where short 
double stranded oligos are tested for their affinity to the transcription factor 
without any influence from the genomic context of the sequence. The work in 
this thesis is based on in vivo measurements of protein – DNA interactions, 
which can give insight to the binding specificity of the transcription factors. 
Several other methods allow the DNA binding specificity to be measured in 
vitro in a high throughput manner. SELEX (systematic evolution of ligands by 
exponential enrichment) is used to enrich for oligonucleotides with affinity for 
the TF from a pool of random sequences. The enriched oligos can be sequenced 
using MPS, which allows a large number of TFs to be studied in parallel56. Pro-
tein binding microarrays (PBM), where proteins are immobilized and subjected 
to oligonucleotide hybridization, has been used to study the affinity of several 
TFs57 including HNF4a58. PBM studies also suggests that there is a new group 
of “unconventional DNA binders” that bind to DNA in a sequence specific 
manner. This group includes the ERK2 protein kinase59.  

Transcription factor binding sites diverge rapidly during evolution 
Genome-wide studies using ChIP has allowed a detailed study of the turnover of 
binding sites during evolution. TFs have highly conserved sequence specificity 
in different species, yet a large proportion of sites found in humans are not rep-
licated in other species, even if the TFBS sequence as such is conserved. Using 
4000 ortolougus regulatory regions in human and mouse, Odom et al. found that 
most bindings were not conserved60. To test if the differences between species 
were due to sequence specific changes or difference in environment or epigenet-
ic modulators, Odom et al. took the analysis one step further by studying a 
mouse carrying a copy of a human chromosome. Using ChIP-chip, they showed 
that the mouse TFs were able to bind in the same locations on the human chro-
mosomes as was seen in human tissue; hence the differences are due to se-
quence specific changes61.  

 

Transcription factors in disease 
Changes in TF expression are often pathologic as it will affect several down-
stream targets. Many oncogenes and tumor supressors are transcription factors, 
and chromosomal translocations resulting in fusion proteins of TFs are the 
cause of a large part of the leukemias62. Other examples of diseases involving 
TFs are the nutritional defects mentioned in paper I, and mutations in SRY and 
SOX9 affecting sex determination. 
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HNF4a  
The hepatocytic nuclear factor 4 (HNF4a) has a critical role in hepatocyte diffe-
rentiation and early development and it is also a key regulator of many metabol-
ic pathways and has been linked to several diseases including diabetes and can-
cer. It regulates pancreatic insulin secretion, and mutations in HNF4a leads to 
decreased insulin secretion, macrosomia, hyperinsulinemia and hypoglycemia at 
birth and leads to Maturity Onset Diabetes of the Young type 1 (MODY1), a 
heritable form of type 2 diabetes63,64 (T2D). Mutations in four different residues 
in the DBD have been found in families with MODY1, and a mutation of the 
HNF4a binding site in the HNF1 promoter is another cause of MODY65. 

HNF4a is classified as an orphan nuclear receptor, although its endogenous 
ligand now has been identified as linoleic acid66, and long-chain fatty acids have 
been shown to directly modulate the transcriptional activity of HNF4a by bind-
ing to the ligand binding domain. HNF4a is thought to bind DNA exclusively as 
a homodimer through two zinc fingers which recognizes two hexameric half-
sites separated by one nucleotide.  

FOXA2 
FOXA2 together with FOXA1 and FOXA3 constitutes a subfamily of the 
winged helix/forkhead box transcription factor family. They have a 95% identi-
ty in the DNA-binding forkhead domain and high similarity in the N- and C-
terminal ends which contain transactivating domains. A specific feature of the 
FOXA proteins is a C-terminal domain that can interact with histones H3 and 
H4. In vitro experiments have shown that they can bind to compact chromatin 
using the sequence specificity of the DNA-binding domain and the interaction 
with H3 and H4 in the C-terminal. This dual interaction forms the basis for 
opening up the chromatin which in turn is postulated to make the DNA accessi-
ble to other proteins and to stabilize the location of nearby nucleosomes67. This 
ability to open a compact chromatin structure as a pioneer factor fits nicely with 
the fact that FOXA proteins are expressed early in embryogenesis where espe-
cially FOXA2 is crucial for the development of several cell types, including the 
liver. In the mature organism FOXA2 is important for the normal function of 
several cell types. In the liver it is known to regulate the expression of genes 
involved in gluconeogenesis, so its gene regulatory network is important for 
type 2 diabetes and the metabolic syndrome.  

USF1 
The upstream stimulatory factor 1 (USF1) is a bHLH leucine zipper transcrip-
tion factor that binds E-boxes (CACGTG) either as a homodimer or together 
with USF2. USF1 is linked to familial combined hyperlipidemia (FCHL)68,  a 
disease that phenotypically overlaps with T2D and the metabolic syndrome, 
through a functional intronic variant69. 
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GABP 
The GA-binding protein GABP binds DNA as a heterotetrameric complex con-
sisting of two α and two β subunits. It is a member of the Ets family, which 
uses the winged helix-turn-helix DNA binding motif. GABPa is the DNA bind-
ing subunit, with affinity for GAA, most commonly in the CCGGAA sequence 
context. It regulates genes involved in cell cycle control, protein synthesis, and 
cellular metabolism and was first identified as a regulator of nuclear respiratory 
factors70 which is the source of its other name, NRF-2 (Nuclear respiratory fac-
tor 2). 

NFY 
The CCAAT motif is one of the most common elements in proximal promoters. 
NFY, or CCAAT-box binding factor (CBF), is the major protein binding this 
element. It consists of three subunits, and contrary to many other CCAAT-box 
binding proteins requires an intact CCAAT box for efficient binding71.  

TCF7L2 
The HMG-box containg Transcription Factor 7 like 2 (TCF7L2 or sometimes 
TCF4) is an effecter in the Wnt pathway. Polymorphisms in the gene are linked 
to type 2 diabetes72 and are possibly also predisposing for colorectal cancer73. 

ZBED6 
In Paper III, the transcription factor ZBED6 is identified and characterized. It 
was found to be derived from a DNA retrotransposone, and “hitch-hike” on the 
transcription of another, unrelated TF. It is extremely well conserved between 
placental mammals, and may have a chromatin remodeling function since other 
TFs with BED domains have this function55. 

Epigenetics 
The term “epigenetics” literally means “besides genetics” and was coined to 
classify phenotypic changes that are inherited through cell division, but not due 
to alterations of the DNA sequence. There are two classical epigenetic systems, 
DNA methylation and histone modification by the Polycomb and Thritorax 
systems74 (Figure 7). Another important way of regulating the chromatin is the 
remodeling done by modifying complexes with ATPase activity. They enable 
access to the DNA by repositioning or altering the nucleosomes by disrupting 
the histone-DNA contacts. The SWI/SNF group of remodelers contains a bro-
modomain capable of binding acetylated histone tails which allows for interac-
tions with active genes or opening of DNA at acetylated enhancers to make the 
DNA available for TF binding75. Today, the definition of epigenetic events has 
been broadened to include both transient effects, and those that are inherited by 
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daughter cells after cell division. This includes non-coding regulatory RNAs, 
histone modifications, nucleosome positioning, DNA methylation and even 
transcription factor bindings. 

