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ChIP-chip  ChIP and microarray hybridization 

ChIP-seq  ChIP and massively parallel sequencing 

FDR false discovery rate 

FOXA1 forkhead box A1 (alt. HNF3α) 

FOXA2 forkhead box A2 (alt. HNF3β) 

FOXA3 forkhead box A3 (alt. HNF3γ) 

GO gene ontology 

H3ac histone 3 total acetylation 
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HNF4α hepatocyte nuclear factor 4 alpha  

LIMS laboratory information management system 

MIAME minimum information about a microarray experiment 

MPS massively parallel sequencing 

mRNA messenger RNA 

PWM position weight matrix 

RNA PolII RNA polymerase 2 

SNP single nucleotide polymorphism  

TF transcription factor 

TFBS transcription factor binding site 

TSS transcription start site 
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USF2 upstream stimulatory factor 2 
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Introduction 

The exact number of human genes is still not known but current estimates 

are in the range between 20 and 25.000. This relatively small number of 

genes is sufficient to maintain all biological processes during human devel-

opment and life. Many of our genes have been conserved throughout the 

evolution and can be found in distantly related species such as yeast, so it is 

not only the genes themselves that makes us human. Of equal importance is 

how and when the genes are used. This is regulated by a complex mecha-

nism that controls gene activity. Only a subset of all genes are active in a cell 

at any given time, and the proteins produced from those genes essentially 

determines the cellular function. The vast number of possible combinations 

of active genes gives the cells the flexibility needed to support all different 

biological processes. 

The gene regulatory network is coded into the DNA sequence. Genes that 

are coding for proteins called transcription factors (TFs) are responsible for a 

large part of the regulation. TF proteins can bind to regulatory regions in the 

DNA sequence and thereby control the transcription rates of other genes. 

Histone proteins that are components of chromatin also play a major role in 

regulation, since modifications of those proteins can make the DNA more or 

less accessible for the transcriptional machinery.  

Still very little is known about how proteins interact with DNA and con-

trol gene activity, but recent biotechnological advances now allow us to 

study some aspects of transcriptional regulation at a genome-wide scale. One 

of these technologies is DNA microarrays [1-5], which can be used for a 

number of purposes, including measuring gene expression levels and identi-

fication of genomic regions with protein-DNA interactions. A more recent 

technology is massively parallel sequencing (MPS) [6, 7] that, among other 

things, can replace microarrays for the applications above. Common for both 

technologies is that they produce large amounts of data that require thorough 

analysis in order to extract the biologically interesting findings. Therefore, it 

is necessary to construct appropriate analysis strategies and pipelines to han-

dle all resulting data. Since technology development is moving very rapidly 

in this field it is a big challenge to create bioinformatical solutions to keep 

up with the increasing amounts of data. During the course of time while the 

studies in this thesis were performed, the data output from one single ex-

periment has increased thousand fold. The early data sets could be analyzed 
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in a spreadsheet on any computer. For recent experiments, even databases 

sometimes fail to fulfill the requirements.   

Analysis of experimental data alone is not sufficient to extract biologi-

cally meaningful results. It is necessary to also include data from various 

public resources in the analysis. This includes the human DNA sequence, 

gene coordinates, annotations, expression data and much more. By combin-

ing these knowledge sources we can increase our understanding of the pro-

teins involved in regulation of transcription.  

Biological background 

Living cells are built from instructions coded in the DNA molecules. Cells 

vary in shape and size, but a typical eukaryotic cell has a diameter of about 

10 to 100�m. An adult human consists of approximately one hundred trillion 

(1014) cells that build up all different tissues and organs in the body. Since 

DNA sequences are practically identical in all cells of the organism, the 

DNA code alone cannot explain how cells can appear so different and have 

so diverse functions. Instead this is achieved through gene regulation, a 

mechanism that allows only a specific set of genes be active in a cell at any 

given time. There are several different ways in which genes are regulated. 

This section gives a brief introduction to some aspects of regulation at the 

transcriptional level, which is the central biological mechanism in this thesis. 

But first we will go through some of the basic concepts of molecular biol-

ogy. 

DNA and chromosomes 

Deoxyribonucleic acid (DNA) is a macromolecule with a sugar-phosphate 

backbone and the nitrogenous bases adenine (A), thymine (T), cytosine (C) 

and guanine (G). It consists of two anti-parallel strands that are twisted to 

form a double helix. In eukaryotic cells, DNA is localized in the cell nu-

cleus. In order to fit the DNA molecules, which in humans would be about 2 

meters in length if completely stretched out, into the microscopic cell nu-

cleus, they are compacted in several ways [8]. First, 147 bases of DNA are 

wound around eight positive charged proteins called histones to form a nu-
cleosome. The histone complex consists of two molecules each of histone 

H2A, H2B, H3 and H4. Another type of histone, H1, acts as a linker between 

adjacent nucleosomes. Nucleosomes are then compacted into two levels of 

fibers, and finally the fibers are further compacted into chromosomes that are 

visible in a light microscope after special treatment at cell division, mitosis. 

The mixture of DNA and proteins that builds up the chromosomes is called 

chromatin. An overview of DNA organization is showed in Figure 1.  
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Figure 1. The organization of DNA within the chromatin structure. Adapted by per-
mission from Macmillan Publishers Ltd: Nature 421(6921): p. 448-53, Felsenfeld 
and Groudine, Controlling the double helix, copyright 2003.  

Transcription 

The characteristics of a cell are determined through its composition of dif-

ferent proteins. Proteins are coded from small parts of the DNA sequence 

called genes, via the intermediate messenger RNA (mRNA) molecule. The 

process from DNA to functional protein can be divided into two major steps. 

The synthesis of mRNA from DNA is called transcription and synthesis of 

protein from mRNA is called translation. The amount of protein produced 

from each gene is typically regulated both at the transcriptional and transla-

tional steps, but the focus for this thesis is on regulation of transcription. 

During transcription, an mRNA molecule is synthesized from a template 

gene. RNA molecules are similar to DNA with the important differences that 

RNA is single stranded and contains the base uracil (U) instead of thymine 

(T). The amount of mRNA synthesized by a gene is often referred to as its 

expression level. As long as a gene is actively transcribed it is said to be 

expressed. Genes are always transcribed a certain direction, from 5’ to 3’ 

with respect to the carbon atoms in the sugar backbone. Transcription is 

initiated at the transcription start sites (TSSs) located in the 5’ ends of 
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genes. Transcription can be separated into initiation, elongation and termina-

tion events. During initiation, a number of basal transcription factors assem-

ble close to the TSS to form an initiation complex. This complex then re-

cruits RNA polymerase II (RNA PolII), which is the molecule that performs 

the actual transcription. TFs that bind to enhancer and silencer regions can 

interact with the assembly of the transcriptional machinery and either acti-

vate or repress gene expression (see Figure 2).  

 

Figure 2. Initiation of transcription. A TF with activating function binds close to a 
TSS and interacts with the initiation complex that then recruits RNA PolII. The ar-
row indicates the direction of transcription.   

After initiation, RNA PolII unwinds the DNA double helix and starts mov-

ing down the gene. While moving, it makes an RNA copy of the template 

DNA by complementary base pairing to the non-template strand. This elon-

gation terminates when RNA PolII reaches a stop signal. The synthesized 

pre-mRNA molecule is then released and RNA PolII detaches from the 

DNA. The pre-mRNA is then modified to become mature mRNA. A poly-A 

tail is added to the 3’ end and a cap molecule is formed at the 5’ end of the 

pre-mRNA. Both these modifications help protect the mRNA from degrada-

tion and facilitate transport out from the nucleus for translation. The pre-

mRNA sequence consists of alternated intronic (non-coding) and exonic 
(coding) regions. During splicing, all intronic regions are removed, so the 

mRNA is formed by a combination of the exons. The mature mRNA is then 

transported through the nuclear envelope into the cytoplasm where it eventu-

ally is translated into a protein. 

As will be described in later sections, gene expression levels can be 

measured using DNA microarrays [1-4]. The resulting data from such array 

experiments usually contain mRNA measurements for all known genes in 

the organism. However, if the aim is to monitor the expression levels of only 

a few selected genes, quantitative real time PCR (qPCR) is a more precise 

method.     

Transcriptional regulation  

The amounts of mRNA produced from each gene are to a large extent con-

trolled by transcription factors (TFs) that bind to DNA. TFs can bind in 

promoter regions proximal to transcription start sites (TSS) of genes (as seen 

in Figure 2), or to distal regulatory elements that can be located several thou-
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sands, or even millions, of bases from the TSS it is regulating [9]. The TFs 

can either activate or repress the transcription. Mostly, complexes containing 

several regulatory proteins are required. Two important ways for TFs to me-

diate their function is through direct interaction with the RNA PolII and 

transcriptional machinery [10], or by changing the chromatin organization 

through chemical modification of histones [11]. Therefore, both TFs and 

histones are important players in transcriptional regulation. With the aid of 

high-throughput microarray and sequencing technologies, these proteins can 

now be mapped throughout the entire genome [12-20]. 

