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1. Introduction 

All cellular functions, from the metabolism and the immune response to the 
laying down of the basic body plan of multicellular organisms, require the 
coordinated action of many genes. The activity of genes, referred to as gene 
expression, constantly changes, so that some genes are highly expressed and 
others are not expressed at all at any given point in time in a cell. The proc-
ess by which gene expression is switched on and off is essential for all living 
organisms, since it enables cells to adapt to changing conditions such as 
nutrient availability and temperature, and allows cells in multicellular organ-
isms to differentiate into different cell types. Defects in the control of gene 
expression characterize many human diseases including cardiovascular dis-
eases, diabetes and many types of cancer. 
 

In the simplest model of gene regulation, the expression of a gene is regu-
lated by a transcription factor (TF) binding to a DNA motif in the promoter 
region upstream of the gene. The TF can then activate or repress transcrip-
tion of the gene through various mechanisms. However, regulation of gene 
expression is often more complicated than this. The aim of this thesis is thus 
to study features that complicate gene regulation, such as combinatorial gene 
regulation, the role of motif context, and chromatin modifications.  

 
Most genes are regulated by several pathways and transcription factors, a 

phenomenon known as combinatorial gene regulation. The use of combina-
tions of transcription factors in regulatory networks greatly increases the 
number of gene expression patterns possible to achieve with a limited num-
ber of transcription factors. It also enables cells to integrate several signals to 
fine-tune their response to different conditions. Combinatorial gene regula-
tion is studied in papers I and II. 

 
Another complicating factor is motif context, i.e. how geometric con-

straints such as the location or orientation of a motif can affect gene expres-
sion. Recent studies have shown that some motifs only have an effect if they 
are located at a certain distance or in a specific orientation relative to the 
downstream gene. Identifying such constraints can help to distinguish bio-
logically relevant binding sites from inactive (cryptic) sites. Paper III con-
tains a study of how important motif context is for gene regulation. 
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A related topic is chromatin organization. In addition to the sequence of 
the DNA, both the structure of the chromatin and the spatial organization of 
the chromatin within the cell nucleus are involved in controlling gene ex-
pression. Paper IV investigates changes in chromatin structure associated 
with gene regulation. 

 
The work in this thesis is focused on nutrient signalling in yeast, a sub 

system of the yeast gene regulatory network. Model organisms such as the 
yeasts Saccharomyces cerevisiae and Schizosaccharomyces pombe have 
been widely used to study gene regulation. One of the most important envi-
ronmental conditions that control yeast growth is the availability of nutrients. 
The nutrient signalling system consists of several signalling pathways that 
transmit signals about the availability of key nutrients (e.g. glucose and other 
sugars, nitrogen, phosphate, glycerol and ethanol), and regulate the transcrip-
tion of a large part of the genome. Many processes in the cell are controlled 
by nutrient signalling, such as the metabolism, the cell cycle, cell growth, the 
stress response and aging. Interestingly, some of the signalling pathways are 
also conserved (fully or in part) in other eukaryotic species where they are 
implicated in processes such as aging and in human disease. 

 
High-throughput genomic methods such as mRNA microarrays and ChIP-

chip have enabled the study of regulatory networks on a genome-wide scale, 
i.e. to measure the effect of regulatory signals on the entire genome. This 
makes it possible to begin the reverse-engineering of regulatory networks by 
identifying the interactions between specific TFs and genes, and constructing 
a “wiring diagram”.  Such a wiring diagram is a qualitative model of the 
regulatory network, and provides a description of what genes are regulated 
by which TF, along with the type of regulation (activation or repression) and 
the motifs involved (see Figure 4 for an example of such a wiring diagram). 

 
The remaining part of this thesis is organized as follows: The biological 

background is discussed in the next two sections. Section 2 covers transcrip-
tional regulation in general, whereas Section 3 deals with yeast as a model 
organism and with nutrient signalling. The methods (experimental as well as 
computational) are described in Section 4. Section 5 contains the aims of the 
thesis, and Section 6 describes each paper included in the thesis. A discus-
sion about future perspectives is found in Section 7. 
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2. Regulation of transcription 

In order to adapt to a changing environment and to be able to differentiate 
into the different cell types that make up multicellular organisms, cells have 
to be able to change the proteins that are expressed. In the synthesis of pro-
teins, sequential information is transferred from DNA through mRNA (by 
transcription) to proteins (by translation) [1].  The activity of genes in pro-
tein production is referred to as gene expression, and a major step in the 
regulation of gene expression is the control of transcription of DNA into 
mRNA. The levels of mRNA that are transcribed from individual genes in S. 
cerevisiae can differ by as much as four orders of magnitude [2]. This varia-
tion is achieved by transcription factors (TFs), proteins that bind to specific 
DNA sequences upstream of the protein coding genes. TFs activate or re-
press transcription by two different mechanisms: by interacting with the 
transcriptional machinery and by altering the structure of the chromatin. 
These two mechanisms are introduced in Sections 2.1 and 2.2. Since the 
expression and activity of the TFs themselves is regulated by other compo-
nents in the cell (e.g. enzymes and other TFs), the whole system of regula-
tory signals can be viewed as a regulatory network, where genes (and gene 
products) regulate each other. Section 2.3 gives an overview of regulatory 
networks and their organization. 

2.1. The transcriptional machinery 
Transcription in eukaryotes is carried out by the RNA polymerases pol I, pol 
II and pol III. The protein coding genes are transcribed into messenger RNA 
(mRNA) by pol II, whereas pol I and pol III transcribe the genes coding for 
ribosomal RNA (rRNA), transfer RNA (tRNA) and other small RNAs. Pol II 
transcription is discussed in more detail below. 

2.1.1. Basal transcription by RNA polymerase II 
The pol II pre-initiation complex (PIC) is a complicated machinery consist-
ing of over 60 polypeptides. They include the 12 subunits of the enzyme 
responsible for the actual transcription (pol II), an even larger regulatory 20-
subunit complex called the Mediator, and various general transcription fac-
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tors, or GTFs (grouped into the subcomplexes TFIIA-H). Most of the impor-
tant interactions within the PIC are between proteins, and only two compo-
nents, TFIID and TFIIB, recognize specific DNA sequences (Figure 1).The 
cycle of transcription starts with TFIID recognizing a promoter. TFIID is a 
complex consisting of the TATA box binding protein TBP and several TBP-
associated factors (TAFs). TBP is highly conserved in all eukaryotes. For 
example, the DNA binding domain of TBP has 80% sequence similarity 
between humans and the yeast S. cerevisiae. The rest of the PIC is then as-
sembled around TFIID. First, TFIIB and TFIIA are recruited to the DNA-
bound TFIID. This stabilizes the complex, and provides a docking site for 
TFIIF, which binds next, together with the pol II enzyme. The largest sub-
unit of pol II has a unique CTD (C-terminal domain) tail. This CTD tail 
comprises multiple repeats of the peptide sequence YSPTSPS. This se-
quence is a target for phosphorylation, in a highly cooperative reaction. The 
CTD tail thus has two discrete states: unphosporylated or phosphorylated. 
Initially CTD is in the unphosphorylated state, anchored to the PIC through 
its binding to the Mediator. The complex is positioned so that the active site 
of pol II is close to the transcription start site. This is approximately 30-90 
bp downstream of the TATA box.  

 
Transcription initiation occurs after the last two GTFs, TFIIE and TFIIH, 

have been recruited. These two complexes then catalyze promoter melting, 
opening up the DNA so that the bases of the template stand can be accessed. 
Next, elongation is triggered by phosphorylation of the CTD tail. Thus, 
when both TFIIE and TFIIH are in place, TFIIE stimulates a protein kinase 
activity of TFIIH, which phosporylates the CTD tail. This breaks the interac-
tion between the pol II catalytic complex and the Mediator, thus releasing 
pol II and TFIIF, which remains bound to pol II. In the elongation step, 
TFIIH functions as a helicase that opens up the DNA helix, while pol II cre-
ates an RNA copy of the DNA template sequence. TFIID remains bound to 
the transcription start site after initiation, while TFIIB, TFIIE and TFIIH are 
released from the DNA. When transcription is complete, the CTD tail is 
dephosphorylated, and the cycle can start over again. 

2.1.2. Transcription Factors 
Basal pol II-dependent transcription may occur without the help of addi-
tional TFs, but only at very low rates. TFs, which are proteins or complexes 
of proteins, can increase the rate of transcription, in some cases more than a 
thousand fold. TFs can also have a negative effect on transcription, and act 
as repressors. In contrast to the basal pol II machinery which has roughly the 
same effect on all genes, most TFs are highly specific and only regulate a 
given set of target genes. Thus, many TFs are required to regulate the tran-
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scription of the entire genome. Typically, 2-4% of the genes in unicellular 
eukaryotes encode TFs, while the corresponding number for the human and 
the mouse is around 10% [3]. 

  
The promoter regions upstream of the protein coding genes play a key 

role in regulation of transcription. This is where proteins involved in tran-
scription (both TFs and the basal pol II machinery) bind to the DNA, so the 
structure of the promoter region has a major influence on gene expression. In 
most cases proteins that bind to promoters recognize specific DNA se-
quences, called motifs. For example, the pre-initiation complex recognizes 
the TATA box and the initiator element INR, found close to the transcription 
start site [4]. Similarly, DNA sequence motifs also determine the binding 
sites of gene-specific TFs further upstream in the promoter. These motifs are 
rather short, typically 5-15 bp. The motifs are often degenerate, meaning that 
a TF does not recognize a unique DNA sequence, but a set of similar se-
quences. An example of this is the binding site recognized by the TF Mig1: 
(C or G)(C or T)GG(G or A)G, flanked by an AT-rich region. In yeast, mo-
tifs bound by TFs are mostly located within 800 bp upstream of protein cod-
ing sequences. In higher eukaryotes however, motifs can be located far away 
(up to millions of bp) and both upstream and downstream from the genes 
they regulate [5]. Such motifs are often organized in enhancers, groups of 
motifs that bind a number of TFs that together activate transcription of dis-
tant genes.     

 
TFs are usually made up of discrete functional domains, such as DNA-

binding domains and activation or repression domains. In addition, many 
TFs also have dimerization domains, enabling them to form complexes with 
other TFs. The DNA-binding domains are often highly conserved, and TFs 
are usually classified into different protein families based on their DNA-
binding domains. The most common DNA-binding domain is the zinc finger 
domain. This domain consists of around 30 amino acids folded around a zinc 
ion. The zinc finger consists of two antiparallel � strands, and an � helix that 
interacts with 3 nucleotide bases. Zinc finger proteins typically have several 
zinc finger domains in tandem, each finger interacting with three consecutive 
nucleotides, so that the length of the bound DNA motif is six, nine or twelve 
bp. S cerevisiae has 53 zinc finger protein TFs, and all the TFs that we have 
studied, Mig1, Mig2, Mig3, Gis1 and Rph1, belong to this TF family [6]. 

 
In contrast to DNA-binding domains, activation and repression domains 

from different TFs show little sequence similarity, and cannot therefore be 
used to group TFs into families in the same way as DNA-binding domains. 
There exist some highly conserved domains in TFs that are associated with 
enzymatic activities, such as the jumonji domain (see Section 2.2.3 below), 
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but many activation domains in TFs show no similarity to any other proteins. 
One reason for the variety in activation and repression domains may be the 
many different mechanisms by which TFs can regulate the rate of transcrip-
tion. These will be discussed briefly below. 
 

The activation mechanisms can be divided into two main groups. The best 
studied type of mechanisms by which TFs activate transcription, are interac-
tions with the basal pol II machinery. On its own, the assembly of the PIC is 
not very efficient. In the first round of transcription, an important rate limit-
ing step is the binding of TFIID to the TATA box. In subsequent rounds of 
transcription, when TFIID is already bound to the DNA, recruitment of other 
components on the PIC may become rate limiting. Thus, TFs have been 
shown to interact mainly with TFIID but also with TFIIB, TFIIF and TFIIH, 
aiding the formation of the PIC at the promoter of the genes. It is also com-
mon that TFs do not interact with the pol II machinery directly, but through 
intermediates. TFs then recruit co-factors, which interact in some way with 
the PIC. The other mechanism through which TFs can activate transcription 
is by removing proteins that prevent transcription from the promoter regions. 
Other proteins such as histones and repressor TFs compete with the pol II 
machinery for the promoters, and the basal pol II factors on their own com-
pete very poorly with these other proteins. Many TFs can bind to DNA with 
high affinity and then remove inhibitory proteins through different mecha-
nisms. The structure of folded DNA and the recruitment and removal of 
histones is discussed below in Section 2.2. 