Histone modifications 
The covalent histone modifications are sometimes referred to as a “histone 
code” to depict that their combinations have well-defined epigenetic roles in 
chromatin function. These modifications can function as an end-point in cellular 
signaling in response to environmental stimuli, thus serving as a cellular memo-
ry. The modifications act in many cases as receptors for specific proteins that 
exert an effect on the chromatin structure and function. “Histone code” is per-
haps not an appropriate term for all modifications, as some processes, such as 
the counteracting acetylation and deacetylation by histone acetyl transferases 
(HATs) and deacetylases (HDACs), are very dynamic. Thus, the effects can be 
both short-term in regulating transcription, replication, and repair, and long-
term as effects on chromatin structure, inherited and maintained after cell divi-
sion.  

Figure 6. Histone modifications mainly occur on the N-terminal Residues modified by
addition of acety-l, ubiquityl-, methy-l and phosphoryl groups are shown. Adapted
from Felesenfeld and Groudine, 2003. 
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Most modifications occur at the lysines in the histone tails (Figure 6). Some 
examples are the marks found in the gene-poor constitutive heterochromatin: 
trimethylated lysine 9 on histone H3 (H3K9me3), H4K20me3 and lack of his-
tone acetylation. Other modifications which are found preferentially at active 
genes in the euchromatic part of the genome are H3K4me3 at transcription start 
sites and the acetylation of H3K9, which reduces the DNA binding capacity and 
leads to chromatin opening76. Histone methylation does not alter the charge of 
the protein, instead their effect are dependent on the proteins recognizing them. 

It is now becoming clear that not only the histone modifications as such but 
also the order and the mechanisms behind addition or removal of histone marks 
are important for the transcriptional outcome.  

DNA methylation 
DNA methylation is most often associated with gene silencing, in a mechanism 
that is heritable through cell division. Cytosines in CpG dinucleotides are the 
main targets for DNA methylation in mammals (Figure 7). CpGs are mainly 
located at repetitive region such as centromeric repeats and retrotransposones, 
but are also common in “CpG islands” close to the TSS of many genes. While 
most of the CpGs in repeats are methylated, the majority of CpG islands are 
kept unmethylated during development and in differentiated tissues. Methyla-
tion of the TSS associated islands results in long-term silencing of the tran-

Figure 7. Epigenetic silencing. A) An active gene with a unmetylated NFR in the pro-
moter gets silenced through repressive modifications(H3K27me3)and removal of 
acetylation in (B) and by DNA methylation and H3K9me in (C). Reprinted with per-
mission from Sharma et. al, Carcinogenesis 2010. 
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scripts. Two mechanisms that are dependent on methylations of CpG islands are 
X-chromosome inactivation and gene imprinting. Recently, regions of lower 
CpG density, called CpG shores, were found to be targeted by tissue specific 
DNA methylation77. The effect of DNA methylation can be to disrupt binding 
sites for transcription factors or provide binding sites for methyl-binding pro-
teins78. 

Imprinting and X-inactivation 
Imprinting is an epigenetic mechanism that allows genes to be expressed from a 
single allele in a parent-of-origin-dependent manner. This is known to occur at a 
relatively small number of genes, that are often clustered and regulated by the 
same mechanism. One of the best studied imprinting mechanisms is that of the 
H19/Igf2, where H19 is maternally expressed and Igf2 paternally expressed. 
Their expression is regulated by an imprinting control region (ICR) which is 
~5kb and located between the two genes79 and regulates the interactions be-
tween the promoters and a shared enhancer. This imprinting requires methyla-
tion of a CpG island in the ICR on the paternal allele, which inhibits the binding 
of the insulator protein CTCF. 

 X-inactivation is a related mechanism, where one of the X chromosomes in 
the female embryo is inactivated. This will ensure equal gene dosage between 
females and males, and involves the expression of the long ncRNA Xist from 
the chromosome that is to be silenced. It then associates with the chromatin and 
initiates the spreading of inactive heterochromatin80 and the selected X chromo-
some remains silent throughout the life of the organism.  

Pathogenic effects of epigenetic dysregulation 
Epigenetic mechanisms are essential for development and maintenance of tissue 
specificity, and disruptions to this system can lead to malignant cellular trans-
formation. The clonal genetic model of cancers is the classical view that cancers 
arise through sequential mutations in oncogenes and tumor suppressors, which 
leads to clonal expansion of the mutated cells. This view has been challenged by 
recent data which suggests that a fundamental common basis of epigenetic 
changes precedes the mutations and that tumors occur from polyclonal progeni-
tor cells with stem cell properties81. Global changes in the epigenetic landscape 
have been found to be a hallmark of many cancers82. One such change is the 
global hypomethylation of DNA which induces chromosomal instability and 
increases the frequency of tumors in animal models. Hypomethylation of certain 
promoters have also been found to lead to activation of the affected genes in 
cancer. Furthermore, hypometyhlation can induce a release of silencing miRNA 
targeting tumor supressors83. Hypermethylation of promoters is found at si-
lenced tumor suppressor genes, such as RB1 in retinoblastoma and APC in colo-
rectal cancer. Loss of imprinting (LOI) leads to activation of the silenced allele 
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or loss of expression of the active gene, and LOI of IGF2 is a common epige-
netic variant, associated with a five-fold increase in colorectal cancer. Repres-
sion of a 4-Mb band of chromosome 2q14.2 associated with global methylation 
of histone H3K9 has also been reported as an epigenetic remodeling effect in 
colorectal cancer84.  

Another epigenetic mechanism implicated in a variety of human diseases in-
cluding cancers and immune or neurological disorders is the dysregulation of 
the PHD finger, which reads the H3K4me states. One example is the fusion of 
an H3K4me3-binding PHD finger to a common leukemia fusion partner 
(NUP98), which is sufficient to induce leukemia by preventing silencing of 
critical regions encoding master transcription factors during hematopoetic diffe-
rentiation85. 
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Methods 

Chromatin Immunoprecipitation (ChIP) 
The main method used to generate the data in this thesis is immunoprecipitation 
of chromatin bound by transcription factors followed by detection with microar-
rays or sequencing86. Chromatin immunoprecipitation followed by PCR can be 
used to detect protein-DNA interactions in vivo at specific sites, but when 
coupled to arrays in ChIP-chip or MPS in ChIP-seq it is possible to find novel 
interactions in an unbiased manner. To enable enrichment of the DNA se-
quences bound by a certain protein, bindings are fixed by a chemical agent with 
crosslinking potential, such as formaldehyde87. We generally use 10 – 100 mil-
lion sub-confluent cells, which are fixed at room temperature with 0.37 % for-
maldehyde for 10 minutes. The chromatin is then sheared by sonication to sizes 
of 100-500 bp and a specific antibody is used to capture the fragments bound by 
the protein of interest. The complexes are pulled down by a solid support that 
binds to the constant part of the antibody, most commonly protein A/G coupled 
agarose or magnetic beads are used. Beads are then washed at least four times 
with buffers of different salt concentrations to remove nonspecific fragments. 
Formaldehyde crosslinks are reversible when heated in buffers with high salt 
concentration, and proteins are digested using proteinase K which allows naked 
ChIP-DNA to be purified.  

Sonication is the preferred shearing method for TF ChIP-seq, however, for 
nucleosome positioning and histone modifications a higher resolution can be 
achieved by digesting chromatin with MNase I. This enzymes cleaves double 
stranded DNA that are not protected by histones, which results in mono-
nucleosomed sized fragments that can either be used for ChIP or directly se-
quenced to identify the locations of the ends of nucleosomes. Due to the high 
affinity between histones and DNA, crosslinking is not necessary88.  