Transcription factors 
Regulatory transcription factors can be subdivided into two groups, sequence 

specific factors and co-regulators. Sequence specific factors recognize and 

bind to particular DNA sequences of about 10 bases length. For different 

factors this length varies from around 5 to 20. The collection of all TF bind-

ing sites (TFBS) for some specific factor can be represented in different 

ways: as a consensus sequence, a DNA motif or a position weight matrix 

(PWM) (see Figure 3). These representations show the DNA sequence fea-

tures that allow a TF to bind. However, this does not mean that the TF will 

bind at all possible sites throughout the genome since usually a lot of them 

are in regions where chromatin structure makes the DNA inaccessible.   

 

Figure 3. Different representations of TFBS. The binding sites were predicted using 
the BCRANK algorithm (paper IV) on ChIP-seq data for the transcription factor 
FOXA3 (paper V). To the top left is a consensus sequence representation of the 
binding sequence (TGTTKACHNW). Here the letters K,H,N and W stands for ‘G or 
T’, ‘A,C or T’,’A,C,G or T’ and ‘A or T’ respectively. Below is a PWM showing the 
frequency of each base. The PWM can be visualized as a sequence logo as shown to 
the right. The height of each letter is proportional to the information content. 

The co-regulatory factors do not bind directly to DNA. Instead they interact 

with sequence specific TFs and other components of the transcriptional ma-

chinery. In many cases, combinations of several different TFs are required to 

form a protein-DNA complex that can increase or reduce transcription. To 

further complicate the picture, TFs are themselves proteins that are tran-

scribed from genes, which in their turn may be regulated by another set of 
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TFs. Therefore, gene regulation can be seen as a whole network of interac-

tions. Altered levels of the protein composition in the cell nucleus, as a re-

sponse to some stimuli from within or without the cell, can in this way trig-

ger cascades of genes.  

The histone code  
Transcription can only occur when the chromatin structure is relatively open. 

Modifications of histone proteins in the nucleosomes play a major role in 

making the chromatin more accessible or condensed. This function is medi-

ated through amino acids in the histone tails that can be subject to acetyla-

tion, methylation, phosphorylation and other chemical modifications [8, 21] 

(see Figure 4).  

 

Figure 4. Overview of histone modifications. The figure shows the amino acid resi-
dues on histones H2A, H2B, H3 and H4 that can be subject to acetylation, ubiquiti-
nation, methylation and phosphorylation. Adapted by permission from Macmillan 
Publishers Ltd: Nature 421(6921): p. 448-53, Felsenfeld and Groudine, Controlling 
the double helix, copyright 2003. 

There are many different histone modifications and everything is still not 

known about their functions. Several of the modifications are positively or 

negatively correlated with gene transcription [21]. Some histone marks fre-

quently occur in combination while others are mutually exclusive [19]. The 

combination of histone modifications at a locus has been called “the histone 



 15

code” [22]. For the studies in this thesis, some modifications are of greater 

importance than others. They are listed below: 

histone 3 total acetylation (H3ac) – Acetylation of K9 and K14 residues of 

histone 3. Both are associated with initiation of transcription and the signals 

are located close to the TSS [13, 23]. 

histone 3 lysine 4 trimethylation (H3K4me3) – A mark located near the TSS 

and associated with initiation of transcription [12, 13, 23]. 

histone 3 lysine 27 trimethylation (H3K27me3) – This modification has been 

associated with silencing of genes [24]. It is frequently located in gene bod-

ies with some bias to the TSSs [12]. 

histone 3 lysine 36 trimethylation (H3K36me3) – A mark found in bodies of 

active genes, with strong positive correlation with the expression rate [12, 

16]. 

The histone code, unlike the DNA sequence, varies between the cells in an 

organism and it contains information about which parts of DNA are cur-

rently active and inactive. Proteins with the ability to chemically modify 

histones are therefore an integral part of the gene regulatory network.   

Medical aspects of transcriptional regulation 

Many TFs have been associated with human disorders. For example, HNF4α 

is involved in different types of diabetes [25, 26] and USF1 in familial com-

bined hyperlipidemia [27], just to mention a two of the TFs we have investi-

gated in human liver cells (in paper II and III). In these cases, alleles in or 

close to the gene that encodes the TF are responsible for the phenotype. For 

example, mutations in HNF4α cause a rare specific form of diabetes called 

MODY1 [28]. 

Other genetic variants have also been associated with human disorders. 

During the recent years, a number of large-scale association studies have 

been performed with the aim to detect genetic variants that predispose to 

various diseases [29, 30]. Some of them could be located in regulatory re-

gions and thereby disturb the transcriptional control mechanism. In fact, it 

has been shown that regulatory element mutations can be associated with 

phenotypes distinct from any identified from coding region mutations [9]. 

Therefore, non-coding single nucleotide polymorphisms (SNPs) within regu-

latory regions are of great interest. Such genetic variants could affect binding 

of regulatory proteins and thereby change the amounts of proteins produced 

from downstream genes. So far it has been difficult to detect such regulatory 

SNPs. But with all data emerging from SNP association studies and whole-

genome experiments of regulatory sequences, along with new methods for 
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analysis, it might not take long before we can detect them in a systematic 

way.  

High-throughput technologies 

DNA microarray and massively parallel sequencing (MPS) technologies 

have developed very rapidly during in recent years and are today routinly 

used for the study of genome function in a large number of species. DNA 

microarrays [1-5] have been available since late 1990’s and they can now be 

used for a large number of applications. MPS [6, 7] is a more recent technol-

ogy, which can be used instead of microarrays in many instances. 

Most experimental data in this thesis comes from a combination of chro-

matin immunoprecipitation (ChIP) [31] and microarrays for detecting pro-

tein-DNA interaction sites. This technique is commonly called ChIP-chip 

[15, 32-34]. We also have used MPS as an alternative to microarrays, in a 

methodology known as ChIP-seq [12, 17-20, 35]. This section briefly de-

scribes the microarray and MPS technologies and how these are used for the 

study of transcriptional regulation. 

DNA microarrays 

Microarray technologies are now widely used for the study of genome func-

tion in a large number of species. DNA microarrays were developed in the 

mid 90’s to measure gene expression (mRNA) levels [1]. Later, the introduc-

tion of genomic arrays enabled other functional parts of the genome to be 

investigated. For example, microarrays have been used for identifying pro-

tein-DNA interactions [32], chromosomal aberrations [36], DNA methyla-

tion [37], transcribed regions [38] and disease-associated SNPs [29]. The 

basic principle behind the array experiments is however quite similar. Here 

follows a brief introduction to how the microarray technologies are used for 

the study of gene expression and protein-DNA interactions.   

Gene expression microarrays 
Gene expression microarrays provide information about the mRNA abun-

dance of thousands of genes in a cell sample. A typical microarray assay is 

composed of several steps as shown in Figure 5. First, mRNA is isolated 

from the samples of interest for the biological study. Interesting samples can 

for example be cells that have been treated with some drug, grown under 

certain conditions, or taken from a tissue affected by disease. Usually, 

mRNA is also extracted from a reference sample, e.g. untreated cells or 

healthy cells. Each mRNA sample is then reverse transcribed into cDNA and 

labeled with a fluorescent dye. Next, the samples are hybridized onto mi-

croarray slides. Some slides are designed to handle one mRNA sample, 
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whereas others require a competitive hybridization between two differently 

labeled samples. Typically, the two molecules Cy3 and Cy5 are used as la-

bels in the competitive hybridization.  

The microarray is a glass slide with thousands of single stranded DNA 

fragments evenly spread out as spots on a grid. The DNA sequence in a spot 

is called probe, and each probe is constructed to match part of the sequence 

for a specific gene. When a labeled cDNA sample is put on a microarray 

slide, each cDNA fragment will hybridize to its corresponding probe. The 

DNA probes can be printed onto the array [3], in which case relatively long 

and customized can be used. Alternatively, the probes are synthesized onto 

the microarray slide. This approach is taken for example by Affymetrix 

(http://www.affymetrix.com/), a company that produces arrays containing a 

high number of short synthetic oligonucleotides [4]. After hybridization, the 

abundance of cDNA fragments in each spot is detected through a scanning 

procedure. In case of competitive hybridization onto the same slide, the 

scanning is performed at different wavelengths to get a measure of the 

cDNA abundance for each sample. The scanning results in a number of im-

ages. The whole process is outlined in Figure 5. 

 

Figure 5. Overview of a gene expression DNA microarray experiment. mRNA is 
extracted from two different cell samples A and B. The mRNA is then reverse tran-
scribed into cDNA. For 1-channel arrays, the two samples are labeled and hybrid-
ized to different arrays. For 2-channel arrays, A and B are labeled with two differ-
ent dyes (for example Cy3 and Cy5) and competitively hybridized to the same array.  

