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Abstract 

Background In all higher organisms, the nuclear DNA is condensed into 
nucleosomes that consist of DNA wrapped around a core of highly conserved 
histone proteins. DNA bound to histones and other structural proteins form 
the chromatin. Generally, only few regions of DNA are accessible and most of 
the time RNA polymerase and other DNA binding proteins have to overcome 
this compaction to initiate transcription. Several proteins are involved in 
making the chromatin more compact or open. Such chromatin-modifying 
proteins make distinct post-translational modifications of histones – 
especially in the histone tails – to alter their affinity to DNA. 

Aim The main aim of my thesis work is to study the targeting of chromatin 
modifiers important for correct gene expression in Drosophila melanogaster 
(fruit flies). Primary DNA sequences, chromatin associated proteins, 
transcription, and non-coding RNAs are all likely to be involved in targeting 
mechanisms. This thesis work involves the development of new 
computational methods for identification of DNA motifs and protein factors 
involved in the targeting of chromatin modifiers. Targeting and functional 
analysis of two chromatin modifiers, namely male-specific lethal (MSL) 
complex and CREB-binding protein (CBP) are specifically studied. The MSL 
complex is a protein complex that mediates dosage compensation in flies. 
CBP protein is known as a transcriptional co-regulator in metazoans and it 
has histone acetyl transferase activity and CBP has been used to predict 
novel enhancers. 

Results 

My studies of the binding sites of MSL complex shows that promoters and 
coding sequences of MSL-bound genes on the X-chromosome of Drosophila 
melanogaster can influence the spreading of the complex along the X-
chromosome. Analysis of MSL binding sites when two non-coding roX RNAs 
are mutated shows that MSL-complex recruitment to high-affinity sites on 
the X-chromosome is independent of roX, and the role of roX RNAs is to 
prevent binding to repeats in autosomal sites. Functional analysis of MSL-
bound genes using their dosage compensation status shows that the function 
of the MSL complex is to enhance the expression of short housekeeping 
genes, but MSL-independent mechanisms exist to achieve complete dosage 
compensation. 

Studies of the binding sites of the CBP protein show that, in early embryos, 

Dorsal in cooperation with GAGA factor (GAF) and factors like Medea and 

Dichaete target CBP to its binding sites. In the S2 cell line, GAF is identified 

as the targeting factor of CBP at promoters and enhancers, and GAF and CBP 

together are found to induce high levels of polymerase II pausing at 

promoters. In another study using integrated data analysis, CBP binding 

sites could be classified into polycomb protein binding sites, repressed 

enhancers, insulator protein-bound regions, active promoters, and active 

enhancers, and this suggested different potential roles for CBP. 
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A new approach was also developed to eliminate technical bias in skewed 
experiments. Our study shows that in the case of skewed datasets it is always 
better to identify non-altered variables and to normalize the data using only 
such variables. 
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Introduction/Background 

Chromatin and Epigenetics 

Chromatin structure 

In higher eukaryotes, huge amounts of DNA have to be organized into a 

more condensed form (i.e. chromatin) to fit within the nucleus. Chromatin is 

a complex of DNA, histones, and non-histone chromosomal proteins. 

Histone proteins together with DNA form the nucleosome that constitutes 

the most basic building block for DNA packing. There are five different main 

histone proteins (Phillips and Johns, 1965), H1, H2A, H2B, H3, and H4. 

Histone proteins are arranged into an octameric protein complex called the 

histone core (Thomas and Kornberg, 1975) that consists of two copies of the 

H2A/H2B dimer (Kelley, 1973) and one copy of the (H3/H4)2 tetramer 

(Kornberg and Thomas, 1974; Roark, et al., 1974). A total of 146 base pairs 

(bp) of DNA are wound around the histone core in 1.65 turns (Luger, et al., 

1997) and a linker histone, H1, stabilizes the DNA-histone interaction 

(Happel and Doenecke, 2009). A short segment of linker DNA varying 

between 10 bp and 80 bp in length (Kornberg, 1974; Wong, et al., 2007) is 

present between each nucleosome. This gives DNA a “beads on a string” 

structure (Finch, et al., 1975; Olins and Olins, 1974; Oudet, et al., 1975) 

(Figure 1). This structure is then further organized into a 30 nm fiber 

(Robinson, et al., 2006) by either folding into a zigzag structure or into a 

solenoid-like structure (Khorasanizadeh, 2004). This 30 nm structure 

condenses even more and makes the chromosomes visible as separate units.  

The histone tail domains are accessible outside the DNA-histone core and 

function as potential modification sites. A histone tail is made of 15–38 

amino acids extending from the N-terminal end (Zheng and Hayes, 2003). A 

variety of different small tags are attached to these tail domains by different 

enzymes. These tags modify the level of chromatin compaction and affect the 

biological role of the underlying DNA. These tags further act as binding sites 

for specific chromatin-associated proteins that make the chromatin more 

condensed and silent or make it loose and increase transcription activity 

from the genes in the DNA. These processes fall under a branch of genetics 

called epigenetics.
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Figure 1 

 

 
From [Sha and Boyer, May 31 2009]. Reprinted according to the copyright policy of 

the publisher. 

 

Figure 1. In eukaryotes, DNA is wound around a histone protein core to give 

it a condensed form (chromatin) that fits within the nucleus. This gives DNA 

a “beads on a string” structure that condenses even further and makes 

chromosomes visible as separate units. 

 

Epigenetics 

Epigenetics is defined as the study of mitotically and/or meiotically heritable 

changes in phenotype (appearance) or gene expression that cannot be 

explained by changes in the underlying DNA sequence. The main focus of 

this field is to understand the regulatory memory in eukaryotes, for example, 

how cells remember their cell types and remain as neuronal cells or 

epithelial cells throughout endless rounds of cell division. Some genes are 

activated and some are inhibited during this process.  

 

Although histones are the basic unit of nucleosomes, gene variants encode 

histones with different nucleotide sequences known as histone variants. 

Some of the histone variants known in Drosophila are Cid (Drosophila 

CenH3, centromere-specific histone 3 variant), H3.3 (replacement histone 3 
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variant found in active chromatin), H2A and H2B (canonical core histones 

encoded by replication coupled genes), and H2Av (variant for H2A.X and 

H2A.Z diverged from H2A and enriched around gene promoters) (Henikoff, 

2008; Henikoff and Ahmad, 2005). The positioning of histones along the 

DNA strand is dynamic and tightly regulated. ATP-dependent nucleosome-

remodeling complexes can reposition histone octamers to create 

nucleosome-free or nucleosome-dense stretches of chromatin. The 

incorporation of histone variants, the nucleosome-positioning potential of 

regulatory DNA, the assembly and remodeling of nucleosomes (nucleosome 

turnover), the modification of histone tails, and the binding of chromatin-

associated proteins all contribute to the maintenance of active chromatin. 

 

Types of chromatin 

Chromatin can be classified into different types depending on the level of 

gene activity, the level of chromatin compaction, and the associated histone 

modifications. Chromatin has traditionally been defined as either 

heterochromatin or euchromatin. The heterochromatin is the least active 

chromatin and is more condensed and compact and is primarily associated 

with centromeres, telomeres, and pericentric regions. In the active 

euchromatin, DNA is loosely packed around the histone cores and this allows 

genes to be transcribed. The heterochromatin mainly contains tandem 

repeated short sequences (satellite DNAs), middle repetitive elements (e.g. 

transposable elements), and some single-copy DNA (Ashburner, et al., 

2005). Heterochromatin is classified as facultative or constitutive 

heterochromatin depending on the how these affect gene expression 

(Oberdoerffer and Sinclair, 2007). Facultative heterochromatin is a 

repressive heterochromatin established in a developmentally regulated 

manner or in response to environmental triggers. Initiation of this type of 

heterochromatin depends on site-specific transcriptional repressors, and its 

formation is required for processes like mating-type gene silencing in 

budding yeast and in mammalian dosage compensation where one of the 

female X-chromosomes is inactivated and forms a Barr body. This type of 

heterochromatin can exhibit different expression states in different cell types 

and different developmental stages (Craig, 2005). Constitutive 

heterochromatin on the other hand, is made up of repetitive genetic 

elements such as telomeres and centromeres and localizes closer to the 

nuclear periphery. These elements are heterochromatic in all cell types, and 

under certain conditions they can silence genes adjacent to them by the 

spreading of silent heterochromatin through the phenomenon known as 

position-effect variegation (Spofford, 1976). 
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In Drosophila melanogaster (D.melanogaster), a more specific classification 

of chromatin has been proposed recently in which different chromatin types 

have been defined by unique combinations of associated chromatin-binding 

proteins. In Filion et al. (Filion, et al., 2010), the following five principal 

chromatin types have been defined: GREEN chromatin (the  classical 

heterochromatin found primarily in pericentromeric regions and on  

chromosome 4 with the presence of proteins like Su(var)3-9, HP1a, and high 

enrichment of the histone mark H3K9me2), BLUE chromatin (the 

chromatin associated with Polycomb-group (PcG) proteins that mainly 

repress the expression of Drosophila embryonic developmental genes and 

high enrichment of the repressive histone modification H3K27me3), BLACK 

chromatin (the most abundant chromatin covering 48% of the probed 

genome of Drosophila that is generally gene poor with mostly silent genes), 

RED and YELLOW chromatin (the active chromatin in which the RED 

chromatin tends to replicate earlier in S-phase and show strong enrichment 

of origin  recognition complex (ORC) binding and genes involved in specific 

processes such as defense responses, signal transduction etc., and the 

YELLOW chromatin differs from RED chromatin with the enrichment of a 

chromo domain-containing protein, MRG15, and H3k36me3 and with 

presence of ubiquitously expressed genes and genes involved in nucleic acid 

metabolism). A similar classification has been done by the modENCODE 

project in which they defined nine chromatin states (Kharchenko, et al., 

2011).  

 

Histone modifications 

Modification of histone proteins by addition of specific tags to the tail of 

histones as mentioned above eventually leads to remodeling of chromatin. 

Two models have been proposed to account for the effect of histone 

modifications on chromatin structure. According to one model, the net 

charge on the histone influences the alterations to chromatin structure by 

histone modifications (Megee, et al., 1995; Zheng and Hayes, 2003). For 

example, acetylations neutralize the positive charge of amino acids in the 

histone tail, reduce the interaction with negatively charged DNA, de-

condense the chromatin fiber, and maintain an active state. An alternative 

histone code model proposes that specific histone modifications occur in 

different combinations and influence chromatin structure by creating a code 

of their own (Jenuwein and Allis, 2001). This code is then read by proteins 

that further alter the chromatin structure. This leads to more compact or 

loose packing of chromatin depending on which histone modifications occur. 

The chromatin state then ultimately regulates the transcriptional activity and 

the availability of DNA for replication, recombination, and repair. Histone 
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modifications are of different types, including acetylation, methylation, 

phosphorylation, ubiquitylation, and sumoylation. Some of these 

modifications that were studied in this thesis are detailed below. 

Acetylation 

Acetylation is an active chromatin modification produced by the addition of 

acetyl groups to histone tails. Acetylations make the chromatin more open, 

provide easier access for transcription machinery, and increase gene 

expression (Gräff and Tsai, 2013). Two of the acetylations studied in this 

thesis are H3K27ac and H4K16ac. H3K27ac is an example of an acetylation 

modification in which an acetyl group is added to the 27th amino acid, a 

lysine (K), on the tail of histone 3. A protein called CBP/p300 (described 

later in this thesis) is responsible for H3K27ac, which facilitates gene 

activation by transcription factors (Jin, et al., 2011; Tie, et al., 2009). In the 

H4K16ac histone modification, the 16th amino acid, a lysine (K) on the tail 

histone 4, is specifically acetylated. The Males absent on the first (MOF) 

protein is one of the components of the dosage compensation complex in 

Drosophila (described later in this thesis) and is responsible for H4K16ac, 

which causes the transcriptional up-regulation of the male X-chromosome 

(Akhtar and Becker, 2000; Smith, et al., 2000). 

Methylation 

Methylation involves the addition of methyl groups to the histone tails of 

nucleosomes. Depending on the position of the target residue in the tail, this 

modification can have both positive and negative effects on the level of 

transcriptional activity. The number of methyl groups attached to histone 

tails varies between one and three, and this adds even more complexity. Out 

of the six well-characterized methylation modifications, three are correlated 

to the general activation of transcription (H3K4 (Santos-Rosa, et al., 2002), 

H3K36 (Mikkelsen, et al., 2007), and H3K79 (Martin and Zhang, 2005)) and 

three are associated with transcriptional repression (H3K9, H3K27, and 

H4K20 (Ebert, et al., 2004)). Methylation modification H3K36me3 is a 

strong predictor of dosage compensation complex binding on the male X-

chromosome in Drosophila. H3K27me3 is another methylation modification 

studied in this thesis that is produced by the Polycomb repressive complex 

and is responsible for silencing many embryonic developmental genes (Cao, 

et al., 2002; Czermin, et al., 2002; Kuzmichev, et al., 2002; Müller, et al., 

2002).  
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DNA methylation 

 

Apart from the modification of histones by addition of methyl groups to the 

histone tail, methylation of the DNA itself has been observed in mammals. 

DNA methylation is a repressive modification that is closely associated with 

epigenetic inheritance in mammals (Ehrlich, et al., 1982; Tucker, 2001). 

However, DNA methylation has not been found to be a functional epigenetic 

modification in Drosophila so such modifications are not described further 

in this thesis. 

 

Targeting of chromatin modifiers 

 

Generally, only few regions of DNA are accessible and most of the time RNA 

polymerase and other DNA binding proteins have to overcome this 

compaction to initiate transcription and increase expression. Several 

proteins are involved in making chromatin more compact or more open, and 

these are referred to as chromatin modifiers. When chromatin is opened, 

DNA-binding sites become accessible and transcription regulators are 

recruited to the respective sites. An important task in studying the chromatin 

remodeling process is to understand how chromatin modifiers are targeted 

to their sites of action. DNA motifs, other chromatin-associated proteins, 

histone modifications, transcription, three-dimensional interactions, and 

non-coding RNAs might all be involved in the targeting process.  

 

Different methods to identify DNA motifs have been developed and used to 

find motif parameters in DNA sequences that explain the binding of one or 

more regulatory proteins. A DNA motif is defined as a nucleic acid sequence 

pattern that has a biological significance, for example, acting as a DNA 

binding site for a regulatory protein. Normally the pattern is very short (5 bp 

to 20 bp long) and these patterns are shown to appear in different binding 

sites and can occur in single or multiple copies within a single binding site. 

DNA motifs are often associated with structural motifs found in proteins and 

occur on both strands of DNA. Palindromic and spaced dyad (gapped) motifs 

are two special types of DNA motifs that have been recognized in addition to 

the common forms of DNA motifs. A palindromic motif has a sequence that 

is exactly the same as its own reverse complement, for example, CACGTG. A 

gapped motif consists of two smaller conserved sites separated by a gap 

(spacer). The conserved sites are usually bound by a protein dimer. 

