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Introduction

In recent years the focus in molecular biology research has shifted from the study of individual genes and proteins to the relationships between the genes and proteins of an entire organism. The study of an organismʼs entire genome, and the use of the genes derived from
sequence information is called genomics. An important driving force of genomics was the development of a technique to determine the base-pair sequence of an organismʼs total genome.
In 1975, Frederick Sanger developed a DNA sequencing method [1] that later could be automated, and two years later he determined the first complete genomic sequence obtained from
the bacteriophage phi X-174 [2]. Since then more than 1800 genomes have been sequenced
[3], with an important milestone in 1996, when sequencing of the first genome of a eukaryotic
organism (Saccharomyces cerevisiae) was completed, and later in 2001, when the human
genome was finished [4]. Much effort is undertaken to understand the function of genes and
proteins. For a long time it was thought that information derived from the genome sequence
would explain a great deal of the functioning of organisms. However, recent technological developments have made it possible to measure simultaneously the level of every mRNA molecule in cells, in a single experiment. From these experiments we have learned that the timing
of the synthesis of mRNA and mRNA levels (and subsequently protein levels), in other words
the regulation of gene expression, play a very important role in the functioning of cells. Information about gene expression is also coded in the DNA. One of the most challenging tasks
within biology is to understand how a DNA sequence translates into complex biological functions. This starts with the biological interpretation of such transcriptional experiments carried
out on a genomic scale, which are therefore very data-rich. This thesis describes the development and application of bioinformatics tools that are designed to help interpret large and
complex biological datasets. Such tools can help to elucidate the complex interactions between genes. Most of the data analysis described throughout this thesis is derived from the unicellular eukaryote Saccharomyces cerevisiae.

Saccharomyces cerevisiae as a model organism for molecular biology

Saccharomyces cerevisiae, or bakerʼs yeast, is a budding yeast. Mankind has used it since ancient times for baking, brewing, and winemaking. More importantly in this context, it is also intensively studied as a eukaryotic model organism in molecular and cell biology. The knowledge
of conserved basic biological processes in S. cerevisiae helps to understand similar processes
in other organisms. As mentioned before, the genome of Saccharomyces cerevisiae was the
first of an eukaryotic organism to be fully sequenced [5]. Its genome is composed of about
12,000,000 base pairs and contains about 6,000 functional genes. Seventy percent of the
genome contains coding information. Despite many years of research, the function of approximately 25% of these genes is still not known [6, 7]. The individual deletion of about 1100 genes
results in a lethal phenotype and is therefore considered essential whereas individual deletion
of the remainder of the genes results in a viable phenotype, at least when the cells are cultured
in rich medium under optimal conditions [8]. Importantly, more than 40% of yeast proteins share
some conserved sequence with at least one known or predicted human protein, including sev9
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eral hundred genes implicated in human disease [9]. A classical example is the identification
of the cell division-cycle (CDC) genes in S. cerevisiae by Leland Hartwell [10]; later it was discovered that these genes have evolutionary conserved human counterparts. In addition, S.
cerevisiae is a food spoilage organism and is therefore also a good model to study fungal food
spoilage. Besides being a model organism in cell biology, S. cerevisiae is also leading the way
in the development of new genomic techniques, especially those used in functional genomics.

Functional genomics in Saccharomyces cerevisiae

One of the main goals of genomic research is to decipher, annotate and understand the biological role of every feature of a DNA sequence in the genome. Since the introduction of highthroughput techniques, the focus has been shifted from the functionality of individual genes to
a more global view of how the cellular network functions and how cellular subsystems interact
and function together. This systematic study of the complex interactions in biological systems
has become a new field of study and is called systems biology. The availability of data produced
by various genome sequencing projects is now followed up by high throughput methods that
study the function and interaction of genes in a genome-wide fashion. Functional genomics is
the part of molecular biology that uses high-throughput techniques like DNA micro-arrays (transcriptomics), proteomics, metabolomics, etc, to describe genome function. S. cerevisiae has
demonstrated its value again and again and is exploited as a workhorse for the development
of functional genomics techniques. In the next section a selection of the high-throughput techniques that where pioneered in bakerʼs yeast will be discussed.
(1) Protein-protein interaction. The first global map of protein interactions was described in
bakerʼs yeast. High-throughput detection of protein-protein interactions is based on two methods: The yeast two-hybrid system [11-13] and protein complex purification in combination with
the use of mass spectrometry to identify the proteins involved [14, 15]. These studies provide
insight into how the proteome, the ensemble of expressed proteins, is organized into functional complexes.