 
The main mechanism of repression by TFs is to prevent the assembly of 

the PIC at the promoter. This can be done by directly blocking access to the 
DNA so that TFIID or some other component of the PIC cannot bind, or 
through the recruitment of co-repressors that prevent the basal pol II factors 
from gaining access to the DNA. A special case of such repression are modi-
fications of the chromatin structure, where TFs or other proteins (co-
repressors) that they recruit modify the histones. Such modifications can 
make the histones bind more tightly to DNA, thereby preventing pol II ac-
cess (see Section 2.2 for a further discussion).    
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Figure 1. Schematic description of a promoter region with pol II, the GTFs, the 
Mediator complex, and a TF. Interactions are indicated by arrows. Adapted from [7] 
and [8]. 

2.2. Chromatin structure and its influence on 
transcription 
 
DNA does not occur free in eukaryotic cells, but as chromatin. Chromatin is 
a complex in which DNA is packaged together with proteins. Chromatin 
contains at least as much protein as DNA [9], and the most abundant pro-
teins in chromatin are the core histones. There are four core histones, H2A, 
H2B, H3 and H4, all of which possess a globular domain that interacts with 
other histones and a positively charged N-terminal tail. The four core his-
tones associate in nucleosomes, which are the basic units of the chromatin 
structure. The core nucleosomes are comprised of 147 bp of DNA wrapped 
twice around an octamer consisting of two molecules each of H2A, H2B, H3 
and H4. The N-terminal tails of the histones protrude out from the nu-
cleosome core and interact with the negatively charged DNA backbone, 
strengthening the interaction between histones and DNA. Core nucleosomes 
are separated by 10-80 bp of linker DNA, forming a structure resembling 
“beads on a string”. This structure can be folded into 30 nm chromatin fi-
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bres, and the 30 nm fibres can in turn be further folded into bigger structures. 
The result is a packing of the genome, so dense that a genome containing 
millions of bp can be fit into the nucleus of a cell. (The human genome for 
example, contains around 2 m of DNA, but fits within a nucleus 6-8 	m in 
diameter.)   

2.2.1. Chromatin and regulation of transcription 
In addition to compressing the DNA, chromatin has an important function in 
regulating gene expression. There is a negative correlation between nu-
cleosome occupancy and gene expression, so that promoters of highly tran-
scribed genes are usually depleted of nucleosomes as compared to promoters 
of genes with lower expression [10-12]. Also, active TF binding sites that 
are bound by TFs are usually depleted of nucleosomes as compared to inac-
tive (cryptic) sites [13, 14]. The reason why nucleosomes work as repressors 
of transcription is that the DNA that is tightly packed around histones is not 
easily accessible to the transcription machinery. 
 

Chromatin is not static, but can be remodelled in several ways. For exam-
ple, the chromatin can change its nuclear organization. Often areas close to 
the nuclear periphery are associated with silent chromatin, and silent regions 
of yeast DNA (telomeres, centromeres and mating type loci) are typically 
localized towards the nuclear periphery [15]. There are many cases where 
regulation of transcription has been shown to involve changes in the local-
ization of the regulated genes within the cell nucleus. An example of this is 
activation of transcription occurring together with relocalization of genes 
towards the nuclear interior. In [16] localization was studied in the context of 
nitrogen starvation in the yeast S. pombe (see Section 3.3). When cells are 
starved for nitrogen, gene expression is induced in specific chromosomal 
regions [17]. This induction is associated with changes in location, so that 
the induced chromosomal regions move from the nuclear periphery towards 
the interior [16]. At least for one of the induced regions, this movement was 
found to be dependent on transcription. (In general, it is not known whether 
the changes in localization are a cause or a consequence of transcription, and 
there is evidence in both directions.) Furthermore, the localization to the 
nuclear periphery was dependent on the histone deacetylase Clr3. 

 
Other key features in the control of chromatin structure are the covalent 

modifications of histones. In particular, the N-terminal histone tails have 
been shown to be the targets of a large number of modifications which affect 
nucleosome occupancy, chromatin structure and gene expression [18].  
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2.2.2. Histone acetylation 
The best studied type of histone modification is acetylation of lysines. Ly-
sine acetylation is associated with activation of transcription [19-21]. The 
mechanism behind this effect is not completely understood, but one hypothe-
sis is that acetylation neutralizes the positive charge of the histone tail, 
thereby weakening the interaction between the histone and negatively 
charged sugar-phosphate backbone of the DNA [22]. Histone acetylation 
also might prevent higher order folding of the chromatin, that would other-
wise inhibit transcription [23, 24]. Furthermore, histone acetylation also 
affects binding of other proteins, providing a third mechanism by which 
acetylation can affect transcription [25]. In particular, acetylation increases 
the binding affinity of TFIID to histones in vitro [26]. Acetylation is cata-
lyzed by histone acetyltransferases (HATs) which target (often rather un-
specifically [18]) various residues in the N-terminal histone tails. Genome-
wide location studies have shown that histone acetylation occurs predomi-
nantly around the transcription start sites of genes, with different types of 
acetylations showing similar patterns [19, 20]. Histone acetylation can be 
reversed, with a resulting negative effect on transcription. This reaction is 
catalyzed by histone deacetylases (HDACs). Acetylation has been shown to 
act both on a local level, where HATs have been recruited to specific pro-
moters, and as a low level background signal on a global scale [27]. Thus, by 
deleting a particular HAT or HDAC, the acetylation level at (almost) any 
location in genome can be affected [25, 28]. Besides the role in transcription, 
acetylation is also important for other nuclear functions such as DNA repair, 
DNA replication and silencing (see Section 2.2.5).  

2.2.3. Histone methylation 
Another important histone modification is methylation. Both lysines and 
arginines can be methylated, and several different modifications are possible. 
Thus, lysines can be mono-, di- or trimethylated and arginines can be 
monomethylated, symmetrically dimethylated or asymmetrically dimethy-
lated. Unlike acetylation, the effect of methylation depends on the residue 
that is methylated, so some methylations are associated with activation of 
transcription and others with repression. Another difference compared to 
acetylation is that methylation does not affect the charge of the modified 
residues. Instead it is thought that the methylation marks serve as docking 
points for effector proteins, and a number of domains have now been found 
that bind to methylated histones [29-36]. Some of the better studied methyla-
tions, which are also present in S. cerevisiae, are trimethylation of residues 
H3K4, H3K36 and H3K79, which are generally associated with activation of 
transcription [18-20, 37]. Methylations of H3K9, H3K27 and H4K20 are 
typically associated with repression [18, 20, 38]. These modifications have 
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not been found in S. cerevisiae, but at least H3K9 [39] and H4K20 [40] me-
thylation is present in S. pombe. The different histone methylations have 
different distributions across the genome. For example, trimethylated H3K4 
peaks around transcription start sites, while dimethylated H3K4 is most en-
riched in the middle of genes, and monomethylated H3K4 at the end of 
genes [19].  
 

It was long thought to that methylation could not be reversed, and it was 
only recently that the first histone demethylase (LSD1 which can demethy-
late mono- and dimethylated H3K4) was identified [41]. Another group of 
histone demethylases working through a different mechanism than LSD1 are 
the proteins containing the JmjC domain. JmjC is a highly conserved domain 
found in many eukaryotic TFs [42, 43].   

2.2.4. A histone code? 
In addition to the histone modifications discussed above, there are several 
other modifications that have been shown to have a role in transcription, e.g. 
phosphorylation, ubiquitination and sumoylation [18]. Moreover, histone 
modifications do not occur in isolation. Instead, crosstalk between different 
modifications is common, so that one modification can either trigger or pre-
vent another. Different modifications of the same residue are for example 
antagonistic. There also exist examples of interactions between residues on 
tails of different histones, e.g. ubiquitination of H2BK123 being required for 
methylation of H3K4 [18]. As it has not been possible to explain the effect 
on chromatin structure and transcription using only single histone modifica-
tions, a “histone code” has been proposed. According to the histone code 
hypothesis, chromatin structure and transcription is regulated by histone 
modifications in a combinatorial fashion, much like the genetic code. The 
details of this code are not well understood, but there exist specific examples 
where combinations of histone modifications appear to have bigger effects 
that each modification in isolation [44]. Furthermore, a backbone of 17 his-
tone modifications that often co-occur in highly transcribed genes has been 
identified [20]. 

2.2.5. Histone modifications and epigenetics 
Histone modifications have also been proposed to be one of several mecha-
nisms underlying epigenetic effects. Epigenetics refer to traits that are inher-
ited over rounds of cell division or even across generations, that do not in-
volve changes of the DNA sequence [45]. Examples of traits that are trans-
mitted this way are silencing of the X-chromosome, gene silencing during 
cell differentiation, imprinting etc. The fact that the same gene can differ in 
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its histone modifications between different tissues, suggests that histone 
modifications are involved in epigenetic processes [46]. Some results [47, 
48] suggest that the histone modifications themselves are passing on the 
memory of a given chromatin state. However, it might also be the case that 
the memory is passed on through some other process (e.g. DNA methylation 
[49]) which then re-introduces the relevant histone modifications. (DNA 
methylation is however not present in yeast.) 

2.3. Signalling pathways and networks 
Transcription is not the only mechanism for passing on information within 
the cells. Intracellular signalling is also mediated through the levels of dif-
ferent metabolites, by post-translational modifications and by protein local-
ization. The information processing inside a cell can thus be pictured as a 
signalling network, where transcriptional regulation represents one type of 
interaction [50]. For technical reasons it has often been convenient to study 
transcriptional regulation, but it is important to keep in mind that this does 
not give the whole picture of what goes on in a cell.  

2.3.1. Signalling pathways 
Signalling networks are often organized into signal transduction pathways. 
Such pathways typically respond to some internal or external signal, such as 
the presence or absence of a metabolite or hormone, DNA damage, tempera-
ture or osmotic stress. Through a series of chemical interactions the incom-
ing signal is relayed onto a set of TFs. At the end of the signalling cascade, 
the TFs regulate their target genes. The signalling pathways often branch out 
in the transcription step, so that many genes are regulated by each pathway. 

2.3.2. Combinatorial gene regulation 
Signalling pathways do not work in isolation. Most genes are regulated by 
several pathways and TFs, a phenomenon known as combinatorial gene 
regulation. The use of combinations of transcription factors in regulatory 
networks greatly increases the number of gene expression patterns possible 
to achieve with a limited number of TFs. Combinatorial gene regulation also 
enables cells to integrate several signals from different pathways in order to 
fine-tune their response to different conditions. A well studied example of 
combinatorial gene regulation is the GAL genes in S. cerevisiae. The GAL 
genes are involved in galactose uptake and catabolism, and their transcrip-
tion is induced in the presence of galactose, through the TF Gal4. However, 
yeast only utilizes galactose if glucose is not available. In the presence of 
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glucose, expression of the GAL genes is turned off via the Mig1 repressor, 
and this glucose signal overrides the galactose signal [51]. Gene expression 
can thus be viewed as a function, where the combination of signals deter-
mines the transcription rate. These functions can take on many different 
forms including redundancy (several signals having the same effect inde-
pendently of each other), synergism (signals having the same effect, but in 
cooperative fashion), antagonism (signals having opposing effects) or 
switching (one signal alters the effect of the other, e.g. from repression to 
activation). Genome-wide location studies have shown that many promoters 
are bound by only one TF, but combinations of up to 8 TFs are relatively 
frequent [52]. Moreover, genome-wide models of gene regulation predict 
that most genes are regulated by 2-4 motifs [53].  
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3. Yeasts as model organisms 

The yeast Saccharomyces cerevisiae (baker's yeast or budding yeast) is a 
unicellular eukaryote whose natural habitat is on fermenting grapes and 
fruits. The yeast cell is round or oval, 5–10 	m in diameter (see Figure 2a). It 
reproduces by a division process known as budding, in which a daughter cell 
is budded off a mother cell, hence its other name budding yeast. Due to its 
ability to produce ethanol and carbon dioxide through fermentation, S. cere-
visiae has traditionally been utilized in the production of alcoholic beverages 
and in baking. Archeological evidence shows that yeast was used by the 
Sumerians and Egyptians more than five thousand years ago, and its use is 
probably much older than so.  
 

 
 
 
 
 
 
 
 
 
 

Figure 2. a) Budding S. cerevisiae cells. Confocal laser microscope picture of strain 
BY4742 from the EUROSCARF collection. Source: Dr. Maxim Zakhartsev and 
Doris Petroi, International University Bremen, Germany. b) Fission yeast, S. pombe 
cells. Confocal laser microscope picture of strain YNB744 (described in [54]). 
Source: Carolina Kristell, Uppsala University, Sweden. 