In the next step, the images are quantified by scanner-specific software so 

each spot on the array becomes associated with numerical values that repre-

sent the amount of hybridized cDNA. The software also quantifies other 
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parameters such as, spot qualities, background intensities, circularity, and so 

on. The resulting files are the starting point for the data analysis.  

ChIP-chip 
A ChIP-chip experiment consists of chromatin immunoprecipitation (ChIP) 

coupled with microarrays [31]. Genomic DNA bound by some protein is 

first extracted using ChIP and subsequently hybridized to microarrays with 

probes tiling along large genomic regions. In the ChIP procedure (see Figure 

6), first all protein-DNA interactions in a living cell sample are fixed with 

formaldehyde. Then the cells are opened and the chromatin is sonicated into 

short fragments. In the next step, a TF or other protein in the chromatin is 

immunoprecipitated together with the DNA it is bound to, through the use of 

a specific antibody. In this way, only fragments that bound by the specific 

protein are kept in the sample. The cross-links are then reversed and the re-

sulting DNA is labeled. A reference sample is typically constructed by the 

same procedure, omitting the immunoprecipitation step. The ChIP and refer-

ence samples are then hybridized to 1-channel or 2-channel arrays as de-

scribed in the previous section.   

 

Figure 6. Overview of the experimental procedures in chromatin immunoprecipita-
tion. Adapted, with permission, from the Annual Review of Genomics and Human 
Genetics, Volume 7 copyright 2006 by Annual Reviews www.annualreviews.org. 

The probes that show high signal for ChIP DNA while showing low signal 

for reference DNA are those where the protein-DNA interaction is to be 

found. In practice, it may be difficult to detect those spots without perform-

ing an in-depth data analysis. Probes are relatively short in ChIP-chip ex-
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periments. The lengths may vary from a few thousand bases down to just 25 

bases for the highest resolution arrays.  

Experimental error sources 
The resulting data from microarray experiments contain many different er-

rors that are introduced throughout the experiment. For example, the two 

fluorescent labeling molecules Cy3 and Cy5 may bind to DNA with different 

affinity. Thus, it is often the case that one channel displays higher signals 

than the other for almost all genes on the array even though the majority 

should have the same expression levels. Moreover, the hybridization over 

the array is not always uniform. In such cases, the resulting data show that 

parts of the array have overall higher or lower signals than the rest. Another 

issue is cross-hybridization, i.e. that identical DNA fragments may bind to 

several different probes on the array. There are also a number of additional 

errors that may occur during image quantification, scanning, RNA extrac-

tion, hybridization, array production, and so on. It is almost impossible to 

enumerate all possible error sources. It has even been shown that the ozone 

levels at the time of hybridization affects the data quality [39]. A big chal-

lenge for the data analysis is to distinguish and extract the important infor-

mation from all this noise.   

Massively parallel sequencing 

Massively parallel sequencing (MPS) technologies were first commercially 

available in 2004, but they have already had a great impact on understanding 

biology at a genome-wide scale. These technologies that are also know as 

“next-generation”, or “ultra-high throughput” sequencing, can be used for a 

wide number of applications. This includes most experiments where DNA 

microarrays have traditionally been used, but also other types of experiments 

such as de novo assembly of previously unknown genomes.  

There are several different next-generation sequencing platforms. They all 

work in somewhat different ways, but what they all have in common is that 

millions of short DNA fragments are placed on a slide and then read in par-

allel, one base at a time, until a certain read length is reached. All this is 

done through a combination of chemistry, enzymiology and high-resolution 

optics. The number of sequenced DNA fragments and the lengths of each 

read differ between the sequencing platforms. Currently there are three rela-

tively widespread MPS platforms: 454 from Roche (http://www.454.com/), 

Illumina (http://www.illumina.com/) and SOLiD from Applied Biosystems 

(http://www.appliedbiosystems.com/). The SOLiD and Illumina instruments 

can readily produce tens of million reads of lengths 25-75 bases, whereas the 

454 output fewer but longer reads. How the resulting short reads are further 

processed depends on the nature of the biological experiment. If the aim is to 

count the number of DNA molecules originating from specific location, 
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which is the case when performing MPS for studying gene expression [40] 

or protein-DNA interactions [35], the reads are mapped back to a reference 

genome. In case of de novo sequencing, the reads are instead used for ge-

nome assembly [41]. 

ChIP-seq 
Next-generation sequencing can be performed on ChIP-DNA to detect pro-

tein-DNA interactions. This so-called ChIP-seq method [35] is likely to be-

come a cost effective and efficient alternative to ChIP-chip for future ge-

nome-wide studies. Moreover, because of the nature of the sequence data, it 

is possible to also extract SNP information from the ChIP-seq experiments.  

In a ChIP-seq experiment, first ChIP-DNA is obtained in the same way as 

described before (see Figure 6). Then a fragment library is constructed by 

adding platform specific linkers to the DNA fragments in the sample. The 

linkers enable the fragments to be amplified by PCR prior to sequencing. 

The amplified sequences are then spread out on a slide, where one base at a 

time is read in parallel for all millions of fragments until the maximum read 

length is obtained. The bases can be determined since they emit light at dif-

ferent wavelengths. These lights are captured on images, which are then 

being analyzed to obtain the resulting sequence reads. Once the reads have 

been determined, they are further analyzed by methods described in later 

sections.  

The combined sizes of all images produced by one single experiment can 

be about 5 terabytes for some MPS platforms. It is practically impossible to 

store such amounts of data. Instead, the resulting sequence reads are nor-

mally considered as the raw data from the experiment. This has some limita-

tions. If someone would like to try an alternative base-calling algorithm on 

the images, the whole experiment needs to be done all over again. 

Error sources 
MPS technologies are not free from experimental errors. Imperfections in the 

chemistry and stochastic failures during the read process can introduce noise 

in the data [42]. Typically, these errors accumulate throughout the read cy-

cles, and therefore these errors limit the maximum read length that can be 

obtained.    

The amplification step in MPS can in some cases result in an exception-

ally high number of copies generated from one single fragment, which in its 

turn can yield an extremely high number of overlapping reads with the ma-

jority of them located at the exact same position. Another issue when it 

comes to ChIP-seq is the alignment of reads to a reference genome. It is 

important to keep in mind that the reference sequence is not perfect, and also 

that the DNA from different cells and individuals can look quite different. 

Therefore there may be discrepancies between the MPS reads and the refer-

ence genome.       
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Biological knowledge sources 

It is necessary to exploit all relevant information in order add semantics to 

the results from the high-throughput experiments described in the previous 

section. Knowledge of biology at the molecular level has been assembled 

during decades. The most fundamental biological data for these studies is the 

human DNA sequence, which is available from several sites [43, 44]. It con-

sists of about 3 billion letters (A,T,C or G) divided into the autosomal chro-

mosomes 1-22 and sex chromosomes X and Y. Even though the human ge-

nome was reported to be complete in 2001 [45, 46], it has been updated sev-

eral times since then [47] and still some parts are perhaps not properly as-

sembled. To understand the genome function, the DNA sequence has been 

annotated in different ways so it is possible to know for example where 

genes are located and where single nucleotide polymorphisms (SNPs) occur. 

Annotations, together with results from complementary high throughput 

experiments performed by other research groups, are often required for 

drawing meaningful conclusions from a high-throughput experiment. 

Annotations 

Information about protein coding genes and other transcripts is crucial in 

genome wide studies of transcriptional regulation. Without knowing the 

locations of transcripts, and especially the transcription start site (TSS) coor-

dinates, it would not be possible to study the relationship between regulatory 

regions and transcription. The biological function of genes is also fundamen-

tal. This knowledge is for example provided by the Gene Ontology (GO) 

[48] consortium (http://www.geneontology.org/), an effort for constructing a 

common language for gene functions, and other groups that are assigning 

genes with GO terms.  

It is important to keep in mind that the human sequence is just a reference 

and that any cells used in a specific experiment differs from the reference at 

many places. The most common type of variation are SNPs, but there are 

also other differences such as deletions, gains or translocations of genomic 

regions. All these events are of interest to understand the details of transcrip-

tional regulation. If the DNA sequence in regulatory regions is subject to 

variation it could have effects on gene regulation as was earlier discussed. 

Genetic variation is however just one of many annotations that may be of 

interest to study. Other features include evolutionary conservation, CpG 

islands and repetitive regions.  

Experimental data  

Genome-wide experiments are performed in many laboratories around the 

world. Usually, the raw experimental data is made available through public 
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repositories such as ArrayExpress [49] or Gene Expression Omnibus (GEO) 

[50] once the results are published. These are valuable resources both for 

bioinformaticians who want to analyze combined data sets without having to 

perform experiments themselves, and for biologists that can use the results 

of other groups instead of performing the experiments themselves. In our 

studies, we have used data from these sources for our own analysis purposes. 