Quantification of ChIP enrichment by PCR 
The level of enrichment for a genomic region can be calculated as the ratio of 
amplified product from the ChIP material to that from a fixed concentration of 
input DNA and compared to the ratio for negative regions. When analyzed on 
an agarose gel after amplification, it is difficult to get an exact measurement 
based on the intensity on the gel, which is why this method is called semi-
quantitative PCR. Real-time quantitative PCR (qPCR) is a more sophisticated 
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way of measuring the enrichment, as it enables measurements to be done in the 
exponential phase of amplification. For this, a molecule such as SYBR-
GREEN, which can be detected when bound to double stranded DNA, is used. 
For each cycle of the PCR, the level of amplified products is measured as the 
intensity of flourescence in the green channel by a laser instrument, and a dilu-
tion series of the input DNA is used as a standard. 

ChIP-chip 
Any type of DNA microarrays can be used to quantify the ChIP enrichment. 
The first arrays to be used for human studies were focused on CpG islands and 
promoters, but a tiling path array where continuous stretches of DNA are di-
vided into ”tiles” spotted on the array are preferred as they will give an unbiased 
view of the TF bindings or histone modifications studied. The first such arrays 
were focused on chromosome 21 and 22, and indeed lead to identification of a 
wide-spread binding pattern for several TFs89. In Paper I, we used a spotted 
PCR array covering 1 % of the genome in the so-called ENCODE regions. This 
array uses relatively large PCR products (~ 1.2 kb) designed as a tiling-path 
with a short overlap between the probes. We found this to give a good sensitivi-
ty, but the resolution is limited compared to newer methods. Later, Affymetrix 
produced high-density ChIP-chip arrays using short oligonucleotides which 
were printed with a distance of around ~ 35 bp and covering the full repeat-
masked genome, and Nimblegen produced similar arrays using longer oligos 
but with a lower density. This design required multiple arrays to be used to cov-
er the whole genome, which made it too expensive to be widely used. Arrays 
with longer oligonucleotide probes have been found to give a better signal to 
noise90, and currently, such arrays limited to defined genomic locations are the 
most widely used ChIP-chip platform. 

In ChIP-chip, the DNA is labeled with a fluorophore and hybridized either 
together with a differently labeled genomic (input) sample reference to a micro-
array, or in the case of Affymetrix arrays, DNA from ChIP and input is labeled 
after amplification and hybridized to separate arrays. Ideally, unamplified ma-
terial should be used to avoid amplification artifacts, but in many cases it is not 
possible to get sufficient quantities of DNA for the hybridizations through the 
ChIP reaction. In paper I, we used Klenow extension of random hexanucleo-
tides in the presence of Cy5 or Cy3 labeled nucleotides, which gives a linear 
amplification of the ChIP material, while simultaneously incorporating dye-
coupled nucleotides. Hybridizations were made with the addition of repetitive 
cot-1 DNA to reduce non-specific background.  

Data analysis methods for ChIP-chip studies are adopted from the field of 
expression microarrays, and in many cases the assumptions made about the 
underlying distributions hold for ChIP-chip data, but care must be taken as this 
is affected by the type of array and the binding profile of the protein studied91. 
Although it is possible to get usable results from a single array, it is re-
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commended to do triplicate experiments using biological replicates to minimize 
experimental and technical variation. Normalizations are done to make the sig-
nal distributions more even on the arrays, and generally made so that the aver-
age log2 ratio of ChIP-DNA to input is at zero. A cut-off value is then estab-
lished to give few false positives with a low level of false negatives. This value 
is dependent on the type of array used and the amount of background DNA in 
the sample. If a tiling-path array with high resolution is used, a sliding-window 
approach that interrogates several consecutive spots to achieve a higher confi-
dence in the signals is commonly used. If for example a fragmentation to ~500 
bp is used, each positively enriched region should be up to 1 kb in size and a 
window of that size can be slid through the data to generate a new set of average 
log2 values in the windows. By this method the risk for false positives due to 
spurious signals on the array is lowered92.  

The number of spots defined as enriched in ChIP-chip experiments is depen-
dent on a number of parameters. The abundance of bound sites varies for differ-
ent transcription factors, and the efficacy and specificity differs between antibo-
dies, in some cases even between different batches of the same antibodies. How 
the cut-off values are set to discriminate positive spots from background also 
affect how many spots will be considered positive. In paper I, we found that the 
spotted PCR arrays are prone to give rise to false positives at certain spots. To 
account for this, we choose a strategy where the signals were compared to a no-

Figure 8. Comparison of FOXA2 ChIP-seq and chip-chip on the ENCODE arrays. A) 
All positive sites in the APO region from the ChIP-chip study was replicated by ChIP-
seq and the increased resolution made it possible to find two distinct sites in the inter-
genic region. B) Binding in a conserved intergenic region that was missing on the array 
caused “spill-over” to the neighboring spots. 
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antibody control in order to reduce the number of false positives, and calculated 
a so called b-statistic as the measurement of positive versus no antibody signal 
and used this value together with a fixed log2-cut off for all antibodies. We also 
found that with the sonication and arrays we used, several consecutive spots 
often were regarded positive. We speculated that this is mostly due to “spill 
over“ hybridizations of enriched DNA in the neighborhood of true bindings and 
removed the first neighbors around the spots with highest log2 ratio in each 
cluster and generated a set of “Uniquely Enriched Spots” (UES) for further 
analysis. In some cases though it is likely that several close bindings exists 
which may be filtered in the process, while in other cases with highly enriched 
spots the enrichment may extend to more than one neighboring spot which 
would result in some false positives (Figure 8), but overall, we believe this a 
better representation of true positive sites. The need for this level of stringency 
can be exemplified with the result for USF1. Using our method, we found rela-
tively few positives, but could retrieve the expected sequence motif ab initio. 
This was not the case when the dataset was re-analyzed for the summary of the 
pilot ENCODE project using another algorithm which considered more spots as 
positives37.  

ChIP-seq  
The first attempts to use sequencing based methods to identify ChIP enrichment 
was done at the Genome Institute of Singapore, where a paired-end di-tag (PET)  
approach was established to concatenate the ends of ChIP fragments. Using 
capillary sequencing, Ruan and colleagues generated ~0.5 million raw ChIP-
PET sequences, out of which 65 572 were non-redundant and mappable to the 
human genome and could be used to locate p53 binding sites93. ChIP-
sequencing became really useful only with the introduction of the massively 
parallel sequencers. The first MPS instrument, the pyrosequencing based 454 
GS20, in combination with a cloning free library protocol made the ChIP-PET 
approach more useful since it reduced the time and cost needed to generate the 
PET sequences94. The term ChIPseq or ChIP-seq was introduced with the first 
publications using direct sequencing of single ends of ChIP fragments95-97, 
which was made possible by the introduction of the Solexa sequencing-by-
synthesis method, commercialized as the Illumina 1G sequencer in 2007. With 
this instrument, tens of millions of short reads could be generated per run, 
which made this ChIP-seq approach95 a more sensitive and in most cases a more 
cost-effective way to generate genome-wide interaction maps compared to 
ChIP-chip and ChIP-PET.  
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Table 2. Specifications of MPS systems. Numbers on throughputs and read lengths are 
from the specification sheets. Instruments in italics are not yet available. 