The use of budding yeast as a model organism in biology is more recent. 
In the nineteenth century it was discovered by Theodor Schwann and Louis 
Pasteur that yeasts are living organisms and cause fermentation [55]. Since 
then, S. cerevisiae has, together with E. coli, become one of the most studied 
model organisms. Yeast has many of the same advantages as a model organ-
ism as E. coli: It is easy to grow and replicate, and has a short division time 
of 90 minutes. Yeast is not pathogenic, which means that it can be handled 
with few precautions. S. cerevisiae also has several genetic properties that 
make it attractive as a model organism. Efficient homologous recombination 

a ba b
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makes gene targeting (knockouts or gene disruptions) simple. In fact, gene 
targeting was invented in yeast [56]. Several yeast strain collections with 
knockouts of every individual gene in the yeast genome are now available 
[57]. An additional advantage of yeast is that it can be grown in both haploid 
(as one of the two mating types a or �) and diploid states. In the haploid state 
it is possible to directly observe the effects of genetic modifications such as 
gene disruptions, unlike diploid organisms where loss-of-function mutations 
usually are recessive and therefore invisible. The diploid state and the sexual 
cycle, on the other hand, make it easy to construct multiple deletion strains 
by genetic crosses. 

  
Yet another advantage of yeast as a model organism is the wealth of data 

that is available. S. cerevisiae was the first eukaryote to have its genome 
sequenced [58], a genome comprising around 13 Mbp on 16 chromosomes. 
The genome of S. cerevisiae is very compact, with on average one gene each 
2 kb and protein coding sequences accounting for around 70% of the ge-
nome [59]. S. cerevisiae has around 6300 ORFs (open reading frames), of 
which 5800 are believed to be truly functional genes. Surprisingly, only 
around 1000 of these genes are essential under laboratory conditions [57]. In 
addition to the sequenced genome, many other data sources are available. In 
particular, S. cerevisiae is one of the best studied organisms with regard to 
signalling networks. Genome-wide location studies have examined the DNA 
binding of hundreds of TFs under different conditions [52, 60], genetic inter-
actions have been examined on a global scale [61] and the cellular location 
of all proteins have been determined using GFP fusions [62]. Gene expres-
sion profiles are available for many different conditions, including deletion 
of hundreds of TFs [63], progression thorough the cell cycle [64] and differ-
ent types of stress [65]. Recently, data describing the state of the chromatin 
on a global scale have become available [11, 12, 19]. The use of deletion 
mutants has also provided deletion phenotypes for most genes [57, 66]. In 
addition, comprehensive manually curated databases containing gene anno-
tations and literature data on yeast are available [67, 68]. 

 
Yeast combines the simplicity of working with bacteria such as E. coli 

with the advantage of using a eukaryote: a smaller evolutionary distance to 
humans. The last common ancestor of yeast and man probably lived more 
than 1 billion years ago [69, 70]. Still, many similarities between human and 
yeast cells exist that are not shared with prokaryotes. Thus, 31% of all genes 
in S. cerevisiae have human orthologs, including many known disease genes 
[71], and many human genes can functionally replace the corresponding 
yeast genes if expressed in yeast. Basic cellular processes are particularly 
well conserved, for instance regulation of the cell cycle, metabolic pathways, 
the basal transcription machinery, DNA repair and intracellular transport. 
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Schizosaccharomyces pombe, or fission yeast, is another yeast species 
that has been widely used as a model organism. S. pombe cells are rod-
shaped and slightly bigger than those of S. cerevisiae (see Figure 2b). Unlike 
S. cerevisiae which divide by budding, S. pombe divide by medial fission 
and produce two daughter cells of equal size. Even though S. cerevisiae and 
S. pombe share many physiological features, the difference between their 
genome sequences is big. Estimates of the evolutionary distance between S. 
cerevisiae and S. pombe range from 330 million years [70] to as much as 
1100 million years [69]. Regardless of the exact numbers, it is clear that the 
two yeast are only distantly related to each other. The genome of S. pombe is 
14 Mb, divided into three chromosomes. It has 5000 genes, on average one 
gene every 2.5 kb. In contrast to S. cerevisiae which has very few genes with 
introns, almost half of the genes in S. pombe contain introns [72]. Since the 
publication of the genome sequence, a wide range of genome-wide data has 
become available also for S. pombe. Gene expression has been measured 
under various conditions [17, 73-77] and much data is now also available on 
chromatin structure [21, 78-80]. S. pombe also has one of the most exten-
sively annotated genomes [81]. 

3.1. Growth stages of S. cerevisiae 
Multicellular organisms can use specialized organs and tissues to provide a 
stable environment for their cells. Unicellular organisms, on the other hand, 
must be able to adapt to a changing environment with shifting nutrient con-
centrations, temperature, osmolarity and acidity. Perhaps the most important 
of these factors is nutrient availability, which can vary by many orders of 
magnitude. A standard way of studying how yeast adapts to nutrient avail-
ability is to grow the cells in a liquid culture on rich media containing glu-
cose and all other necessary nutrients. As the nutrient conditions change the 
cells go through different growth stages, characterized by different cellular 
processes, physiology and patterns of gene expression. These different 
growth stages are discussed below and illustrated in Figure 3. 

 

3.1.1. The lag phase and the exponential phase 
When glucose-starved yeast is exposed to glucose, the cells go though a 
short lag-phase. In this phase cells prepare for rapid growth, and adjust their 
metabolism to fermentative growth. In fermentation, glucose is consumed 
with ethanol as the primary product. Even though fermentation is much less 
efficient than respiration in terms of mol ATP produced per mol of glucose 
(2 versus 38), it allows a higher growth rate, which is an advantage in com-
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petition with other microorganisms. The ethanol produced provides an addi-
tional selective advantage, since it inhibits the growth of many competing 
microorganisms. During fermentative growth, S. cerevisiae uses glucose as 
its only energy and carbon source, and the use of other energy and carbon 
sources is turned off. Gluconeogenesis is repressed (to avoid futile cycling) 
as well as the TCA cycle and mitochondrial respiration. The phase character-
ized by rapid fermentative growth (the doubling time is around 90 minutes) 
is called the exponential phase. Other features of this growth phase include a 
high level of protein synthesis, high expression of ribosomal and tRNA 
genes, and repression of stress response genes [82, 83]. 
 

 
 

 
 
 
 
 

 
 

 
 
Figure 3: Schematic overview of the growth phases of a S. cerevisiae culture. The 
logarithm of the number of cells is shown, together with concentrations of glucose 
and ethanol. 

3.1.2. The diauxic shift and the PDS phase 
When all glucose has been consumed S. cerevisiae undergoes a major 
change in metabolism, growth and gene expression which is called the di-
auxic shift. The cells switch from fermentative growth on glucose to respira-
tory growth fuelled by the ethanol that was produced in log-phase (as well as 
acetate, glycerol, galactose and other carbon sources that may be available). 
The cells now also accumulate trehalose which provides both energy and 
carbon storage and protection against stress [83]. After the diauxic shift, 
during the post-diauxic shift or PDS phase, growth is much slower with dou-
bling times of 12-24 hours. A major reprogramming of gene expression 
takes place, affecting around 2000 genes. Genes involved in stress responses 
and in carbon metabolism are among those affected. The expression of genes 
needed for the uptake and metabolism of alternative carbon sources, such as 
galactose, maltose, acetate and ethanol is thus induced, as is expression of 
genes involved in the TCA cycle and oxidative phosphorylation, which are 
required for respiratory growth. Genes involved in gluconeogenesis are also 
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more highly expressed after the diauxic shift, since the hexose phosphates 
needed for biosynthesis of macromolecules now must be produced from 
ethanol. Growth-related genes on the other hand, are repressed. This group 
includes tRNA genes and genes coding for rRNA and ribosomal proteins 
[82]. 

3.1.3. The stationary phase 
When all remaining carbon sources have been exhausted, the yeast cell en-
ters a non-proliferating stationary phase. The stationary phase is character-
ized by low activity: cells do not divide and both metabolism and transcrip-
tion is reduced [84-86]. A large fraction of the cells are now in quiescence 
[87], a resting state characterized by thickening of the cell wall and increased 
resistance to stress [86]. The main carbon reserve is now the trehalose that 
was stored during the PDS phase [83]. Moreover, autophagy and proteolysis 
is induced as the cells recycle their amino acids in order to support synthesis 
of essential proteins [88]. Even though the overall transcription levels are 
low in quiescent cells some genes are induced, mostly genes involved in 
stress responses [65, 89]. Cell division has stopped in stationary phase, but 
quiescent cells retain the ability to re-enter the cell cycle if again exposed to 
nutrients [87].  

3.2. Nutrient signalling pathways in S. cerevisiae 
As the nutrient status greatly affects growth, metabolism and many other 
cellular processes, it is not surprising that yeast has many signalling path-
ways that detect concentrations of different nutrients and control the expres-
sion of a large fraction of the genome. Since these pathways often interact 
with each other and regulate overlapping sets of genes, they provide a good 
opportunity to study combinatorial gene regulation. Nutrient signalling is 
also interesting in its own right, as some of the signalling pathways are con-
served (fully or in part) in other species and implicated in aging and human 
diseases. One example of this is the TOR signalling pathway (see Section 
3.2.4 below), which is present in all eukaryotes that have been studied. It is 
believed to be involved in a number of human diseases, notably cancer but 
also diabetes and cardiovascular diseases [90]. While other nutrient sensing 
pathways are not as conserved as the TOR pathway, many of their yeast 
components have human orthologs. A discussion of the most important S. 
cerevisiae nutrient signalling pathways follows below. 
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3.2.1. The Snf1-Mig1 glucose repression pathway 
The difference between fermentative and aerobic growth is in part mediated 
by a regulatory mechanism called glucose repression [91-93]. This mecha-
nism represses hundreds of genes in response to high levels of glucose [94]. 
These genes can be divided into three groups. The first includes genes 
needed for uptake and metabolism of other carbon sources than glucose, 
such as galactose, maltose and ethanol. The second group includes genes 
needed for the TCA cycle and oxidative phosphorylation, which are dispen-
sable during fermentative growth. The third group of glucose repressed 
genes are those involved in gluconeogenesis, which need to be repressed on 
glucose to prevent futile cycling. 

 
The main effector in glucose repression is Mig1, a zinc finger protein that 

binds to the promoters of many genes and represses their transcription [51, 
95-98]. The binding site of Mig1 is well characterized and consists of a GC-
rich core, (C/G)(C/T)GG(G/A)G, and an AT-rich region 5' to the GC-box 
[96]. No mismatches are allowed within the GC-box, but one or two C’s or 
G’s are tolerated within the AT-box [96]. Repression by Mig1 can be both 
direct and indirect, through repression of genes encoding transcriptional 
activators. One example of the latter are the GAL genes discussed in Section 
2.3.2., which are repressed both directly by Mig1, and indirectly through 
repression of the GAL4 gene [51]. Mig1 is negatively regulated by Snf1, a 
protein kinase present in all eukaryotes. It is known as the AMP-activated 
protein kinase (AMPK) in animals, and as Snf1-related protein kinase 1 
(SnRK1) in plants. Snf1 is inhibited in the presence of glucose, while it 
phosphorylates Mig1 in the absence of glucose. This causes nuclear exclu-
sion of Mig1 [99] and prevents its interaction with the Cyc8-Tup1 co-
repressor [100], thereby inactivating Mig1-dependent repression. Glucose 
repression thus involves three consecutive negative steps: glucose inhibits 
Snf1, which inhibits Mig1, which represses the target genes [99, 101, 102] 
(see Figure 4). 
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Figure 4. Nutrient signalling pathways in S. cerevisiae. The glucose repression, 
glucose induction, TOR, PKA, Sch9 and Pho pathways are shown, as well as Rim15 
signalling, which integrates signals from several upstream pathways. Activation is 
represented by arrows and repression or inhibition by crossbars. 
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3.2.2. The Rgt1 glucose induction pathway 
There is also a glucose induction pathway in yeast, which activates genes in 
response to glucose. The glucose induction pathway has only been shown to 
target a few genes, most of which are involved in glucose uptake and me-
tabolism [103]. It works through the two glucose sensors Snf3 and Rgt2, 
which in the presence of glucose generate a signal that stimulates degrada-
tion of Mth1 and Std1. Mth1 and Std1 are in turn required for expression of 
Rgt1 [104]. Rgt1 is a Gal4-related zinc cluster protein that represses the glu-
cose induced genes [103, 105]. The end result is therefore that these genes 
are derepressed, i.e. induced, in the presence of glucose (see Figure 4). 