We have also uploaded our own experimental data to make it available to 

other scientists.  
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Aims 

The work presented in this thesis is interdisciplinary and therefore the aims 

are in different research areas: 

 

 

• Computational aims: to develop analytical pipelines and bioinfor-

matics tools for data from gene expression arrays, ChIP-chip and 

ChIP-seq 

 

• Biological aim: to learn more about transcriptional regulation by 

mapping proteins to the human DNA sequence 

 

• Medical aim: to find candidate genes for human diseases 

 

• Additional aim: to make experimental data and bioinformatics tools 

available to other researchers  
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Methods 

There is no general answer to which methods are best suited for analysis of 

high-throughput data. The choice of analysis tools depends on the underlying 

biological question and also on the nature of the experimental data. For ex-

ample, microarray and massively parallel sequencing (MPS) data needs to be 

handled in different ways. Similar differences also exist within the microar-

ray and sequencing platforms.  

It is important to think about the data analysis already when a new ex-

periment is being planned, so the analysis and interpretation of the results 

can then be done in a straightforward manner. Once the experimental data 

has been generated, usually a lot of analysis tools needs to be applied in suc-

cession in order to obtain meaningful results. It may be quite time consum-

ing to feed all the data through the analysis tools in a manual way, so there is 

a lot to be gained by assembling the tools into pipeline that can be executed 

more or less automatically. The pipelines also ensure that the data analysis 

can easily be reproduced. In this thesis we have created workflows for analy-

sis of gene expression microarrays, ChIP-chip and ChIP-seq. The biological 

interpretations of the results generated from the analysis can lead to new 

biological questions that could then be examined by additional experiments. 

The whole process is outlined in Figure 7.     

 

Figure 7. Workflow for high-throughput experiments. The process starts from a 
biological question. Then an appropriate experiment design is chosen, taking into 
account factors such as the experiment budget, cell sample size and data analysis 
resources. In the next step, the experiment is performed and the resulting data is put 
into one of the analysis pipelines. The biological interpretation of the result can lead 
to new hypothesis that could become the starting point of a new experiment. 
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This section briefly presents some of the central computational methods for 

high-throughput analysis of transcriptional regulation. It is these methods 

that we have used in our analysis pipelines. First some general computa-

tional concepts are presented and then specific methodologies for gene ex-

pression, ChIP-chip and ChIP-seq analysis are outlined.  

Computational methods 

Methods from mathematics, statistics and computer science are central for 

analysis of high-throughput data. This section briefly presents some concepts 

that are of importance for the work in the thesis. These methods are generic 

and not limited to bioinformatics applications.  

Statistics 

There are lots of computational tools available for solving bioinformatics 

problems, and many of them are based on statistics. In analysis of gene ex-

pression arrays, statistics is often used to identify significantly differentially 

expressed genes [51-53]. In ChIP-chip and ChIP-seq analysis, statistical 

methods are used to find the significantly enriched regions [18, 54]. Once a 

set of interesting genes has been detected, their common biological functions 

can also be studied through statistics [55, 56]. These were only a few exam-

ples. Many other applications in computational biology rely on methods for 

statistical inference.   

Hypothesis testing  
Statistical inference is used to estimate the significance of some event, and 

one way to calculate this significance is through hypothesis testing. The 

methodology presented here is the “frequentist approach” to statistical infer-

ence. The main alternative method is Bayesian inference, which is also 

widely used in bioinformatics. 

Suppose that we have measurements of biological events and want to dis-

criminate those with a true biological meaning from the noise. In order to 

say something about the significance, a null hypothesis (H0) is assumed and 

an underlying model for H0 is defined. In bioinformatics, H0 often assumes 

that the measurements only consist of noise, modeled by some distribution 

(normal, hypergeometric, Poisson, etc). When a model has been assumed, it 

is possible to calculate a p-value for each measurement. The p-value is the 

probability to observe a value at least as extreme as the measurement given 

that H0 is true. When all p-values have been calculated, the measurements 

with p-value less than some predefined α are considered significant at the 

significance level α. 
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Multiple testing problem  
A frequent problem in computational biology is that many hypotheses are 

being tested simultaneously. For example, it is usually the case that one test 

is being performed for every single gene in an organism. A large number of 

statistical tests can have as effect that some measurements are considered 

significant even if they contain no true biological signal, just because so 

many hypotheses are being tested. One way to correct for this problem of 

multiple hypothesis testing is to control the false discovery rate (FDR) [57]. 

The FDR is defined as the proportion of errors committed by falsely reject-

ing the null hypothesis. Thus, by selecting only those signals with FDR 

lower than 0.05, our results will (theoretically) contain at most 5% false 

positives. A more stringent method is the Bonferroni correction, where the 

probabilities are simply multiplied by the number of tested hypotheses.    

Randomization 

Random sampling is a valuable technique in statistics and computer science. 

In statistics, randomization tests (also called permutation tests) can be used 

to determine the significance of measurements when the null distribution is 

unknown. By randomly shuffling the observations, a new data set can be 

constructed that is likely to contain only noise and no true signals. The ran-

domized data can therefore be used as a model for the noise in the original 

data. Those observations in the original data that are significantly above the 

noise level are likely to contain some true signal.    

Many computer algorithms have some random ingredient. Randomized 

algorithms can be used for many purposes [58]. One important application is 

optimization, and the use of randomness in local search methods is briefly 

mentioned below. Randomized algorithms have been proposed for a number 

of different problems in bioinformatics. These applications include detecting 

differentially expressed genes [59] and de novo DNA motif search [60] 

among others. 

Local search 

When a computational problem has been stated, the aim is usually to find the 

optimal solution. In many cases it is possible find the global optimum by 

enumerating and evaluating the whole search space, i.e. all possible solu-

tions. But when the search space is so big that it is no longer realistic to 

enumerate all solutions, even on the fastest computer available, we have to 

settle with locally optimal solutions. The local optimum can be found by 

iterative improvements of the solutions. In bioinformatics, such local search 

techniques have been used for de novo motif search [61], gene expression 
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analysis [62], and much more. The principles behind local search are de-

scribed below and outlined in Figure 8. 

 

Figure 8. Overview of the local search methodology. 

First, one candidate solution is selected from the search space, typically at 

random. This start guess is then evaluated using a scoring function that de-

scribes the property subject to optimization. In the next step, all solutions in 

the neighborhood of the candidate are generated and evaluated by the same 

scoring function. If a better solution is found in the neighborhood, that can-

didate is used as a starting point in for the next iteration. This process con-

tinues until the algorithm reaches a local optimum. There are many ways to 

improve the chances of finding the globally optimal solution. For example, 

the whole search can be re-started several times using different start guesses. 

By generating each new start guess at random, a large part of the search 

space can be covered in an unbiased way.  

Analysis of high-throughput data 

Data from genome-wide studies of transcriptional regulation create great 

bioinformatics challenges. The aim is to reconstruct parts of the regulatory 

machinery from the snap shots of transcriptional activity and protein-DNA 

interactions that are hidden in the experimental data. An experiment using 

microarrays or next-generation sequencing yields a number of files with 

measurements for thousands or millions of genes or genomic regions. The 

true biological signals are mixed with noise coming from many different 

error sources. Without proper management, analysis and interpretation of all 

this data, it is impossible to draw any biological conclusions from the ex-

periment.  The data analysis is usually performed in several different steps, 

which can be assembled into a more or less automated pipeline. 
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Usually, the first data analysis to be performed is some basic statistics and 

visualization to assess the quality of the data. The quality control indicates 

whether the experiment seems to be successful and can also reveal system-

atic errors in the data. If such errors are detected, normalization methods 

[63-67] can be applied to correct for them. Sometimes several different sub-

sequent normalizations are required. The following step is to detect the in-

teresting signals. This could be a set of genes that are differentially ex-

pressed between two samples, or the genomic regions where a certain pro-

tein is bound. In either case, significant signals are extracted from the data 

through the use of statistical methods [18, 51-54]. When the significant sig-

nals of interest have been identified, much of the analysis still remains. In 

order to interpret the results, information from biological knowledge sources 

needs to be included, such as the human DNA sequence, gene coordinates, 

gene function, genetic variation and so on. It is not until all this information 

has been combined that new facts can be learned about transcriptional regu-

lation. Many bioinformatical methods are focused on these later stages of 

analysis, including de novo motif search algorithms [60, 61, 68, 69], gene 

ontology analysis [55, 56], ChIP enrichment signals around TSSs, and much 

more.  

However, data analysis is not the only important issue for these high-

throughput experiments. It is also important to select a proper experimental 

design, and to find a good solution for the data storage. All these issues are 

discussed in this section.  

Experiment design 

Microarray and MPS experiments are often expensive and time consuming. 

If a poor experimental design is chosen, it might be difficult to find a satis-

factory answer to the initial biological question even with the most advanced 

bioinformatics methods. Therefore, it is important to think about both the 

experimental and analytical parts of a project already at the planning stage. 