 

Recent studies have provided more evidence for the association between 

chromatin modifiers and histone modifications with repeat sequences and 

transposable elements (TEs) (Ellison and Bachtrog, 2013; Krassovsky and 



Introduction/Background 
 

7 
 

Henikoff, 2014). A transposon is a DNA sequence that can change position 

within the genome. In the process of movement, transposons can create or 

reverse mutations and increase or decrease the amount of DNA in the 

genome of the cell (McClinktock, 1950). TEs are classified according to their 

mechanism of movement (transposition). Class I TEs – called 

retrotransposons – transcribe RNA that is subsequently converted into DNA 

by a reverse transcriptase enzyme and then inserted into new positions 

within the genome (Wicker, et al., 2007). This class include TEs with long 

terminal repeats (LTRs) that encode reverse transcriptase, long interspersed 

elements (LINEs) that lack LTR but still encode reverse transcriptase, and 

short interspersed elements (SINEs) that do not encode reverse transcriptase 

but are transcribed by RNA polymerase III. Class II TEs – called DNA 

transposons – use a cut-and-paste transposition mechanism for their 

movement that is catalyzed by enzymes called transposases that are coded 

for by genes within the transposons themselves. Transposons belonging to 

both class I and class II TEs can be classified as either autonomous or non-

autonomous depending on whether they code for reverse transcriptase (for 

class I) or transposase enzymes (for class II). Non-autonomous TEs require 

the presence of another TE to move. In most cases, TEs are silenced through 

epigenetic mechanism like methylation, chromatin remodeling, and miRNAs 

(Fanti, et al., 1998; Greil, et al., 2003). RNA interference in humans is a well-

known example for silencing of transposons, and a RISC complex that 

incorporates small RNAs from the transposon sequence can target and 

repress all the copies of that particular TE (Rao and Sockanathan, 2005). 

 

In addition to DNA motifs, different chromatin-associated proteins can 

target chromatin modifiers to their binding sites. Such chromatin modifiers 

includes nucleosome remodelers like Nucleosome-remodeling factor subunit 

(Nurf301) (Badenhorst, et al., 2005),  transcription factors like GAF 

(Mahmoudi, et al., 2002), insulator proteins (that control enhancer-

promoter interactions) like CCCTC-binding factor (CTCF) (Gerasimova, et 

al., 2007), activators/co-activators like Motif 1 Binding Protein (M1BP) (Li 

and Gilmour, 2013), and repressors/co-repressors of transcription processes 

like Heterochromatin protein 2 (HP2) (Shaffer, et al., 2000). Another 

important site that target chromatin modifiers are high-occupancy target 

(HOT) regions. HOT regions are genomic sites where at least eight 

transcription factors bind (Consortium, et al., 2010) . The minimum value of 

HOTness is 1 and increases with the number of factors and the number of 

sites for each factor found within the genomic site. Across Drosophila, 

Caenorhabditis elegans, and human genomes, very HOT regions or hotspots 

have been found that are associated with open chromatin, but their function 

is not well understood (Consortium et al., 2010). In one of the projects in 

this thesis, I have studied the role of HOT regions in the targeting of the 
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chromatin modifier CBP. Histone modification and transcription have also 

been found to play roles in targeting of chromatin modifiers. For example, as 

mentioned above, the MSL complex has been shown to preferentially bind to 

nucleosomes with the H3K36me3 modification, and this is a feature of active 

transcription.  

 

 

With recent advances in genome sequence availability and techniques like 

chromatin immunoprecipitation coupled with micro arrays or deep 

sequencing (generally described as ChIP-on-chip or ChIP-seq and described 

later in this thesis), it is now possible to determine the distribution of 

modifier complexes along complete genomes at high resolution. The data 

sets from these techniques are currently considered to be highly reliable for 

detecting novel DNA motifs (Jin, et al., 2009). This raises the need for 

further analysis of protein bound regions in primary DNA sequences and to 

identify specific DNA binding motifs. There is less evidence for sequence 

components involved in targeting of chromatin modifiers. For several 

chromatin-associated complexes, the importance of specific sequences 

remains unknown and addressing this has been a main focus of my thesis.  

 

Drosophila - Model Organism 

The fruit fly D.melanogaster is a common experimental organism because it 

is easy to grow, has a rapid life cycle, has polytene chromosomes in its 

salivary glands that can be examined under a light microscope, has various 

visible congenital traits, and in many cases has systems that are well-

conserved in mammals. Extensive studies done in this organism have 

defined D.melanogaster as a model organism. The genome of 

D.melanogaster is small and can be divided into one pair of sex 

chromosomes (XX or XY), and three pairs of autosomal chromosomes 

numbered 2, 3 and 4. Chromosomes 2 and 3 are further divided into left and 

right chromosome arms – 2L, 2R, 3L and 3R – that are separated 

approximately in the middle by the centromere. The genome of 

D.melanogaster has a high tolerance for aberrations such as translocations, 

inversions, duplications, and deletions. In the year 2000, the complete 

genome of D.melanogaster was sequenced (Adams, et al., 2000), and 

D.melanogaster has now become a very valuable genetic model organism for 

many researchers worldwide. Whole genome mapping of a large number of 

chromatin-associated proteins, histone modifications, and gene expression 

are now available for this organism mapped across the developmental time 

course and in multiple cell lines.  
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MSL complex and CREB-binding protein 

My focus has been on understanding the targeting of two chromatin 

modifiers – the MSL complex and the CREB-binding protein (CBP). I have 

explored further the functions of these proteins by conducting studies with 

the dosage compensation status of genes, gene expression after RNAi 

knockdown and mutations, and integrating and comparing protein binding 

and histone modifications. The MSL complex is a protein complex that 

mediates the dosage compensation process in flies. Dosage compensation is 

a process that equalizes the X-linked gene expression between males and 

females and ensures the appropriate balance between the expression of 

genes from X-chromosome and the autosomes (Gupta, et al., 2006; Nguyen 

and Disteche, 2006). Dosage compensation is one of the two known 

examples of chromosome-wide epigenetic regulatory mechanism in flies. 

Epigenetic regulation of chromosome 4 mediated by the POF protein 

constitutes the second mechanism, and this is  the first and only autosome-

specific gene regulatory protein reported in any organism to this day 

(Larsson, et al., 2001). In D.melanogaster, males are heterogametic for the 

sex chromosome X (XY) and females are homogametic (XX). Gradual 

degeneration of the ancestral autosome that evolved into the Y chromosome 

has created an increasingly aneuploid condition in males that has further led 

to the evolution of systems that compensate for different doses of genes 

located on the X-chromosome (Larsson and Meller, 2006; Mank, 2009; 

Stenberg and Larsson, 2011; Vicoso and Bachtrog, 2009).  

The strategies for equalizing X-chromosome expression are found to be 

distinct in flies, mammals, and round worms. In fruit flies, male flies boost 

the transcription level of their single X-chromosome by about two-fold to 

equal the expression of the two X-chromosomes in females (green colored in 

Flies in Figure 2) (Bashaw and Baker, 1996). This process also balances the 

expression between the X-chromosome and autosomes in males. In 

mammals, dosage compensation inactivates one of the two female X-

chromosomes (red colored in Mammals in Figure 2) to balance the 

expression between X-chromosomes in males and females. This inactivation 

is by methylation of both histone and DNA through the combined action of a 

number of non-coding RNAs (Chow and Heard, 2009). For example, Xist is 

a non-coding RNA gene that has a major role in the X-inactivation process 

(Ng, et al., 2007). In round worms, dosage compensation acts on both X-

chromosomes to reduce transcription by about half (yellow colored in 

Worms in Figure 2) to balance the expression between X-chromosomes in 

males and females. This process is mediated by a multiprotein complex 

(Blauwkamp and Csankovszki, 2009; Ercan, et al., 2007; Jans, et al., 2009; 

McDonel, et al., 2006). To redeem the balance between the X-chromosome 
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and autosomes, X-chromosome repression in females in mammals and 

round worms is known to be followed by an up regulation in the expression 

of the X-chromosome(s) in both sexes (green colored in Figure 2) (Gupta, et 

al., 2006; Nguyen and Disteche, 2006). However, this model of up 

regulation in expression is still a controversial one (Deng, et al., 2011; Xiong, 

et al., 2010). D.melanogaster has been shown to exhibit male-specific 

lethality up on the loss of function of proteins required for dosage 

compensation (Belote and Lucchesi, 1980; Fukunaga, et al., 1975). These 

proteins include male-specific lethal proteins  MSL-1, 2, and 3 , males-absent 

on the first (MOF), maleless protein (MLE), and two functionally redundant 

long non-coding RNAs, roX1 (RNA on the X 1) and roX2 (RNA on the X 2) 

(Copps, et al., 1998; Meller, et al., 2000; Mendjan, et al., 2006; Scott, et al., 

2000; Smith, et al., 2000). These proteins and RNA interact physically and 

form an X-chromosome specific MSL complex, which also known as the 

dosage compensation complex (DCC).  

 

 

Figure 2 
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Figure 2. The strategies for equalizing X-chromosome expression (dosage 

compensation) are distinct in flies, mammals, and worms. In flies, 

expression from single X-chromosome in males (green in the figure for flies) 

is increased two-fold to balance with the expression from the two X-

chromosomes in females. In mammals, one of the female X-chromosomes 

(red in the figure for mammals) is inactivated to balance with the expression 

from the single X-chromosome in males. In worms, transcription from both 

of the X-chromosomes in females (yellow colored in the figure for worms) is 

reduced to half to balance the expression between X chromosomes in both 

sexes. 
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Staining of the polytene chromosomes from fruit flies has shown that the 

binding pattern of the MSL protein on the X-chromosome is clearly different 

from autosomes (Conrad and Akhtar, 2011; Larsson and Meller, 2006). 

Genome-wide techniques such as chromatin immunoprecipitation coupled 

with microarray or sequencing has since helped in obtaining binding profiles 

of MSL proteins on the X-chromosome in different cell lines, embryos, and 

third instar larvae (Alekseyenko, et al., 2006; Alekseyenko, et al., 2008; 

Gilfillan, et al., 2006; Kind, et al., 2008; Legube, et al., 2006; Straub, et al., 

2008). By studying specific regions in the binding profiles of MSL proteins, 

it has been shown that not all of the expressed genes on X-chromosomes are 

bound by the MSL complex (Alekseyenko, et al., 2006). It is not known 

whether these genes are dosage compensated or not. Detailed studies of such 

binding profiles also revealed the preference of the MSL complex for gene 

coding regions – in particular to the 3' end of genes – and that the binding 

pattern does not dramatically change at different stages of development. It is 

reported that the selective activation of X-chromosome genes are due at least 

in part to the hyperacetylation of lysine 16 in the histone 4 tail by the MOF, 

which is an integral subunit of the MSL complex (Gelbart and Kuroda, 2009; 

Hilfiker, et al., 1997). 

 

The distribution pattern of the MSL complex along the X-chromosome can 

be explained by two or more distinct principles. One model suggests that the 

localization of MSL complexes is initially achieved by targeting to a relatively 

small number of X-chromosome-specific primary recruitment or high-

affinity sites (HAS) followed by distribution along the chromosome from 

these sites by ‘spread’ in cis with features of active chromatin-like patterns of 

lysine 36 tri-methylation in the Histone 3 tail and proximity to entry sites 

(Kelley, et al., 1999; Oh, et al., 2003). An alternative model involving a large 

number of specific sites of varying affinities has since been suggested based 

on the observations from translocation studies of X-chromosome regions 

(Dahlsveen, et al., 2006; Fagegaltier and Baker, 2004). Sequence signature 

analysis of chromosome identity in D.melanogaster, D. yakuba, and D. 

pseudobscura has shown that chromosome X in these Drosophila species 

can be distinguished from other chromosomes based on the adenine, 

thymine, CA, or GT repeat sequences (Stenberg, et al., 2005). Studies on 

MSL protein-binding regions have also reported richness in low-complexity 

sequence elements such as GA and CA-based dinucleotide repeats as well as 

runs of adenine nucleotides (Dahlsveen, et al., 2006; Gilfillan, et al., 2007; 

Gilfillan, et al., 2006; Straub, et al., 2008). The MSL Recognition Element is 

a GA-rich motif that has been identified from the high-affinity binding sites 

of the MSL complex on the X-chromosome as defined using genome-wide 

techniques (Alekseyenko, et al., 2008; Straub, et al., 2008). From these 

sequence analysis results, it is evident that DNA elements have a role in 
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targeting the MSL complex to the X-chromosome. However, whether a 

sequence component is involved in the spreading of MSL complex along the 

X-chromosome from HAS is not known, and this is one of the main focuses 

of my study in this thesis.  

CREB-binding protein (CBP) and the related p300 protein are widely used 

transcriptional co-regulators in metazoans. These proteins are known to 

interact with multiple transcription factors leading to association with 

regulatory DNA sequences. Today, over 400 interaction partners have been 

described for these proteins, including transcription factors of all major 

families. They can function as transcriptional adaptors between enhancer-

bound transcription factors and the basal transcription machinery. Histone 

acetyltransferase activity or histone acetylation is one of the main properties 

of CBP/p300 protein, which function to open up the chromatin and activate 

genes (Holmqvist and Mannervik, 2013). The genomic occupancy of CBP 

detected by ChIP-seq experiments has been used to predict novel enhancers. 

In Drosophila, only one ortholog of these proteins has been found and is 

known as CBP/p300, nejire, or CBP. Loss of CBP/p300 gene function leads 

to cell death in flies, mice, and worms (Goodman and Smolik, 2000). 

Drosophila CBP has been implicated in signaling pathways like Hedgehog, 

Wingless (Wnt), and Transforming growth factor beta (TGF-β) signaling that 

plays a role in embryonic development and dorsal-ventral patterning of early 

embryos (Holmqvist, et al., 2012).  

Two signaling pathways namely Toll and Decapentaplegic (Dpp) have been 

shown to play a major role in the dorsal-ventral patterning of early embryos. 

Toll signaling has been found to maintain the intra-nuclear concentration 

gradient of Dorsal protein, which is a key activator of dorsal-ventral 

patterning and Dpp signaling (reviewed in Affolter, et al., 2001) and is 

known to regulate gene expression in a concentration-dependent manner to 

form the dorsal ectoderm. Dorsal target genes constitute one of the best 

understood gene regulatory networks in animal development (reviewed by 

Hong, et al., 2008). In response to signaling by the transmembrane receptor 

Toll, Dorsal enters ventral nuclei at high concentrations and leads to the 

formation of presumptive mesoderm. Mutations in the Gastrulation 

defective (gd) protease gene or the Pipe sulfotransferase (pipe) gene disrupt 

the proteolytic cascade leading to the activation of Toll ligand. This results in 

the absence of Toll signaling and the failure of Dorsal protein to enter the 

ventral nuclei (reviewed in Moussian and Roth, 2005). In such mutants, the 

entire embryo is converted to presumptive dorsal ectoderm tissue. Toll10B is a 

constitutively active form of Toll (Schneider, et al., 1991) that generates 

embryos consisting entirely of presumptive mesoderm due to the high Dorsal 

concentration in all embryonic nuclei. Tollrm9/rm10 embryos, on the other 
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hand, result in neuroectoderm tissue formation where Dorsal enters all 

nuclei at an intermediate level. Dorsal ectoderm is the tissue where Dpp-

signaling occurs. The acetyl transferase activity of CBP results in Tolloid 

(Tld) protease gene activation (Lilja, et al., 2007) that inhibits the expression 

of the Dpp-inhibitor short gastrulation (sog) and results in Dpp-signaling. 