 
Among the genes that are repressed by Rgt1 are two other zinc finger pro-

teins that are closely related to Mig1: Mig2 and Mig3 [94, 103, 106]. The 
MIG2 and MIG3 genes are thus induced by glucose, and Mig2 also contrib-
utes to glucose repression. Thus, some glucose repressed genes are synergis-
tically repressed by Mig1 and Mig2 while others are repressed only by Mig1. 
No genes have so far been shown to be repressed only by Mig2. There is no 
evidence that Mig2 is regulated by the Snf1 glucose repression pathway, and 
the nuclear localization of Mig2 is not controlled by glucose, so Mig2 ap-
pears to only be regulated by the glucose induction pathway [94, 103]. Fi-
nally, there is cross-talk between the glucose repression and glucose induc-
tion pathways. Thus, SNF3 and MTH1 are repressed by Mig1, and MIG1 is 
repressed by Mig2 [103]. 

 
Mig3 is under dual level control by glucose. The MIG3 gene is glucose 

induced [103], but the Mig3 protein is also subject to Snf1-dependent phos-
phorylation and subsequent degradation in the absence of glucose [107]. 
Some previous results have suggested that Mig3 has a minor role in glucose 
repression [103] but as discussed further below we saw no evidence of such 
a role for Mig3. The MIG3 gene is also induced by genotoxic stress, and 
there is evidence that Mig3 functions as a downstream effector in the Snf1-
dependent response to hydroxyurea [107]. 

 
Mig1, Mig2 and Mig3 have similar DNA-binding zinc fingers, and the 

residues thought to be important for the DNA specificity [6] are conserved 
between the three proteins. Furthermore, Mig2 has been shown to bind to the 
same sites as Mig1, although possibly with different relative affinities [94]. 
Not much is known about the DNA binding of Mig3. 
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3.2.3. The PKA pathway 
A third glucose sensitive signalling pathway is the protein kinase A, or PKA, 
pathway. The PKA pathway responds to the availability of glucose, and con-
trols metabolism, stress resistance and cell cycle progression, in particular 
during the switch between respiratory and fermentative growth [92]. Cells 
that are deficient in the PKA pathway have a physiology similar to that of 
cells exposed to nutrient depletion: cell cycle arrest, accumulation of treha-
lose and glycogen and resistance to stress. Conversely, cells with increased 
PKA activity show no cell cycle arrest, are defective for trehalose and gly-
cogen accumulation, rapidly lose viability during storage, and remain highly 
sensitive to heat stress after nutrient starvation [108, 109]. This has been 
taken as evidence that the role of the PKA pathway is to monitor nutrient 
concentrations, and determine whether cells should grow or enter quiescence 
[110, 111]. 
 

The input signal to the PKA pathway is extracellular glucose, which is 
sensed by the Gpr1 transmembrane receptor, generating a signal that acti-
vates adenylate cyclase. This leads to synthesis of cAMP from ATP. The 
resulting elevated level of cAMP then activates PKA. PKA phosphorylates a 
number of target proteins, including the protein kinase Rim15 [112] (see 
Section 3.2.7).  

3.2.4. The TOR pathway 
The TOR (Target Of Rapamycin) pathway is also involved in nutrient sens-
ing, mainly responding to nitrogen. It was discovered in yeast, where TOR 
mutants were found to overcome the growth inhibition caused by the anti-
fungal compound rapamycin [113]. Since then, TOR signalling has been 
found in all eukaryotes examined [90]. 

 
The main role of the TOR pathway is to regulate growth. In human, TOR 

responds to nutrient availability, as well as to growth factors and stress [90], 
whereas yeast TOR only seems to be involved in nutrient signalling [114, 
115]. The TOR pathway is active when nitrogen-containing nutrients are 
abundant. Active TOR signalling leads to high levels of protein synthesis, 
ribosome biogenesis, translation and cell cycle dependent polarization of the 
cytoskeleton – all features characteristic of rapid growth [116]. Inactivation 
of the TOR pathway puts the cell in a state resembling stationary phase, with 
inhibited growth, low levels of protein synthesis and ribosome biogenesis 
and increased autophagy and proteolysis. Nitrogen metabolism is also af-
fected, as genes involved in the uptake of rich nitrogen sources are repressed 
and genes involved in the uptake of poor nitrogen sources are activated. 
Genes involved in glycolysis and the TCA cycle are also affected by TOR 
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signalling. Genes coding for enzymes involved in the TCA cycle are thus 
repressed by the TOR pathway, whereas glycolytic genes are activated [117, 
118]. Finally, TOR  has a major effect on aging (see Section 3.4). 
 

The key effectors of the TOR pathway in S. cerevisiae are the two protein 
kinases Tor1 and Tor2. Several targets of TOR have been identified. Thus, 
TOR-dependent phosphorylation of the protein phosphatase Sit4 triggers a 
signalling cascade involving the TF Gln3, which regulates some of the 
metabolic pathways discussed above. Other targets of TOR include Sch9 
[119] and Rim15 [120] (see Sections 3.2.5 and 3.2.7 below). 

3.2.5. The Sch9 pathway 
The Sch9 pathway is related to the TOR pathway. The details of this path-
way are less understood, but Sch9 is regulated by nutrient concentrations, 
both in a TOR-dependent [119] and in a TOR-independent manner [121]  
(see Figure 4). Sch9 is a protein kinase, with structural similarities to the 
catalytic subunits of PKA. It was initially isolated as a multicopy suppressor 
of the growth defect resulting from disruption of PKA signalling [122]. In-
terestingly, Sch9 has a homolog in man, S6K1, which also is regulated by 
TOR [123]. Disruption of Sch9 results in slow growth, however, this growth 
defect can be overcome by enhanced PKA activity, suggesting some kind of 
redundancy between Sch9 and PKA [122]. Sch9 disruption also affects aging 
(see Section 3.4) and stress resistance [124, 125]. 

 
Sch9 has at least two downstream targets. First, it prevents the Rim15 

kinase from phosphorylating its targets in the nucleus by inhibiting its nu-
clear localization [120, 126] (see Section 3.2.7). Second, Sch9 has a role 
independently of the PKA pathway and Rim15 in activating the zinc finger 
protein Gis1 (see below) in the presence of low amounts of glucose. Proc-
esses that are regulated by the Sch9 pathway independently of the PKA 
pathway include amino acid biosynthesis, glycolysis and gluconeogenesis. 
The relation between Sch9 and PKA is further complicated by results sug-
gesting that inhibition of PKA can switch the effect of Sch9 between activa-
tion and repression [127]. 

3.2.6. The Pho pathway 
Yeast is also sensitive to the levels of phosphate, which is required both for 
the energy metabolism and for synthesis of nucleic acids and phospholipids. 
If phosphate is available, but in low concentrations, yeast cells adapt by in-
creasing the production of high affinity phosphate transporters, phosphatases 
and other genes involved in phosphate uptake and utilization [128-130]. This 
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signalling is mediated by the Pho pathway. When phosphate levels are high, 
the CDK-cyclin complex Pho80-Ph85 inactivates the TF Pho4. Since Pho4 is 
an activator, the result is that transcription of its target genes is repressed. In 
a low phosphate environment, the CDK inhibitor Pho81 inhibits Pho80-
Pho85, thereby allowing Pho4 to activate its target genes. [128-130]. Cells 
starved for phosphate stop dividing and enter a quiescent state, in a similar 
way as under glucose and nitrogen starvation. The growth inhibitory signal 
is dependent on reduced phosphorylation of Rim15 through inhibition of the 
Pho80-Pho85 kinase [131-133]. 

3.2.7. Rim15 signalling  
The protein kinase Rim15 is a hub on which signals from four different 
pathways converge: the TOR, PKA, Sch9 and Pho pathways (see Figure 4). 
The TOR1 kinase phosphorylates Rim15, causing cytoplasmic translocation 
and thereby inactivation of Rim15 [120]. Rim15 is also phosphorylated by 
Sch9, which similarly inactivates it by inhibiting its nuclear localization 
[120]. Moreover, Rim15, which is localized to the cytoplasm, is further in-
hibited through phosphorylation by PKA [112]. Finally, Rim15 is down-
stream of the Pho signalling pathway, where it is phosphorylated by the 
Pho80-Pho85 kinase [131-133]. Though it is now established that Rim15 
integrates signals from these four pathways, the combinatorial aspects of this 
integration are not fully understood.   

 
Since Rim15 responds to so many signalling pathways, it is not surprising 

that it is a key effector of nutrient sensing in yeast. Rim15 thus has an impor-
tant role in controlling transcription, especially of genes involved in stress 
response and metabolism. The entire effect of Rim15 as an activator of tran-
scription at the diauxic shift has been suggested to be mediated by the three 
TFs Msn2, Msn4 and Gis1. The mechanism through which Rim15 controls 
these downstream TFs is not known, but gene expression measurements 
have shown that almost all Rim15-dependent gene activation during the di-
auxic shift can be inhibited by a deletion of Msn2/4 and Gis1 [134]. 

 
Gis1 is a TF with two zinc fingers [6] and a bipartite jumonji (JmjN plus 

JmjC) domain [135]. It regulates gene expression in response to nutrient 
limitation [126], acting through two DNA motifs, the STRE and PDS ele-
ments [127, 134]. The STRE element (AGGGG) is known to be involved in 
activation of stress induced genes [136]. Besides Gis1, two other zinc finger 
proteins, the two partially redundant transcription factors Msn2 and Msn4, 
also activate genes through the STRE elements [137-139]. Furthermore, 
Msn2/4, like Gis1, function downstream of Rim15 in nutrient signalling. The 
other motif through which Gis1 regulates gene expression, the PDS element, 
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is involved in activation of genes during the diauxic shift, and has the se-
quence T(A/T)AGGGAT. In contrast to the STRE element, the PDS element 
does not mediate other stress signals such as heat shock [140]. 

 
 Rph1 is a Gis1-related protein. The overall sequence similarity between 

Gis1 and Rph1 is 34%, but some domains are much more strongly conserved 
[135]. These conserved domains include the two zinc fingers which are 
nearly identical, and the jumonji domain which shows a high degree of simi-
larity. Rph1 is phosphorylated upon DNA damage, and the phosporylation is 
mediated by the DNA damage checkpoint pathway [141]. Although no role 
in nutrient signalling has been previously demonstrated for Rph1, there is 
some evidence that Rph1 cooperates with Gis1 in transcriptional regulation. 
Thus, Rph1, together with Gis1, represses the PHR1 gene encoding photore-
activation lyase, and this repression is relieved in the presence of DNA-
damaging agents [142]. Rph1 and Gis1 also function together as repressors 
of the DPP1 gene encoding diacylglycerol pyrophosphate phosphatase, an 
enzyme which is induced after the diauxic shift and upon zinc deprivation 
[143]. Several PDS motifs are present in the DPP1 promoter [143], and a 
STRE motif is found in the PHR1 promoter [142], and there is evidence that 
the two proteins act through these motifs. Repression by Gis1and/or Rph1 
thus seems to be mediated by the same motifs as activation by Gis1. How-
ever, published evidence of DNA binding in gel shift and footprint assays is 
limited to the PDS motif for Gis1 [143] and the STRE motif for Rph1 [142].  

 
In contrast to its role in the repression of PHR1 and DPP1, the function of 

Gis1 as a downstream effector in the PKA and TOR pathways is unique, and 
cannot be provided by Rph1 [120]. Rph1 also has a unique function, as a 
histone demethylase. Rph1 demethylates H3K36me3 and H3K36me2 [144-
146]. Since methylation of H3K36 is associated with activation, the demety-
lase activity of Rph1 is expected to have a negative influence on gene ex-
pression. The demethylase effect of Rph1 appears to be global, as overex-
pression of Rph1 reduces total levels of H3K36me3, and deletion of Rph1 
results in slightly higher levels of H3K36me3 in a set of randomly selected 
genes [144]. It has not been shown whether Rph1 has any local effects, tar-
geting specific genes or promoters. The role of Gis1 in demethylation is 
disputed, as some results suggest it works as a demethylase of mono- and 
dimethylated H3K36 [146], whereas other studies have failed to show any 
demethylase activity [147]. Moreover, Gis1 has a point mutation in a critical 
residue in the JmjC domain [148], and it has been shown that an identical 
substitution makes a JmjC-containing protein in S. pombe inactive against 
methylated histones [149]. 
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3.3. Nitrogen signalling in S. pombe 
Upon nitrogen starvation, S. pombe cells arrest in G1 phase and the metabo-
lism is shifted towards nitrogen salvage and uptake of alternative nitrogen 
sources. S. pombe has two mating types (plus and minus), and if cells of both 
mating types are present in a state of nitrogen depletion they mate, forming 
diploid cells. The resulting diploid cells then immediately go through meio-
sis and sporulation [17]. The nitrogen starvation response is accompanied by 
major changes in gene expression, in which transcription of genes is acti-
vated in successive waves. Within one hour of nitrogen depletion around 180 
genes are thus induced. This includes genes coding for transporters of alter-
native nitrogen sources, enzymes required for their metabolism and many 
genes characterized as components of the general stress response [73]. Inter-
estingly, the genes induced during early nitrogen starvation are concentrated 
to specific clusters on the chromosomes, mainly in the subtelomeric regions 
[17]. Some of these regions have been shown to relocalize from the nuclear 
periphery towards the interior during early nitrogen starvation [16] (see Sec-
tion 2.2.1). Later in the transcriptional program, genes involved in mating, 
meiosis and sporulation also become activated [17, 150]. 