Experiment design issues are perhaps most complicated for 2-channel mi-

croarrays. When two different samples are hybridized to the same slide, 

there are many ways to chose which pairs of samples are hybridized against 

each other [70]. However, some other issues are more general and apply to 

all microarray and MPS experiments. Perhaps the most important is to de-

termine the number of technical or biological replicates needed to answer the 

question. From a statistical point of view, it is preferable to do as many rep-

licates as possible. But the number of replicates is usually limited by the 

project budget and sometimes also the cell sample size. A good experimental 

design should find the optimal balance between these factors.   
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Expression analysis 

Gene expression is still usually measured with DNA microarrays, even 

though high-throughput sequencing can be used also for this purpose [40, 

71]. Analysis of expression array data has been a popular topic in bioinfor-

matics for a number of years, and there are now many tools available for 

example in the Bioconductor open source project [72]. The typical analysis 

steps are outlined in this section. Some of the methods are only applicable to 

expression array data while others can be used also for analysis of ChIP-chip 

or ChIP-seq data.  

Visualization 
Visualization methods are used to summarize information in large data sets, 

and to detect systematic errors. For gene expression microarrays, there are 

several ways to visualize the data. One of the most popular is the MA-plot, 

where the log2-ratio for each gene in two samples is plotted against the cor-

responding average spot intensity (see Figure 9). The MA-plot is, among 

other things, useful for detecting dye effects in 2-channel arrays. Other im-

portant visualization methods include array plots, which display signals dis-

tributed on the physical array. Such plots are useful for detecting effects of 

uneven hybridization. PCA plots that display correlation between sam-

ples/genes and heat maps for visualization of expression profiles are exam-

ples of additional methods.  

 

Figure 9. MA-plots, before (left) and after print-tip loess normalization (right) of a 
2-channel microarray analyzed in the LCB Data Warehouse (paper I). On the y-axis 
is the M-value defined as log2R-log2G. On the x-axis is A, the average spot intensity 
defines as  ½(log10R+log10G). R and G are the intensities for Cy5 and Cy3 respec-
tively. The colored lines show the distributions for spots localized in different areas 
of the array. Before normalization, the signal intensities are biased so that spots 
with stronger intensity have higher Cy5 than Cy3 values. Also, the distributions of 
signals vary between different places on the array. As seen in the figure to the right, 
the systematic errors are removed after print-tip loess normalization.    
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Normalization 
Normalization is performed to reduce systematic variation in the data. Some 

of the visualization methods described above can give hints for how to nor-

malize the data. Dye-biases and uneven hybridization effects are handled by 

various methods for within slide normalization and/or background intensity 

correction [63-67]. An example of the effects of normalization is shown in 

Figure 9. If the data sets consist of results from different arrays, between 

slide normalizations can be used to fit all data into the same distribution 

[67]. Apart from normalizations, other pre-processing methods may also be 

required. This includes filtering bad quality spots and merging of replicate 

spots. Several of these normalization or pre-processing methods may be 

required in order to obtain satisfactory results.  

Hypothesis testing 
Interesting candidate genes are detected through statistical hypothesis test-

ing. Usually, the genes of interest are those that are differentially expressed 

in different samples. There are a number of testing methods, such as, SAM 

[51] and empirical Bayes statistics [52, 53]. Most methods work in more or 

less the same way. Input is pre-processed data, and output is a ranked list of 

genes. In the output, genes are ranked according to the value of the test sta-

tistic, which is calculated differently for each testing method. Genes that 

show a high differential expression that is consistent throughout all biologi-

cal and technical replicates are the ones that usually will get the highest test 

statistics values. It is difficult to distinguish between the true differentially 

expressed and the false positives on basis of the ranked gene list. Usually, 

the set of potential differentially expressed genes is defined by a cut-off that 

can, for example, be calculated using the false discovery rate (FDR). Up- 

and down regulation of genes detected in array experiments are confirmed 

by independent validation by PCR.   

Clustering 
The candidate genes that remain after the statistical test can be grouped by 

their expression pattern through clustering. The aim is then to detect genes 

that share specific expression profiles, and thus might be involved in the 

same biological functions or pathways. There are two different clustering 

approaches, hierarchical and partitional. Hierarchical clustering uses either a 

bottom-up or top-down approach for building a tree with genes as leafs. The 

distance between genes in the tree structure represents the level of similarity 

in expression. Partitional methods, such as the k-means method, instead re-

quire the number of clusters to be given from the user, and all genes that end 

up in the same cluster are seen as similar. Clustering can also be used to 

group samples by similarities in gene expression levels.  
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Classification 
Classification methods, as opposed to clustering, are supervised. This means 

that information about the outcome for a number of test cases must be given 

beforehand. For microarray data, classification can be done both for samples 

and genes. In case of sample classification, the aim could be for example to 

obtain an automated method that classifies samples from different types of 

cancer based on expression profiles [73]. Another use for classification is to 

predict the biological function of previously uncategorized genes [74]. 

Biological interpretation and validation 
Microarray analysis results are often presented as different lists of genes that 

are potentially up- or down regulated in various experimental conditions. 

Frequently, one of the steps of downstream data analysis is to see if previous 

biological knowledge can help in the interpretation of results. Structured 

information about biological properties of genes is available from many re-

sources such as the Gene Ontology (GO) [48]. Visualization and statistical 

tests of the GO annotations may give insight on biological functions and 

pathways that are affected by different experimental conditions.  

ChIP-chip data analysis 

One significant difference between ChIP-chip and gene expression microar-

ray data, when it comes to analysis, is that probes are tiling along genomic 

regions in case of ChIP-chip. A ChIP enriched region will thus give a posi-

tive signal in many consecutive spots and form a peak, with its shape de-

pending on parameters such as the probe lengths and on sonication settings 

(see Figure 10). 

 

Figure 10. ChIP-chip enrichment signals from experiments with different array 
resolution viewed in the UCSC genome browser. The four bottom rows show the 
signals for H3ac, FOXA2 (previously known as HNF3β), HNF4α, and USF1 from 
an experiment with average probe length of 1.5 kb (paper II). The three rows above 
show signals for H3ac, USF1 and USF2, analyzed on whole-genome arrays with an 
average resolution of 35 bases (paper III). 
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Many of the analysis steps and algorithms developed for expression arrays 

can be applied also to ChIP-chip data, but there are a number of issues that 

need some extra considerations. 

Peak detection 
The ChIP-chip enrichment is usually calculated as a log2-ratio between the 

ChIP-signal and the corresponding signal in a reference sample (see Figure 

6). Different methods have been proposed for detection of the genomic re-

gions that are significantly enriched for ChIP DNA. Some of them traverse 

the genome with a sliding window or hidden Markov model (HMM) to iden-

tify peaks in the signal [54, 75, 76]. An alternative strategy is to first calcu-

late enrichment scores for each individual spot with a statistic that takes rep-

licate measurements into account, and to report the highest scoring spots as 

candidate peak centers. Then, candidate peaks are removed where the flank-

ing spots do not have sufficiently high scores. In this thesis we have used the 

latter approach (papers II and III), with the significance calculated from an 

empirical Bayes method [52, 53]. It is possible to take information about 

additional negative control experiments using non-specific antibodies into 

account when defining the peaks. Such mock experiments should theoreti-

cally not give any signal, but still such signals have been detected [33]. 

Those regions are most likely not containing a true protein-DNA interaction 

and should therefore be removed from the set of peaks. 

TFBS detection 
The widths of enriched peaks vary depending on the microarrays used, but 

the regions are usually at least 50 to 100 bases for the highest resolution 

arrays up to around 1kb for in-house spotted arrays. A sequence specific TF 

bind to about 10 bases in DNA (see Figure 3), and such binding sites should 

be present inside the defined peaks. For several reasons, it is important to 

find out whether TF binding sites (TFBS) are present inside the peak re-

gions. If the correct DNA binding motif can be predicted de novo, that is a 

strong indicator of good quality of the ChIP-chip data. Moreover, accurate 

prediction of the individual binding sites can reveal the exact DNA bases to 

which a TF is bound. There are a number of different methods for de novo 

motif search and TFBS prediction [60, 61, 68, 69]. Many of these methods 

were developed for reasonably small-scale experiments and therefore they 

are not suited to search through the several thousand regions that can result 

from whole-genome ChIP-chip or ChIP-seq experiments. That is why we 

developed the BCRANK motif search method (paper IV), which is based on 

the local search and randomization framework described earlier.  