(2) In the Saccharomyces Genome Deletion Project all genes of this organism have been
deleted individually. This project revealed that 1105 genes (18.7 % ) were essential for growth
in rich medium [8]. Each deletion strain has been generated in such a way that it is labeled with
a unique bar code that enables simultaneous analysis of all deletion mutants in competition experiments [16, 17]. The application of these so-called fitness pro filing experiments will be
discussed in more detail later.
(3) In another project, protein localization was studied by tagging Green Fluorescent Protein
(GFP) to individual proteins [18]. Protein localization within a cell often correlates with, and
indicates, function. The subcellular localization of 2,744 proteins was determined, of which
1,000 proteins with an unknown function.

(4) The same approach of proteins tagged with a reporter, was used to determine the abundance of proteins in the cell by using GFP fluorescence as a measure for the amount of pro-
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(5) Saito et al., [20] studied the global regulation of morphology by automatically measuring
morphological features of gene deletion mutants. Their system provides quantitative data for
shapes of the daughter and mother cells, localization of the nuclear DNA and morphology of
the actin patches. As with any high-throughput method, it is desirable to demonstrate the physiological relevance of such results, which is strengthened by independent and complementary
methods.

(6) One of the most matured/developed high-throughput methods is measurement of the abundance of all individual mRNAʼs by the micro-array technique [21, 22]. DNA micro-arrays or
transcriptomics provide information about the regulation of transcription. The analysis and interpretation of transcriptome data is a prominent part of this thesis. Therefore, in the next section the process of transcriptional regulation will be discussed.

Regulation of transcription in Eukaryotes

The distinction between man and mouse is not so much the number of different proteins that
their genomes encode, but rather, the timing of the appearance of common proteins and their
positions in the developing organisms is important, Ptashne et al. [23]. The activity of proteins
and their localization can be regulated at the posttranslational level in various ways, for example, by protein (de)phosphorylation, degradation or stabilization, but one of the most important ways of regulation is at the level of initiation of transcription. Transcription is the process
of transcribing particular parts of the DNA into RNA and is carried out by RNA polymerases.
Saccharomyces cerevisiae contains three different RNA polymerases that are capable of synthesizing specific RNAs. Polymerase I is responsible for the synthesis of ribosomal RNA
(rRNA), Polymerase II synthesizes messenger RNA (mRNA) and Polymerase III synthesizes
transfer RNA (tRNA), 5S rRNA and other small RNA molecules. Since the DNA microarray
technique mainly measures the changes of all mRNA levels, we will focus on the synthesis of
protein-encoding genes, which is carried out by RNA Polymerase II (RNA Pol II).

The RNA Polymerase II Complex

RNA Pol II is a multi-subunit enzyme that requires additional proteins to recognize and reach
promoter sequences in order to accurately initiate transcription. Transcription is a process that
is tightly controlled on various levels. This is absolutely necessary since activation of genes
under the improper conditions can be harmful or even lethal to the cell [24]. The typical RNA
Pol II transcription cycle begins with the binding of gene-specific transcription factors upstream
of the core promoter. The core promoter is defined as the minimal stretch of contiguous DNA
sequence that is sufficient to direct accurate initiation of transcription by the RNA polymerase
II machinery [25]. The binding of gene-specific transcription factors leads to the recruitment of
adaptor complexes such as SAGA or Mediator, both of which in turn facilitate binding of gen11
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eral transcription factors (GTFs). The GTFs (TFIIA, TFIIB, TFIID, TFIIE, TFIIF and TFIIH) each
carry out a specific function. For example, TFIIA and TFIIB are responsible for the positioning
of Pol II to the promoter. TFIIH melts 11–15 bp of DNA in order to position the single-strand template in the Pol II cleft to initiate RNA synthesis. TFIID in turn is also a multi-subunit complex
that is involved in promoter recognition. RNA Polymerase II together with all the above-mentioned subunits forms the Pre Iniation Complex (PIC) (Figure 1).

The ground state of eukaryotic transcription is restrictive

In contrast to prokaryotic gene expression, the ground state for eukaryotic transcription is restrictive [26]. This is mainly because in eukaryotic cells the DNA is packaged into nucleosomes.
DNA packaged into nucleosomes is called chromatin. Chromatin is composed of repeating
units of nucleosomes in which 147 base pairs of DNA are wrapped 1.7 times around the exterior of a histone complex. The chromatin structure enables the chromosomal DNA to fit into the
nucleus by compaction. Besides the compaction role of chromatin, it also serves as a mechanism to control transcription by preventing RNA Pol II access to the DNA. The accessibility of
DNA can further be controlled by methylation of DNA, which is called imprinting, or by nucleosome remodeling and covalent modification of histones, including methylation, phosphorylation, acetylation, sumoylation and ubiquitylation.