 
The regulatory pathways responsible for the very early changes in gene 

expression are not well understood, as this system is not as well studied as 
the nutrient signalling pathways in S. cerevisiae discussed above. Even so, 
some key components have been identified. Sty1 is a protein kinase known 
to mediate the response to many types of stress, including oxidative, cad-
mium, heat, osmotic and MMS stress [73, 151]. Sty1 regulates the stress 
response, at least in part, through activation of the TF Aft1 [73, 152]. Thus, 
many of the general stress response genes are activated by Sty1/Atf1 
[73].The TF Ste11 is an important regulator of mating and the meiotic pro-
gram [150, 153, 154]. Induction of Ste11 is triggered by nitrogen starvation 
and mating phermone, and the regulation by Ste11 is also dependent on Sty1 
and Atf1 [152]. Ste11 has been shown to activate about 50 of the about 500 
genes induced by nitrogen starvation, and it is mostly active in late stages of 
the program (after 3 hours) [150]. S. pombe also has TOR signalling (see 
Section 3.2.4), and similar to S. cerevisiae this TOR signalling responds to 
nitrogen. Loss of Tor2 function thus activates transcription of many genes 
that are also induced by nitrogen starvation, including Ste11 [155]. In con-
trast, Tor1 has been found to mediate the response to many types of stress 
(including nitrogen starvation), independently of Ste11 [156]. 
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3.4. The connection between nutrients and aging 
It has been known for over 70 years that calorie restriction (reducing the 
calorie intake), can extend the life span in rats [157]. Since then, this phe-
nomenon has been reproduced in many other species including rotifers, 
nematodes, spiders, cockroaches, fish, mice and yeast [158, 159]. 

3.4.1. Calorie restriction in S. cerevisiae 
There are two different life span paradigms in S. cerevisiae. The replicative 
life span (RLS) is defined as the number of daughter cells produced by a 
mother cell before senescence. This is meaningful because of the asymmetric 
budding of S. cerevisiae, in which distinct mother and daughter cells are 
produced. In contrast to RLS, the chronological life span (CLS) is defined as 
the length of time a yeast cell can survive in a nondividing state [160]. It has 
been proposed that RLS and CLS can be used as models of aging of prolifer-
ating and nonproliferating human cells, respectively [161]. Calorie restric-
tion has been shown to have a positive effect on both measures of life span 
[160, 162]. The mechanisms behind calorie restriction in S. cerevisiae are 
not fully understood, but several important genes and signalling pathways 
have been identified (see Figure 5). 

 
 
 
 
 
 
 
 
 
 

 

 
 

 

 

 

Figure 5: Mechanisms involved in life span extension in response to calorie restric-
tion. Arrows indicate a positive influence and crossbars a negative influence. 
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The first gene that was found to have an effect on life span in S. cere-
visiae was Sir2, a NAD-dependent histone deacetylase that is involved in 
silencing and in maintenance of genome integrity [163]. In addition to these 
functions, a deletion of Sir2 shortens the RLS [164] and overexpression of 
Sir2 increases the RLS [165]. Later it was discovered that the effect of calo-
rie restriction on RLS is dependent on Sir2 and its substrate NAD [162]. 
Unlike its effect on RLS, Sir2 appears to have a negative effect on CLS. This 
effect is, however, not seen under normal conditions, only under calorie re-
striction [166]. Sir2 orthologs have also been shown to extend the life span 
in nematodes and fruit flies [167, 168], and the life-span extending drug 
resveratrol, which is present in red wine, acts by activating Sir2 [169]. 

 
The nutrient signalling pathways have also been shown to regulate the life 

span in yeast. Disruption of TOR and Sch9 signalling increases both CLS 
[124, 170, 171] and RLS [125]. Reduction of PKA signalling also has a posi-
tive effect on CLS [124] and RLS [162]. This makes sense, since disruption 
of nutrient signalling mimics a state of calorie restriction. There is, however, 
a difference between CLS and RLS, in that CLS depends on the stress re-
sponse genes that are activated by Rim15 while RLS does not. Thus, dele-
tion of Msn2/4 has no effect on RLS [162], while deletion of either Rim15 or 
Msn2/4 as well as Gis1 reduces the CLS in starved (calorie restricted) yeast 
cells. Moreover, the increase in CLS that is induced by inhibition of the 
TOR, PKA and Sch9 pathways depends on Msn2/4 and Gis1 [172]. Further 
evidence for this comes from a study where gene expression was profiled in 
three long-lived yeast strains deficient for TOR, PKA and Sch9 signalling, 
respectively. A common set of genes was found to be upregulated in all three 
strains. The promoters of these genes were enriched for STRE and PDS ele-
ments, suggesting that transcriptional regulation by Msn2/4 and Gis1 is in-
volved in life span extension [173]. However, Rim15 and its downstream 
TFs do not mediate the entire effect of nutrient signalling on CLS. Thus, the 
significant (10 fold) increase in CLS that is caused by inhibition of the PKA 
and Sch9 pathways was only partially reversed by deletion of Rim15 [172]. 
There must therefore exist components downstream of the nutrient signalling 
pathways that have an effect on life span, and that have not yet been identi-
fied. 

 
Interestingly, reduced TOR activity also increases the life span in nema-

todes and fruit flies [174-176], suggesting that the role of TOR as a link be-
tween nutrient status and aging has been evolutionarily conserved. It should 
also be mentioned that evidence from yeast [177, 178], plants [179] and hu-
man cells [180] has implicated the Snf1 protein kinase in aging, but the 
mechanism(s) behind these effects are still poorly understood. 
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3.4.2. The mechanisms behind calorie restriction 
The first theory linking nutrient status to RLS involved extrachromosomal 
circles of rDNA known as ERCs, which accumulate during cell division in 
yeast and eventually lead to the death of the mother cell [181]. It was sug-
gested that calorie restriction promoted longevity by activating Sir2 (and 
Hst2, a homolog of Sir2) through altered levels of NAD [162, 163, 182]. 
Active Sir2 would then repress ERC formation through effects on recombi-
nation and DNA repair [162, 183]. This theory cannot, however, be the only 
explanation of the effect of calorie restriction on RLS, as RLS can also be 
increased by calorie restriction independently of Sir2 and its homologs 
[184]. According to another theory, aging is caused by oxidative stress due 
to respiration and by the accumulation of waste products such as oxidatively 
damaged proteins. Such proteins accumulate with replicative age, but they 
are inherited asymmetrically, so that the damaged proteins end up in the 
mother cell and not in the daughter cell. This asymmetrical inheritance is 
also dependent on Sir2, thus suggesting another way for Sir2 to affect aging 
[185].  
 

A central question is whether calorie restriction prolongs life span due to 
passive effects of lowered energy intake and reduced metabolism, or if the 
increase in life span is a result of a highly evolved and regulated response. 
The evidence outlined above supports the notion that passive effects mainly 
are responsible for the effects of calorie restriction on RLS. In contrast, the 
findings that the same nutrient signalling and stress response pathways are 
involved in regulating life span in evolutionary distant species suggest that 
the effects of calorie restriction could be due to an actively regulated proc-
ess. Finally, it should be noted that the theories described above are not mu-
tually exclusive, and that other explanations are possible as well. 
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4. Genome-wide methods in molecular biology 

The recent development of methods for monitoring gene expression and 
chromatin structure on a genome-wide scale has generated a massive amount 
of data, which can provide snapshots of the cellular state under various con-
ditions. Gene expression arrays are routinely used to simultaneously measure 
concentrations of every mRNA species in a cell. Likewise, ChIP-chip ex-
periments can provide data on the structure of the chromatin and on the 
DNA binding of a TF on a genome-wide scale. These data can be comple-
mented by information from databases containing functional annotations of 
genes, DNA binding properties of TFs, data on protein-protein interactions, 
and mutant phenotypes. Thus, increasing amounts of information are becom-
ing available for studies involving regulatory networks.  

4.1. Gene expression data from microarrays 
Gene expression arrays were first developed in the middle of the 1990:ies 
[186, 187], and have since then become a standard technique in many areas 
of biomedicine. There are two main types of microarrays: spotted cDNA 
arrays and oligonucleotide arrays. As oligonucleotide arrays were used in 
most of the studies described here, they are discussed in more detail below. 

4.1.1. Experimental procedure 
A microarray is a slide containing thousands of microscopic spots of DNA 
oligonucleotides. Typically, each oligonucleotide is derived from a short 
section of a gene or some other DNA element, and the spots are used as 
probes to which a DNA sample can hybridize. Before the DNA sample is 
hybridized to the array, it is labelled with a fluorophore. The relative abun-
dance of different DNA molecules within the sample can then be quantified 
by measuring the fluorescence around each spot on the array. The most 
common use of microarrays is to measure gene expression (see Figure 6). 
For this, RNA extracted from cells is converted into cDNA by reverse tran-
scription. The resulting cDNA is then labelled and hybridized to the arrays. 
Fluorescence is measured by scanning the array, and image processing soft-
ware is used to quantify the signal in each spot. The studies presented in this 
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thesis used the Affymetrix microarray platform. The Affymetrix gene ex-
pression arrays contain 25-mer oligonucleotide probes, and expression of 
each gene is measured with 11-20 probes, in what is called a probe set. The 
probes usually focus on the 3’ end of the gene. Besides probes hybridizing 
specifically to the selected genomic region (called perfect match or PM 
probes), each probe set contains probes designed to measure only back-
ground noise (called mismatch or MM probes). The Affymetrix platform 
uses one-channel arrays, meaning that only cDNA form one sample is hy-
bridized to each array (two-channel arrays use simultaneous hybridization to 
two different cDNA samples labelled with different fluorophores).  

 
There are many error sources in microarray experiments. First, there is the 

intrinsic biological variation between samples. There is also a technical 
variation stemming from the microarray procedure: RNA extraction, reverse 
transcription, hybridization and scanning may all introduce experimental 
errors. This variation has to be accounted for in the experimental design, by 
increasing the sample size. Thus, using more replicates increases the chance 
of arriving at a correct mean measurement value, and allows estimation of 
the variation. In addition to using replicates to deal with variation, data nor-
malization and pre-processing procedures are required to deal with system-
atic errors. These are described in the next section. 

 
 

 

 

 

 

 

 

 

 

Figure 6: The steps of a gene expression microarray experiment, with pre-
processing. 
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4.1.2. Pre-processeing 
Before any useful information can be extracted from a microarray experi-
ment, several pre-processing steps are usually required. Systematic errors 
within single arrays have to be compensated for. Such errors can for example 
arise because of different hybridization levels and background levels across 
the array surface, or from effects of the GC content of the probes. Systematic 
errors between arrays are also common, e.g. different levels of hybridization 
to different arrays. Normalization is usually combined with quality control 
plots, to asses how critical different systematic errors are.  

 
There are many normalization methods available for microarrays. In the 

studies in this thesis the affy and gcrma packages from the BioConductor 
software suite [188], implementing the GCRMA pipeline [189] were used. 
The first step in the pipeline is to estimate how much of the measured signal 
that is background, and how much of it that is the ‘true’ signal. In this step, a 
model which incorporates hybridization theory is fit to the PM and MM 
measurements for each probe set. In the next step, differences between ar-
rays are accounted for by quantile normalization, which adjusts the meas-
urements from different arrays so that they all fit the same distribution. Fi-
nally, the different measurements from a probe set are summarized into a 
single value. The end point of the normalization is thus a signal which 
should have as little bias as possible. For each gene, the result is usually 
presented as a log2 difference between a ‘treated’ sample and a control. 