 

 

At active genes, CBP/p300 can acetylate histones on H3K27 (K27ac) and 

H3K18 (K18ac), acetylate transcription factors, function as a scaffold for 

recruiting other proteins, or help to establish a preinitiation complex by 

interactions with TFIIB and hypophosphorylated RNA polymerase II 

(Holmqvist and Mannervik, 2013) (Figure 3). This can be mediated by CBP 

protein binding to promoters or to proximal or distal enhancers and 

controlling these processes by looping interactions. H3K23ac is another 

histone modification found to be produced by CBP protein (Bodai, et al., 

2012). CBP has been found to regulate the origin of replication in “ovarian 

follicle cells” and “Kc cells” (McConnell, et al., 2012; Smolik and Jones, 

2007). Studying the occupancy of CBP/p300 across the genome and its effect 

on gene regulation is of broad interest to understand the general 

mechanisms of transcriptional control. It is also important to study 

CBP/p300 protein to understand certain diseases in humans such as 

leukemia  and Rubinstein-Taybi syndrome – which is characterized by broad 

thumbs and distinctive facial features – that are caused by the heterozygosity 

of p300 or CBP (Iyer, et al., 2004; Roelfsema and Peters, 2007). 
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Figure 3 

 

 
“From [(Holmqvist and Mannervik, 2013)]. Reprinted according to the copyright 

policy of the publisher and with permission from the author." 

Figure 3. At active genes, CBP can acetylate histones, acetylate transcription 

factors, transcription factors either directly or by looping interactions, and 

recruit and control polymerase II activity. 

 

Technical progress in the field 

Introduction 

Epigenetic research currently uses a wide range of molecular biology 

techniques to further our understanding of epigenetic phenomena. One such 

technique is chromatin immunoprecipitation (ChIP), which is used to 

investigate interactions between proteins and chromatin in vivo. To identify 

genome-wide binding sites of a protein, ChIP is combined with microarray 

or sequencing technology. Measuring gene expression using microarray or 

sequencing is another technique commonly used in epigenetic research.  

Mapping proteins and histone modifications in the genome 

Mapping the binding positions of a target protein across the genome is done 

with chromatin immunoprecipitation (ChIP) experiment. ChIP generally 

involves immunoprecipitation of the protein-DNA complexes of interest with 

an antibody against the protein or with an epitope tag. During this process 

proteins are first covalently cross-linked to the DNA using chemical agents 
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like formaldehyde. This is followed by shearing the chromatin through cell 

disruption and sonication to a target size of 100–300 bp and finally by 

purifying the protein of interest with its bound DNA with an antibody 

specific for the protein (Solomon, et al., 1988). The crosslinks are then 

reversed, and enriched DNA is purified and prepared for analysis.  

 

ChIP-on-chip – also known as ChIP-chip – is a technique that combines 

chromatin immunoprecipitation with microarray technology (Iyer, et al., 

2001; Ren, et al., 2000, Kim and Ren, 2006). Specifically, it allows the 

identification of the cistrome – which is the sum of all binding sites – for 

DNA-binding proteins on a genome-wide basis. During ChIP-chip, amplified 

DNA from ChIP is biotinylated and applied to microarrays that are spotted 

with short, single-stranded sequences that cover the genomic portion of 

interest. Analyzing the signal data from the array enables the identification 

of the genomic regions to which a specific protein binds. Another variant of 

ChIP is ChIP-seq, which combines ChIP with massively parallel DNA 

sequencing to identify the cistrome of DNA-associated proteins (Barski, et 

al., 2007; Johnson, et al., 2007; Mikkelsen, et al., 2007; Robertson, et al., 

2007). Deep sequencing techniques sequence millions of DNA fragments 

simultaneously. These sequenced fragments (known as reads) are then 

aligned to a reference genome to obtain a genome-wide map of protein 

binding. A wide variety of alignment and assembly algorithms and software 

have been developed over the past few years (Langmead, et al., 2009; Li and 

Durbin, 2009). The choice of software depends on the experiment in 

question and the type of the sequencing technology used. For example, to 

align specific reads such as paired-end reads or color space reads from 

SOLiD technology, specific software that supports alignment of such reads 

are required. 

 

ChIP-seq offers a number of advantages over ChIP-chip., including higher 

base-pair resolution, low DNA requirements with little or no amplification, 

the possibility of multiplexing (the ability to sequence multiple samples at 

same time), no noise due to the hybridization step, no limitation in dynamic 

range, and genome-wide coverage (Park, 2009). Some of the drawbacks of 

Chip-seq include loss of sensitivity or specificity when an insufficient 

number of reads is generated, technical issues in performing the experiment 

such as loading the correct amount of sample; too little sample results in few 

tags and too much sample results in fluorescent labels that are too close to 

one another. Therefore, it is very important to assess the quality of ChIP-seq 

experiments. Local inspection of the enrichment of mapped sequence reads 

using a genome browser gives an impression of the quality of the sequencing 

experiment. Read distribution shape and signal strength compared to a 

control sample are examined at known protein binding locations. Large 
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signals are expected compared to the control sample in the same regions. 

Different metrics were recently developed and used to evaluate the quality of 

ChIP-seq experiments (Landt, et al., 2012). One such metric is the fraction of 

nonredundant mapped reads in a dataset (nonredundant fraction, or NRF). 

NRF is defined as the ratio of the number of positions in the genome that 

map unique reads and the total number of uniquely mappable reads. The 

fraction of reads falling within peak regions (described in a later section) is 

another metric for the success of immunoprecipitation and is referred to as 

FRiP (fraction of reads in peaks). A FRiP enrichment of 1% or more is used 

as the standard in ENCODE projects. 

One important requirement for the ChIP-seq technique is a complete 

reference genome. A reference genome is an initial genome sequence of an 

organism to which all subsequent sequences are compared, for example, 

sequence reads obtained from ChIP-seq. Before modern sequencing 

techniques were applied, reference genomes of many organisms were not 

available or were incomplete. Modern DNA sequencing technologies have 

enabled the building of reference genomes of many organisms by the 

assembly of millions of sequences. 

 

DamID (DNA adenine methyltransferase identification) is an alternate 

method to ChIP (van Steensel and Henikoff, 2000). In DamID, the enzyme 

Dam from Escherichia coli is fused to a protein of interest. Binding of the 

protein of interest to DNA catalyzes adenine methylation by 

methyltransferase exclusively in the palindromic sequence GATC. Because 

adenosine methylation does not occur naturally in eukaryotes, sites of 

adenine methylation would be caused by the fusion protein and can be 

concluded as binding sites of the protein of interest. Methylated GATCs are 

cut by restriction enzyme Dpnl and subjected to PCR amplification and 

sequencing. Compared to ChIP, DamID does not require a specific antibody 

against the protein of interest but this limits the mapping to 

posttranslationally modified proteins. Also, DamID can be used to detect all 

sites with methylated adenosine that remain in the DNA, even though the 

fusion protein bound at a site disappears during cell growth. This is one 

fundamental difference between DamID compared to ChIP, which detects 

binding of the protein of interest at a given time. For proteins like RNA 

polymerase that slide along the DNA, this can lead to significant differences. 

 

Measuring gene activity 

To measure the expression level of a large number of genes simultaneously, 

expression arrays and sequencing techniques are used. In this approach, 
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RNA samples are first converted to complementary DNA sequences (cDNA) 

by reverse transcription. When using microarrays, cDNA applied to the 

arrays hybridizes with short DNA sequences called probes (spotted in the 

arrays) under high stringency conditions. To determine the relative 

abundance of nucleic acid sequences in the target, probe–target 

hybridization is usually quantified by the detection of signals from labeled 

targets (Schena, et al., 1995). 

RNA sequencing uses deep-sequencing technologies to quantify the 

transcriptome. cDNA fragments are produced from RNA (total or poly(A)+) 

with adaptors attached at one or both ends. Short sequences from one end 

(single-end sequencing) or both ends (pair-end sequencing) are then 

sequenced from each molecule with or without amplification (Fullwood, et 

al., 2009; Morin, et al., 2008). A genome-scale transcription map is 

produced by aligning resulting reads to a reference genome or transcripts or 

by de novo assembly without the genomic sequence.   

 

Mapping chromatin interactions 

Identification of protein binding sites by techniques such as ChIP-seq cannot 

help one to identify genomic regions that interact with each other to form a 

higher order chromatin structure. Hi-C is a method that has been developed 

toward this end (Lieberman-Aiden, et al., 2009). The principle behind the 

method is to cross-link genomic regions that are proximal to each other, 

digest the DNA using restriction enzymes to create pairs of cross-linked DNA 

fragments, and identify these pairs of fragments (using sequencing methods 

like paired-end sequencing). Analysis of genome-wide interaction 

frequencies provides information about general nuclear organization as well 

as physical properties and conformations of chromosomes. However, the Hi-

C technique has limited resolution due to the frequency of restriction sites in 

the genome (Dixon, et al., 2012).  

 

Mapping other chromatin-associated features 

 

Coupling array and sequencing technologies with advanced techniques has 

also been used for mapping different chromatin-associated features such as 

polymerase II pausing, enhancers, DNAse hypersensitivity, nucleosome 

turnover, etc. Polymerase II (Pol II) pausing is a process during which Pol II 

is held in a paused state downstream of TSS, a major checkpoint where 

transcriptional regulation takes place. The pausing index is calculated as the 

ratio of enrichment of polymerase II in the promoter-proximal region 
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relative to the density in the body of each gene. Global run-on-sequencing 

(GRO-seq) is a method developed to map and quantify transcriptionally 

engaged polymerase density genome-wide (Core, et al., 2008). In this 

method, nuclear run-on (NRO) assays are used to extend nascent RNAs 

associated with transcriptionally engaged polymerases under conditions 

where new initiation is prohibited. To isolate NRO-RNA, a ribonucleotide 

analog (5bromouridine 5’-triphosphate, BrUTP) is added to BrU-tag nascent 

RNA and is triple selected through immunoprecipitation with an antibody 

specific for this nucleotide analog. An NRO-cDNA library is prepared and 

subjected to high-throughput sequencing. The ratio of enrichment of 

mapped sequence read density in the promoter-proximal region relative to 

the density in the body of each gene gives the enrichment of polymerase II. 

 

STARR-seq (self-transcribing active regulatory region sequencing) is a 

method developed to screen enhancers across the genome by directly and 

quantitatively assessing enhancer activity for millions of candidates from 

arbitrary sources of DNA (Arnold, et al., 2013). In this method, the genomic 

DNA is sheared, transfected into cells (by placing candidate sequence 

fragments downstream of a minimal promoter such that active enhancers 

transcribe themselves), and polyadenylated RNA is extracted and reverse 

transcribed to cDNA that is subjected to paired-end sequencing and 

enrichment. DNase-seq combines traditional DNase I hypersensitivity assays 

with high-throughput sequencing to identify all types of regulatory regions 

genome-wide (Boyle, et al., 2008; Crawford, et al., 2006; Thurman, et al., 

2012). The site of DNase I digestion is indicated by the 5’ end of the sequence 

tag generated by DNase-seq, and DHS sites are identified as regions of 

enrichment of such sequence tags. Covalent Attachment of Tags to Capture 

Histones and Identify Turnover (CATCH-IT) is a method developed for 

covalent attachment of tags to capture histones and identify nucleosome 

turnover (Deal, et al., 2010). In this method, the methionine (Met) surrogate 

azidohomoalanine (Aha) is incorporated into proteins in a translation-

dependent manner, biotin is ligated to Aha-containing proteins, and the 

complexes are affinity purified with streptavidin, and washed stringently to 

remove nonhistone proteins. The affinity-purified DNA is analyzed using 

tiling microarrays. 

 

Data 

Major mapping done by consortium projects 

ENCODE and modENCODE are two consortium projects that have been 

launched by the National Human Genome Research Institute (NHGRI) to 
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identify all functional elements in human and model-organism genome 

sequences. ENCODE stands for ENCyclopedia Of DNA Elements, and this 

focuses on integrating human data. modENCODE stands for Model 

Organism ENCyclopedia Of DNA Elements, and this focuses on integrating 

Drosophila and C. elegans data. 

 

 

Figure 4 

 

 
 

"From [(Consortium, et al., 2010)]. Reprinted with permission from AAAS." 

Figure 4. Illustration of the types of data that have come out of the 

modENCODE project. 

 

Binding sites of many chromatin features have been mapped in the whole 

genomes of Drosophila species, and these include nucleosomes, 

transcription factors, chromatin modifiers, histone modifications, and 

physical properties of the nucleosome. Together with this, replication and 

transcription systems have been studied yielding data on replication origin 

mapping, replication timing, RNA polymerase activity, gene expression, 

transcription, splicing, and non-coding RNAs. More interestingly, these 

features have been mapped in temporal stages of embryo development, 

including larvae, pupae, and adults as well as multiple cell lines. In several 

studies, mapping data from the same cell line enable one to study the 

processes in the same cellular environment without overlap from multiple 

cells. In addition, mapping data from different life stages and multiple cell 

lines allows one to study variability, which makes this a comprehensive 

resource for further epigenetics research.  
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Apart from large-scale mapping projects like ENCODE and modENCODE, 

numerous research groups worldwide are generating epigenomic data in 

different experiments. These datasets also include protein binding, gene 

expression, and genome interaction data mapped in multiple cell lines and 

tissues. These data are another major resource for integrative data analysis.  

 

Data access 

Powerful data access capabilities have been provided for the ENCODE and 

modENCODE data (Celniker, et al., 2009). All data are available for bulk 

download through an FTP site or through a flexible interface for complex 

querying along with a library of canned queries and powerful list-based tools 

and operations (http://intermine.modencode.org/release-32/begin.do). 

These data and data from individual research projects are further deposited 

in public databases like GenBank (www.ncbi.nlm.nih.gov), the Gene 

Expression Omnibus (www.ncbi.nlm.nih.gov/geo), Array Express 

(www.ebi.ac.uk/microarray-as/aer/entry), and the Santa Cruz Genome 

Bioinformatics Site of the University of California (http://genome.ucsc.edu). 

These databases also have powerful data search features for fast access and 

retrieval of data. 

 

Extracting information from raw data 

Removal of noise and bias and normalization 

 

Removing noise and bias in the raw data obtained from array (signal 

intensities) and sequencing techniques (mapped read counts) is the very first 

and important step prior to further data analysis. Background errors might 

be due to unspecific binding, incomplete washing, or simply properties of the 

material itself (Bengtsson and Hössjer, 2006). Removal of noise 

(background correction) refers to subtracting an estimate of background 

noise to obtain background-corrected signals (Zhu, et al., 2010). Different 

methods have been developed and applied for background correction such as 

Robust Multi-array Average (RMA) (Irizarry, et al., 2003), MAS 5.0 

(Affymetrix  Statistical Algorithms Description Document), and GCRMA 

(Wu and Irizarry, 2005). RMA is a method applied in this thesis for 

calculating expression. In RMA, the raw intensity values are background 

corrected, log2 transformed, and normalized using quantile normalization 

(described below). A linear model is fit to the normalized data to obtain an 

expression measure for each probe set on each array. 
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The normalization steps make sure that array errors and sample-specific 

effects are equal for all samples. Some of the normalization methods are 

cyclic loess  (Bolstad, et al., 2003) and quantile normalization (Bolstad, et 

al., 2003). These methods provide an unbiased estimate of the effects under 

the primary assumptions that only a small fraction of genes are differentially 

expressed and that true log-ratios (the expected value of the log-ratios in the 

absence of any technical variation) are symmetrically distributed around 

zero. Quantile normalization, which is also part of the RMA method we have 

used, give each array the same distribution by taking the mean quantile and 

substituting it as the value of the data item in the original dataset. 