The TATA box-containing and TATA-less genes

The TFIID complex contains the TATA-box binding protein (TBP) and fourteen other TBP-associated factors (TAFs) [27] that are collectively thought to be the main DNA-binding proteins
that regulate promoter specificity in yeast. TBP (encoded by SPT15) is a DNA-binding protein
that binds specifically to the TATA-box, an AT-rich sequence that is located upstream of the
translational start site of a gene. The TATA-box is a core promoter element with a DNA sequence of: 5ʼ-TATAA-3ʼ, which is usually followed by three or more adenine bases and has
been highly conserved through evolution. In most textbooks on transcriptional regulation the
TATA-box is presented as being present and functional in almost all genes. However, it is becoming clear that many genes lack a TATA box. Recent studies suggest that only 10– 15% of
the human core promoters contain a TATA-box [28]. Promoters lacking a TATA box are called
TATA-less promoters. In mammals, other core promoter elements like the initiator element and
the downstream core promoter element (DPE) are used instead [29]. A protein complex named
NC2 (Negative Cofactor 2) that interacts with TBP is involved in the activation of core promoters that are dependent on DPE [29]. NC2 was identified as a repressor of TATA-dependent
transcription; however, more recent experiments suggest that NC2 could also positively affect
gene transcription (Figure 1). In agreement with the notion of human core promoters, recent
research suggests that 80% of the Saccharomyces cerevisiae genes have TATA-less promoters [30]. Interestingly, alternative core promoter elements such as the DPE have not yet been
discovered in S. cerevisiae.

TBP-associated Factors

The TBP-associated factors (TAFs) represent another component of the RNA Polymerase II
Complex. TAFs can form part of other multi-subunit regulatory factors such as the histone
12
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acetylation SAGA complex. SAGA is a large complex of over 15 different proteins. TFIID and
SAGA share a common set of TAFs; they both regulate chromatin and are capable of delivering TBP to promoters. Recently, it was found that although TFIID and SAGA make an overlapping contribution to the transcription of almost all genes, TFIID is involved in the transcription
of about 90% of the genes and SAGA of about 10% of the genes [31]. Interestingly, the SAGA
controlled genes are expressed under stress conditions, while the TFIID-controlled genes are
merely housekeeping genes. In S.cerevisiae, TATA box-containing promoters utilize SAGA
rather than TFIID, which is used for TATA box-less promoters [30].

The Mediator complex

In addition to GTFs and TAFs a large multi-subunit co-activator complex that is named Mediator is known to be part of the transcriptional machinery. The mediator complex is conserved
from yeast to humans but the number of subunits may vary from organism to organism. The
Mediator complex is involved in the regulation of transcription by either forming a molecular
bridge between gene specific transcription factors (see below) and the basal transcription machinery, or is recruited to modify the chromatin structure at the promoter [32].

Figure 1 The Pre-initiation Complex. Figure 1 depicts the pre-initiation complex with central Polymerase

II, which is surrounded by the general transcription factors (TFIIA, B, D, E, F and H). TFIIA and TFIIB are
responsible for the positioning of Pol II relative to the promoter and TFIIH melts a part of the DNA for Pol

II to initiate RNA synthesis. TFIID interacts with the TATA-box Binding Protein (TBP) that in turn binds the

core-promoter sequence of the gene. Note that although a TATA-box is shown in the figure, only 20% of
the yeast genes contain such a core-promoter element. NC2 is able to prevent the binding of TBP to the

TATA-box of the gene and stimulates binding to TATA-less genes. Under stress conditions, the SAGA

complex is also able to form a complex with TBP. Finally the Mediator complex is able to form a molec-

ular bridge between transcription factors that are bound to cis-regulatory sequences in the promoter region of genes.

Recruitment of the Pre-initation Complex by gene-specific transcription factors

SAGA and TFIID are involved in gene regulation in a general way; the regulation of more specific gene groups is carried out by specialized transcription factors (TFs). These transcription
factors, which should not be confused with the general transcription factors (GTFs), can be
13
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activators or repressors, and bind to specific cis-acting DNA sequences that are mostly located
upstream of the core promoter elements. Initiation of transcription by RNA Pol II is controlled
by these transcription factors. Currently, there are two models that describe the mechanism of
transcriptional initiation by transcription factors.