4.1.3. Further analysis 
Once reliable measurements of mRNA levels have been obtained, it is possi-
ble to perform a number of subsequent analyses. One of the most widely 
used methods is hypothesis testing, which is used to test which genes are 
differentially expressed between different conditions or cell types. Often t-
tests or some variant thereof, such as empirical Bayes statistics or SAM 
[190-192], are used for this. These methods all consider how big the differ-
ence is between different conditions and also how consistent the data from 
replicate arrays are (see Figure 7a). The output is a list of genes, ranked ac-
cording to the test statistic (p-value, B-statistic, SAM-score, log-odds ratio 
etc.). A threshold value is usually used to select the top differentially ex-
pressed genes for further analysis. 

 
When hypothesis testing is applied to gene expression data, problems with 

multiple hypothesis testing arise. As a typical microarray experiment meas-
ures expression levels for thousands (or tens of thousands) of genes simulta-
neously, many genes may appear to be differentially expressed even when 
identical samples are compared (e.g. if we test 10000 genes for differential 
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expression, 1% or 100 genes are expected to have a p-value below 0.01 by 
pure chance). There are several ways to deal with this. The Bonferroni cor-
rection adjusts the p-values by multiplying them by the number of tested 
hypotheses. The adjusted p-values thus represent the family-wise error rate, 
i.e. the probability of finding one or more false positive genes. Less conser-
vative methods that provide estimates of the FDR (false discovery rate) are 
also available [193].  
 

In more complicated experiments it is often not sufficient to simply com-
pare two conditions. The use of linear models makes it possible to consider 
more complicated models, with several factors and with many levels for 
each factor [194, 195]. This makes it possible to study the effect of several 
treatments simultaneously, and also incorporate block effects (e.g. to account 
for the fact that experiments were made on different occasions or using dif-
ferent equipments). 

 
Clustering methods are used to group together genes with similar expres-

sion patterns (and also to group together arrays with similar measurements, 
i.e. experimental conditions or samples with similar gene expression pat-
terns). Clustering makes it possible to identify groups of genes that are likely 
to be regulated by the same mechanisms. Clustering is also a convenient way 
to visualize and get an overview of the data (see Figure 7c). There are many 
clustering algorithms, which mostly fall into two categories: partitional and 
hierarchical. Partitional methods work in a top-down manner to partition the 
set of all genes into clusters with similar expression patterns. The k-means 
algorithm is an example of partitional clustering. The other type, which was 
used in the studies included in this thesis, is hierarchical clustering. Here, 
genes (and groups of genes) with similar expression patterns are joined bot-
tom-up into bigger and bigger clusters, forming a tree structure or dendro-
gram. 

 
Sometimes, instead of considering the gene expression measurements di-

rectly, it is informative to analyze composite variables. This is called feature 
synthesis, and examples of features that can be analyzed are linear combina-
tions of gene expression measurements, or relative changes between condi-
tions (see Figure 7b). Such features can be correlated to other data sources, 
e.g. to sequence motifs in the promoter regions of the genes under study, or 
to functional annotation of the genes. 
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Figure 7: Analyses of microarray expression data. a) A volcano plot of B-statistic vs 
log ratio, where genes with large B-stat values and large (absolute) log ratios are 
selected as differentially expressed. b)  An example of feature synthesis. The x- and 
y-axes show expression log ratios in two different contrasts. Each gene is repre-
sented as a two dimensional vector, the angle of which, r, can be used as an informa-
tive feature. c) Clustering of genes on gene expression data. Both genes (rows) and 
arrays (columns) are clustered. The heat map, where the expression levels are color 
coded, is shown together with dendrograms, which represent the grouping of the 
genes and arrays. d) An example of Gene Ontology functional gene annotations. 
Note the hierachical organization of the terms. 
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Microarray expression data is often analyzed together with functional an-
notations of genes. This is a good way to get an overview of the large trends 
in the data, and to detect if any specific group of genes is regulated in a cer-
tain way. The most used source of functional annotations is the Gene Ontol-
ogy [196], which is a fixed vocabulary of annotations that is organized hier-
archically (see Figure 7d). The association between gene expression and 
functional annotations is typically analyzed in two ways. The most common 
way is to group genes based on expression data, and then assess enrichment 
of annotations within the gene groups (e.g. by using hypergeometrical tests) 
[197]. An alternative strategy is to group genes on functional annotations, 
and then look for significant differences in gene expression between these 
groups (e.g. using t-tests or Wilcoxon rank-sum-tests) [198, 199]. It is also 
often useful to compare gene expression data from different external or in-
ternal conditions. For example it may be interesting to compare how gene 
expression is affected in response to some external stimulus or in response to 
inactivation of a specific signalling pathway. This can be done in the same 
way as when functional annotations are analyzed. 

4.2. Genome-wide location data 
A few years after gene expression arrays were developed, another method 
was introduced in which array (chip) technology is combined with chromatin 
immunoprecipitation (ChIP) experiments [200]. This method, called the 
ChIP-chip method, has been used to measure the location of DNA-bound 
proteins (e.g. TFs or histones) on a genome-wide scale. The experimental 
procedure is summarized in Figure 8. 

 

 

 

 

 
Fig 8. The steps of a gene expression ChIP-chip experiment, with pre-processing. 
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4.2.1. Experimental procedure 
The basic idea behind the ChIP-chip method is to use ChIP to isolate DNA 
fragments bound by a protein of interest, and then hybridize this DNA to a 
microarray (chip). The protein of interest is often a TF or a histone (possibly 
with a specific covalent modification). In the first step, all protein-DNA 
interactions are fixed by formaldehyde crosslinking. The protein-DNA com-
plex is then sonicated, producing DNA fragments that are a few hundred bp 
long. These DNA fragments are then immunoprecipitated using an antibody 
towards the protein of interest. This results in enrichment of the DNA frag-
ments bound to the protein. Finally, the crosslinking is reversed and the pro-
teins discarded, leaving just the DNA. 

 
The resulting DNA is then hybridized to a microarray, much in the same 

way as cDNA in gene expression measurements. The most important differ-
ence is in the design of the microarrays. The microarrays used in gene ex-
pression studies usually only contain probes to measure the protein coding 
genes, with one probe set for each gene. In contrast, the arrays used in ChIP-
chip studies are tiling arrays, with probes evenly spaced across the entire 
genome. The distance between two consecutive probes is referred to as the 
resolution of the array. Since the genome of microorganisms such as yeasts 
is small, it is possible to achieve a high resolution, e.g. 20 bp. 

4.2.2. Pre-processing 
Preprocessing of ChIP-chip data is done in a similar way as for expression 
data (see Section 4.1.2). For example, quantile normalization is often used to 
normalize for differences between arrays. The most important difference 
comes from the array design. Because tiling arrays do not measure signals 
for distinct genes, measurements of individual probes are not summarized 
into probe sets. Instead, tiling arrays produce a continous signal over the 
genome. This signal is usually smoothened out, using a sliding window pro-
cedure.  

4.2.3. Further analyses 
A number of downstream analyses are available for ChIP-chip data. In most 
applications, the first step is to identify DNA regions bound by a protein (see 
Figure 9a). Different peak detection methods are used to identify such re-
gions, i.e. to find peaks where the signal is significantly higher than the av-
erage for the entire genome (these methods can use hidden Markov models 
[201], t-tests or empirical Bayes statistics ([202, 203]). An alternative ap-
proach is to compare data from different conditions and locate regions where 
the signal differs significantly between these conditions. Such methods rely 



 
 
44 

on a number of parameters, including minimal signal (or differences between 
signals), statistical significance of the signal, minimal length of the DNA 
region and minimal gap length between regions etc [204]. 
 

Once a number of regions of interest have been identified, the next step is 
usually to characterize the regions in some way. It is often interesting to see 
if the regions are close to any genes (or to other genomic features, such as 
centromeres or telomeres). The genes can then be analyzed further, e.g. in 
terms of functional annotations or gene expression data from other experi-
ments (see Section 4.1.3). If the identified regions correspond to TF binding 
sites, the DNA sequence of the regions may also be informative. There are 
many methods available that search for conserved motifs in ChIP-chip en-
riched DNA sequences (see Section 4.3). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 9. Analysis of ChIP-chip data. a) An example of a signal (acetylation of K9 of 
histone H3) over a genomic region, with a detected peak highlighted in gray. b) An 
example of a footprint, showing the average signal (also acetylation of K9 of histone 
H3) relative to the coding regions of a large number of genes. 
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Another type of analysis is to detect patterns in the binding of different 
proteins relative to the coding sequences of genes (or to some other genomic 
feature). This is especially interesting when studying chromatin organiza-
tion, as different histone modifications show different patterns across genes 
(see Sections 2.2.2 and 2.2.3). A simple way to find such patterns is by plot-
ting footprints, i.e. plotting the average signal around the coding sequences 
(see Figure 9b). In the simplest case, such footprints show a signal averaged 
over all genes in the genome. It is, however, often useful to produce foot-
prints for separate groups of genes, e.g. genes clustered on expression data. 
This makes it possible to see if the ChIP-chip signals are correlated with 
gene expression patterns. Some studies have also clustered genes based on 
the histone signal in the promoter regions [12], and found correlations be-
tween chromatin structure on one hand and gene expression and gene func-
tion on the other. 

4.3. Promoter region analysis 
The analysis of promoter regions is central in understanding gene regulation. 
The underlying assumption behind this type of analysis is that co-regulated 
genes usually contain the same DNA motifs (representing transcription fac-
tor binding sites) in their promoters. DNA fragments bound by the same TF 
in a ChIP-chip experiment are also expected to contain conserved motifs. 
Many methods are available that exploit this assumption in different ways. 

4.3.1 Enrichment of motifs 
Most motif finding methods start with a set of promoters that have been se-
lected experimentally. Such a set can for example be the promoters of all 
significantly upregulated genes in a microarray experiment or the promoters 
of a cluster of co-regulated genes. It can also be the DNA sequences bound 
by a specific TF in a ChIP-chip experiment. If it is known beforehand which 
motif(s) might be involved in the process that is being studied, several meth-
ods are available to statistically asses the role of the motif. The most com-
mon approach is to use a hypergeometrical test to determine if a motif is 
overrepresented in a group of promoters, compared to a reference set. An-
other approach, especially useful when expression data is available, is to 
partition all genes into two groups, those with the motif in their promoter 
region and those without a motif. It is then possible to assess the significance 
of any observed differences in gene expression between the groups of genes 
using e.g. a t-test or Wilcoxon rank-sum-test [198, 199] (see also Section 
4.1.3). 
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If a motif is not known a priori, it is possible to search the space of possi-
ble motifs. Except for very short motifs, this space is too large for exhaustive 
searches. Different search heuristics are therefore used to simplify the 
search. Several de novo motif finding programs implementing different 
search strategies are available [205-209]. These methods differ in the repre-
sentations of the motifs. Some methods represent motifs by regular expres-
sions [206, 208], whereas other use position weight matrices [207] or hidden 
Markov models [210]. There are also programs specifically designed for 
finding motifs in ChIP-chip data [211, 212]. 

4.3.2. Motif context 
The mere presence of a TF-binding motif in a promoter is not sufficient to 
guarantee that it is bound by this TF in vivo. In fact, most TF-binding motifs 
found in promoters have no documented effects on gene expression. Recent 
studies have found that in some cases the effect of a motif is determined in 
part by its context. Thus, geometric constraints such as the location or orien-
tation of a motif can affect gene expression. There are several possible 
mechanistic explanations for this phenomenon. For example, a TF may have 
to bind at a specific distance and orientation relative to the start site in order 
to be able to interact with the basal transcriptional machinery. Motif context 
has so far been found to be important for gene regulation mediated by a few 
selected TFs [213, 214].  
 

Recently, a few studies have also examined motif context on a wider 
scale, using microarray expression data and functional annotations to dis-
criminate between active and inactive sites [215-217]. Some methods have 
modelled gene expression based on features of the promoter regions [215, 
216], including motif location and orientation. It is then possible to asses 
how much motif context contributes to the predictive power of the model. 
Another approach is to directly look for patterns of motif distribution in a 
given set of promoters. This is done by selecting a set of promoters based on 
experimental data or gene annotations. The distribution of motifs in these 
promoters is then compared to the distribution in a reference set of promot-
ers [217]. This approach was used in paper III, where the motif distribution 
was modelled using a generalized linear model [218]. This approach makes 
it possible to compute p-values for the significance of any differences found 
in motif location and orientation between different sets of promoters. 
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4.4. Modelling of regulatory networks 
The aim of studying gene regulation is ultimately to understand how the 
regulatory networks function, and to summarize this knowledge in models. 
Such models would contain detailed knowledge of the signal processing that 
goes on within a cell. Ideally, they could also be used as predictive tools, e.g. 
to make predictions about the effects of drugs and genetic modifications. 
The field dealing with network reconstruction and synthesis of models is 
called systems biology. Much work has recently been carried out on network 
reconstruction (e.g. [219-223]).  
 