Importance of control data and sample types 

 

In the case of ChIP experiments, the distribution of cross-linked and 

sonicated DNA fragments is affected by chromatin structure, copy number 

variation, genomic repeat occurrence, mappability, genomic location, gene 

expression activity, and genomic GC content variation (Auerbach, et al., 

2009; Teytelman, et al., 2009; Vega, et al., 2009). Normalizing the sample of 

interest to a control sample helps to remove the influence of such factors. An 

appropriate control dataset is, therefore, very critical in Chip experiments. 

Normalization steps are also very important when multiple samples are 

compared, for example, wild-type vs. treatment or comparative analysis with 

large numbers of samples. Normalization removes the difference in 

sequencing depth, and data are scaled to fall within a small, specified range 

thus allowing a fair comparison between different samples. 

Source of samples used for the analysis also influence the results. If the 

genome-wide mapping of proteins is done in whole embryos, then it is 

unsure whether the protein binding or gene expression observed occur in the 

same tissue or in different tissues. For example, in the case of HOT sites 

analysis (described above), where the study was conducted in embryos, it is 

possible that many transcription factors (TFs) found to be co-occurring at 

HOT sites could actually be binding the same locus in different tissues, but 

not co-occurring. Such observations can adversely affect the determination 

of gene regulatory mechanisms. Therefore, gene regulatory studies should be 

preferably done in single tissues. However, whole-embryo studies are useful 

when comparative studies are done with later life stages. Single-cell analysis 

is currently becoming popular, and with its high spatiotemporal resolutions 

this method will help in obtaining a more accurate representation of cell-to-

cell variations. 
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Interpretation of data 

Protein peak detection and estimating gene expression 

Once background correction and normalization methods have been applied 

to the raw data, different algorithms are applied to determine protein peaks 

in the case of data from ChIP-chip and ChIP-seq techniques and to estimate 

gene expression in the case of gene expression array and RNA-seq 

techniques. With protein peaks, the final composition of the peaks always 

depends on the algorithm used, the parameter settings, and the quality of the 

experiment itself (Landt, et al., 2012). Regions identified are usually ranked 

by absolute signal (read number) or by significance of enrichment (p-value 

and false discovery rates). Different proteins interact with the genome 

differently, and this necessitates the need for different analytical approaches 

(Pepke, et al., 2009). 

Proteins are classified into three groups based on their modes of interaction. 

Point-source factors and certain chromatin modifications generate highly 

localized signals. Sequence-specific transcription factors, their cofactors, and 

some of the transcription start sites or enhancer-associated histone 

modifications are included in this group. Point-source peaks are defined for 

such factors, and different methods are applied to detect such peaks (Ji, et 

al., 2011; Kharchenko, et al., 2008; Rozowsky, et al., 2009; Zhang, et al., 

2008). Broad-source factors are associated with large genomic domains. 

Certain chromatin modifications like H3K9me3 (Hublitz, et al., 2009) and 

H3K36me3 as well as chromatin proteins associated with transcription 

elongation or repression like ZNF217 (Krig, et al., 2007) are included in this 

group. Broad-source peaks are defined for such factors. RNA polymerase II 

as well as some chromatin modifying proteins like SUZ12 bind in point-

source fashion to some locations in the genome but bind with broader 

domains in other locations (Squazzo, et al., 2006). These proteins are 

grouped as Mixed-source factors. Methods to find regions of enrichment for 

Broad-source and Mixed-source factors are emerging (Guttman, et al., 2010; 

Rashid, et al., 2011). 

 

With expression arrays, the expression value of a gene is calculated as a 

summary of the corresponding probe-level data. In Affymetrix Drosophila 

Genome 2.0 arrays, expression levels of over 18,500 transcripts are 

calculated using 14 oligonucleotide probe pairs per transcript (Zhu, et al., 

2010). Two 25-bp DNA oligonucleotide probes are included in each probe 

pair, the perfect match (PM) probe – which is complimentary to target cDNA 

– and the mismatch (MM) probe with a change in central nucleotide to the 

complimentary base compared to the PM probe. 
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With RNA sequencing, one way of calculating expression value is to sum the 

reads mapped to the mRNA of a gene and to normalize the read count by the 

length of mRNA and the number of million mapped reads. This yields the 

reads per kilobase per million mapped reads (RPKM) (Pepke, et al., 2009). 

ERANGE (Mortazavi, et al., 2008) and Cufflinks (Trapnell, et al., 2010) are 

examples of software that calculate this expression measure. RPKM 

quantification is influenced by several experimental issues, including the 

integrity of the input RNA, the extent of ribosomal RNA in the sample, size 

selection steps, and the accuracy of the gene models used. These ambiguities 

in an RNA-seq experiment are also observed with microarray intensities and 

need to be post-processed before comparison to other RNA-seq samples 

using the normalization methods as described above.  

 

DNA motif finding 

Algorithms 

 

The basic problem for algorithms being developed for DNA motif finding is 

to find motif parameters in DNA sequences that explain the binding of one 

or more regulatory proteins. Based on the combinatorial approach used in 

the design of algorithms, motif finding algorithms are categorized into two 

major groups: word-based methods that depend on exhaustive enumeration 

of words, i.e. counting and comparing oligonucleotide frequencies, and 

probabilistic methods that involve the development of a probabilistic model 

of the observed sequence data and optimization to find motifs common to all 

input sequences (Das and Dai, 2007; MacIsaac and Fraenkel, 2006). 

 

Enumerative methods are appropriate for short and totally constrained 

motifs and to find global optimal solutions and are commonly used for motif 

finding in eukaryotic genomes. If the motifs have several weakly constrained 

positions, such as for the typical transcription factor motifs, the resulting 

words need to be post-processed with some clustering system. The most 

statistically significant motifs are then reported after scoring the words using 

an appropriate measure of statistical significance (Barash, et al.; Liu, et al., 

2001). Some of the algorithms based on word-based approaches are Oligo-

Analysis (van Helden, et al., 1998), YMF (Yeast Motif Finder) (Sinha and 

Tompa, 2000), Weeder, and MITRA (Mismatch Tree Algorithm) developed 

by Pavesi et al. (Pavesi, et al., 2001), Tompa et al. (Tompa, et al., 2005) and 

Pevzner and Sze (Pevzner and Sze, 2000), which are based on suffix tree (a 

data index structure used to solve many string processing problems (Weiner 

1973) and its variants. 
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Probabilistic methods have the advantage of requiring few search 

parameters, but small changes in the data can adversely affect probabilistic 

models. Probabilistic algorithms are designed to find longer or more general 

motifs and are more appropriate for motif finding in prokaryotes where 

motifs are generally longer than eukaryotes. These algorithms do not 

guarantee global optimal solutions but perform local searches converging to 

a local optimal solution. The MEME program, for example, treats a 

particular sequence as arising from a mixture model in which a small 

window of sequence containing the motif is generated from a motif model 

represented by a probability matrix, and the rest of the sequence is treated as 

arising from a Markovian background (Bailey and Elkan, 1995). 

 

Two frequently used techniques in probabilistic methods are the 

expectation-maximization (EM) and Gibbs sampling (GS). These techniques 

differ mainly in the initialization points of drawing motif locations from a 

distribution. GS is an undirected technique that involves drawing random 

samples of motif locations from a distribution, whereas EM is a directed 

technique with single initialization points but generally repeated from 

several points. In GS, based on the randomly generated samples, the 

parameters are re-estimated and then sampling is repeated. EM is a local 

optimization procedure, and multiple restarts improve the chances of finding 

biologically relevant motifs. These optimization techniques search for the 

parameter setting that maximizes the likelihood of the observed sequence 

data. 

 

A probabilistic sequence model-based algorithm by Hertz et al. (Hertz, et al., 

1990) was one of the first implementations of probabilistic methods that 

substantially improved over the years and is currently known as Consensus. 

Algorithm NestedMICA, developed by Down and Hubbard (Down and 

Hubbard, 2005) is based on a probabilistic approach and has been shown to 

be more sensitive than MEME. Some of the motif-finding algorithms based 

on the GS strategy and its modifications include Align Ace (Roth, et al., 

1998), MotifSampler (Thijs, et al., 2002), and BioProspector  (Liu, et al., 

2001). A large number of computer programs are available that implement 

these algorithms in a variety of forms for DNA motif discovery. 

 

Input sequences for motif finding 

  

Motif discovery is generally done on a group of co-regulated genes often 

obtained by using clustering approaches. ChIP-chip and Chip-seq data are 

currently the important source of input sequences for motif finding. Protein 

binding sites defined using these methods are submitted to motif-finding 
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software to identify motifs representing the specificity of proteins. Sequences 

of co-regulated genes are another source of input sequences for motif 

discovery. These genes are nowadays obtained by finding genes proximal to 

ChIP technique-based protein-binding sites or by using other approaches 

like clustering of genes of the same functional category. Entire genome 

sequences are also used in some cases for genome-wide motif discovery, and 

these generally include information about phylogenetic conservation to 

identify more likely functional motifs (Kellis, et al., 2003; Xie, et al., 2005). 

Advanced techniques such as DNA immunoprecipitation with microarray 

detection (DIP-chip) (Liu, et al., 2005) and densely-tiled short 

oligonucleotide arrays used in ChIP-chip (Boyer, et al., 2005) are other 

valuable sources of high-quality input sequences. 

Issues with motif finding 

 

One of the primary requirements for a motif to be discovered is that the 

motif should be overrepresented with high information content in the 

dataset. More noise is added when false-positive inputs are added or the 

length of input sequences is increased. A large number of low-confidence 

sequences also affects motif discovery (Hu, et al., 2005). Applying several 

motif discovery tools is more beneficial. Several comparative studies have 

shown that different motif-finding tools show comparable performance (Hu, 

et al., 2005; Tompa, et al., 2005). However, all tools discovered motifs that 

others could not recover (Harbison, et al., 2004). Thus, combining the 

output of different programs into a single one has potential benefits. 

  

Analyzing motifs 

 

A consistent scoring metric is generally used to compare and rank motifs 

regardless of their source. For a motif represented as a consensus sequence, 

scanning is accomplished by searching for sequences that match the 

consensus word with a threshold for mismatches. For motifs represented 

with position weight matrices (PWMs), different methods are used for 

scoring sites and for specifying a threshold for motif matches (Aerts, et al., 

2003; Claverie and Audic, 1996; Frith, et al., 2004; Staden, 1989). The 

entries from the scoring matrix are usually summed up to match a threshold. 

An empirically chosen threshold of 60% of the maximum positive score has 

been used by Harbison et al (Harbison, et al., 2004). Similar cut-offs have 

been determined by using principled cross-validated method in MacIssac et 

al. (MacIsaac, et al., 2006). Some examples of motif-scanning software are 

Ahab (Rajewsky, et al., 2002), Clover (Frith, et al., 2004), MAST (Bailey and 

Gribskov, 1998), and Monkey (Moses, et al., 2004). 
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Once the motif scores are obtained, various statistical criteria are used for 

evaluating the motifs from a dataset. It is mostly a measure of information 

content (Liu, et al., 2001) or statistical overrepresentation (Barash, et al., 

2001; Takusagawa and Gifford, 2004) that is analyzed. The hypergeometric 

enrichment score is one way of measuring the statistical overrepresentation 

of a motif. The hypergeometric p-value is the probability that we would 

observe an equal or greater number of motif occurrences if the input 

sequences had been drawn randomly and without replacement from the 

background. The negative log of the p-value is then assigned as the 

enrichment score (Harbison, et al., 2004).  

 

Receiver operating characteristic (ROC) curves are another measure that 

presents the trade-off between the sensitivity (true-positive rate) and 

specificity (false-positive rate) of a classifier (Clarke and Granek, 2003). An 

ROC curve allows us to examine how the false-positive and true-positive 

rates change as the cut-off used to determine a motif match is altered. The 

ROC-Area Under the Curve (AUC) score is a useful score for integrating 

these two characteristics. A score of 1.0 indicates that the motif is able to 

pick out all the true positives. 

 

In several cases, the significance of observed motifs found by hypergeometric 

enrichment and ROC-AUC is due to over fitting caused by spurious 

overrepresented patterns in the data. Two strategies are used to avoid such 

problems, namely empirical significance testing and cross-validation  

(MacIsaac, et al., 2006). In  empirical significance testing, an empirical score 

distribution is estimated by running motif discovery on a large number of 

input sequences selected randomly from a genomic background (Harbison, 

et al., 2004; MacIsaac, et al., 2006). A p-value is then calculated by 

determining the empirical probability that the algorithm would produce a 

motif with a better or lower score than a random dataset. In cross-validation, 

the training (on a fraction of input data) and testing (on a withheld test 

dataset) procedure is repeated for several dataset partitions. The 

performance is generalized by averaging across all trials. 

 

Motif representations 

 

A DNA motif is defined as a nucleic acid sequence pattern that has a 

biological significance. There are different ways of representing a DNA motif, 

which are described as DNA motif models. The  simplest ways are by using a 

consensus sequence of preferred nucleotides (adenine [A], cytosine [C], 

guanine [G] or thymine [T]) or by using  ambiguity codes (purine [R], 
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pyrimidine [Y], strong [S], weak [W], keto [K], amino [M], and any 

nucleotide [N]) that incorporate degeneracy in the binding specificity of a 

protein (Cornish-Bowden, 1985). One of the most widely used motif models 

is the position weight matrix (PWM) in which a motif is represented as a 

matrix of frequencies that is calculated by counting the occurrence of each 

nucleotide at each position and normalizing to total nucleotides at each 

position (Stormo, et al., 1982). In a closely related motif model, nucleotide 

probabilities are used instead of frequencies where each position is 

represented using a multinomial distribution over observed nucleotides. 

Sequence logos are generally used to visualize motif matrices (Schneider and 

Stephens, 1990) (Figure 5). The height of the nucleotides in a sequence logo 

is proportional to its frequency at that position, and the height of the stack 

indicates mutual information in that position that expresses the reduction in 

uncertainty over what base occupies each position in a given site. For 

example, a height of two bits for a nucleotide in a sequence logo refers to the 

occurrence of a nucleotide 100% of the time at a particular position, and this 

reduces the uncertainty about the binding site sequence by two bits (Das and 

Dai, 2007). 

 

 

 

Figure 5 

 

 
"From [(Alekseyenko, et al., 2008)]. Reprinted with permission from Elsevier." 

Figure 5. Sequence logo used to visualize a motif matrix. 

 

Data mining 

New techniques generate different genome-wide mapping data. There is a 

need to develop and apply methods to mine data by classifying groups, 

extracting interesting variables, comparing across datasets to identify 

associated proteins, determine histone modifications, and to study gene 

expression and gene features. Univariate and multivariate statistics currently 
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enable one to perform the best data mining practices. Univariate statistics 

are those that utilize only a single dependent variable and are commonly 

used in the first, descriptive stages of research. Univariate data is usually 

presented by creating a frequency distribution of the individual cases or by 

reporting measures of central tendency. Multivariate statistics, on the other 

hand, utilize multiple dependent variables that specify particular statistical 

criteria. Multivariate analysis involves understanding the relationship 

between variables and their relevance to the actual problem being studied. 