Recruitment: the gene- specific transcription factor (or transcription factor complex) recruits
the transcriptional machinery complex in the vicinity of the core promoter, it increases the local
concentration of the transcriptional machinery complex and facilitates binding to the core promoter.
Conformational change: the transcriptional machinery complex is already bound to the core
promoter in an inactive conformation. Transcription factors that bind to the same gene interact
with the transcriptional machinery complex and thereby induce a conformational change. This
changes the transcriptional machinery from an inactive into an active conformation.

Currently, most experimental evidence concerning transcriptional initiation supports the recruitment model. The most compelling evidence for this model is inferred from experiments in
which a component of the Mediator complex (Gal11p) and the bacterial DNA binding factor
LexAp are fused. This artificial protein complex was enough to drive transcription in yeast when
a gene was provided with the DNA binding motif of LexAp [33]. Recently, using the more advanced Chromatin-Immuno precipitation technique three stages of recruitment could be resolved upon induction of the galactose genes. First SAGA, then Mediator, and finally RNA Pol
II together with four other proteins, including TBP, were recruited to the promoter [34].

The conformational change model is not (yet) strongly supported by experimental evidence.
Recently, observations from yeast cells, exiting the quiescence state, showed that RNA Pol II
is already present on promoters of still repressed genes [35]. Upon exit from quiescence, these
genes are activated very rapidly, suggesting that this might be triggered by conformational
changes. The observation of RNA Pol II already residing on the DNA is in contradiction with the
recruitment model, which assumes that the general transcription machinery is absent from promoter sequences unless an activating signal is percieved.

Regulation of transcription by gene-specific transcription factors in bakers
yeast

Unicellular organisms like yeast constantly face sudden and huge fluctuations in their external
conditions. Despite these fluctuations it is crucial that yeast cells adjust their internal homeostasis. Perturbation of the internal conditions may disrupt cellular functions and prevent
growth. Therefore, yeast cells must rapidly adapt to new conditions by adjusting their internal
milieu. One way to adapt is by reorganizing the genomic transcription program that is required
for the survival in each environment. Basically, the transcription programs involved in the response to stress have aspects related to general and specific transcriptional responses. General transcriptional responses are activated in response to a broad spectrum of stresses,
whereas specific transcriptional responses are triggered only when a particular stress is
14
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Regulation of general transcriptional stress responses in bakers yeast

Two homologous and fully redundant transcription factors involved in the response to various
stresses are the Cys2His2 zinc finger proteins Msn2p and Msn4p. Martinez-Pastor [36] showed
that disruption of both MSN2 and MSN4 genes results in a higher sensitivity to different
stresses like carbon source starvation, heat shock, and severe osmotic and oxidative stress.
They also showed that Msn2p and Msn4p are required for the activation of several yeast genes
such as CTT1, DDR2 and HSP12, whose induction is mediated through stress-responsive regulatory elements (STRE). Msn2p and Msn4p bind specifically to the cis-regulatory motif (STRE)
5ʼ-AGGGG-3ʼ and its reverse complement 5ʼ-CCCCT-3ʼ. Msn2p and Msn4p are located in the
cytoplasm, but in response to stress they are translocated to the nucleus. Msn2p and Msn4p
share a conserved nuclear localization signal (NLS) that is negatively controlled by high cellular protein kinase (PK) activity [37, 38]. Interestingly, Jacquet et al. [39] used Msn2p and Msn4p
tagged with GFP to show that both proteins repetitively shuttle into and out of the nucleus with
a periodicity of a few minutes. Under non-stress conditions the proteins stay most of the time
in the cytoplasm, but the balance is shifted towards the nucleus when cells are stressed.