In theory, ChIP-seq analysis may seem very straight forward since the se-
quenced reads are expected to come from the ends of fragments bound by the 
TF. However, in practice the majority of reads in most ChIP-seq libraries stems 
from genomic background fragments. The fraction of enriched reads can be 
estimated from the reads contributing to significant peaks. Hoffman et. al found 
1-3% of reads in the enriched regions for Foxa2, Hnf4a and Pdx1 in a ChIP-seq 
study of mouse livers and islets 98, which is in line with our results in Paper II. 
Although some true binding sites are always below the thresholds, this will 
likely only contribute to a small percentage of the total number of reads. In 
many cases where the ChIP is highly enriched it is possible to generate good 
results without negative controls, however, since the background reads are not 
randomly distributed comparison to an input or IgG control can yield a lower 
level of false positives. Peaks from ChIP-seq replicates have been found to have 
a good correlation, and doing more than two replicates is generally not needed. 

Massively parallel sequencing 

Currently, there are three MPS methods that have been used for mammalian 
ChIP-seq publications, each capable of generating tens of million reads per 
sample: the Illumina systems based on the Solexa chemistry, ABI/Life SOLiD 
sequencing by ligation99 and the Helicos single molecule sequencer100 (Table 2 
and Figure 9). Due to the higher cost, the 454 is not competitive for these appli-
cations, and the “Polonator”, an open-source instrument initially based on se-
quencing by ligation, is also available but has not been able to match the 
throughput of the other systems. Here I will briefly describe the sequencing 
chemistry in the Illumina and SOLiD system, which were used in papers II-IV. 

 

Instrument Reads Read length Bases/run Commentss 

HiSeq 2000 1 000 M 2x100 200 Gb Most bases/day 

SOLiD4 1 400 M 2x50 100 Gb Highest accuracy 
Helicos 1 000 M 25-55 35 Gb No amplification 
Genome Sequencer FLX >1 M 400 0.5 Gb Short runtime 
Polonator NA Low cost
SOLiD 5500XL 2 400 M 2x75 300 Gb With nanobeads 
Ion Torrent 0.7 M 200 NA Detects ions
PacBio RS 0.6 M 1 kb NA Longest reads 
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Illumina sequencing by synthesis 
In the Illumina system, sequencing libraries are made from end-repaired and A-
tailed ChIP fragments to which adaptors containing sequences for universal 
amplification and sequencing primers are ligated. After amplification and quan-
tification of the library, the fragments are hybridized to a flow-cell containing 
both forward and reverse PCR primers. Amplification on the flow-cell is done 
with repeating cycles of Bst polymerase elongation followed by denaturing with 
formamide to generate clusters of ~1 000 clonally amplified fragments101. The 
density of the cluster determines the number of reads generated, with the current 
top instrument (HiSeq 2000) capable of generating more than one billion reads 
split on 16 lanes. The amplicons are made single-stranded and a universal se-
quencing primer is added. Massively parallel sequencing is carried out in cycles 

Figure 9. Overview of the ChIP-seq procedure. DNA and proteins are crosslinked and 
sheared using sonication or MNase I digestion. Bound DNA is purified using antibo-
dies and eluted DNA is subjected to high throughput sequencing. Reprinted with per-
mission from Park et. al, Nature Reviews Genetics. 
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of single-base extension with a mixture of four modified labeled nucleotides, 
with “reversible terminators” that allow only single base extensions in each 
cycle. After each cycle, images are taken in four channels corresponding to the 
emission of the four fluorofores and base-calls are made from the images.  

SOLiD sequencing by ligation 
Similar to the Illumina protocol, SOLiD requires ligation of adaptors and ampli-
fication before sequencing. The SOLiD protocol uses blunt-end ligation of 
adaptors followed by nick-translation and amplification. After quantification, a 
small quantity of the library is added to an emulsion PCR, where amplicons 
from single molecules are made on 1 µm paramagnetic beads. Beads which 
contain the amplified sequences are then enriched and immobilized on the se-
quencing slide.  

The sequencing by ligation chemistry on the SOLiD system uses a two-base 
encoding scheme which gives it the highest sequence accuracy in the aligned 
reads of the three instruments, despite having a higher machine error rate. The 
sequencing scheme is illustrated in Figure 10 and is based on ligation of a pool 
of degenerate labeled octamers in each cycle. Each probe contains two known 
bases which are used to read the sequence, but since only four colors can be 
detected, each color is used for four different two-base combinations. After the 
ligation, images are taken in all four colors and the last three bases, including 
the label, are cleaved off. This gives an offset of five bases for the next probe, 
hence five different sequencing rounds using different start position has to be 
performed to cover each base in the sequence. The end result is a series of col-
or-calls, where each color depends on two consecutive bases. Therefore, se-
quencing errors can be detected during alignment to a reference since difference 
in the templeate would give a two color change in the read. This dual base en-
coding scheme has proven useful, but the drawback is that the base sequence 
can only be derived by alignment or from reads without errors.  

 
  



 34  

Figure 10. A) The SOLiD sequencing relies on stepwise ligation of probes that interro-
gate two bases each. B) Each color in “color space” represents four dinucleotides. C)
Only certain two-color changes are possible at SNPs, while one-color changes mostly
represents sequencing errors that are corrected in alignment. 

Figure 11. A) Input reads can be enriched in open chromatin. HepG2 input from EN-
CODE (red) average 7-fold increase in signal over DNAse I hypersensitive sites, while
our input (black) only has a ~1.5x increase in signal. B) Alignment of nucleosome
reads with BWA (blue, forward and red, reverse) and mapreads (black) differs at the
border of an Alu SINE element. The in silico predicted nucleosome occupancy fits well
with our HepG2 reads. 
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Sequencing bias and considerations for library preparation 
Sequencing methods that rely on amplification of the ChIP material will always 
have some bias because of the uneven amplification of fragments with different 
GC content. Templates with very high GC content are often difficult to amplify 
with standard PCR protocols, while templates with a mild GC overrepresenta-
tion tend to be overamplified102. The adaptor ligation and size-selection can also 
limit the number of fragments available for sequencing, thereby reducing the 
complexity of the library and reducing the possibility to detect lowly enriched 
regions. Here, the difference in library preparations between the instrument can 
play a role; in the Illumina system essentially 100 % of the fragment will have 
the correct adaptors whereas the blunt-end ligation in the SOLiD protocols re-
quire equal concentrations and equal ligation efficiency of the two adaptors to 
yield the maximum of 50 % of fragments with both adaptors. With the Helicos 
system, which sequence unamplified poly-A tailed single molecules, library 
complexity should be less of a problem but its variable read lengths and high 
number of “dark bases” may influence the mapability, i.e. the possibility to get a 
reliable (“unique”) alignment.  

Despite the high repetitive content of the genome, reads can be aligned to 
~80-90 % using the current read lengths, but the repetetiveness of the genome 
means that reads can be misplaced if the sequence is misread, which could give 
some false positives from highly enriched regions. This is sometimes seen in 
RNA-seq, where some RNAs are very abundant and have near homologous 
copies to which the read can align. Another source of bias lies in the ChIP pro-
tocol, where open regions tend to shear more easily into sequenceable sizes. It is 
also possible that imperfect de-crosslinking and protein digestion can lead to 
selection for open chromatin, much like in the FAIRE protocol103. Some 
enrichment of input DNA is often seen in these regions (Figure 11). It is also 
important to remember that the genomes of cell lines are unstable, and differ-
ences between strains grown in different labs are likely to occur, which may 
affect the results if a common negative control is used. 