Further, parametric and nonparametric methods are adopted to make best 

inferences from statistical data mining. Parametric methods are used when 

we know the population we are studying is approximately normal. Student’s 

t-test is an example of a parametric method (Manklewicz, 2000; Raju, 

2005). On the other hand, nonparametric methods are used when we do not 

make any assumption of normality for the population under study. The 

Mann–Whitney U-test is an example of a nonparametric method (Mann and 

Whitney, 1947). 

Different data mining approaches were recently applied to analyze data from 

the modENCODE and ENCODE projects (Consortium, 2004; Consortium, et 

al., 2010). Two properties of datasets that affect applying computational 

approaches are curse of dimensionality  (Somorjai, et al., 2003) and curse of 

dataset sparsity (Somorjai, et al., 2003). Curse of dimensionality refers to 

studies where we have several features (variables) characterizing each 

sample in a dataset. For example, in the case of microarray data, the sample 

per feature ratio is typically 1:20 to 1:500. Curse of dataset sparsity arises 

when there are too few samples in a study that are representative of the 

original statistical distribution of the data. Many powerful methods based on 

various statistical foundations, from probabilistic machine learning methods 

to classical regression techniques, have been used to mine information from 

data generated using previously described large-scale high-throughput 

methods. When we have predefined set of discrete values for a variable, we 

have a classification problem with each value corresponding to a class and 

function that define the goal of machine learning called a classifier. The 

simplest case of which, when there are two classes, is called a binary 

classification problem. There are also situations in which the variable values 

are continuous. In that case, the problem is called a regression problem and 

the function (f) is called an estimator or a regressor (Yip, et al., 2013). When 

the requirement is to predict the binary outcome of the dependent variable, 

logistic regression is used instead of linear regression. The logistic regression 

predicts the odds of being a success or a failure based on the values of the 

independent variables (predictors). The odds are defined as the probability 

that a particular outcome is a success divided by the probability that it is a 

failure. The natural logarithms of the odds of the dependent variables are 
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calculated (referred to as logits) to create a continuous criterion upon which 

linear regression is conducted. The predicted logit above some chosen cut-off 

can be translated into a prediction of success.  

Depending on the objective of the study and the characteristic of the 

available data, the computational methods mentioned above are 

taxonomized as supervised, unsupervised, or semi-supervised learning. In 

supervised learning, the goal is to construct a function with training data 

consisting of pairs of input cases and desired outputs to accurately predict 

the target output of future cases whose output values are unknown. Bayesian 

classifiers (Devroye, 1996), support vector machines (SVMs) (Brown, et al., 

2000; Furey, et al., 2000), and Random Forests (Breiman, 2001) are 

examples of supervised learning methods. In unsupervised learning, the goal 

is to partition the training data that consists of input cases into subsets so 

that data in each subset show a high level of proximity. Self-organizing maps 

(SOMs), and hierarchical clustering (Spellman, et al., 1998) are examples of 

unsupervised learning methods. In semi-supervised learning, the goal is to 

construct a function with training data consisting of pairs of input cases and 

output cases and only input case to accurately predict the target output of 

future cases whose output values is unknown. Hidden Markov models 

(HMMs) (Johansson, et al., 2003; Swennen, et al., 2004) are another 

standard method applied for specific learning tasks. For example, HMM is 

used for determining genomic regions where the label (for example, exon or 

intron) of a nucleotide should be predicted according to its own features as 

well as other nucleotides (Yip, et al., 2013).  

Multivariate projection methods like principal component analysis (PCA) 

and projections to latent structures by means of partial least squares (PLS) 

are another set of methods used for efficient extraction of relevant 

information from large and complex datasets. These methods have been 

developed in the course of research in the field called chemometrics 

(referred to as the statistical aspect of chemistry). The principle of 

projections in PCA and PLS methods refers to constructing a 

multidimensional space from X variables data tables (defining one 

orthogonal axis in a multidimensional co-ordinate system for each X 

variable) and defining a model that formulates a quantitative description of 

the shape of the point-swarm (for example, how an ordinary two-

dimensional window enables us to view the three-dimensional reality) 

(Eriksson, et al., 2006). Each observation in X that is characterized by K 

numerical values is represented by one point in space (Figure 6). Prior to 

applying multivariate methods, data are scaled so that variables will have 

equal variances, which would otherwise influence the models. The most 

common technique used for scaling is unit variance (UV) scaling where each 
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variable is multiplied by the inverse of the standard deviation. To improve 

the interpretability of models, mean-centering (subtracting the average value 

of each variable from the data) is usually done together with UV scaling. PCA 

and PLS can both handle cases in which there are more variables than 

objects (K>N) in a data table X, the variables are collinear, and there are 

moderate amounts of missing values.  

 

 

 

Figure 6 
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Figure 6. A point in space produced by the K variables (here, K = 3) 

represents a row in a data table. 

 

PCA is widely used to examine the structure of the data, i.e., to extract the 

main source of variation and to identify groups, clusters, and outliers 

(Hotelling, 1933; Pearson, 1901). PCA is an example of an unsupervised 

learning method. The central idea of PCA is to extract a few so-called 

principal components (PC) or scores (t) describing as much as possible of the 

variation present in the data. The first principal component is the line in the 

K-dimensional space that best approximates the data. Each object is 

projected onto this line in order to get a co-ordinate value (score) along the 

PC line. Multiple components (represented as lines in the K-dimensional 
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space orthogonal to others) are calculated when one component is 

insufficient to model the systematic variation of the data. Two components 

together derive a plane that can be plotted as a score plot that enables one to 

visualize the variation in the data. The knowledge about which variables are 

responsible for the variation of the objects in the score plot is given by the 

principal component loadings.  Loadings determine the orientation of the PC 

plane with respect to the original X-variables. Analysis of scores and loadings 

facilitates the identification and explanation of important groupings in the 

data. 

PLS is a useful regression method for relating a descriptor block X of 

predictor variables to a response block Y of response variables in 

multivariate calibration (Wold, 1966). For example, in analytical chemistry, 

PLS is mainly used for multivariate calibration where X contains N spectra 

digitized at K wavelengths, and Y contains the analyte concentrations of the 

N training set samples. PLS models can then be used to predict the analyte 

concentrations from the spectra of new samples. PLS is an example of a 

supervised learning method. In PCA and PLS methods, data can be 

transformed in quadratic terms to even handle nonlinearity in the data, and 

this makes them applicable to cases similar to nonlinear methods like 

artificial neural networks (ANNs) and SVMs. Internal validation of data 

using cross-validation is often performed to test the significance of a PCA or 

a PLS model. The basic idea of cross-validation is to keep a portion of the 

data out of the model development, to compute a prediction model with the 

reduced data, and finally to test the calculated model by comparing the 

predicted values with actual ones for the excluded data. The performance of 

PCA and PLS models can be evaluated by considering the explained variation 

R2X (goodness of fit) and the predicted variation Q2X (goodness of 

prediction). R2X varies between 0 and 1, where 1 means a perfect fitting 

model and 0 means no fit at all. In the case of Q2X, a value >0.5 is regarded 

as good and >0.9 is regarded as excellent. The significance of PCA and PLS 

models can also be investigated by external validation of data. For example, 

in PLS a prediction model can be built with two-thirds of the data and the 

prediction values of the remaining one-third data can be compared with 

actual values. 

 

One disadvantage with PCA and PLS methods is that knowledge related to 

the class membership of objects cannot be used to find related variations 

present in the data. PLS discriminant analysis (PLS-DA) is a method that 

offers a convenient way of explicitly taking into account the class 

membership of objects. The class membership is encoded in the Y matrix by 

a set of “dummy” variables with ones and zeroes. The objective of PLS-DA is 

to find a model that separates the classes of objects on the basis of variables.  
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A recent modification of the PLS method has been derived called Orthogonal 

PLS (OPLS) (Bylesjo M, 2006). The objective of OPLS is to separate the 

systematic variation in X in two parts, the Y-predictive that is linearly related 

to Y and the Y-orthogonal that is unrelated to Y. This way of separating X 

data results in improved transparency and interpretability. OPLS-DA is a 

related method that includes the features of OPLS and PLS-DA methods to 

explicitly take into account the class membership of objects.
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Aim 

The aims of this thesis are to: 

 Develop methods to identify DNA elements and protein factors 

involved in the targeting of chromatin modifiers.  

 Apply the methods to understand the targeting of the chromatin 

modifiers MSL complex and CBP. 

 

 Further explore the functions of the chromatin modifiers MSL 

complex and CBP. 

 

 
 

 

 

 

 

 

 

 



 

34 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

35 
 

Results and Discussion 

Papers I, II, and III present the studies done in the binding sites of MSL 

complex. In paper I, we found that the X-chromosome has a distinct 

sequence composition within its gene features, and promoters and coding 

sequences of MSL-bound genes have the potential to direct the secondary 

spreading of the complex to genes along the X-chromosome. To identify the 

DNA elements involved in the targeting of the MSL complex, a multivariate 

sequence analysis pipeline was developed. In paper II, the MSL binding sites 

in two non-coding RNAs – roX1 and roX2 mutants – were analyzed. MSL 

complex recruitment to HAS on the X-chromosome was found to be 

independent of roX RNAs. A complete and enzymatically active MSL 

complex without roX RNAs was found strongly bound to centromere 

proximal regions and chromosome 4 in roX mutants, and weakly bound to 

the X-chromosome. A motif similar to the Hoppel transposable element was 

discovered from the MSL binding sites in heterochromatin regions which 

show high co-localization with MSL-complex while performing in situ 

hybridization experiments. We also show that MSL has affinity for general 

repeat sequences in the absence of roX RNAs, and this was confirmed by 

analyzing transgenes with clusters of tandem repeats. In paper III, we 

further explored the functions of the MSL complex by determining how 

many of the dosage compensated genes on the X-chromosome are MSL-

dependent. We found that many genes on the X-chromosome are 

compensated without any significant recruitment of the MSL complex. Even 

the genes that are strongly bound by MSL depend on mechanisms other than 

the MSL complex for proper compensation.  

In papers IV, V, and VI, studies were done to explore the binding sites of 

CBP protein in early embryos (2–4 hours old) and the S2 cell line of 

Drosophila melanogaster (D.melanogaster). In paper IV, genome-wide CBP 

occupancy in D.melanogaster embryos was found to be overrepresented at 

targets for the two key morphogens in dorsal-ventral patterning, Toll 

signaling-dependent Dorsal protein in wild-type (wt) embryos (Moussian 

and Roth, 2005) and Dpp signaling-dependent Medea protein (Affolter, et 

al., 2001) in Dorsal mutant embryos. Although changes in CBP occupancy in 

mutant embryos reflect genome-wide gene expression changes, we found 

that CBP can associate with silent genes without causing histone acetylation. 

In paper V, we found that GAF protein is important for targeting CBP to the 

genome and that GAF and CBP together induce high levels of promoter-

proximal polymerase II pausing. In paper VI, we further explored further the 

targeting and functions of CBP protein by classifying CBP binding sites
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based on chromatin factor binding and a comparison to gene features and 

expression. We found that CBP binding sites can be classified into polycomb 

protein-repressed regions, repressed enhancers, insulator protein-bound 

regions, active promoters, and active enhancers. In this study, we further 

found results that implicate the role of CBP in chromatin opening, 

replication processes, and chromosomal interactions. 

Paper VII presents a method we have developed to eliminate technical bias 

in cases where experimental data is skewed, such as in ChIP-chip methods, 

studies of copy number variation in normal and tumor tissues, etc. This 

method can be used to detect and pre-process different data from skewed 

experiments. 

 

Our collaborator Jan Larsson and his group members Margarida Figueiredo 

LA and Maria Kim performed the laboratory experiments in paper II, and 

our collaborator Mattias Mannervik and his group members Per-Henrik 

Holmqvist, Ann Boija, and Filip Crona performed the laboratory 

experiments in papers IV and V. 

 

 

Papers I–III 

Multivariate sequence analysis pipeline 

In paper I, to identify DNA elements in protein-bound versus unbound 

sequences, a new approach was developed based on the  multivariate method 

developed for whole-genome sequence analysis (Stenberg, et al., 2005). In 

this method, the frequencies of all possible di-(16), tri-(64), tetra-(256), 

penta-(1024), and hexamers (4096) (all two to six bp sequence words) were 

counted in an input sequence, and multivariate methods such as PCA were 

then applied on the frequencies to explain variation in sequence words in the 

sequence. Frequencies were calculated by counting words sliding one 

nucleotide at a time and dividing the count by the length of the input 

sequence. Frequencies of both the forward and reverse complements of the 

sequence words were treated the same. A two-dimensional matrix was 

generated with input sequences as objects (rows) and the frequency of 

sequence words as variables (columns). Prior to analysis, all data were 

center-scaled or unit variance-scaled depending on the data type as 

described above.  
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The frequencies of occurrence of individual sequence words depend on both 

biological and stochastic factors. It is often difficult to isolate the effects of 

such factors. The base composition of the word and the input sequence is one 

such stochastic factor. For example, the probability of finding an A/T-rich 

word is relatively high in an A/T-rich input sequence due to the similarity in 

base composition. Probability normalization removes this systematic bias 

from the data. In our approach, when differences in base composition were 

observed we normalized the word count by dividing by the expected 

frequency of the word. The expected frequency was calculated as follows: 

                         i=4 

Expected = N  ∏ f(i)n
i 

    i=1 

where N is the target sequence length, i = {G,A,T,C}, f(i) = the frequency of 

base i in the input sequence, and ni is the count of base i in the sequence 

word. 

In our new approach, instead of whole-genome sequences we have analyzed 

the sequences bound/unbound by chromatin modifiers identified by 

techniques like ChIP-on-chip or ChIP-seq. Here the multivariate method 

Orthogonal partial least squares-discriminant analysis (OPLS-DA) was used 

to specifically search for sequence words that are predictive for the bound 

group of sequences compared to the unbound (control) group.  

Major steps involved in this new approach are: 
1. Select regions bound by a specific protein (from laboratory 

experimental ChIP-chip or ChIP-seq data) 

2. Select control regions with as little bias a possible, for instance 

for GC content or exon content 

3. Construct OPLS-DA models of binding sites with word 

frequencies of corresponding DNA sequences and extract 

enriched sequence words (sequence signatures) 

4. Group and align short sequence words into longer or more 

complex motif patterns 

5. Predict the protein binding characteristics of motifs in an 

external dataset that are not included in the model 

6. Evaluate predictions and identify possible DNA-binding motifs 

We have developed and applied an algorithm in paper I to identify motifs 

with significant predictive value for protein binding based on aligning the 

top sequence words obtained from OPLS-DA models. The algorithm uses a 

list of sequence words and relative scores (loadings) obtained from 

multivariate models as input and aligns them to each other while cross-
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checking the significance of each new alignment in sequences bound by the 

protein of interest compared to unbound. Logistic regression was used to test 

each update of the position weight matrix (PWM) that was built by aligning 

sequence words for predictive improvement. To calculate a score for the 

motif at each matching position in the sequence, values of each matching 

position in the PWM were multiplied. A user-defined number of best scores 

(in this case, 1) within each sequence was then summed. The Mann–Whitney 

U-test was used for testing the significance of motif scores in protein-bound 

versus unbound sequences. For scoring the motif across the chromosome, 

we have defined a cut-off for the motif using the highest scores of the motif 

in each of the bound and unbound sequences such that the motif would be 

present in only 5% of the unbound sequences. This cutoff was used to find 

motif sites across the chromosome. 