The Environmental Stress Response

The global transcriptional response to a variety of environmental stresses has been extensively studied using the micro-array technique (see also below) [40]. These stresses include
carbon- and nitrogen-source limitation, heat stress, oxidative stress and osmotic stress. Comparative analysis of the transcript profiles of the diverse environmental stresses revealed a
stereotypical, transcriptional response of about 900 genes. A similar set of genes was found in
a closely related study [41]. The response shown by this set of genes is named the Environmental Stress Response (ESR) and their transcription is activated by a wide variety of stresses.
The ESR genes can be divided into two groups that show an opposite transcriptional behavior; a group of 600 genes that is referred to as ´repressed genes´ and a group of about 300
genes that is referred to as ʻinduced genesʼ [42]. The genes of the ʻrepressedʼ group are enriched in ribosomal biogenesis functions and their promoter sequences are overrepresented
with the PAC 5ʼ-CGATGAG-3ʼ and rRPE 5ʼ-AAATTTT-3ʼ DNA motifs [43]. Recently, it was
shown that the rRPE motif is associated with genes required for rapid growth [44]. This is in
accordance with the observation that during most stress responses growth is temporarily halted
[40]. In chapter 4 of this thesis we show that the division in a group of induced or repressed
genes is an oversimplification since in time-series experiments of particular stresses (e.g. DTTstress, hypo-osmotic stress and cold stress) the ribosomal biogenesis gene group is first upregulated but becomes down-regulated afterwards.

Most of the genes induced in the ESR have metabolic functions and share STRE motifs in
their promoter sequences. The aforementioned Msn2p and Msn4p transcription factors bind
and regulate genes with such STRE motifs [36]. STRE-controlled genes show an exact opposite effect during the time series of a stress. Most stress responses studied in the experiments
by Gasch et al [40] also show a growth-rate reduction that correlates with transcriptional ac-
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tivity of the ESR. During exponential growth most of the cellular free energy is used for the
production of ribosomal proteins and translation. Most likely, the activation of the ESR reflects
a redistribution of energy fluxes, such that the production of ribosome related RNAs and translation are temporarily down-regulated and the available energy is channeled to other processes
in order to survive the stress that the cell is facing.

Regulation of specific stress responses

Specific problems ask for specific solutions; besides the general stress response, yeast cells
contain a huge arsenal of transcription factors that, depending on the type of stress trigger the
transcription of specific gene groups. About 200 transcription factors (or protein sequences
that have a strong homology with validated transcription factors) have been identified in yeast.
In the next section I will discuss three transcription factors that are used in chapters 2 to 4, respectively, and that are activated upon specific stresses. The first two (Yap1p, chapter 3; Crz1p,
chapter 4) are activated as a direct consequence of the changed intracellular environment
while the other (Rlm1p, chapter 2) is activated via the Slt2 MAP-kinase pathway, presumably,
upon stretching of the plasma membrane.

Activation of the oxidative stress response by the gene group-specific transcription factor Yap1p

The oxidative stress response is designated as the phenomenon by which a cell responds to
the imbalance between the production of reactive oxygen and a biological systemʼs ability to
readily detoxify the reactive intermediates. This can be due to the generation of reactive oxygen species (ROS) caused by the incomplete reduction of O2 during respiration as well as to
the exposure to a variety of chemicals and metal-ions. Although several transcription factors
are involved in the oxidative stress response, Yap1p is the most important one. The activity of
Yap1p is regulated mainly through its nuclear localization. In unstressed cells, Yap1 is freely
imported into and exported from the nucleus. Upon activation by increased levels of ROS,
Yap1 rapidly redistributes to the nucleus where it regulates the expression of about 70 genes.
Yap1p contains a nuclear export signal (NES) sequence in the C-terminus [
]. Under non-oxidative stress conditions the exportin Crm1p recognizes the NES and exports
Yap1p from the nucleus to the cytoplasm. Under oxidative-stress-inducing conditions, the interaction between Yap1 and Crm1 is inhibited and Yap1 is accumulating in the nucleus, leading to elevated expression of its target genes. Yap1p binds to the 5ʼ-TTASTAA-3ʼ sequence in
the promoter region of its target genes. Several of the genes regulated by Yap1p are involved
in glutathione metabolism, such as the genes encoding the glutathione-synthesizing enzymes,
GSH1 and GSH2. Furthermore, Yap1p regulates the glutathione-dependent antioxidant genes
GPX2 and GLR1. In general, Yap1p targets are involved in the detoxification of ROS.