Bioinformatics for genome-wide experiments 
With genome-wide experiments, the amount of data generated is tremendous. 
The arrays used in paper I each contain more than 20 000 spotted sequences, 
and each experiment was done in triplicate with both positive and input hybridi-
zations. Later generation chip-chip arrays increased the density to several mil-
lion spots per array and required multiple arrays to cover the genome104. The 
sequencing methods used in paper II-IV now routinely gives several hundred 
million reads per run. For the work presented here, a set of tools were developed 
to perform the most common steps in the sequence analysis and data visualiza-
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tion. Here I will collectively refer to them as ChIP-sam, short for ChIP sequence 
analysis and motif discovery.  

Alignment of Illumina and SOLiD reads 
The amount of sequences produced by MPS systems, in combination with a 
relatively high error rate and short read length makes the sequence alignment to 
a reference genome one of the most computationally demanding steps in the 
analysis. Over the last couple of years a wealth of fast short read aligners has 
been published105-113, with different characteristics in terms of spead and sensi-
tivity. For ChIP-seq studies, the requirements on the alignments are not neces-
sarily the same as for whole-genome sequencing. Since we are only interested 
in having as many correctly placed reads as possible, it may be advantageous to 
allow more mismatches in alignments. With SOLiD reads we can also allow a 
high number of single-color mismatches in the reads to increase the number of 
alignments, as long as we can achieve similar enrichment levels for reads of 
different qualities (Paper IV). However, it is essential to understand the impor-
tance of using properly aligned reads. In paper II, we found that misalignments 
due to too permissive alignment settings can in some samples give rise to sys-
tematic errors which are easily misinterpreted as true binding sites. In this case, 
the IgG sample contained a high percentage of unaligned reads with an unex-
pectedly high GC content. When truncated, many of these reads aggregated at 
CpG islands in promoters in a way that gave highly significant enrichment of 
GO-annotations. There are several types of alignment errors that may give rise 
to false positive peaks. The first type of error is due to an imperfect reference 
sequence, seen as pile-ups of reads at repetitive regions which are present in 
several copies in the sequenced genome but with only one unique position in the 
reference. Such artifacts are seen in all ChIP datasets and mainly locate to Satel-
lite and rRNA repeats and in the vicinity of gaps in the reference. Additionally, 
the definition of unique or reliable alignments is not precise and reads with mul-
tiple alignments are often difficult to use in the analysis and are therefore most 
often discarded. Figure 11 illustrates this with an example of alignments for a 
well-positioned nucleosome on the border of an Alu element. The aligner 
BWA110 is able to place reads correctly at both ends of the nucleosome, while 
the default aligner for SOLiD (mapreads) mainly gives unique placements for 
reads from one side of the nucleosome. Due to the low amount of starting ma-
terial, ChIP-seq libraries can sometimes have too few unique fragments after 
amplification, meaning that many alignments have the same origin. Therefore, 
peak detection should rely on unique positions only to define the threshold for 
significant peaks. If the peaks are highly enriched, they tend to be saturated if 
only unique starts are considered, in ChIP-sam this is handled by require a min-
imum number of unique starts but using all alignments in the peak score. 
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ChIP seq data analysis 
It is interesting to note that the number of publications dealing with ChIP-seq 
data analysis outnumbers those that present new data, with most publications 
discussing different ways of identifying peaks and using controls. A summary 
of most of the published datasets and applications is given in Table 3 and Table 
5. Recently, several publications have evaluated different ChIP-seq peakfind-
ers114,115. Generally, the differences are small when the highest scoring peaks are 
analyzed, but differences in how controls are handled and in how false discov-
ery rates (FDR) are calculated can lead to large differences in the number of 
peaks reported. The main steps in ChIP-seq analysis are the following: 

I Identify enriched regions (peaks) and calculate overlaps 
II Filter peak list to reduce false positives 
III Identify motifs in peaks to get a set of probable TFBS 
IV Compare distribution of peaks and motifs to genomic locations and other anno-

tations 

Identification of enriched regions and peaks 
The first step in the ChIP-seq analysis is to identify clusters of reads and 

compute peak scores, generally as the number of reads contributing to peak 
maxima. There are some different methods for this, the simplest way is to use a 
window approach and count the number of reads in the window, but more 
commonly a fragment extension is used to simulate the ChIP fragments. Exten-
sion are made directionally to a predefined length based on the sonication and 
size selection of the sample, and overlaps at the start positions and between 
reads are counted. With this method, the strand specificity of reads and their 
exact location is used to define the peak maxima. This works well in most cases 
as long as the majority of fragments are extended over the binding site, but if 
binding sites are close, a method that uses a tag shift, usually to the average 
distance between peaks of reads from the Watson and Crick strands, can give a 
better resolution. A kernel density estimator function was introduced in the 
QuEST application; which uses a tag shift and gives a smoother signal. Table 3 
gives a summary of published peak finders and the methods they use.  

ChIP-sam was developed to handle different replicates with different lengths, 
or libraries with a large size span. In Paper II, we had three different libraries 
with different insert sizes for FOXA2, and to fully utilize this information each 
read was allowed to extend to its expected maximum size. Further, matched 
pairs from different strands were created for reads separated at least by the min-
imum distance in the library, in order to create shorter extended fragments. This 
allows for a better separation of closely located peaks without losing informa-
tion from longer fragments, as would be the case if a single, shorter extension 
was used. This method was chosen also based on a slightly higher motif content 
in peak centers compared to using a fixed extension.  

 In Paper III, a fixed extension was used since the ChIP fragments had been 
sonicated and the strandness of reads was lost. Other types of weighted distribu-
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tions of fragment lengths can be used, for example the latest version of Find-
Peaks116 (FP4) uses a triangular distribution which gives higher weight to reads 
close to the peak centers. SiSSrS117 uses a different approach, where a local shift 
in strandness of reads within a window is used to define binding sites. For his-
ton modification data it is sometimes preferable to use larger windows since 
some modifications are widespread but with relatively low enrichment.  

All ChIP-seq experiments give false positive peaks. In Paper II, we used sev-
eral filtering steps to reduce these. First, reads close to centromeric gaps were 
removed, likewise were reads that were also present in the IgG sample. Further, 
ChIP-sam uses the number of mismatches in the reads to identify additional 
doubious peaks, based on observations from the peaks in the negative control 
and that some repeats can be uniquely placed if errors are introduced. Addition-
ally, ChIP-sam matches peaks to repeatMasker annotations, which facilitates 
further sorting and peak analysis based on repeat content (Figure 12). When 
working with cell lines it is also important to consider CNVs, since extra copies 
of large segments give a higher background level. In Paper IV, we tried to ac-
count for this by using input data to estimate CNVs and adjust thresholds for 
positive peaks based on the copy number. A similar approach was used in Sole 
Search118.  

Figure 12. Repeats in FOXA2 ChIP-seq peaks. A) shows the average mismatch in peaks 
with different repeat families and in B) the corresponding peak heights are given.  