Tests conducted with this approach on datasets with known motifs found 

that it works well. In one test, we randomly planted one or two copies of 

DNA motifs of transcription factors from the TRANSFAC  database 

(Wingender, et al., 2000) into 500 random sequences and fed that to the 

pipeline. We were able to successfully build the DNA motifs for transcription 

factors with sequence words extracted from the OPLS-DA model (Figure 7). 
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Figure 7 

 

 
 

Figure 7. DNA motifs extracted using sequence words obtained from an 

OPLS-DA model built with sequences containing randomly inserted DNA 

motifs. 

 

 

In another test, we submitted Cyclic-AMP response element binding protein 

(CREB) binding sequences to the pipeline, and the CREB protein binding 

DNA motif we obtained was the most similar to the expected CREB motif 

compared to the motif outputs from other motif-finding programs studied in 

Ettwiller, et al. (Ettwiller, et al., 2007). This showed that the approach could 

detect even very weak signals of cryptic/degenerated DNA motifs in large 

sequence sets, motifs that traditional alignment-based methods fail to find. 

The main advantage of this approach is that the DNA motifs identified are 

predictive for sequences bound by the protein rather than just 

overrepresented. Even if no definable motif is present, the approach could 

identify sequence signatures enriched in bound sequences compared to 

unbound. Another advantage of this approach compared to many motif 

detection algorithms is that it can find DNA motifs that are overrepresented 

and predictive in any of the groups (bound or unbound) rather than only 

bound sequences.  
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Distinct sequence signatures of the Drosophila melanogaster X-

chromosome 

 

In paper I, we used the multivariate sequence analysis approach to examine 

the sequence variation of the X-chromosome and then analyzed whether any 

of its sequence variation could be related to the dosage compensation of this 

chromosome. In a previous analysis, chromosome-distinguishing sequence 

signatures had been found on chromosome 4 and the X-chromosome of 

D.melanogaster (Stenberg, et al., 2005). Further analysis showed that exon 

sequences of chromosome 4 and the X-chromosome from the Drosophila 

genome can be separated from other chromosomal exons. In situ 

hybridization studies with polytene chromosomes have previously shown 

that the Drosophila X-chromosome is enriched in (dC-dA)n/(dG-dT)n 

sequences, and dosage-compensated chromosomes in every Drosophila 

species examined to date have higher than average CA/TG, CT/AG, and C/G 

frequencies (Lowenhaupt, et al., 1989). In this study we found that all gene 

feature sequences – promoters (500bp upstream of TSS), 5’-untranslated 

regions (UTRs), coding sequences, introns, 3’ UTRs, and intergenic 

sequences – of the X-chromosome in D.melanogaster show differences 

when compared to gene feature sequences of autosomes. The frequency of 

various di-nucleotide repeats was found to be distinct in different gene 

feature sequences, many of which had also been reported previously 

(Gallach, et al., 2007; Stenberg, et al., 2005). This result indicated that there 

are potential targeting sequences within all of the X-chromosome gene 

features. Interestingly, we found that in general there are more sequence 

variations between gene features than between chromosomes. This result 

has strong implications for attempts to identify DNA motifs because if gene 

feature sequences are not analyzed separately discriminating patterns might 

reflect differences in gene feature composition rather than biologically 

relevant sequence variations. 

Sequence signatures of MSL-bound regions on the X-

chromosome 

As described above, the MSL Recognition Element (MRE) (a GA-rich motif), 

was identified from the high-affinity binding sites of MSL complex on the X-

chromosome (Figure 8). In paper II, we found that the MSL complex 

remains bound to high-affinity sites (HAS) of the MSL complex when two 

non-coding RNAs roX1, roX2 (roX) of the complex are mutated. A GA-rich 

motif similar to the MRE was found to also be enriched on the X-

chromosome of wild type D. simulans. These results showed that GA-rich 
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HAS motifs are evolutionarily conserved and provided further evidence 

supporting the model of primary recruitment and spreading of the complex 

as described above.  

Our analysis in paper I seeking to find a sequence component that could 

explain spreading of MSL complex showed that gene features of MSL-bound 

expressed genes are enriched in specific sequence signatures. We built 

PCA/OPLS-DA models by integrating binding values of MSL-complex 

components along with gene expression in mutants/knock-downs of MSL-

components from experiments that were performed in parallel and in the 

same cell-type. In PCA models of different gene features, sequences that 

differ between strongly MSL-bound and weakly bound genes were found, 

although we grouped genes into single observations. Sequence variations 

between expressed genes that were strongly bound and weakly bound by the 

MSL complex were much higher than those between expressed and 

unexpressed genes on the X-chromosome. Our results showed that all gene 

features on the X-chromosome have sequence signatures that could 

potentially be involved in MSL-complex targeting. 

Promoters and coding sequence and spreading 

Our search for predictive sequence signatures for MSL-binding to individual 

genes in paper I showed that out of the six gene feature sequences, 

promoters and coding sequences could robustly predict the MSL-binding 

status of genes. We applied our algorithm that aligns the predictive sequence 

words from the OPLS-DA model into DNA motifs and found that the motif 

significantly enriched in promoters of MSL-bound genes matched to the 

boundary element associated factor BEAF-32. We confirmed our finding 

with BEAF-32 mapping data gathered by the modENCODE consortium for 

S2 cells (Consortium, et al., 2010). We found that promoters of genes that 

have a higher average binding of the three MSL-proteins have an enrichment 

of the motif and high overlap with BEAF-32 binding sites. We also found 

that binding of MOF, the only component of the MSL complex that targets 

promoters correlates with the binding of BEAF-32. The exciting link between 

BEAF-32 and dosage compensation is supported by the observation that 

beaf-32 mutants have a male-specific defect in X-chromosome morphology 

(Roy, et al., 2007). We hypothesize that BEAF-32 and MOF interact in 

promoters of MSL complex-bound genes and play a role in targeting the 

MSL complex (Figure 8). In our coding sequence model with MSL-bound 

and unbound sequences, we predicted the coding sequence of expressed X-

chromosome genes and found that the coding sequences of MSL-bound 

genes have significantly higher predictive value compared to unbound. The 

MSL complex is known to have a binding preference to exons with a slight 3' 
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bias. When we divided the coding sequences of the MSL-bound/unbound 

genes in the prediction set into three equally sized parts, our coding 

sequence model predicted 3' thirds better than 5' thirds. We also confirmed 

that neither our promoter motif nor our coding sequence signatures showed 

any correlation with HAS although many strongly MSL-bound genes are 

close to HAS. Our results strongly indicate that the distribution of the MSL 

complex within genes on the X-chromosome is influenced by sequence 

signatures in the promoter and coding sequences (Figure 8). 

 

 

Figure 8 

 

 
 

Figure 8 Model for the sequence-specific targeting of the MSL complex in 

Drosophila melanogaster. GA-rich MRE motifs target the MSL complex to 

high-affinity sites on the X-chromosome, and the sequence composition of 

the coding sequences of the expressed genes and BEAF-32 protein on the X-

chromosome influence the spreading of the MSL complex all along the X-

chromosome. In roX mutants, the MRE motif still targets the MSL complex 

to high-affinity sites on the X-chromosome, but the MSL complex shows 

affinity to repeat and transposon elements proximal to the centromere and 

at autosomal sites that are bound by the complex only in roX mutants. 

 

Sequence signatures of MSL-bound regions on autosomes 

 

In the analysis done in paper II, we found that a specific motif in roX 

mutants corresponding to repeats in the 1360 (Hoppel) transposable 

element (Bartolomé, et al., 2002) is significantly enriched in the MSL1-

bound heterochromatic sequences (2LHet, 2RHet, 3LHet, 3RHet, 4Het, 

XHet) of each chromosome. A high degree of colocalization between the MSL 
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complex and the motif in both the pericentromeric heterochromatin and the 

three specific bands on chromosome 4 was revealed by performing in situ 

DNA hybridization experiments in our collaborator Jan Larsson’s lab. We 

further analyzed all of the mapped and non-mapped ChIP-seq reads to the 

repeat class sequences from the Repbase Update database and found that in 

roX mutants there were strong enrichments of three repeat classes, namely 

PROTOP_B, PROTOP_A, and NTS (Non-transcribed Spacer). PROTOP (a 

family of autonomous DNA transposons) are ancient ancestors of the P-

element and Hoppel element transposon families (Kapitonov and Jurka, 

2003). Our results show that MSL has affinity for regions enriched in repeats 

from Hoppel and PROTOP transposable elements and for NTS. Based on the 

previous finding that NTS sequences are organized in tandem repeats 

between ribosomal DNA genes (Kohorn and Rae, 1982), we analyzed 

whether repeats in general are enough to recruit MSL. We found that MSL-

bound autosomal-expressed genes in roX mutants are enriched in 

surrounding repeats compared to MSL-unbound autosomal-expressed 

genes. Our results showed that MSL targeting of autosomal sites in roX 

mutants correlates with high repeat content. The ability of any repeat 

sequence to recruit MSL in the absence of roX was confirmed by analyzing 

clusters of tandemly repeated P[lacW] transgenes on chromosome 2 in roX 

mutants (Dorer and Henikoff, 1994). We found that in the absence of roX, 

MSL2 protein binds to a cluster of seven tandemly repeated copies of 

P[lacW] but not to a cluster with only two copies. Our results are also in line 

with the model proposed in a recent study showing that targeting of MSL 

complex to HAS is due to the acquisition of GA-rich sequence motifs by 

transposable elements that were capable of functioning as binding sites of 

the MSL complex  (Ellison and Bachtrog, 2013). The binding of MSL 

proteins to transposable elements and repeats in roX mutants observed in 

our results could thus represent an ancient but still intrinsic property of the 

MSL complex (Figure 8). We speculate that the ancient function of MSL in 

the heterochromatin of a D.melanogaster ancestor might have been to 

stimulate the expression of genes located in repressive environments. 

 

Role of roX RNAs in MSL complex targeting 

To find the localization of MSL complex on the chromosomes in roX1/roX2 

double mutants (roX mutants), immunostaining experiments was done in 

our collaborator, Jan Larsson’s lab.  In the absence of roX RNAs the MSL-

complex targeting to the X-chromosome is dramatically decreased and the 

complex is re-localized to the chromocenter and to three distinct regions on 

chromosome 4. The disruption of MSL targeting seen in roX mutants is 

clearly distinct from when the protein components of the complex are 
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removed. In msl1 or msl2 mutants, no MSL complex is formed on the X-

chromosome (Lyman, et al., 1997), and in mle or msl3 mutants MSL 

targeting is seen only on the X-chromosome at previously defined HAS. This 

demonstrated that roX RNAs restrict MSL-complex targeting to the X-

chromosome and avoid the mis-targeting to chromosome 4, the 

chromocenter, and some additional autosomal sites. Immunostaining 

experiments also showed that in roX mutants all the proteins from the 

complex co-localize perfectly at the chromocenter and at the three bands on 

chromosome 4. H4K16ac, a histone modification produced by the MSL 

complex was further found to be enriched at these three bands in roX 

mutants indicating that the MSL-complex is active. H3S10 kinase JIL1, 

previously shown to be dependent on a functional MSL complex for targeting 

to the X-chromosome (Jin, et al., 2000; Jin, et al., 1999; Regnard, et al., 

2011) was also found to be re-localized to the chromocenter and to the three 

regions on chromosome 4 in the absence of roX RNAs. These results showed 

that roX RNAs are not required for the assembly of a complete and active 

MSL complex. However, the expected increase in the expression of 

chromosome 4 genes in roX mutants compared to wild-type due to MSL 

complex targeting was not observed. The predicted effect on gene expression 

due to MSL targeting to chromosome 4 in roX mutants might be 

counteracted by a balancing mechanism between HP1a protein that 

represses gene expression and/or POF protein that stimulates the expression 

of genes present on chromosome 4 (Johansson, et al., 2007; Johansson, et 

al., 2007; Larsson, et al., 2001). 

 

MSL-independent dosage compensation of genes on the X-

chromosome 

It has been reported several times that many expressed genes (10%–25%) on 

the male X-chromosome are not bound by MSL complex (Alekseyenko, et al., 

2006; Gilfillan, et al., 2006; Larschan, et al., 2007; Legube, et al., 2006). The 

most common explanation for this has been that these unbound genes are 

transiently bound by the complex and are dosage compensated (Gelbart, et 

al., 2009). However the level to which these genes are compensated has been 

unknown. In paper III, we found that a significant number of genes are 

compensated without being bound by MSL complex. We conducted our 

analysis on dosage-compensated genes that we had defined using the 

available set of genome-wide expression data from a single tissue (salivary 

glands) of both male and female D.melanogaster third instar larvae (Conrad, 

et al., 2012). Using samples from a single tissue avoided issues such as 

difficulty in distinguishing gene expression differences between sexes due to 

mixed cell types and using cell lines of different origins. We found that about 
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15% of the expressed genes on the male X-chromosome are dosage 

compensated even though they are not bound at any detectable level by the 

MSL complex. To identify such genes, we used the MOF binding data from 

male salivary glands (Conrad, et al., 2012).  

We further observed drastically reduced levels of H4K16ac in MSL-unbound 

dosage-compensated genes, and this is contradictory to the usual 

explanation that these genes have H4K16ac by transient interaction with the 

MSL complex. The analysis we have done with expression data from RNAi 

knock-down and mutations of the MSL-complex components in S2 cells and 

male larvae have shown that genes that are unbound but still compensated 

are very weakly affected by MSL. Although these data are not from salivary 

glands, we and others have shown that MSL-complex binding is extremely 

similar between different cell types (Georgiev, et al., 2011; Legube, et al., 

2006; Philip, et al., 2012). The small effect on the unbound genes in the 

RNAi experiment could indicate that they are weakly bound or that these 

effects are secondary gene network effects. The strongest reduction in 

expression was noted to be only 80% of wild-type levels. A 50% reduction in 

expression is expected if the MSL complex is the only player in dosage 

compensation. We also found that unbound genes score lower than bound 

genes on sequence signatures enriched in the MSL-bound genes that we 

identified in paper I. Altogether, our results showed that a significant 

proportion of dosage-compensated genes on the male X-chromosome is 

compensated by a mechanism independent of MSL (Figure 9). 
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Figure 9 

 

 
 

Figure 9 Binding state of the MSL complex on dosage-compensated genes 

on the X-chromosome of D. melanogaster. Dosage-compensated genes 

bound and unbound by the MSL complex are found on the X-chromosome. 

Mutation or knockdown of msl complex genes has little effect on the 

expression of MSL-bound genes. These results suggest a role of an MSL-

independent mechanism to achieve the complete dosage compensation of 

the X-chromosome. 

 

Dosage compensation by MSL-independent mechanisms 

Our analysis provided further evidence that MSL-independent mechanisms 

make a significant contribution to the dosage compensation of the X-

chromosome. A general buffering mechanism that recognizes genomic 

regions present in fewer copies and that acts on all chromosomes  

(Lundberg, et al., 2012; Stenberg, et al., 2009) or gene network effects  

(Malone, et al., 2012) could explain the MSL-independent dosage 

compensation. Stronger buffering of long genes was shown by Lundberg et 

al. (Lundberg, et al., 2012) while studying general buffering of autosomal 

deficiencies. When we checked the length of the MSL-unbound dosage-

compensated genes, we found that such genes are on average longer than 

bound genes. We further found that long bound genes are less affected by 

reduction or loss of the MSL complex. MSL-bound genes have been 

previously identified as mostly housekeeping genes (Gilfillan, et al., 2006). 