Activation of the calcineurin signaling pathway by the gene-specific transcription factor Crz1p

In yeast, intracellular Ca2+ signaling is mediated by the Ca2+/calmodulin-dependent phos16
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phatase, calcineurin. Activation of Ca2+-dependent signal transduction pathways is critical for
many cellular responses. In yeast, Ca2+ triggers defense mechanisms under a variety of environmental stress conditions such as exposure of cells to high salt concentrations, alkaline pH,
or cell wall damage. Stress conditions, that increase intracellular Ca2+ levels activate calcineurin, which in turn activates the transcription factor Crz1p. Dephosphorylation of Crz1p by
calcineurin causes a rapid translocation from the cytosol to the nucleus, where Crz1p activates
the transcription of genes whose products promote cell survival. Recent micro-array studies
suggest that activation of the calcineurin pathway leads to increased expression of more than
160 genes [46]. These genes showed reduced activation in a crz1 deletion mutant and most
of them contained the Crz1p consensus binding motif (5ʼ-GNGGC(G/T)CA-3ʼ) in their promoter
regions, which suggests that they are directly activated by Crz1p. The genes that are regulated
by Crz1p fall into several functional classes. Most of the genes encode products that are known
or predicted to be integral membrane proteins; others are known components of the plasma
membrane or cell wall. In addition, Crz1p-controlled genes code for proteins that participate in
vesicle trafficking, lipid/sterol synthesis and protein degradation. Thus, in response to stress,
calcineurin and Crz1p activate a specific program of gene expression that promotes remodeling of the cell surface [47].

Activation of genes involved in response to cell wall stress, via the Slt2-MAP
kinase pathway

One of the sudden changes in external conditions that yeast cells may face in nature can be
caused by rainfall. This changes a sugar-rich environment instantaneously into a hypo-osmotic
environment. Such a change causes influx of water into the cell, which could eventually lead
to lysis. Yeast cells therefore have a strong and relatively rigid cell wall. Gene regulation in response to cell wall perturbations is mediated via the transcription factor Rlm1p [48]. The activity
of Rlm1p is not regulated via its nuclear localization but rather its transcriptional activity is regulated through phosphorylation by the protein kinase Slt2p (Mpk1p) [49]. The targets of Rlm1p
are mostly genes that are involved in cell wall reinforcement and remodeling [48]. Rlm1p binds
preferentially to the nucleotide sequence 5ʼ-CTA(W4)TAG-3ʼ (W represents either an A or a T)
in the upstream promoter sequences of its target genes [48, 50]. However, analysis of transcription profiles of cell wall perturbation experiments show that the motif might be refined to
5ʼCTA(W4)TAGM-3ʼ [51] (this thesis).

The activation of Rlm1p is regulated via the Cell Wall Integrity (CWI) pathway, which includes
the Slt2-MAP kinase pathway. Mitogen-activated protein (MAP) kinases are serine/threoninespecific protein kinases that respond to extracellular stimuli and regulate various cellular activities such as mitosis, cell differentiation, and gene expression [52]. Extracellular stimuli that
are sensed by integral membrane proteins lead to activation of a MAP kinase via a signaling
cascade (Figure 2).

17
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Figure 2 Schematic representation of the Cell Wall Integrity pathway. Wsc1-3, Mid2 en Mlt1 are

sensors that are located in the plasma membrane. Signals are transmitted through the proteins

Rom1/2, Rho1 to the MAP-kinases Pkc1, Bck1 and Mkk1/2, and finally to Slt2, which in turn activates

the nuclear located transcription factor Rlm1. Besides Rlm1p, Slt2p is thought to activate Swi6/4, transcription factors that are involved in cell cycle regulation and that activates late G1-specific gene targets.

This cascade is composed of a MAP kinase kinase kinase (MAPKKK), MAP kinase kinase
(MAPKK) and MAP kinase (MAPK). Saccharomyces cerevisiae contains 5 such MAP kinase
pathways, each having a specific function that varies from response to mating, pseudohyphal/invasive growth, osmoregulation, sporulation, and to cell wall construction in case of
Rlm1p [53]. The cell wall integrity or Slt2p MAP-kinase pathway contains five cell wall stress
surface sensors named Wsc1-3p, Mid2p and Mlt1p that are coupled through Rom1/2 to Rho1p,
which is considered to be the master regulator of the CWI pathway [54].

Among other effectors, Rho1p can activate the Map-kinase cascade via phosphorylation of
Pkc1, a serine/threonine kinase. Pkc1 initiates the three-protein kinase module that starts with
the MAPKKK Bck1, the redundant MAPKK Mkk1p and Mkk2p and finally the MAPK Slt2p (Figure 2). Besides Rlm1, phosphorylated Slt2p is thought to activate the cell cycle regulators
Swi6/4p, which activates late G1-specific gene targets.
18
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The CWI pathway can be activated by a multitude of different stimuli, like heat stress, hypoosmotic stress, and cell wall stressing agents. Evidence is accumulating that plasma membrane stretch is the underlying physical stress that leads to activation of CWI signaling.
Importantly, chlorpromazine, an amphipathic molecule that causes membrane stretch by asymmetric insertion into the plasma membrane, is a well-known activator of Slt2p [55]. Another
line of evidence that supports this idea is that increasing the extracellular osmolarity can counteract the activation of the CWI pathway. This is illustrated by the phosphorylation of Slt2p by
heat stress, which is prevented under hyper-osmotic conditions [56]