Visualization and data integration 
Genome-wide maps 
Genome-wide datasets are normally visualized in a genome browser, of which 
the online UCSC browser119 is the most commonly used. The simplest way of 
visualizing ChIP-seq data is o provide peak calls as BED files, which gives the 
coordinates of the peak and often some additional information on the peak 
score. Normally, the overlap signal is stored in “wiggle” files, which makes it 
easier to se differences in signal intensities and distribution. In Paper II, each 
step in the wiggle file was made to correspond to the location of aligned reads,  
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Figure 13. Different ways of visualizing data. A) Two close peaks with 150 reads each
were simulated and visualized with different methods. A sliding window approach where
reads facing out of the window is subtracted from the count of reads facing the center
gives the best separation in this case (top). Next, ChIP-sam with a short (150 bp) extension 
and matched reads gives good separation, but the settings used in Paper II (third line) 
gave peaks closer to the expected height. SiSSrS reports three sites, whereas FindPeaks
with a fixed extension (300 bp) gives a single, broad peak. B) Wiggle track represented as
positive values for read starts on the forward strand and negative values on the reverse 
strand gives more information on the reads. Two peaks, one in a conserved element and
one in a non-conserved region are shown. C) Overlaid signals for RNA-seq (black), NFY, 
Pol-II, HNF4a and H3K4me3 in a bidirectional promoter. D) Schematic view of FOX-
A1/2/3, HNF4a, RNA-seq, Pol-II, NFY, nucleosomes (black ovals) and H3K4me3 (grey
ovals) in an internal ABCB1 promoter. 



 40 

but often a more compact file can be made by using a fixed step size. Programs 
that use a tag shift and a density function will give smoother but less informa-
tive signals, since information on individual read starts is lost. Figure 9 shows 
some additional ways to visualize genome-wide signals. The visualization of 
multiple datasets is problematic. Currently, the wiggle format does not allow 
more than one color per row, which makes it difficult to combine datasets even 
for TFs with sparse signals. For BRCA1, the signals for several datasets are 
overlayed, and ABCB1 shows a more schematic view of nucleosomes, 
H3K4me3, Pol-II, RNA-seq and TFs. 

Average signals 
It is often useful to plot the average signals over genomic loci such as TSSs or 
TFBS, which is made in plots called footprints. In ChIP-sam, footprints for a 
wiggle file are made over lists of locations in multiple BED files, and visualized 
using R. In interpreting the footprints it is important to remember that they 
represent the average signal, and if directionality is not taken into account the 
result is often a mirrored profile centered on the locations of interest. Clustering 
and visualization with heatmaps may be needed to detect finer patterns, such as  
different H3K4me3 signals at TSSs99 or patterns of histone methylations around 
enhancer regions98. 

Table 3. Programs for ChIP-seq analysis 

Program Method Comment  

FindPeaks116 Overlapping extended tags Uses triangular distribution to weight reads  
MACS120 Tag, shift, window scan Identifies local biases  
QuEST121 Tag shift, KDE  
Useq114 Tag shift, window scan Empirical FDR, input  in window  
Fseq122 Window based, KDE?  
Hpeak Hidden markow model  
CisGenome123 Window scan eFDR, binominal p-value  
GLITR124 Tag extension Classification method for controls  

PICS125 empirical Bayes mixture model 
approach 

Uses DNA fragment length prior informa-
tion to discriminate closely adjacent bind-
ing events 

 

PeakSeq126 Two-pass strategy Accounts for mappability and controls  

ERANGE Window scan   

SICER127 Clustering approach  Good for histone modifications  

SiSSRs117 Shift in strandness of reads Tends to give too many false positives  

Spp R-scripts for ChIP-seq analysis   

ChIPmeta128 HMM  Combines ChIP-chip and ChIP-seq  

GeneTrack129 Gaussian smoothing   
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Public databases 
ChIP-seq results on its own can give a lot of useful data about a specific TF, but 
it does not give any information about the effect of the individual binding sites. 
Integrating data from related factors, histone modifications and experiments like 
DNAse I and FAIRE, which identifies regions of open chromatin, can help 
identify regulatory regions which in combination with data from association 
studies may lead to identification of functional variants behind diseases. It is 
also useful to search for overrepresented gene ontologies and enriched gene sets 
from published studies to identify possible new functions for the factors studied. 
In Paper I-IV, several public tools and databases were used (Table 4). In addi-
tion, ChIP-sam was developed to allow a fast comparison between arbitrary lists 
with genomic locations, to compute overlap tables and distances between events 
(Paper II).  

Table 4. Public data sources used in Paper I-IV 

Database Function  

Gene Ontology Find overrepresented gene functions
GSEA Search for enriched gene sets
GEO/ArrayExpress Gene expression and NGS data
UCSC geneome browser ENCODE datasets, genome annotatons
STAMP, TransFac TF Motifs
GREAT Web-based  GO and functional analysis

    

Motif discovery in genome-wide experiments 
In most cases the ChIP-seq reads in a peak does not allow us to pinpoint the 

actual base pairs bound by the TF. Ideally, if the chromatin is protected only by 
the cross-linked TF during sonication we would see a perfect separation of reads 
from different strands surrounding the binding site, but in practice we need to 
resort to some type of motif finding to identify the most likely binding sites 
within the enriched regions. The large number of peaks obtained in ChIP-seq 
experiments can make the motif finding challenging, with prohibitively long 
running time for many programs. Originally, motif finders were developed to 
detect overrepresented sequences in promoters of related genes. This can be 
fairly successful in simpler model organisms such as yeast, but benchmarks on 
curated datasets from mammals has shown that the accuracy is low in more 
complex genomes 130. Motif finding algorithms can be divided into two differ-
ent classes: 

 
• Word-based methods rely on exhaustive enumeration by counting and 

comparing the frequency of all k-mers of given lengths k. 
• Probabilistic method uses maximum-likelihood or Bayesian interference 

to identify optimal motifs. 
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Word based methods are faster, and guarantees to find the global optimum, 
while probabilistic methods are better at finding degenerate motifs. Besides the 
long running times for large dataset, probabilistic methods may find local max-
ima and generally do not report the same sequences for different runs, as was 
seen for BioProspector in Paper I. 

There are several considerations that need to be made for motif discovery in 
genome-wide datasets. ChIP-seq often give peaks with a wide range of enrich-
ment, which may in part be due to binding to different motifs with different 
affinities to the TF. Therefore, motif finding should not be limited to a few 
high-scoring sites. Further, even if the motif is known beforehand, it is general-
ly constructed from a few sites identified in vitro. Motif finding can then be 
used to refine the motif, thus allowing better predictions in future in silico stu-
dies. Motif discovery is also important in order to identify cooperating TFs, if 
different motifs are found to co-locate this could lead to identification of novel 
protein interactions. Although true enriched peaks can be void of motif se-
quences, subsets of peaks that lack the motifs may have different properties, 
perhaps because of indirect bindings or a higher than expected background at 
certain regions. Finally, it is possible that the factor binds more than one motif, 
either if different sequences present similar 3D-structures or if it binds with 
different partners. Therefore, ChIP-seq motif analysis should be performed ite-
ratively to allow identification of different subsets of peaks with different mo-
tifs131. 