We found that only 29% of the MSL-unbound genes are housekeeping genes, 

and this provided support that the genes we identified are MSL independent. 

Also, long genes have been preferentially found in regions enriched for the 

enhancer type of chromatin (chromatin state 3) (Kharchenko, et al., 2011). 

We speculate that long genes are more dynamically regulated and less 
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dependent on the MSL complex for compensation of their expression in 

males. A recent study has shown an approximately 20% increase in Pol II 

initiation on MSL-bound genes (Vaquerizas, et al., 2013), and this is 

compatible with an MSL-dependent mechanism that recruits Pol II and with 

the fact that loss of MSL results in only an approximately 20% drop in 

expression. We speculate that the function of the MSL complex is to enhance 

the expression of genes that lack feedback regulation – which mostly seem to 

be short housekeeping genes – but the mechanisms of behind the MSL-

independent compensation process remain to be elucidated. 

 

Conclusion 

We were able to successfully develop and apply a DNA motif-finding 

approach based on multivariate methods. The studies conducted here to 

further understand the targeting of MSL complex in the Drosophila genome 

show that distinct sequence signatures of X-chromosome gene features – 

primarily promoter and coding sequences – can influence the spreading of 

the MSL complex along the X-chromosome. The studies we conducted by 

mutating roX non-coding RNAs show that the binding of MSL proteins to 

autosomal sequences in roX mutants represents an ancient but still intrinsic 

property of the MSL complex. roX RNAs were found to restrict the MSL-

complex targeting to the X-chromosome and avoid mis-targeting to the 

autosomal sites, but they were not found to be necessary for the assembly of 

the MSL complex. Analyzing the contribution of the MSL complex to dosage 

compensation shows that the function of the MSL complex is mostly to 

enhance the expression of a certain group of genes, but MSL-independent 

mechanisms exist to achieve complete dosage compensation of the X-

chromosome. Numerous sequences identified within all types of X-

chromosome gene features could act as X-chromosome-targeting elements 

for such dosage-compensation mechanisms. 

 

Papers IV–VI 

Targeting factors of CBP protein in Drosophila melanogaster 

With the aim of identifying the targeting factors of the CBP protein in wild-

type embryos, in paper IV we compared CBP peaks obtained from ChIP-seq 

to the occupancy of 40 previously mapped transcription factors (Consortium, 

et al., 2010; MacArthur, et al., 2009). We found that CBP peaks in wild-type 

embryos overlap most extensively with the key activator of dorsal-ventral 

patterning, the transcription factor Dorsal. We also found that other factors 
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do not overlap with CBP-bound regions to the same extent as Dorsal except 

for GAGA-factor (GAF) binding regions. This was surprising because many 

of the transcription factors have been found to bind many of the same 

regions in the genome (Biggin, 2011). We further found that many other 

factors overlap CBP peaks in mutant embryos where Dorsal fails to enter the 

nucleus – described as gastrulation-defective (gd7) mutants that result in the 

loss of Toll signaling. We performed CBP ChIP-seq in mutant embryos and 

compared CBP occupancy in wild-type and gd7 mutant embryos. CBP was 

found to be associated with 84% of wild-type Dorsal-binding regions in 

embryos that lack Dorsal in the nucleus, and this suggested that other factors 

maintain CBP binding at these sites in the absence of Dorsal.  

Among the factors that overlap CBP peaks in gd7 embryos, the best overlap 

was with the Smad4 protein Medea (Med), a transducer of Dpp signaling. In 

gd7 embryos, all cells are converted to dorsal ectoderm, which is the tissue 

where Dpp signaling occurs. We detected significantly higher occupancy of 

CBP at Dpp target genes in gd7 compared to wild-type. This indicated that 

CBP is recruited to Dpp target genes, and this is consistent with previous 

observations that Dpp-signaling is impaired in CBP mutant embryos (Lilja, 

et al., 2003; Waltzer and Bienz, 1999). We classified the CBP peaks into 

those that remain unchanged between wild-type and gd7 (gd7 Unchanged), 

those where CBP binding increases at least 2-fold in gd7 versus wild-type 

(gd7 Up), those where CBP binding decreases at least 2-fold in gd7 versus 

wild-type (gd7 Down), and those that are completely lost in gd7 (gd7 Lost).  

We found that gd7 Up peaks that are strongest in wild-type overlap the Sox-

protein Dichaete even better than binding regions for Medea. Dichaete is 

involved in both anterior-posterior patterning by regulating pair-rule gene 

expression and in dorsal-ventral patterning where it is expressed in medial 

and lateral regions of the neuroectoderm tissue (reviewed by Phochanukul 

and Russell (Phochanukul and Russell, 2010)). Our results indicated that 

Dichaete-regulated genes also become associated with CBP in gd7 embryos.  

It was found that 76% and 67% of the peaks that are lost in gd7 embryos 

overlap Dorsal or GAF, respectively. This indicated that GAF might 

cooperate with Dorsal in specifying CBP binding. Co-immunoprecipitation of 

CBP and Dorsal from wild-type embryos was done in our collaborator 

Mattias Mannervik’s lab, and taken together the results suggested that 

Dorsal cooperates with GAF to target CBP to many sites throughout the 

genome. In the absence of Dorsal, factors like Medea and Dichaete target 

CBP to the genome (Figure 10). 

 

In paper V, we performed an analysis to identify factors that are important 

for targeting CBP to chromatin in late embryonic S2 cells. We searched for 
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sequence motifs predictive of CBP binding and found that the (GA)n DNA 

sequence repeat that binds GAF (also known as Trithorax-like, Trl) (Granok, 

et al., 1995; Wilkins and Lis, 1997) is enriched at CBP-bound regions relative 

to a randomized control set. This indicated that GAF is important for 

targeting CBP to chromatin. Analyzing the GAF enrichment around CBP 

peaks shows that the two factors co-occupy the genome extensively. A 

sequential ChIP experiment with CBP antibody followed by anti-GAF 

antibody was conducted in our collaborator Mattias Mannervik’s lab to 

determine whether the two factors bind simultaneously. GAF occupancy was 

detected in CBP chromatin at GAF-bound regions but not at GAF-unbound 

regions. By conducting a GAF knock-down study in S2 cells followed by CBP 

or GAF ChIP, we further found that GAF is required for the association of 

CBP at target regions. In paper VI, we observed the binding of insulator 

proteins like CTCF and CP190, promoter binding factors like BRE1 and 

NURF301, and enhancer-bound factors like dMi-2 and SPT16 within 150 bp 

on either side of the CBP peak centers. This indicated that these proteins 

could recruit CBP independently or in cooperation with GAF.  

CBP binding and HOTness 

Our comparison of CBP peaks with High occupancy target (HOT) regions 

(described previously in this thesis) in paper IV showed that most CBP peaks 

overlap a HOT region. We found that CBP peaks that increase in gd7 have a 

high HOTness compared to other groups such as gd7 Down, gd7 Lost, and gd7 

Unchanged. We also found that there is a perfect correlation between the 

difference in CBP occupancy in gd7 versus wild-type embryos and mean 

HOTness. Our findings suggest that in Dorsal mutants CBP remains bound 

to HOT sites because it interacts with many different transcription factors 

(Figure 10). 

 

CBP binding and association with chromatin factors, histone 

modifications, gene features, and gene expression 

CBP mapping in early embryos 

In paper IV, we compared the different classes of CBP-bound regions (gd7 

Up, gd7 Down, gd7 Lost, and gd7 Unchanged) with histone modifications, 

gene features, and gene expression and found that CBP binding sites show 

variations according to treatment conditions. We found that regions with at 

least a two-fold CBP binding in gd7 versus wild-type (gd7 Up regions) have 

strong overlap with H3K4me1 (a histone modification associated with 

enhancers) and H3K18ac and H3K27ac (histone modifications associated 
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with active chromatin) but are depleted with H3K27me3 (a histone 

modification associated with repressed chromatin). These genomic regions 

where CBP binding increases in gd7 embryos were found to be HOT intronic 

and intergenic enhancer sequences of highly regulated genes. These genes 

are regulated by Medea and Dichaete proteins and showed decreases in gene 

expression during the course of development. We further found that gd7 

Unchanged regions are found in both promoters and enhancers of highly 

expressed genes and are associated with many different factors. Our analyses 

with gd7 Down regions showed that these regions where CBP-binding 

decreases in gd7 embryos are associated with Dorsal-regulated tissue-specific 

genes and are silenced by repressive chromatin in tissues where they are not 

expressed. Gd7 Lost regions were found to poorly overlap with all types of 

histone modifications, although 76% of the peaks overlapped Dorsal-bound 

regions in wild-type. Gd7 Lost regions were found to mainly overlap intronic 

and intergenic gene features, and genes associated with these regions 

showed the lowest mean expression and increase in gene expression during 

the course of development. 

 

We further confirmed that CBP binding between wild-type and gd7 mutant 

embryos correlates with changes in gene expression. Dorsal-regulated genes 

had been identified previously when comparing the difference in gene 

expression between pipe versus Toll10B mutant embryos (Stathopoulos, et al., 

2002). As described before, pipe mutants create a condition similar to gd7 

mutants resulting in the absence of Toll signaling. We found that sites where 

CBP occupancy is increased in gd7 mutants compared to wild-type the 

corresponding genes on average are up-regulated in pipe mutant embryos. 

In contrast, mean gene expression is decreased at regions where CBP 

occupancy is reduced or lost in gd7 mutants compared to wild-type. We also 

found that mean CBP occupancy is decreased at Dorsal-targets in the 

mesoderm (down-regulated in pipe and gd7) and increased at dorsal 

ectoderm targets (up-regulated in pipe and gd7).  

CBP mapping in S2 cells 

In order to understand the distribution of CBP with active promoters and 

enhancers in the S2 cell line in paper V, we compared the CBP peaks 

obtained from S2 cells with enhancer and active promoter-associated histone 

modifications. We found that most CBP peaks overlap H3K4me1, and this is 

predictive of enhancers and/or H3K4me3 that represent active promoters. 

We also used S2 cell enhancers that were experimentally verified by the 

STARR-seq approach and found that a substantial fraction overlap CBP 

peaks. Many peaks representing inactive regions that show less overlap with 

enhancers and histone acetylation were found. Our results were in line with 
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previously published data showing that mammalian CBP largely occupies 

acetylated chromatin both at enhancer and promoter elements (Heintzman, 

et al., 2007).  

In paper VI, we classified the CBP binding sites in S2 cells based on 

chromatin factors and found that CBP binding sites can be classified into 

polycomb-repressed regions, repressed enhancers, insulators, active 

promoters, and active enhancers. Our verification of the classification by 

comparing with gene features, expression of closest genes, STARR-seq 

enhancers, and H3K4me1 showed that the overlap with repressed regions, 

active and inactive enhancers, and active promoters can be clearly 

distinguished. As expected, enhancer enrichment was found more in intronic 

and intergenic regions, but enhancer enrichment was also found in 

polycomb-repressed regions and at low DNase hypersensitive sites. Active 

enhancers and promoters showed the enrichment of H3K18ac and H3K27ac 

produced by CBP and polycomb-repressed regions showed the expected 

enrichment with the H3K27me3 modification. CBP has been implicated in 

Polycomb/trithorax regulation, and CBP has been shown to interact with  

Trithorax (Trx) protein to promote H3K27ac and maintain the active state of 

Pc/Trx-regulated genes (Tie, et al., 2009). Our results further showed that 

CBP remains bound at Polycomb response elements even when they are in 

the repressed state (Figure 10). Out of the 200 defined PREs in the S2 cell-

related SG4 cell line, 94% were found to have at least a two-fold enrichment 

of CBP. Sequence analysis that we performed in the CBP class with low 

DNAse hypersensitivity (CBP class II) showed the enrichment of DNA motifs 

for GAF, GATAe factors, and a GT-rich motif, and this indicated that CBP 

could interact with these factors to maintain the active/inactive state of these 

sites. Interestingly, although the H3K23ac data we used had weak 

enrichments, we noted that this modification was highest in class II. It had 

been previously shown that CBP can acetylate histone H3 lysine 23 (Bodai, et 

al., 2012). We speculate that class II CBP sites represent enhancers that have 

yet to become activated, and CBP seems to be recruited to chromatin earlier 

than other activating factors. CBP histone acetyl transferase (HAT) activity 

might potentially be blocked from acetylating H3K18+27 when these 

enhancers are inactive, perhaps by directing it to H3K23. 

We further found that the CBP-bound promoters can be classified into two 

groups based mainly on the overlap with occupancy of insulator proteins, 

GAF, Pol II, and gene expression. The class with higher insulator-protein 

enrichment and less GAF and Pol II was found to be less active. We also 

found CBP-bound insulators in intergenic regions. We were able to classify 

these sites into two subclasses using PCA based on histone modifications. 

Our analysis of these CBP sites showed that sites with active acetylation are 
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able to block the spreading of H3K27me3 while sites lacking acetylation are 

not able to block the spreading. Our results showed that CBP likely plays an 

important role in insulating from H3K27me3 and that histone acetylation 

(potentially by CBP) regulates the insulating activity (Figure 10). However, 

our results also showed that CBP remained associated with insulator 

proteins at low-acetylated sites indicating a role for CBP in controlling 

enhancer-promoter interactions. Analysis of CBP enhancer classes revealed 

that they differ mainly in the composition of factors such as GAF, dMi-2, 

SPT16, NURF301, and RPD3. The closest genes to different CBP enhancer 

classes were found to have different functions. Our results indicated that 

CBP protein associates with different chromatin factors at enhancer sites of 

genes with different functions. Our comparison of CBP binding sites with 

replication factors showed that replication factors are found in all classes 

except class II. As mentioned before, CBP has been found to play a role in the 

regulation of replication mechanism. All of our results showed that CBP is 

bound at genomic sites with a wide range of functions. All of these functional 

elements, such as promoters, enhancers, insulators, PREs, and origins of 

replication have been shown to interact with other chromosomal regions as 

well as with each other (Comet, et al., 2011; Erokhin, et al., 2011; Kolovos, et 

al., 2012; Masai, et al., 2010). Cohesin complex is protein complex that has 

been shown to play an important role in chromosomal interactions and in 

the formation of chromosomal domains (Sofueva, et al., 2013). When we 

compared the binding sites of cohesin components with CBP classes we 

found that all classes except class II and IV showed strong overlap. However, 

the subclass of class IV with active insulators, which is expected to be 

involved in chromosomal interactions, was found to overlap highly with 

cohesin sites. These results motivated us to strongly speculate that CBP is 

involved in maintaining higher-order chromatin organization.  
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Figure 10 

 

 

Figure 10. Model for the targeting and activity of CBP protein. In wild-type 

Drosophila melanogaster early embryos, Dorsal protein – a key activator of 

dorsal-ventral patterning – and the transcriptional regulator GAF protein 

potentially target CBP protein to its binding sites. Under mutant conditions, 

CBP associates with Medea protein (which plays a role in dorsal ectoderm 

formation) and Dichaete protein (which plays a role in anterior-posterior 

patterning) as well as regions that are highly occupied by transcription 

factors (HOT sites). In the late-embryonic S2 cell line, CBP is targeted in the 

active chromatin, by GAF protein to promoters and enhancers where it 

induces high polymerase II pausing at CBP+GAF–bound promoters. In 

addition, CBP is found to associate with insulator proteins and CBP 

mediated acetylation prevents the spread of the H3K27me3 modification 

produced by the polycomb complex in active gene regions. In the inactive 

chromatin, CBP is mainly found to be associated with polycomb proteins and 

in repressed enhancers. More studies need to be done to understand how 

CBP activity is blocked and what functional roles CBP has at polycomb sites. 
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CBP and pol II pausing 

Recent studies have shown that GAF plays an important role in the pausing 

of RNA Polymerase II (Li and Gilmour, 2013). As described before, Pol II 

pausing is a process during which Pol II is held in a paused state 

downstream of TSS, and this helps in establishing permissive chromatin and 

creating a framework for rapid and/or synchronous activation (Adelman and 

Lis, 2012). The exciting link between CBP and GAF that we found in paper V 

further enabled us to find that promoters bound by CBP and GAF have the 

highest level of Pol II pausing. When we analyzed the Pol II pausing index in 

expressed promoters in S2 cells (divided into eight categories depending on 

their association with CBP, GAF, or M1BP (another factor identified at 30% 

of paused promoters (Li and Gilmour, 2013))), we found that all CBP-bound 

promoter categories were more highly paused than the corresponding 

categories without CBP. This implicated a role for CBP in Pol II pausing.  