Functional Genomic datasets

Measuring global transcription using the micro-array technique

The classic way to measure amounts of specific mRNAs from cells has been developed by Edward Southern [57]. He developed a technique in which total cellular mRNA is isolated, run on
an agarose gel for size separation, and transferred to a nitrocellulose filter for immobilization.
A specific, labeled DNA probe that is complementary to the mRNA of interest is then added to
the immobilized RNA. Next, the labeled probe is measured and the amount of specific mRNA
can be quantified. This technique has been modified and miniaturized to what is now called a
micro-array or a DNA-chip [21, 22] (Figure 3A). Miniaturization makes it possible to measure
the abundance of the mRNA of all genes of a genome simultaneously. The DNA probe can either be a PCR product of a complete gene, or a short oligo (varying from 20 base pairs to 70
base pairs) that are complementary to a part (or parts) of a geneʼs coding sequence. Microarrays based on the PCR products are referred to as cDNA microarrays while those based
on short oligos are referred to as oligo-based microarrays. The carrier material for cDNA microarrays is usually glass. The probes for oligo-based arrays can either be deposited on a
glass slide or the probes are synthesized on the carrier material either by a photolithographic
procedure (gene chips/Affymetrix) or using a modified matrix printer (Agilent).

To measure the amounts of mRNA, each mRNA is converted to cDNA, labeled with a fluorescent dye, and hybridized to a microarray slide. Specific and precise scanners have been developed that are able to detect the labeled cDNA that is hybridized to their specific DNA probe
counterparts. Since the position of the specific DNA probes on the micro-array is known, the
amount of labeled cDNA can directly be related to a particular gene. Micro-arrays come in two
flavors. First, the two color DNA/oligo micro-array (two color DNA microarray), in which two labeled pools of mRNA are directly compared in one micro-array experiment. One part of the
mRNA, for example the reference, is labeled with a red dye and the perturbed sample is labeled with a green dye. The ratio between red and green in a specific probe directly relates to
the up- or down regulation of a particular gene. Affymetrix developed a system where the absolute amount of mRNA can be measured on a single micro-array (or gene chip); note that for
this comparison between a reference and a perturbed sample always two chips are needed.
The ratio of mRNA abundance between the reference (non-treated or healthy) and a perturbed
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B

Figure 3 Global measurement of gene expression and protein DNA binding (ChIP-on-chip). (A)

Global measurement of gene expression. Total RNA is isolated from treated and untreated cells. mRNA
is converted into cDNA and labeled with a fluorescent label. The labeled cDNA of both treated and ref-

erence samples is hybridized to a DNA micro-array. After scanning of the micro-array the relative abun-

dance of mRNA between treated and reference samples is obtained. (B) Global measurement of

protein-DNA binding by chromatin-immune precipitation (ChIP-on-chip). Formaldehyde is used to
crosslink proteins to DNA. The DNA is fragmented by shearing, and. an antibody specific for a DNA bind-

ing protein (often a transcription factor) is used to precipitate the protein and the bound DNA fragment.

The enriched DNA fragments are labeled. In parallel, a reference sample is produced without the use of
a specific antibody to compensate for aspecific DNA fragments. Labeled DNA from both samples is hybridized to a DNA micro-array that contains the intergenic DNA regions (figure 3, used with permission

from Marijana Radonjic)