Based on the considerations above, a word-based motif finding procedure 
was incorporated in ChIP-sam. In this, all k-mers of a given length close to peak 
centers are enumerated, and the enrichment in a small window (+/- 50 bp) com-
pared to outer part of the peaks (100-150 bp) together with the average enrich-
ment of the peaks  is used to rank the k-mers. Next, all k-mers with low enrich-
ment are discarded, and a motif based on sequence similarity is formed from the 
remaining k-mers. In the next step, motif sequences are re-mapped to the peaks 
to get genomic locations and, peaks with motifs are removed. The procedure is 
repeated until the fraction of matched peaks falls below a threshold. The se-
quences are then masked for the motif hits, to allow identification of co-
localizing motifs (Paper II). After this work was published, several groups have 
used the positioning as a prior for motif discovery in ChIP-seq data, and also 
shown that de novo motif identification improves the accuracy of predicting 
transcription factor binding sites in ChIP-Seq data analysis132. 
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Present investigations  

Aims 
The main aim in this thesis was to identify TFBS on a genome wide scale in 
vivo and develop the tools needed for their study. In particular, the aims were as 
follows for the four papers: 
 

Paper I: Evaluate the ChIP method on ENCODE arrays to get a general 
view of where TFs bind 

 
Paper II: Use massively parallel sequencing for the factors used in Paper I 
and develop the analysis tools  
 
Paper III: Apply the ChIP-seq method to the novel TF ZBDE6 to gain in-
sight into its role in gene regulation 
 
Paper IV: Use RNA-seq and nucleosome sequencing in combination with 
ChIP-seq data to characterize regulatory elements. 
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Paper I 

Binding sites for metabolic disease related transcription factors inferred at base 
pair resolution by chromatin immunoprecipitation and genomic microarrays 

In paper I we applied the ChIP-chip methodology for the two hepatic nuclear 
factors 3b and 4a (HNF3b/FOXA2 and HNF4a) and the upstream stimulatory 
factor 1 (USF1) in the liver cell line HepG2. These factors were choosen based 
on their medical relevance: mutations of HNF4a is the cause of maturity onset 
diabetes of the young (MODY1)133-135 and the gene is also associated to type II 
diabetes136, HNF3b is known to regulate lipid metabolism in diabetes and fast-
ing in mice137, and USF1 is the cause of familial combined hyperlipidemia 
(FCHL)68. We further mapped acetylated histone H3 as a mark of active genes 
and used a no-antibody ChIP as a negative control. The array used was designed 
to allow an unbiased view of transcriptional regulation and consists of a tiling-
path of spotted PCR products covering the ENCODE regions. These regions are 
between 0.5 to 1Mb and are both manually and randomly selected, and covers 
one percent of the genome. One of the regions includes the APO cluster, with 
several known binding sites for HNF4a and HNF3b which served as positive 
controls.  

For each positive spot (UES), the distance from the midpoint to the nearest 
TSS was calculated using different gene annotation sets. We found HNF-3b and 
HNF-4a to have similar binding profiles, with most of the UES positioned far 
from any known TSS. Several binding sites were also found to be common for 
the two factors, which indicate cooperativity in their bindings. USF1 (upstream 
stimulatory factor 1) showed a different distribution, with the majority of posi-
tive spots being in the first kb upstream of genes. It was also found that USF1 
binds to fewer regions than HNF3b and HNF4a. By doing gene ontology com-
parisons of the nearest genes for the identified binding sites for HNF3b and 
HNF4a, we found genes involved in lipid metabolism and transport to be over-
represented. 

Positive spots for acH3 were most common in proximity around TSS. Re-
gions immediately downstream of TSS had the highest levels of histone H3 
acetylation, with 64% of all UES with log2 >2 positioned -0.5 - + 2kb from the 
TSS, with a preference to the downstream locations, which is in concordance 
with other studies 138,139. We also found that a large proportion of the identified 
TF binding sites had a higher level of histone H3 acetylation than expected by 
random which indicates that the TFs interacts with histone acetylases. 

The ab initio motif discovery program BioProspector140 was used to find the 
consensus binding site for the three transcription factors. We selected the se-
quences printed in the UES and run the program ten times with the same condi-
tions. The motifs were then built from the sequences that were reported in at 
least five out of the ten runs, in order to identify the most likely binding sites of 
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the transcription factors (tentative binding site, TBS). For all three transcription 
factors, we found the motifs to be very similar to the established consensus from 
in vitro studies. Furthermore, we identified the exact positions for four of eight 
known binding sites for HNF4a and HNF3b. To identify binding sites with a 
potential inter-individual difference, dbSNP was used to find polymorphisms 
occurring within 10 bp of each TBS.  

 Paper II 

 Molecular interactions between HNF4a, FOXA2 and GABP identified at 
regulatory DNA elements through ChIP-sequencing 

In this paper we used ChIP combined with massively parallel sequencing using 
the Solexa/Illumina platform to define the binding sites for transcription factors 
on a true genome-wide scale in HepG2 cells. As a first step, we performed 
ChIP-seq for FOXA2 and HNF4a to continue the work in Paper I. In addition, 
GABP was analyzed as a follow up on a previous study where members of our 
lab had identified the genome-wide locations of USF1 and USF2 and found a 
subsets of binding sites in which the motifs for FOXA2 and GABP were 
enriched104.  

Based on FDR calculations and qPCR validations, we found 7253 significant 
sites for FOXA2, 18693 sites for HNF4a and 3060 for GABP. We found 
matches to the expected motifs in the majority of the enriched peaks. Based on 
the different motifs identified in the GABP dataset, we could divide it into two 
distinct subsets with different properties. The identified motifs for all factors 
were on average in regions of higher evolutionary conservation than the bases 
under the corresponding peak maxima, but comparisons to a FOXA2 dataset 
from mouse141 showed that most sites were not enriched in both organisms. 
Most FOXA2 and HNF4a sites were far from promoters, but a large overlap 
between the HNF4a promoter peaks and GABP peaks was found. Using public 
gene expression data, we found that genes bound by these factors had a higher 
than average expression, and that HNF4a and FOXA2 but not GABP bound to 
genes with a liver specific expression pattern.  

Extended motif analysis of the HNF4a dataset identified several co-
localizing motifs, including those for FOXA2 and GABP, with a good overlap 
between these motifs and the ChIP-seq dataset. This shows the potential of 
ChIP-seq not only to map binding sites for a particular factor but also to identify 
novel interactions on a genome-wide scale. Additional co-IP experiments con-
firmed a molecular interaction between FOXA2, HNF4a and GABP but USF2 
did not seem to interact, in spite of the overlap between the datasets. 
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Paper III 

ZBED6, a Novel Transcription Factor Derived from a Domesticated DNA 
Transposon Regulates IGF2 Expression and Muscle Growth 

This work has its roots in the late 1980s, when QTL analysis was performed on 
outbreed pigs to identify loci involved in growth, fatness and meat quality142. 
One QTL was associated with a 3-4 % increase in muscle mass, increased heart 
size and back-fat thickness143. The QTL was later refined to a 250 kb region 
containing imprinted genes for insulin and insulin like growth factor 2 
(IGF2)144. Re-sequencing showed that a single nucleotide change in intron 3 of 
IGF2 was the causative mutation145. 

In Paper III, a novel transcription factor was identified and shown to regulate 
the expression of IGF2 by binding to the wild-type allele in the QTL. SILAC, 
stable isotope labeling by amino acids in culture, was used to identify proteins 
capable of binding only the wild type allele. Using mass spectrometry, six 
enriched peptides were identified and found to stem from a previously unknown 
protein which was named ZBED6 based on the similarity to other zink fingers 
with BED domains. This transcript was found to be part of the intron of another 
zinc finger, ZC3H11A. 