Regulatory networks have several characteristics that make them difficult 
to model [224]. First, they consist of many components (thousands of genes 
and proteins, a large fraction of which are involved in signalling, and also 
other molecules such as metabolites), which leads to a very large number of 
potential interactions. Second, regulatory networks are “robust”, in the sense 
that it is often possible to remove a single TF without any noticable effect. 
The reason for this is that transcription is often regulated by combinations of 
TFs (combinatorial gene regulation is discussed in Section 2.3.2) or by du-
plicated, functionally redundant TFs. Third, gene regulation is often dy-
namic, meaning that the regulatory networks behave differently under differ-
ent conditions. In nutrient signalling for example, the same pathway can 
have different effects on the downstream target genes depending on the nu-
trient status. A fourth complicating factor is that the methods available to 
study the behaviour of the regulatory networks (e.g. gene expression arrays 
and ChIP-chip, discussed in Sections 4.1 and 4.2 above) are not very exact. 
This means that the data we obtain can contain a number of errors. 
 

The complex characteristics of regulatory networks outlined above influ-
enced the design and scope of our studies. We have thus mostly chosen to 
focus on a specific part of the regulatory network, consisting of a few func-
tionally related signalling pathways. The main strategy in these studies has 
been to analyze how the network behaves under various perturbations, i.e. 
deletions of TFs. To deal with the combinatorial aspects of gene regulation 
we have used strains where both single TFs and combinations of TFs have 
been deleted. The combinations of TFs were chosen based on prior knowl-
edge (i.e. TFs known to cooperate in regulation of transcription) and se-
quence homology (TFs with conserved DNA binding domains that are likely 
to bind to the same motifs and therefore regulate the same target genes). In 
designing the experiments, we also tried to take the dynamical properties of 
gene regulation into account. Since methods such as gene expression arrays 
and ChIP-chip only provide a snapshot of what goes on a cell, series of 
measurements (e.g. time profiles or different concentrations of signalling 
molecules) are required to get a picture of the regulatory dynamics. As it was 



 
 
48 

not possible to obtain extensive measurement series due to high experimen-
tal costs, we performed our experiments under a few distinct conditions, 
representing different nutrient levels and growth stages. This enabled us to 
get a rough picture of how the nutrient status affects the regulatory network. 

 
The experimental design determined which models were used in the stud-

ies. Networks can be represented at different levels of detail  [224]. The most 
basic representation is to just list the components of the network. In the stud-
ies in this thesis, most components were known a priori, such as genes, TFs 
and other signalling molecules. Other components can be discovered using 
the methods described above, e.g. motifs through which TFs work and mod-
ules of co-regulated genes. The next level of detail is found in models that 
include interactions between the components. Examples of interactions are 
TFs regulating target genes, and TFs binding to motifs. The information on 
this level is typically rather crude, and can be represented by directed graphs 
or ‘wiring diagrams’ (an example is Figure 4). A lot of the current work on 
gene regulation (as well as the studies in this thesis) focuses on this level. In 
papers I, II and IV the network models were constructed manually, from the 
literature and experimental data. These models can be viewed as the “wiring 
diagrams” discussed above, and contain information of the type: “under con-
ditions X the transcriptions factors T1 and T2 redundantly repress the tran-
scription of genes G1, … , Gn”. The most detailed type of models also in-
clude information about chemical equations and kinetics. Such models can 
be used for dynamical simulations. Construction of such detailed models 
requires a large amount of data, in particular using series of measurements of 
key components (e.g. time profiles or data obtained using different concen-
trations of signalling molecules). Therefore, only smaller subnetworks have 
been modelled in such detail so far [225]. Such models are beyond the scope 
of the studies in this thesis. 

4.5. Interpretation of the results 
To gain new insights into how regulatory networks function, the models 
obtained have to be compared to existing knowledge from the literature. This 
makes it possible to identify previously unknown findings, and to assess the 
correctness of the models by checking that they incorporate and explain ear-
lier findings. Comparing the models to existing knowledge can also point to 
inconsistencies, where the models do not fit previous results. Such inconsis-
tencies may point to interesting questions for further research. Many data-
bases are available describing different properties of gene products Gene 
Ontology annotations [196] were discussed in Section 4.1.3, and data on 
cellular locations of proteins [62], deletion phenotypes [57, 66], and interac-
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tions between proteins [226] are available as well. Annotating genes using 
these databases and testing for enrichment of annotations provides a quick 
and easy way to get an overview of the major trends in the data. There also 
exist a number of resources available that summarize and organize knowl-
edge about gene regulation. One such is YEASTRACT [68], a curated data-
base of regulatory relationships in S. cerevisiae.  

 
Since data from high throughput experiments contain a high degree of 

noise, it is often necessary to validate the results using different methods, 
e.g. to use real-time rt-PCR to validate gene expression results. This is par-
ticularly important for results concerning individual genes. Results concern-
ing groups of genes (e.g. “genes involved in process X are regulated by the 
TF Y”) are more robust, as they rely on many more measurements. 

 
Finally, a caveat about focusing on transcriptional regulation: for techni-

cal reasons it has often been convenient to study transcriptional regulation, 
but it is important to remember that this does not give the whole picture of 
what goes on in a cell. For example, the correlation between levels of mRNA 
and proteins is rather low [227, 228], and metabolites also have key roles in 
cell signalling. Ideally, all these types of data should be used to model a sig-
nalling network. 



 
 
50 

5. Aims 

The aim of this thesis was to study gene regulation, in particular aspects such 
as combinatorial gene regulation, the role of motif context, and chromatin 
modifications. This was done using nutrient signalling in yeast as a model. A 
list of more detailed aims is given below. 
 

 
 
• To investigate the role of the three related budding yeast TFs Mig1, 

Mig2 and Mig3 in glucose repression, in particular with respect to 
combinatorial regulation. 

 
• To investigate the role of the two related budding yeast TFs Gis1 

and Rph1 in growth phase-dependent gene expression, in particular 
with respect to combinatorial regulation. 

 
• To develop a method for finding patterns in location and orientation 

within promoters of TF binding sites. 
 
• To study how important TF binding site location and orientation is 

for gene regulation in yeast. 
 
• To analyze gene regulation in response to nitrogen starvation, and 

the role of chromatin remodelling, in fission yeast.  
 



 
 

51

6. Results and discussion 

6.1. Paper I 
In paper I, we examined the role of three related yeast zinc finger proteins, 
Mig1, Mig2 and Mig3, which mediate signals from at least two signalling 
pathways (the Snf1 glucose repression pathway and the Rgt1 glucose induc-
tion pathway) [94, 103, 106]. To elucidate how the three proteins contribute 
to the control of gene expression, we used microarrays to study the expres-
sion of all yeast genes in the wild type and in all seven possible combina-
tions of mig1, mig2 and mig3 deletions.  

 
Our analysis of the combinatorics behind the gene regulation shows that 

Mig1 and Mig2 repress overlapping sets of genes, with Mig1 being the ma-
jor repressor, whereas Mig3 does not seem to target the same genes as Mig1 
and Mig2. Closer study of a few genes also showed that the mode of regula-
tion depends on glucose concentration, as Mig2 appears to be more impor-
tant at higher glucose concentrations.  

 
We found 100 genes that were repressed by Mig1 and Mig2, including 

known target genes as well as many new ones. Interesting examples of the 
latter include genes involved in phosphate metabolism that are redundantly 
repressed by Mig1 and Mig2. Unlike Mig1 and Mig2, we saw no evidence 
that Mig3 is involved in glucose repression, but it was found to represses the 
SIR2 gene encoding a histone deacetylase which is involved in gene silenc-
ing and the control of aging. 

6.2. Paper II 
In paper II, we investigated Gis1 and Rph1, two transcription factors con-
taining conserved zinc fingers and JmjC domains. Gis1 is known to mediate 
signals from the TOR, PKA and Sch9 pathways [126], whereas no such role 
had previously been established for Rph1. We studied how Gis1 and Rph1 
interact in regulating target genes, and the effect of different growth phases 
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on this gene regulation. This was done using microarray experiments to 
monitor gene expression in the wild type and in all three possible combina-
tions of gis1 and rph1 deletions, in log phase, at the diauxic shift, and after 
three days of culture. 

 
Our results reveal that Rph1 also is involved in growth phase specific 

gene regulation, together with Gis1. Interestingly, both the activities and the 
target specificities of Gis1 and Rph1 depend on the growth phase. Thus, both 
proteins are mainly associated with repression in the log phase, targeting 
genes with STRE or PDS motifs in their promoters. After the diauxic shift, 
both TFs become involved in activation, with Gis1 acting primarily on genes 
with PDS motifs, and Rph1 on genes with STRE motifs. Surprisingly, the 
preferred orientation of the STRE motif differs between repressed and acti-
vated genes, indicating that the activity of at least Rph1 may be orientation 
dependent. 
 

We found over 1000 genes that are regulated by Gis1 or Rph1 in at least 
one growth phase. It is interesting to note that the targets of both Gis1 and 
Rph1 overlap with known targets the TOR, PKA and Sch9 pathways. This 
indicates that not only Gis1 but also Rph1 is involved in nutrient signalling 
in yeast. 

6.3. Paper III 
Paper III describes ContextFinder, a new program that can be used to iden-
tify constraints on sequence motif locations and orientations (imposed for 
example by the need for stable DNA binding of a TF and/or the regulatory 
functions of a TF). The method is based on a generalized linear model, and 
outputs p-values describing the significances of any biases in motif locations 
and orientations. 

 
We used ContextFinder to analyse over 300 cases of motifs that are en-

riched in experimentally selected groups of yeast promoters. Bias in motif 
location was found to be common for motifs that were enriched in promoters 
identified as being bound by a specific TF in TF-DNA interaction experi-
ments. Moreover, bias in both location and orientation was found for motifs 
enriched in promoters of co-expressed genes. We also found that motifs in 
preferred locations were depleted of nucleosomes, compared to motifs in 
other locations. These results suggest that motif context is likely to be an 
important mechanism responsible for TF specificity in gene regulation. 
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6.4. Paper IV 
In paper IV, we studied the early nitrogen starvation response in S pombe. In 
particular, we investigated how the changes in gene expression resulting 
from this perturbation where accompanied by chromatin modifications. For 
this, we used microarrays to measure gene expression before and 20 minutes 
after nitrogen depletion. We also measured nucleosome occupancy and his-
tone acetylation (H3K9ac and H4K5ac) at the same time points using ChIP-
chip. 
 

Around 120 genes are significantly induced 20 minutes after nitrogen de-
ple-tion. This group of genes is enriched for genes involved in pyrimidine 
sal-vage and breakdown of nucleotides, indicating that the cells adjust to 
nitro-gen starvation by recycling the available nitrogen. Many of the induced 
genes are located in five distinct genomic regions, four of which are located 
close to the telomeres. 

 
Activation of gene expression is associated with nucleosome depletion 

(both from promoters and coding regions) and increased levels of H3K9ac 
(but not so much of H4K5ac). Nucleosome depletion and increase in 
H3K9ac are most pronounced in the five genomic regions containing the 
induced genes. This result, together with the fact that some of these regions 
are known to relocate within the nucleus following nitrogen starvation, sug-
gests that the early nitrogen starvation response is regulated by large-scale 
changes in the structure and organization of the chromatin. 
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7. Future perspectives 

Genome-wide studies of transcriptional regulation, such as the ones in this 
thesis, often follow a similar pattern. Based on a hypothesis, an experiment 
(using for example gene expression microarrays or ChIP-chip) is designed. 
The experiment is then carried out, producing a lot of data. Most of the time 
of the study is then spent on data analysis, which eventually results in a new 
set of hypotheses. These hypotheses are typically more detailed regarding 
the mechanisms and dynamics of the gene regulation. Thus, there are usually 
several directions into which genome-wide studies can be extended. Below 
are some examples, based on the studies in this thesis. 

 
One such direction is to make more realistic models that better capture the 

dynamic aspects of gene regulation. Once key components and basic rela-
tionships of regulatory networks have been identified, it is possible to ad-
dress questions such as: How strong input signal is required for the signaling 
pathways to respond? How important is the contribution of each pathway? 
Exactly how do the pathways interact? 