Annotations  
To gain biological knowledge from ChIP-chip and ChIP-seq data it is neces-

sary to look into genomic features that are in the vicinity of the binding 
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events. For example, this could mean to identify all genes that are bound, 

and therefore potentially regulated by, a TF. Such analysis requires all en-

riched regions to be mapped to the coordinates of all genes. When there are 

just a few regions, the mapping can be done with a simple web search. How-

ever, genome-wide studies often yield thousands of regions. Therefore a 

more practical approach is to download the gene coordinates and to store 

them in a local database that can be queried from a program that loops 

through all the regions. Gene coordinates are not the only annotations that 

may be of interest. Other important features include, mRNAs, ESTs, CAGE-

tags, CpG islands and SNPs. 

Footprints 
ChIP-chip and ChIP-seq experiments give a continuous signal throughout 

the genome. By using the position of some genomic feature as a reference 

point it is possible to visualize the average signal around all such positions. 

Typically the transcription start site (TSS) is used as a reference point. This 

is very informative for examining the general pattern of TFs and histone 

modifications in a window surrounding TSSs. By comparing the footprint 

signal from highly expressed with that of genes with low expression, we 

could also see how the patterns are correlated with transcription (see Figure 

11). Other groupings of genes may also be relevant. It is important to keep in 

mind that the footprint only shows the general pattern of all signals. The 

individual signals may in fact look quite different.   

 

Figure 11. Footprints of H3K4me3 ChIP-seq signal in a window around TSS of 
genes (paper V). The H3K4me3 signal is plotted for 18000 genes that are divided 
into to five equally large groups based on the expression levels. The groups range 
from highest (dark red) to lowest (green). There is a clear correlation between 
H3K4me3 and expression. Both expression and H3K4me3 enrichment was measured 
in the human liver cell line HepG2.     
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ChIP-seq data analysis 

Output from high-throughput sequencing platforms is fundamentally differ-

ent from that of microarray based technologies, and therefore requires other 

bioinformatics solutions. Today a ChIP-seq run can result in tens of millions 

DNA sequences with lengths about 30-75 bases, but both the throughput and 

the read lengths are constantly increasing with technology improvements. 

This huge number of reads implies that some of the analysis can only be 

performed on computers with high capacity in terms of disk space, memory 

and processing power. Alignment and SNP calling are examples of such 

applications, and they are preferentially performed on computer clusters. 

Even though some analysis steps are very specific for ChIP-seq, much of 

the downstream analysis can be directly inherited from the ChIP-chip analy-

sis described above. Once the enriched peaks are detected, the subsequent 

analysis for ChIP-seq and ChIP-chip is virtually the same.  

Alignment 
The millions of short reads must be aligned to a reference genome before 

any further analysis can be done. Here there is a big difference between the 

two main ChIP-seq platforms of today, SOLiD and Illumina. Illumina reads 

are represented by the nucleotides A,C,G,T and they can be aligned in a 

straightforward manner. SOLiD reads on the other hand are coded in the so-

called “color space”, a 2-base encoding of DNA sequences where two con-

secutive reads are mapped to one of the numbers 0,1,2,3 as shown in Table 

1. The main advantage of using the 2-base encoding is that it makes it possi-

ble to distinguish between alignment mismatches that are due to sequencing 

errors and those that occur because of SNPs. The disadvantage is that much 

of the analysis must be done in color space. 

Table 1. The 2-base encoding used in the SOLiD system. A dinucleotide is converted 
to one of the numbers 0 to 3, the so-called color space, by the mapping in the table. 
Longer stretches of DNA are mapped by interrogating each base twice. For example 
AACAAGCCTC is encoded into A011023022. The A corresponds to the first base in 
the DNA sequence. The first 0 represents AA and the third 0 represents CC. 

 2nd base 
 A C G T 

A 0 1 2 3 

C 1 0 3 2 

G 2 3 0 1 1st
 b

as
e 

T 3 2 1 0 

 

When the raw reads have been generated they need to be aligned to a refer-

ence genome. Originally, the alignment tools were tightly connected to the 

sequencing machines. But new methods are now emerging that are available 
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for anyone to use [77-79]. Most of the alignment methods allow the user to 

specify the maximum number of mismatches. Another important parameter 

is whether only uniquely aligned reads should be considered for further 

analysis. If reads that are matching to multiple genomic locations are re-

moved the data quality improves, but at the same time it will be impossible 

to investigate repetitive regions.   

Peak detection 
A protein-DNA interaction site detected by ChIP-seq is ideally flanked by 

reads on the forward strand upstream of the binding and reads on the reverse 

strand downstream. By extending each read to the length of the original 

DNA fragment, a peak centered over the protein-DNA interaction site can be 

formed (see Figure 12). 

 

Figure 12. Example of a ChIP-seq peak viewed in the UCSC genome browser. The 
figure shows reads for the transcription factor FOXA3 (paper V) in the promoter of 
APOA2, a known target gene. The red and blue lines indicate positions on the for-
ward and reverse strands respectively. The black peak shows the overlap signal 
after the reads have been extended to the average length of DNA fragments in the 
sample. A black line at the top indicates the position of a FOXA3 binding site pre-
dicted by the BCRANK program. It is centered exactly over the FOXA3 peak. Fur-
ther down, the reads and overlap signals for an Input sample is shown.       

Most peak detection methods construct an overlap signal by extending all 

reads as described above. A cut-off for the number of overlapping reads can 

be calculated by applying some statistics. All regions with an overlap above 
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the cut-off are then considered significant. The Poisson distribution has been 

suggested as a model for the null hypothesis that sequence reads are ran-

domly placed in the genome [18, 80]. An alternative that we used is the bi-

nomial distribution (paper V), which provides a precise and intuitive model 

for random placement of reads. Assuming that the genome consists of n 

bases and that the average ChIP DNA fragment length is l, the probability 

that one single base is covered by a randomly mapped fragment is l/n. If m 

reads are randomly placed, the probability p of observing at least x overlap-

ping fragments follow the binomial distribution. 

p overlap ≥ x( )= l
n( )i

1− l
n( )m− i

i= x

m

�  

Since each base in the genome is tested by this approach, there is an obvious 

need to correct for multiple testing, for example by the FDR or Bonferroni 

method. Also it is important to take into account strand specific information 

of reads when defining the peaks [81]. Like other recent peak finding strate-

gies [80-83], we require forward and reverse reads to be placed around the 

peak as in the example shown in Figure 12. Once the enriched regions have 

been detected, much of the remaining analysis can be inherited from the 

ChIP-chip strategies.         

SNP calling 
The reads carry important information about the genetic variants in the cells 

that are examined. This can be exploited in ChIP-seq although such experi-

ments are not mainly intended for detection of single nucleotide polymor-

phisms (SNPs). By running a SNP detection tool on the raw reads, it is pos-

sible to identify SNPs that occur close to ChIP-enriched regions. Perhaps the 

most interesting scenario is when a SNP is heterozygous in genomic DNA, 

but mainly one of the alleles is found in the ChIP-seq data. This would indi-

cate that the protein is preferentially bound to one of the alleles. When inves-

tigating proteins such as RNA PolII or histone modifications, this allelic 

imbalance could be indicative of allele specific transcription activity. For 

TFs, it is possible to in this way detect functional SNPs where the TF only 

binds to one allele. In the future, it might be possible to screen for disease 

associated regulatory SNPs by this strategy. However, this requires very 

high number, and preferably also relatively long, sequence reads.    

Data storage and management 

As already has been mentioned, microarray and next-generation sequencing 

technologies are producing a lot of data. Usually the experimental results are 

divided into several text files, that each can contain several thousands or 

even millions of rows with measurements. It is crucial to have efficient ways 
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of handling all this data. Another concern is to store the data in such a way 

so the experiment could be reproduced. A Laboratory Information Manage-

ment System (LIMS) can solve these problems. In a LIMS, the raw data is 

usually stored in a structured database. In case of array experiments, the 

LIMS can also hold information about how much sample was used, how the 

array was produced, which scanner was used, and also the resulting data files 

are in the same system. For microarrays, the MIAME (Minimum Informa-

tion About a Microarray Experiment) standard [84] specifies all information 

that is needed to reproduce an array experiment. An analogous standard for 

next-generation sequencing data is currently under development and will 

soon be released (http://www.mged.org/minseqe/).  

Sometimes databases are not the best way to store the data. ChIP-chip and 

ChIP-seq give signals that cover the whole genome, and for those experi-

ments it is important that any genomic region can be accessed quickly, since 

the signals in particular regions are often of interest. For example, we might 

want to extract signals around a large number of transcription start sites 

(TSSs). It is difficult to do this quickly if the signals are stored in a database 

since every query to the databases takes a little too much time. Instead it is 

much quicker to store the signals in a binary file format. For example the 

UCSC genome browser [44] for a long time used the solution with binary 

files to store the DNA sequence so they can be quickly accessed. The same 

kind of solution can speed up ChIP-chip and ChIP-seq data analysis consid-

erably.  

Today, many high-throughput experiments are done in collaboration be-

tween several researchers that are often far from each other physically. 