Using an antibody that was raised against the BED domains in Zbed6, the 
main authors performed ChIP in mouse myoblast C2C12 cells and found good 
enrichment for the IGF2 site. We then performed ChIP-seq in this cell line to 
find additional targets for ZBED6 on a genome-wide scale. For this the SOLiD 
system was used to generate more than 20 million aligned reads from the ChIP 
material. Peak analysis showed that ZBED6 often binds in CpG islands close to 
TSS. Motif analysis of various subsets of peaks confirmed that the sequence in 
the pig QTL is the main binding sequence for ZBED6, i. e. the same motif with 
the GCTCG core was found in all subsets analyzed.  

One technical concern with this work was that the ChIP-seq library was 
made using a new protocol, where instead of the normal adaptor ligation and 
sizes selection, an extra sonication step was performed to generate more frag-
ments in the sequenceable size. We found this to work well to identify enriched 
regions, but since each fragment is sheared to smaller pieces, we see much wid-
er enrichments and often multiple peaks in each regions. This is likely due to 
differences in amplification rather than multiple binding sites. We subsequently 
made a normal library from the same starting material to test if the results were 
similar. This library resulted in fewer unique reads, but some sites could be 
verified. Of note is that the IGF2 site was not found by the size-selected sample, 
and in the sonicated sample enriched reads were only found at a distance from 
the binding site. This is likely due to the very high GC percent over this region 
(> 70 %) which makes it difficult to amplify using the PCR components in the 
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library kit. Therefore, a combination of the two library protocols would proba-
bly be advantageous in order to get both a high resolution and a high sensitivity. 

Paper IV 

 Nucleosome landscape in HepG2 cells in relation to NFY, HNF4a and FOXA2 
binding sites 

In Paper IV we used sequence data from Illumina and SOLiD to identify bind-
ing sites for NFY, Pol II and TCF7L2, and using more than 200 M aligned reads 
from mononucleosomes we present a detailed map of well-positioned nucleo-
somes in the HepG2 genome. Additionally, RNA-seq data was generated and 
compared to the ChIP-seq results. For nucleosome positioning we focused on 
distal sites where FOXA2 and HNF4a bind together and found that the nucleo-
some data in many cases can be used to narrow down the region where the TFs 
have access to DNA.  

We further look at the average signal over various genomic elements such as 
DNAse I hypersensitive sites and transposable elements, and found enrichment 
of nucleosome reads over Alu elements.  

For the peak finding in ChIP-seq data we used an input sample to control for 
copy numbers in the HepG2 genome. For NFY, we conclude that most sites are 
close to TSSs, and that the high variability in enrichment is not due to binding 
to different variants of the CCAAT box. Peak annotations show that NFY is 
highly enriched at genes involved in the cell cycle and chromatin assembly. 
TCF7L2 performed less well in the ChIP-seq, but several hundred sites where 
this factor binds were identified. 
 

Figure 14. ZBED6 signal in the Cdkn2c promoter shows multiple subpeaks. 
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Concluding remarks and future perspectives 

The last few years have seen drastic improvements in the methods available to 
study genome-wide events. At the time of the work in Paper I, not much was 
known about the general pattern of transcription factor binding sites, and the 
possibility to look at as much as 1 % of the genome in one experiment was a big 
step forward in the study of genomic events. The new MPS technologies, driven 
by the quest for the “$1000 genome”, have allowed multiple factors to be stu-
died genome-wide in different cell types. Even so, the number of datasets for 
TFs published during the first years of ChIP-seq is relatively limited, with most 
coming from a few groups (Table 5). This indicates that it is not always easy to 
get good data and novel findings out of such studies, and that the cost is still 
relatively high for these experiments.  

As new technologies are developed, with increased throughput and lower 
costs, and with standardized analysis methods, the focus needs to be on the ex-
perimental design. It is now possible to do genome-wide studies for multiple 
factors, from cells to results, in a few weeks, With genome-wide methods like 
ChIP-seq and RNA-seq being standard procedures, the main challenge to fur-
ther our understanding of complex system such as development and response to 
environmental stimuli lies in data integration146. This puts new demands on 
bioinformatics, both to handle the increasing amount of data and to make sense 
of the results, but also on the laboratory side to develop new protocols for doing 
multiple experiments and libraries in parallel.  

The conceivable experiments are virtually unlimited in number, if one con-
siders that our genome codes for as many as 2 000 transcription factors which 
have different expression patterns in the 200 or so different cell lines, and are 
under regulation by external stimuli in many cases. The epigenetic status in 
cancers and normal tissue still remains poorly understood, and this together with 
the fact that many TFs are mutated or deregulated in tumors makes such ChIP-
seq studies of particular interest. Further, it has been shown that the evolution of 
regulatory elements is rapid in evolution147, but more work is needed to estab-
lish what the main mechanism behind this turnover is. 

In conclusion, we have established robust methods that can be used to study 
this new level of biology at a large scale. There still remains an issue of data 
storage, analysis and visualization that needs to be addressed, in order to pre-
pare for the enormous amount of biological data that will be generated now 
when the bottleneck in cost for reading the ChIP DNA starts to disappear. 
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The definition of different classes of DNA elements is based on the effect of 
a relatively few studied genes and transcription factors. The new genome-wide 
data of TF binding and transcription may change the picture, and we and others 
have shown TF bindings to distal elements to be much more common than pre-
viously thought (Table 5). So far, only a limited number of TFs have been stu-
died on a genome-wide scale, but the combination of data from ChIP studies 
will be essential to characterize and understand the functional DNA elements 
and the interplay between different TFs and histone modulators.  

In our work, we always try to correlate binding sites to SNPs and GWAS to 
identify potential functional sites. Recently, inter individual differences in bind-
ing sites has been identified for a limited number of TFs and for Pol II, and 
indeed, SNPs and structural variants were often associated with the inter indi-
vidual differences among humans148. It will be interesting to look further into 
how much variance there is between individuals for different TFs, and to use 
patient samples for TFs associated with metabolic diseases such as those men-
tioned in Paper I. 

Table 5. ChIP-seq datasets for TFs published in 2007-2009. 

TF cell line # sites reads, M last author journal 

NRSF / REST Jurkat 1 946 5.4 Wold 95 Science 2007 

STAT1 HeLa S3 41 582 15.1 Jones 96 Nat. Methods 2007 
SRF Jurkat 2 429 8.7 Sidow 121 Nat. Methods 2008 
GABP Jurkat 6 442 7.9 Sidow 121 Nat. Methods 2008 
NRSF Jurkat 2 960 8.8 Sidow 121 Nat. Methods 2008 
FOXA1 MCF-7 7 880 3.9 Liu 120 Genome Biology 2008 
FOXA1 HepG2 8 175 20 Wadelius 99 Genome Biology 2009 
FOXA2 HepG2 7 266 5.8 Wadelius 149 NAR 2009
FOXA3 HepG2 4 598 55.3 Wadelius 99  Genome Biology 2009 

HNF4a HepG2 18 783 7.5 Wadelius 149 NAR 2009 

GABP HepG2 3 064 3 Wadelius 149 NAR 2009 

CTCF T-cells 26 814 2.9 Zhao97 Cell 2007 

ERa MCF-7 10 205 8.3 Stunnenberg150 EMBO Journal 2009 

GATA1/2 K562 5 749 14.7 Bresnick151 Mol Cell 2009 

ETS1 Jurkat 19 420 6.7 Graves152 PLoS Genetics 2009 

AR PC3 6 629 5.4 Hood153 PLoS ONE 
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