 
Such questions follow from the study of Mig1, Mig2 and Mig3 (paper I). 

Here, our results show that two pathways regulate overlapping sets of genes, 
through Mig1 and Mig2 respectively. Expression data for a few genes also 
suggest that the relative importance of the pathways depends on the strength 
of the glucose input signal. This provides a good case for more in-depth 
modeling of gene regulation. The dynamics of these two pathways could be 
further investigated by measuring the expression of all genes in the wild type 
and in the mig1, mig2 and mig1mig2 strains under several different glucose 
concentrations. This would enable more realistic models of the sensitivity of 
each pathway to glucose and of the interactions between the pathways. 

 
Another direction into which genome-wide studies can be extended is to 

further examine the mechanistic details of the gene regulation. Some ques-
tions along this track are: What are the molecular details behind the regula-
tion? Is chromatin remodeling involved? Which cofactors/remodelers are 
involved? 
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Combining different types of data can prove important information about 
the mechanisms of gene regulation. This would be a promising way to ex-
tend the study of Gis1 and Rph1 (paper II). When using microarrays to 
measure gene expression in deletion stains, we see both direct and indirect 
effects. Such data can be supplemented with ChIP-chip data directly show-
ing the interaction between Gis1/Rph1 and the DNA. This would enable us 
to separate the direct and the indirect effects, and to closely study the DNA 
binding properties of Gis1 and Rph1 in the different growth phases.   

 
It would also be interesting to measure changes in chromatin structure due 

to deletion of Gis1 and/or Rph1. This would provide information on the pos-
sible demethylase activities of Gis1 and Rph1. Previous results [144-146] 
indicate that Rph1 has demethylase activity, whereas results about Gis1 are 
inconclusive. Genome-wide ChIP-chip data would also enable us to see 
whether the demethylase activity of Rph1 (and possibly Gis1) is specifically 
directed towards certain regions (for example through the STRE and PDS 
motifs) or if it is global and unspecific. 

 
The results obtained in the study of the nitrogen starvation response (pa-

per IV) also lead to questions about the mechnisms behind gene regulation. 
As the response in transcription caused by nitrogen starvation is accompa-
nied by big changes in nucleosome occurrence and histone acetylation, it is 
interesting to find which chromatin remodelers are involved in these 
changes. One possible strategy is to study strains where known chromatin 
remodelers have been deleted or inactivated. Another is to use ChIP to detect 
proteins that bind to the DNA regions undergoing activation of transcription, 
nucleosome depletion and histone acetylation. In light of the previous results 
showing that these regulated DNA regions relocalize during nitrogen starva-
tion [16], it would also be interesting to establish the cause-effect relation-
ships between transcription, nucleosome remodeling and chromatin localiza-
tion. By inhibiting transcription, chromatin remodeling or relocalization it 
may be possible eludicate the causuality and to better understand the ways in 
which large-scale chromatin organization is involved in regulation of tran-
scription. 
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8. Sammanfattning på svenska 

Alla funktioner i en cell, från ämnesomsättningen och immunförsvaret till 
kontroll av utvecklingen från embryo till färdig organism, kräver att gener-
nas aktivitet är noga reglerad. Genernas aktivitet, eller genuttycket, ändras 
hela tiden. Det gör att det i varje tidpunkt i en cell finns vissa gener som är 
högt uttryckta medan andra gener inte uttrycks alls. Reglering av genuttryck-
et är grundläggande för alla levande organismer, och gör det möjligt att an-
passa sig till en omgivning som hela tiden ändras (t.ex. vad gäller temperatur 
eller tillgång på näringsämnen). Genreglering är också nödvändig för den 
differentiering som krävs för att skapa de olika celltyper som flercelliga or-
ganismer är uppbyggda av. Felaktig genreglering är en av orsakerna bakom 
många sjukdomar, t.ex. hjärt- och kärlsjukdomar, diabetes och flera typer av 
cancer.  

 
I denna avhandlig studeras genreglering i två olika jästsvampar som ofta 

används som modellsystem. Mycket av forskningen på genreglering har 
således utförts i modellorganismerna Saccharomyces cerevisiae och Schizo-
saccharomyces pombe. En av de viktigaste faktorerna som styr tillväxten hos 
jästceller är tillgången på näringsämnen (t.ex. glukos och andra sockerarter, 
kväve, fosfat, glycerol och etanol). Ett avancerat system som består av flera 
signaleringsvägar reagerar på koncentrationerna av dessa ämnen, och regle-
rar uttrycket av tusentals gener. Detta nätverk styr många processer i cellen, 
såsom ämnesomsättningen, cellcykeln, tillväxt, stresstålighet och åldrande. 
Studier av detta signaleringssystem i jäst kan också ge oss medicinskt viktig 
kunskap, eftersom det till stor del är bevarat i andra organismer och inblan-
dat i olika sjukdomar som drabbar människor. 

 
Nya metoder har gjort det möjligt att studera genreglering på en större 

skala än tidigare. T.ex. kan man i samma experiment mäta uttrycket av alla 
gener i en art (med s.k. ”mikromatriser”). En annan typ av experiment (s.k. 
”ChIP-chip” försök) gör det möjligt att samtidigt undersöka alla interaktio-
ner mellan DNA:t i ett genom och ett visst protein. Studierna i denna av-
handling bygger till största delen på data från sådana storskaliga experiment 
(i artikel I, II och IV analyseras data från egna experiment, i artikel III publi-
ka data). 
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I en enkel modell av genreglering styrs genuttrycket av proteiner som kal-
las transkriptionsfaktorer, som binder till särskilda DNA sekvenser (motiv) i 
närheten av generna. En transkriptionsfaktor kan sedan reglera genuttrycket 
på flera olika sätt. I verkligheten är dock genreglering ofta mer komplicerad 
än vad denna enkla modell antyder: 

 
Till att börja med så regleras de flesta gener av flera olika signaler och 

transkriptionsfaktorer, något som kallas kombinatorisk genreglering. Genom 
att använda kombinationer av transkriptionsfaktorer blir det möjligt att åstad-
komma fler genuttrycksmönster, och flera signaler kan integreras för att 
finjustera genuttrycket. Artikel I och II i avhandlingen handlar om kombina-
torisk genreglering.  

 
I artikel I studerar vi tre besläktade transkriptionsfaktorer i jäst, Mig1, 

Mig2 och Mig3. Åtminstone två av dessa proteiner är inblandade i glukosre-
pression, dvs de inaktiverar gener i närvaro av glukos. För att se hur dessa 
transkriptionsfaktorer reglerar genuttrycket så mätte vi uttrycket av alla ge-
ner i vanliga jästceller, och i stammar där alla möjliga kombinationer av 
Mig1, Mig2 och Mig3 har tagits bort. Det gjorde det möjligt att få en bild av 
hur dessa tre transkriptionsfaktorer samverkar i regleringen av genuttrycket. 
Vi såg då att Mig1 och Mig2 inaktiverar ungefär samma gener (totalt ca 100 
st), men att Mig1 är viktigast för denna inaktivering. Effekten verkar dock 
bero på koncentrationen av glukos, för en mer noggrann undersökning av 
vissa gener visade att vid högre glukoskoncentration så berodde inaktive-
ringen till största delen på Mig2. Mig3 verkar inte reglera samma gener som 
Mig1 och Mig2. Däremot reglerade Mig3 SIR2, en gen som kodar för ett 
histonacetylas, som bl.a. är viktig för kontroll av åldrandet. 

 
I artikel II undersöker vi två andra besläktade transkriptionsfaktorer i jäst, 

Gis1 och Rph1. Ganska mycket är känt sedan tidigare om Gis1, bl.a. att den 
är inblandad i cellens anpassning till mängden näringsämnen, och i reglering 
av åldrandet. Däremot har inga sådana effekter påvisats för Rph1. Samma 
strategi som i artikel I användes för att få en bild av hur dessa två transkrip-
tionsfaktorer reglerar genuttrycket. Genuttrycket mättes således i vanliga 
jästceller och i stammar där alla möjliga kombinationer av Gis1 och Rph1 
har tagits bort. Dessutom upprepades försöket vid olika tillväxtstadier där 
näringstillgången varierade. Våra resultat visar att Rph1 är inblandad i an-
passningen till mängden näringsämnen tillsammans med Gis1. Denna re-
glering är dock komplicerad, och Gis1 och Rph1 reglerar gener både till-
sammans och var för sig. Vidare så kan Gis1 och Rhp1 både aktivera och 
inaktivera gener. Detta verkar dock bero på vilken tillväxtfas cellerna befin-
ner sig i. I exponentiell fas, där tillgången på näringsämnen är god, inaktive-
rar Gis1 och Rph1 gener, och styr ungefär samma grupp av gener via samma 
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motiv. I senare tillväxtfaser, när näringen håller på att ta slut, blir Gis1 och 
Rph1 inblandade i aktivering, och styr då i större utsträckning olika grupper 
av gener via olika motiv. Totalt regleras över 1000 gener av Gis1 och Rph1. 

 
Det har visat sig att förekomsten av motiv i närheten av generna inte 

räcker för att förklara hur de regleras. Det är bara vissa förekomster av ett 
motiv som påverkar genuttrycket, medan de flesta inte verkar ha någon ef-
fekt. Detta antas bero på motivens kontext, dvs hur motiven sitter i förhållan-
de till generna och hur strukturen på DNA och kromatin (se nedan) ser ut i 
närheten av motiven. Studier har visat att vissa motiv bara styr genuttrycket 
om de sitter på ett specifikt avstånd eller i en viss riktning relativt genen de 
reglerar. Om man kan hitta sådana begränsningar i motivens fördelning kan 
man lättare skilja de biologiskt aktiva motiven från de inaktiva. 

 
Artikel III beskriver ContextFinder, en metod för att studera hur viktig 

motivens kontext är. Metoden letar efter mönster i hur motiven är fördelade 
runt generna (m.a.p. avstånd och riktning). Metoden bygger på en ”generali-
serad lineär modell”, och räknar ut hur statistiskt signifikanta olika mönster i 
motivens fördelning är. Vi använde ContextFinder för att analysera ca 300 
fall där ett motiv var överrepresenterat i närheten av olika grupper av jästge-
ner. Våra resultat visar att motivens kontext ofta verkar vara viktig för re-
glering av genuttrycket. När vi analyserade grupper av gener där samma 
transkriptionsfaktor band i närheten av alla gener, såg vi att motiven ofta satt 
på vissa avstånd från generna. Detta talar för att avståndet mellan motiv och 
gen påverkar hur transkriptionsfaktorerna binder till DNA. Vi studerade 
också grupper av samreglerade gener, dvs gener som regleras likadant under 
olika experimentella förhållanden. Bland sådana grupper av gener såg vi 
ännu tydligare mönster i motivens placering och riktning, vilket visar att 
detta är viktigt för regleringen av genuttrycket. 

 
Kromatinstrukturen, dvs interaktionen mellan DNA och de proteinkom-

plex som DNA är rullat runt, påverkar också genuttrycket. Vissa regioner av 
DNA är mer tillgängliga för transkription medan andra regioner är låsta så 
att generna inte kan uttryckas. Dessutom kan placeringen av DNA i cellkär-
nan påverka genuttrycket. Man har t.ex. sett att DNA i mitten av cellkärnan 
ofta är högre uttryckt än DNA i utkanten. 
 

I artikel IV undersöks hur kromatinstrukturen kan reglera genuttrycket. 
Som modell använder vi jästceller av arten S. pombe som utsattes för kväve-
svält. Vi mätte genuttrycket hos alla gener före och 20 minuter efter påbörjad 
kvävesvält, och vid samma tidpunkter mätte vi också nukleosomnivåerna 
över hela genomet (med s.k. ”ChIP-chip” teknik) samt förekomsten av his-
tonacetyleringar. Vi såg att många av de gener som aktiveras vid kvävesvält 
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återfinns i fem distinkta regioner inom genomet, varav fyra regioner sitter 
nära telomererna i ändarna på kromosomerna. 

 
Hos de gener som aktiveras vid kvävesvält såg vi minskade nivåer av 

nukleosomer, både inne i själva genen och i promotorsekvensen precis bred-
vid genen. Dessutom såg vi högre nivåer av en typ av histonacetylering 
(H3K9ac). Dessa skillnader var extra tydliga i de regioner som innehöll 
många aktiverade gener. Tidigare har man också sett att vissa av dessa regi-
oner flyttar sig i cellkärnan vid kvävesvält. Dessa två resultat talar för att 
genuttrycket vid kvävesvält till en del styrs av storskaliga förändringar i 
kromatinets struktur och organisation i cellkärnan. 
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