 

Our analysis comparing the strength of CBP occupancy relative the strength 

of GAF occupancy identified a unique set of promoters with high CBP and 

GAF levels and a high pausing index, and we defined these as super 

promoters. We further found that Pol II, transcription factor IIA (TFIIA), 

and Negative elongation factor (NELF) – which is involved in establishing 

Pol II pausing – are more enriched in super promoters compared to other 

promoters. These results strongly argue for efficient recruitment of Pol II as 

the cause of Pol II occupancy and high pausing. Gene ontology analysis 

indicated that these gene promoters are involved in cellular responses to 

external cues. Analysis of Pol II occupancy performed in our collaborator 

Mattias Mannervik’s lab using a compound that selectively inhibits the 

catalytic activity of CBP showed that CBP is required for Pol II promoter 

occupancy specifically at promoters in the top 5% of the CBP+GAF class. In 

addition, time-course experiments with CBP inhibitor and expression 

analysis showed that CBP promotes efficient recruitment and stability of Pol 

II at CBP+GAF promoters. Our analysis also showed that CBP regulates Pol 

II promoter association at a post TATA-binding protein (TBP) step that 

involves stable transcription factor IIB (TFIIB) occupancy. These results 

indicated that CBP might recruit TFIIB to promoters and remain associated 

with TFIIB after inhibition but that TFIIB is lost globally from chromatin 

upon CBP inhibition. We proposed that CBP recruits Pol II to promoters by 

regulating TFIIB occupancy. 

CBP and chromatin occupancy 

To better understand the chromatin occupancy of CBP, experiments were 

performed in paper V using a CBP inhibitor. Our results showed that CBP 
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HAT activity is required for chromatin occupancy of CBP. By analyzing the 

levels of H3K27ac and H3 upon CBP inhibitor treatment, it was found that 

H3K27ac levels were reduced and total H3 increased indicating global 

chromatin compaction upon CBP inhibition. However, GAF occupancy 

remained unchanged despite the reduction in H3K27ac. A time difference in 

H3K27ac and Pol II occupancy upon CBP inhibitor treatment was found 

where Pol II occupancy is decreased prior to H3K27ac. Our results showed 

that CBP is required for Pol II promoter occupancy independent of GAF, 

histone acetylation, and chromatin compaction. 

CBP and silent genes 

In paper IV, we found that CBP can actually remain bound to silent genes 

and this is not prevented by the presence of H3K27me3 (Polycomb)-

repressed chromatin. However, H3K27me3-chromatin might restrict histone 

acetylation by CBP and other HATs. We compared histone modifications 

with CBP binding at some of the best-known Dorsal targets in mesoderm 

and dorsal ectoderm in gd7 (where the entire embryo is converted to dorsal 

ectoderm), Tollrm9/rm10 (where the entire embryo converted to 

neuroectoderm), and Toll10B mutant embryos (where entire embryo is 

converted to mesoderm). In the case of the target gene sna promoter, we 

found that CBP binding is not decreased in gd7 mutant embryos compared to 

wild-type, although Dorsal is absent and the gene is not expressed. We found 

that in gd7 embryos there are higher amounts of H3K27me3 (a modification 

that is mutually exclusive to lysine acetylation) at the sna promoter. A 

similar observation was made at the twi promoter except without a 

reduction in H3K18ac. This indicated that Polycomb-mediated repression is 

involved in keeping twi and sna turned off in the dorsal ectoderm. Similar 

observations were also made in Tollrm9/rm10 embryos. 

We have also found CBP binding at dorsal ectoderm target genes such as 

zerknullt (zen) and Tolloid (tld) in the neuroectoderm and mesoderm. At 

these AT-rich binding sites, Dorsal is converted to a repressor that recruits 

the co-repressor Groucho and prevents the expression of dorsal ectoderm 

target genes (Dubnicoff, et al., 1997; Jiang, et al., 1993). In all cells of gd7 

mutant embryos, these target genes are activated with increases in CBP 

occupancy. As described before, in paper VI we further found CBP co-

localizing with polycomb proteins along with binding of CBP on unexpressed 

genes at low DNAse hypersensitive sites that further showed the association 

of CBP with repressed regions without hyperacetylation. 
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Conclusion 

 

Our results showed that factors like Dorsal, GAF, Medea, and Dichaete that 

bind to DNA sequences recruit CBP to many sites in the genome in early 

embryos. We also showed that CBP occupancy is related to HOTness and 

that it is mainly GAF that targets CBP to chromatin. Our analysis of CBP 

binding in wild-type and Dorsal deletion mutant embryos showed that the 

gene regulatory networks controlled by the two key morphogens in dorsal-

ventral patterning, Toll/Dorsal and Dpp/Medea, are to a larger extent than 

others associated with CBP in early embryos. We found that CBP’s HAT 

activity is regulated by substrate availability such as inaccessible histones 

enclosed by H3K27me3-chromatin and by genomic context or signaling. The 

study we conducted to understand the chromatin of CBP shows that CBP can 

be associated with both active and inactive chromatin domains to regulate 

gene expression. In the active chromatin domain, CBP showed association 

with enhancers, promoters, and insulators and in the inactive chromatin 

domain CBP showed association without producing hyperacetylation with 

polycomb-repressed regions, silent enhancers, and low DNase hypersensitive 

sites. Our analysis further revealed a new exciting association of CBP protein 

with Pol II pausing and the regulation of higher-order chromatin 

organization. 

 

 

Paper VII 

Two primary assumptions for standard normalizations (such as quantile 

normalization (Bolstad, et al., 2003) and MA-normalization (Dudoit, et al., 

2002)) to remove technical variations are that only a small fraction of the 

variables are affected by the treatment and that the true log-ratios (the 

expected value of the log-ratios in the absence of any technical variation) are 

approximately symmetrically distributed. The most commonly used 

normalization algorithms fail when both assumptions are violated. Together 

with our collaborator Patrik Ryden, we evaluated five types of normalization 

procedures for their effect on bias (i.e., the ability to provide an accurate 

estimate of fold change) and sensitivity (i.e., the ability to identify affected 

variables) by varying the percentage of altered clones and the percentage of 

up-regulated clones among the altered clones in a spike-in data set (Rydén, 

et al., 2006). The evaluations showed that violations of the primary 

assumptions have negative and synergistic effects on both bias and 

sensitivity although invariant methods (those that identify a set of non-

altered variables in order to obtain an unbiased estimate of the 

normalization function f) performed better than standard methods. The 
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results showed that biological interpretation of experimental data could be 

enhanced by adopting alternative normalization procedures. 

To check if an experimental dataset is skewed 

It is generally easy to conclude that an experiment is skewed given the design 

and experimental setup. In such cases and depending on the experiment 

status, data are normalized using an appropriate algorithm. To handle cases 

when it is difficult to determine whether the assumptions of symmetry are 

reasonable or not, we developed a method to check if an experiment is 

skewed. In the first stage of the method, visual inspection of the treatment 

reference variables’ M-values (i.e. the log-ratio of the groups’ averages) and 

the estimated density function can be used to investigate if the experiment is 

skewed or not. All samples are normalized using a standard normalization 

technique of the user’s choosing prior to calculating the M-values. We expect 

the distribution of the M-values to be fairly symmetrical for a non-skewed 

experiment. 

If the visual inspection does not give any clear indication of skewness, a 

novel test called DSE-test (Detection of Skewed Experiments) can be applied 

in the second stage of the method. 

Detection of Skewed Experiments test 

In the DSE-test, all samples are initially normalized using a normalization 

technique of the user’s choosing. The quartile skewness coefficient (qs-

coefficient) is then used to estimate the skewness of the distribution once the 

variables’ log-ratios are calculated for any pair of samples. The experiment is 

said to be skewed if the heterogeneous qs-coefficients (obtained from 

heterogeneous pairs, one treated and one reference sample) deviate 

significantly from the homogenous qs-coefficients (either two treated 

samples or two reference samples).    

We had proposed two variants of the DSE-test, the independent variant (for 

which the constructed pairs are independent) and the dependent variant (for 

which some of the pairs are dependent). The false-positive rate can be 

controlled in independent tests in contrast to dependent tests but 

independent tests have low power for small experiments because fewer pairs 

can be constructed. A user-friendly web-application has been created that 

can be used to test for skewness in any type of experiment including 

expression, single nucleotide polymorphism (SNP), and ChIP-chip data 

(http://penguin.molbiol.umu.se/Skewness_handling/). We have evaluated 

the performances of the independent and dependent DSE-tests in a 
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simulation study and found that the power of the tests increased with the 

number of samples, variables, effect size (true log-ratios), and the fraction of 

affected variables. We have also applied visual inspection and the dependent 

DSE-test to three real ChIP datasets, two of which were originally reported 

by (Schwartz, et al., 2010) (E(z) and H3K27me3) and one by (Nègre, et al., 

2010) (Pol II). We found that the Poll II experiment and probably the 

H3k27me3 experiment are skewed, but E(z) was not particularly skewed. 

However, our recommendation is to apply the HMM-assisted normalization 

to all experiments that are suspected to be skewed for any reason. 

 

 Hidden Markov Model-assisted normalization 

The HMM-assisted normalization we have developed is as follows: 

 Initially all samples are normalized using some type of standard 

normalization, e.g. quantile normalization. 

 The averages of the variables’ normalized values are calculated for 

the treatment and the reference groups separately. 

 The variables’ M-values (i.e. the log-ratio of the groups’ averages) 

are then calculated for all variables. 

 A hidden Markov model with two states is applied to the M-

values, and the variables belonging to the state whose mean is 

closest to zero are classified as unaltered variables. The HMM-

based method is not platform specific and takes advantage of the 

dependency structure in datasets where several variables belong 

to the same unit. 

 The samples are then re-normalized as in the first step, but 

variables identified as being unaltered are used in the 

normalization function. 

 

We have evaluated the HMM-assisted normalization in a simulation study by 

comparing it to standard, invariant, and ideal normalization (that use only 

data from non-altered variables when deriving the normalization function f) 

methods, and by characterizing the method’s performance in terms of the 

experiment’s sensitivity, specificity, and bias. The relative gain achieved 

using the HMM normalization was found to be much higher compared to 

other methods. The difference between the HMM normalization and 

invariant normalization was found to increase when the percentage of 

altered variables increased, the effect-size decreased, and the size of the 

experiment decreased. We also applied HMM, invariant and standard 

normalization to the same three ChIP-chip data sets (E(z), H3K27me3, and 

Pol II) used for the DSE-test and found that the HMM approach detected 

more enriched probes than the invariant and standard normalizations. Our 
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HMM-normalization method is not suitable for normalizing data where no 

skewness is present, and we recommend, therefore, applying the approach 

only if the DSE-test suggests that the experiment is skewed. We have 

provided an R script to run the normalization approach at 

http://penguin.molbiol.umu.se/Skewness_handling/. 

 

The workflow of our new approach can be summarized as 

1. Pre-process the raw data including some type of standard 

normalization. 

2. Investigate if the experiment is skewed by considering the 

experimental design, using visual inspection, and applying the novel 

DSE-test. 

3. If an experiment is not found to be skewed, no additional 

normalization is needed. 

If the experiment is found or believed to be skewed, the data is re-

normalized using the novel HMM-assisted normalization. 

4. Perform downstream analysis, e.g. the identification of altered 

variables, classification, or cluster analysis. 

 

Conclusion 

 

We have developed an approach to normalize data from experiments that are 

skewed. We found that in the case of skewed datasets it is always better to 

identify non-altered variables and normalize the data only using such 

variables. 

In our approach, we have included a method to first check skewness to 

handle cases when it is difficult to assume symmetry in the data. An HMM-

assisted normalization approach is then applied that takes advantage of the 

dependency structure in datasets and uses only identified unaltered variables 

in the normalization function. 
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Concluding Remarks 

 

The studies performed in this thesis enabled us to understand more about 

how chromatin modifiers are targeted in the fly genome. In the case of both 

MSL and CBP proteins, sequence components involved in the targeting of 

chromatin modifiers were identified. In the case of the MSL complex, results 

reported until now showed that a GA-rich MSL recognition element is 

involved in the initial targeting of the complexes to high-affinity sites across 

the X-chromosome. As I show in this thesis, sequence signatures in 

promoter and coding sequences could further spread the MSL complex along 

the X-chromosome. Interestingly, in ncRNAs (roX1 and roX2 mutants) we 

were able to identify repeat sequences in autosomal sites as targets of MSL 

complex, and the supports the model that the X-chromosome evolved from 

ancient autosomal sequences. In the case of CBP protein, different DNA 

binding transcription factors like Dorsal, GAF, Medea, and Dichaete were 

identified as targeting factors. All of these results clearly indicate a role for 

primary DNA sequence in the targeting of chromatin modifiers. Functional 

analysis of MSL and CBP proteins done in this thesis revealed many exciting 

findings. Although the MSL complex has been so far known as the primary 

factor for dosage compensation, we show the existence of an MSL-

independent mechanism that is essential for the complete dosage 

compensation of genes on the X-chromosome. This result would be very 

interesting to research further to understand the MSL-independent dosage 

compensation mechanism. We also show that the non-coding RNA 

component of the MSL complex is required for restricting the binding of the 

MSL complex to the X-chromosome X and keep it from binding to repeat-

rich autosomal sites, and this shows the role of ncRNAs in chromatin 

modifier targeting. 

 

In the case of studies seeking to understand the functions of the CBP protein, 

CBP together with the GAF protein was found to induce high polymerase II 

pausing. We were able to classify CBP binding sites into active and inactive 

chromatin domains. Our results also suggest exciting roles for CBP in 

maintaining higher-order chromatin organization. Analyses done in this 

thesis also helped in the development of different computational methods to 

identify the targeting factors of chromatin modifiers. These methods can be 

applied in the future to conduct similar studies with many other chromatin 

modifiers.
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