These collaborations can be facilitated if it is possible to share the data and 

results of analysis through a common and easy-to-use framework. Therefore, 

a system that is accessible from the web, and where each user has permission 

to some specific projects can be of great help.  
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Results and discussion 

In this thesis, we have developed new strategies and tools for analysis of 

high-throughput data. By applying these methodologies to experimental data 

from the human liver cell line HepG2, we have increased our knowledge 

about transcriptional regulation.  

Summary of results  

All five papers in the thesis describe bioinformatical methods for data analy-

sis. In all studies except paper I we also obtain results about regulation of 

transcription in human HepG2 cells. Some of the main results are presented 

below. 

Computational results 

The LCB Data Warehouse – an infrastructure for microarrays 
The LCB Data Warehouse (LCB-DWH) (paper I) is a web-based LIMS sys-

tem for storing and analysing microarray data. The system is built on the 

open-source software BASE [85], which enables secure data transfer, reli-

able MIAME-compliant storage and export, and reproducible analysis of 

two-channel gene expression microarray data. We have augmented and ex-

tended the functionality of BASE with a large number of custom analysis 

plug-ins. The plug-ins enable users of the LCB-DWH to run a large number 

of analysis tools, for example from R (http://www.r-project.org/) and Bio-

conductor [72], on their own private data through a web interface. The LCB-

DWH was originally developed for 2-channel expression data, but has later 

been extended to analysis of other types of array data such as array-CGH and 

ChIP-chip. The LCB-DWH now contains data from over 5000 arrays and it 

has more than 200 registered users. 

BCRANK – a new de novo motif search algorithm 
In paper IV, we developed a new algorithm, BCRANK, for predicting bind-

ing sites from whole genome ChIP-chip and ChIP-seq data. BCRANK is a 

heuristic search algorithm that takes ranked lists of enriched DNA regions as 

input and detects consensus sequences that frequently occur among the 
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higher enriched sequences. BCRANK is implemented in R and available 

from Bioconductor [72]. BCRANK was evaluated against two other motif 

search methods on whole-genome USF1 ChIP-chip data (paper III). Our 

comparison showed that BCRANK has some important advantages. The 

most important is that BCRANK does not require the motif length to be 

known a priori.  

Biological results 

TFs bind to many sites in the genome 
In paper II, ChIP-chip experiments were performed for HepG2 cells using 

arrays that cover 1% of the human genome covering the encyclopedia of 

DNA elements (ENCODE) regions [86]. We identified 154 binding sites for 

FOXA2 (formerly known as HNF3β), 194 for HNF4α and 31 for USF1. By 

extrapolating these numbers to the whole genome, we expect that all these 

TFs bind to several thousand sites. In the ChIP-chip and ChIP-seq experi-

ments in papers III and IV we extended our investigations to the whole hu-

man genome, by mapping the TFs USF1, USF2, FOXA1 and FOXA3. Our 

results demonstrate that the number of TF binding sites is frequently in the 

range between 1.000 and 10.000.  

TFs can interact and bind cooperatively to DNA 
In paper V we examined the interactions between FOXA1, FOXA2 and 

FOXA3. Our results show that FOXA2 proteins interact with both FOXA1 

and FOXA3 proteins in vivo, but FOXA1 do not interact with FOXA3. The 

FOXA transcription factors were examined by ChIP-seq. We grouped the 

bindings into three categories with either two of the proteins (FOXA1-2, 

FOXA3-2) or all three proteins bound (FOXA1-2-3), and could conclude 

that there were some clear differences between the groups. FOXA3-2 often 

occurs near TSSs, while FOXA1-2 is found at more distal regions. More-

over, it seems that FOXA2-1 often bind together with HNF4α while 

FOXA2-3 co-localizes with GABPα and H3K4me3. 

TFBS and functional SNPs can be identified 
In paper II, we predicted the DNA binding sites at base pair resolution for 

FOXA2 and HNF4α, and some of the predictions were validated in vitro. In 

paper IV, we developed a new strategy for in vivo validation of the USF1 

binding sites from paper III. To validate that our predicted sites were indeed 

bound by USF1, we identified heterozygous SNPs located inside a predicted 

USF1 binding sequence and then performed haploChIP experiments to dis-

criminate between the two alleles. Our results consistently show that USF1 

is preferentially bound to the allele with its predicted binding sequence. We 

then performed additional experiments which showed that not only USF1 
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binding, but also levels of USF2, RNA PolII, H3K37me3 and H3K36me3 

were sometimes different between the two alleles, suggesting that our strat-

egy can be used for detection of functional SNPs. In paper V, we show that it 

might be possible to detect functional SNPs directly from ChIP-seq data.  

H3ac and H3K4me3 are localized downstream of TSS of active genes 
In paper II we found that H3ac signal was often in proximity of the TSS of 

genes. Because of the increased resolution on the arrays in paper III, we 

could conclude that H3ac is mainly localized a few hundred base pairs 

downstream of the TSS. The genes with high enrichment of H3ac have sig-

nificantly higher expression than other genes. In paper V we found similar 

results for H3K4me3. The H3K4me3 signals were mainly localized down-

stream of TSSs, but by clustering the signals we could see that there are 

groups of genes that show different H3K4me3 patterns. Some of these gene 

clusters were correlated with high gene expression, FOXA binding or func-

tional gene annotations.  

Protein-DNA interactions around bidirectional promoters 
In paper III, a large number of enriched regions for USF1, USF2 and H3ac 

were found in promoters of two genes in a bidirectional conformation, or 

head-to-head conformation. Such pairs of genes are transcribed on different 

strands with the two TSSs separated by only a short distance. This distance 

was found to frequently be in the range between 50 and 200 base pairs. En-

richment of H3ac was mainly found downstream of the two TSSs, while 

USFs were bound in the intergenic region between the two TSSs.  

Medical results 

Candidate genes for metabolic disorders 
The TFs we have mapped by ChIP-chip and ChIP-seq have been implicated 

in diseases such as different types of diabetes [25, 26] and familial combined 

hyperlipidemia [27]. In these cases, mutations in proximity to the coding 

region of a TF leads to that the resulting TF protein can not properly control 

transcription. Therefore, we have compiled lists of genes that are likely to be 

regulated by the TF, where the TF is bound in the promoter region. Those 

genes are candidates to be involved in the disease. Rare coding variants of 

HNF4α cause MODY1, an autosomal dominant form of type2 diabetes [28]. 

Genetic variants in regulatory regions 
We have identified examples where a SNP occurring inside TFBS disrupts 

the protein-DNA interaction and also affects the chromatin structure and 

transcriptional activity. SNPs inside regulatory regions have the potential to 

affect the transcriptional control of one or several genes, and could therefore 
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be associated with disease. Our strategy to identify TFBS and functional 

SNPs, coupled with information from large-scale SNP association studies, 

could therefore facilitate the search for disease associated regulatory SNPs.  

Drug effects on histone acetylation 
In one of the additional publications (Rada-Iglesias et al, 2007), we investi-

gated the effects of treating cells with butyrate. Butyrate is a histone deacety-

lase inhibitor (HDACi), and is similar to other HDACi drugs that are used in 

the treatment of cancer and epilepsy. HDACi drugs should increase histone 

acetylation levels after treatment. Surprisingly, we found that many genomic 

regions around TSSs of genes instead showed significantly decreased levels 

of acetylation, suggesting that the models for how HDACi drugs work need 

to be revised.   

Additional results 

The ENCODE pilot project 
The ENCyclopedia of DNA Elements (ENCODE) project was launched in 

2003 with the ambitious aim to identify all functional elements in the human 

genome sequence. In the ENCODE pilot phase, regions bound by over 150 

different regulatory proteins were identified in 1% of the human DNA se-

quence. We participated in the ENCODE pilot project by analyzing ChIP-

chip data from different groups in the ENCODE consortium. ENCODE is an 

international collaborative effort between many research groups and we have 

only contributed to a small part of it. Many interesting findings were pre-

sented in the ENCODE pilot project publication, and most of the results are 

beyond the scope of this thesis (see additional publications, The ENCODE 

project consortium, 2007). 

Sharing analysis tools and experimental data 
Throughout the studies in the thesis we have aimed at making our experi-

mental data and bioinformatics tools available to other researchers. Pipelines 

for expression and ChIP-chip analysis can be accessed from the LCB-DWH 

(https://dw.lcb.uu.se/), and BCRANK is available as an open source R pack-

age from Bioconductor [72] (http://www.bioconductor.org/).  

Our raw experimental data can be downloaded from ArrayExpress [49] 

(http://www.ebi.ac.uk/microarray-as/ae/). The processed ChIP-chip enrich-

ment signals and defined peaks can be viewed in the UCSC genome browser 

[44] (http://genome.ucsc.edu/). 
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Discussion 

The microarray and sequencing technologies have undergone a remarkable 

development during the course of the studies in this thesis. The ENCODE 

arrays in paper II, that were state-of-the for performing ChIP-chip when that 

study was performed, contains about 25.000 probes that cover 1% of the 

human genome at 1.5 kb resolution on average. The Affymetrix arrays used 

in paper III instead measure about 40 million probes tiling along the whole 

human genome at an average resolution of 35 bases. Since these hybridiza-

tions were done in triplicates for in total five factors (USF1, USF2, H3ac, 

Input and IgG), the total number of measurements was about 600 million. 

Now it looks as if also the high-resolution tiling arrays are about to be out-

dated for mapping ChIP DNA fragments. Next-generation sequencing tech-

nologies, such as the SOLiD system that was used in paper V, have the po-

tential to generate even higher resolution data at a lower cost. A single run 

can easily produce tens of millions of short DNA reads. Only the lengths of 

ChIP-DNA and the number of sequence reads limit the resolution.   

High-throughput technologies are now becoming available at more and 

more sites throughout the world, and the amount of data from whole-genome 

studies of transcriptional regulation is likely to increase dramatically over 

the coming years. Without clear strategies for management and analysis of 

this data, the bioinformatics part of these projects can become a severe bot-

tleneck. This thesis demonstrates some bioinformatics strategies and pipe-

lines that can help us and other researchers prepare for the future. 
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Sammanfattning på svenska 

Reglering av transkription är en grundläggande biologisk mekanism som 

man nu kan studera med bioteknologiska experiment. Dessa experiment ger 

upphov till stora datamängder som måste hanteras och analyseras med bioin-

formatiska metoder. I avhandlingen har vi utvecklat sådana verktyg och stra-

tegier som vi sedan använt för att lära oss mer om transkriptionsreglering. 

Resultaten är därför både beräkningsmässiga och biologiska.  

Vad är då transkriptionsreglering? För att kunna svara på det behöver vi 

först veta lite om DNA och gener. Den genetiska arvsmassan består av 

DNA. Varje DNA molekyl består av en kedja av nukleotider, byggstenar 

som innehåller kvävebaserna adenin (A), guanin (G), cytosin (C) och tymin 

(T). Arvsmassan kan därför representeras som en lång sekvens av bokstäver-

na A, C, G och T. Hos människor består DNA-sekvensen av ungefär 3 mil-

jarder baser. Vissa delar av DNA är gener som fungerar som mallar för att 

tillverka proteiner. Det finns uppskattningsvis mellan 20 och 25000 gener i 

den mänskliga DNA-sekvensen. Dessa gener innehåller instruktionerna för 

att producera alla olika proteiner som behövs i kroppens celler. För att cel-

lerna ska kunna fungera krävs att produktionen av de olika proteinerna hela 

tiden hålls på rätt nivå. Dessutom måste cellerna ha möjlighet att förändra 

proteinkoncentrationerna för att till exempel genomföra celldelning eller att 

svara på stimuli utifrån. Cellerna har därför invecklade system för att reglera 

genernas aktivitet. Gener regleras på flera sätt men ett av de viktigaste är 

genom att mängden budbärar-RNA (mRNA) ändras. mRNA-molekylen är 

ett mellansteg i processen då ett protein tillverkas, och processen då mRNA 

konstrueras från en gen kallas transkription. Regleringen av transkription är 

det som har studerats i avhandlingen. 

En stor del av transkriptionsregleringen utförs av proteiner som kallas 

transkriptions faktorer (TF). En TF kan binda till regioner i närheten av tran-

skriptionsstartstället (TSS) för en gen och påverka mängden mRNA som 

transkriberas. Transkriptionsfaktorerna kan också samverka med varandra 

för att reglera nivån av mRNA. En annan klass av proteiner som är viktiga 

för transkriptionsreglering är histoner. Histoner bygger upp nukleosomer 

som DNA strängen är virad runt. Transkription kan bara ske när DNA finns 

öppet åtkomligt, och DNAets struktur kan ändras genom kemiska modifie-

ringar av histonerna. Vissa histonmodifieringar gör att DNA blir mer lättåt-

komligt för transkription medan andra kompakterar DNA och hidrar tran-

skriptionen.  
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Fortfarande återstår mycket att lära om hur proteiner interagerar med 

DNA och reglerar transkriptionen. I studierna som ligger till grund för av-

handlingen har vi undersökt dessa mekanismer i mänskliga celler. Genom att 

analysera data från bioteknologiska experiment har vi kunnat undersöka hur 

transkriptionsfaktorer och histonmodifieringar påverkar transkriptionen av 

gener i närheten. De bioteknologier som har använts är DNA mikroarrayer 

och massiv parallell sekvensering (MPS). Sådana experiment ger upphov till 

stora datamängder som behöver analyseras och tolkas noggrant innan man 

kan dra några biologiska slutsatser. Arbetet i avhandlingen är till stor del 

gränsöverskridande mellan datavetenskap/bioinformatik på ena sidan och 

molekylärbiologi/genetik på den andra. De resultat vi kommit fram till spän-

ner därför över flera olika forskningsområden. 

De datavetenskapliga och bioinformatiska resultaten består av nya meto-

der för att hantera, analysera och tolka den ständigt ökande mängden data 

från DNA mikroarrayer och MPS. För mikroarrayer har vi satt upp ett data-

varuhus, tillgängligt via internet, där man på ett enkelt sätt kan analysera 

data med ett stort antal metoder (papper I). För MPS har vi utvecklat andra 

lösningar för dataanalys (papper V). Vi har också utvecklat en ny algoritm, 

BCRANK, för att hitta de exakta baser i DNA där en transkriptionsfaktor 

binder (papper IV). 

Analysen har lett fram till intressanta biologiska resultat i mänskliga le-

verceller (papper II-V). De transkriptionsfaktorer vi har undersökt binder till 

tusentals ställen i DNA, och vi har kunnat identifiera bindingsställen med 

högsta möjliga precision, dvs. de exakta baser som en TF binder till. Vissa 

TF binder ofta precis vid ett transkriptionsstartställe (TSS), medan andra 

oftast binder långt från ett TSS. De histonmodifieringar vi har undersökt, 

H3ac och H3K4me3, är lokaliserade några hundra baser nedströms om en 

TSS och signalerna för H3ac och H3K4me3 har stark positiv korrelation 

med nivån av mRNA. I ett stort antal fall hittade vi starka signaler för H3ac 

och H3K4me3, samt några av de undersökta transkriptionsfaktorerna, för par 

av gener i bidirektionell organisation. Med detta menas gener som har TSS 

nära varandra men transkriberas i olika riktningar. Våra resultat indikerar att 

en transkriptionsfaktor i dessa fall kan binda mitt mellan de två TSS och 

därmed reglera bägge generna samtidigt.  

Våra resultat har också medicinska implikationer. De transkriptionsfakto-

rer vi har studerat är involverade i olika metaboliska sjukdomar. Därför är 

även de gener som binds av dessa faktorer intressanta kandidater att vara 

inblandade i sjukdomen. För de TF vi har undersökt har vi genererat listor 

med sådana kandidatgener (papper II, III). Dessutom har vi utvecklat en ny 

strategi för att hitta regioner i DNA där en där en genetisk variation påverkar 

bindningen av en TF (papper IV). Vi har sett att detta i sin tur kan påverka 

transkriptionen i närheten. Vår strategi kan därför vara en lämplig metod för 

att hitta sjukdomsrelaterade genetiska variationer i regulatoriska regioner.  
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I detta arbete har dataanalysen varit en stor utmaning. De experimentella 

teknologierna förbättras hela tiden så att större delar av DNA sekvensen kan 

studeras med allt högre upplösning. Under tiden som studierna i avhandling-

en har utförts har mängden data ökat dramatiskt. Idag kan ett enda experi-

ment resultera i tiotals miljoner mätvärden som ofta sparas i vanliga textfiler 

med en rad per mätvärde. Det krävs därför många analyssteg för att extrahe-

ra de intressanta biologiska fynden från dessa filer. Allt tyder på att mängden 

data kommer att fortsätta öka under de närmaste åren. Vi hoppas att våra 

metoder och strategier kan göra jobbet för bioinformatikerna som ska ta 

hand om allt data något enklare. Därför har vi strävat efter att göra våra ana-

lysverktyg tillgängliga för andra forskare. Datavaruhuset (papper I) är fritt 

att använda för forskare som vill analysera sitt eget mikroarraydata med de 

metoder vi tillhandahåller, och i systemet finns nu runt 200 registrerade an-

vändare och data från över 5000 mikroarrayer. BCRANK algoritmen för att 

identifiera TF bindningsställen (papper IV) är tillgänglig från Bioconductor, 

ett projekt för öppen kod inom bioinformatik. Det är också viktigt att göra 

experimentella data tillgängliga och därför har vi laddat upp dem i publika 

databaser. Att förstå hur detaljerna kring transkriptionsreglering fungerar är 

ett väldigt projekt som kräver ett effektivt utbyte av metoder och data mellan 

olika forskargrupper.   
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