sample (gene deletion, cells that are treated with a particular compound or obtained from diseased tissue) is commonly used in this type of experiments (Figure 3A). Basically, micro-arrays show a snapshot of the transcriptional state of cells under a certain condition at the
moment of sampling. An elegant example of the use of the microarray technique is the socalled cell-cycle experiment [58]. This experiment, using yeast cells, was set-up to measure the
transcriptional behavior of genes that are regulated during the cell cycle. For this experiment,
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reference mRNA was isolated from exponentially growing yeast cells and was compared to
mRNA isolated from cells that were synchronized (i.e. all growing in the same cell cycle phase).
Every seven minutes synchronized cells were sampled to isolate mRNA. This experiment revealed that about 800 S.cerevisiae genes are transcriptionally regulated during the cell cycle.
Furthermore, several regulatory sequence motifs controlling cell cycle-regulated genes were
discovered. Another “classic” micro-array experiment is the compendium experiment conducted
by Rosetta Inpharmatics [59]. In this study, the transcriptome of 280 deletion mutants, and a
dozen drug treatments was profiled to create a reference database. Using this reference database, gene functions could be predicted and later verified for several uncharacterized genes.
Furthermore, the method was used to characterize pharmacological perturbations, which was
demonstrated by the identification of a novel target of the commonly used drug duclonine.
Rosetta Inpharmatics was the first to publish a study with such a huge amount of micro-array
data. Shortly after this study, two papers that studied the environmental stress response appeared almost simultaneously [40, 41]. Both studied the timing of transcriptional responses to
multiple stresses like heat and oxidative stress on yeast.

Global analysis of Transcription factor binding (ChIP-on-chip)

Chromatin-Immuno Precipitation (ChIP-on-chip) experiments are used to globally determine
the localization of DNA-binding proteins (mainly transcription factors) on DNA [60]. Since transcription factors mainly bind to the areas between genes, the DNA sequences of the intergenic
regions were printed on chips, however, later versions of ChIP-on-chips contain both genes and
intergenic regions. A ChIP-chip experiment starts by cross-linking DNA binding proteins to genomic DNA in vivo. The chromosomal DNA is then fragmented and the transcription factor (or
another DNA binding protein) of interest is immuno-precipitated using a specific antibody (Figure 3B). The protein of interest can also be tagged with a myc-epitope tag, allowing antibodies against this tag to be used for immuno-precipitation. The DNA that is bound by the protein
will subsequently be precipitated. In parallel, a reference sample is processed through the
crosslinking and the fragmenting steps but not the immunoprecipitation step. DNA isolated
from both samples is labeled and hybridized to a micro-array slide containing the intergenic
DNA regions. The labeled DNA parts, bound to the immunoprecipitated transcription factor will
be enriched for promoter regions of its target genes. The data from ChIP-on-chip experiments
are particularly useful to elucidate binding properties of transcription factors. In 2002, Lee et
al. [61] used the technique to elucidate the target genes of 103 transcription factors; later, Harbison et al. [62] expanded this, not only by the number of transcription factors but also by introducing a number of specific stress conditions under which the experiments were performed.
The data from both experiments were used to create a map of the transcriptional regulatory network that describes potential pathways that yeast cells can use to regulate gene expression
programs. Furthermore, their network map reveals that gene expression programs and cellular functions are highly connected through networks of transcriptional regulators that regulate
other transcriptional regulators. In summary, this technique is very useful to discover in vivo the
target genes of transcription factors or other DNA binding proteins. In this thesis we describe
a method in which we use ChIP-on-chip data to analyze transcriptional profiling micro-array
data.
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Fitness profiling

The microarray design is also used in parallel growth experiments of a genomic library of deletion strains. These experiments examine the relative fitness of homozygous deletion strains (in
case of nonessential genes) and heterozygous deletion strains (in case of essential genes)
grown in the presence of an inhibitor. The homozygous set of yeast deletion mutants is a collection of all non-essential yeast genes (~4800). Each of these knockout strains is designed in
such a way that the deletion leaves a ´bar code´ mark of two 20-nucleotide sequences. The bar
code can be used to measure the abundance of each deletion strain [17]. To this end, the chromosomal DNA of the deletion mutants, grown in the presence of an inhibitor is collected and
the DNA containing the bar code is amplified. This DNA is labeled and hybridized to a microarray that contains the complementary DNA fragments to the bar code for all individual deletion mutants. Similar experiments have also been performed by growing the individual strains
on agar plates and measure their colony size [63]. Fitness profiling is used to identify pathways
that buffer the cell against the effect of stresses or compounds, and thereby provide clues
about their mode of action [64]. Both gene expression profiling and fitness profiling experiments are used to assess the effect of stresses and compounds. Giaever et al [8] measured
the relative fitness of the deletion strains grown under 6 different conditions. This revealed
genes that are necessary for optimal growth under these conditions. More importantly, the authors showed that only 7% of the genes that exhibit a significant increase in messenger RNA
expression are also required for optimal growth in four of the tested conditions. Recently, Zakrzewska et al. [65] used the same approach to study the transcriptional response and global
fitness of yeast cells to the plasma membrane perturbant chitosan. Again, only a partial overlap was found between the transcriptional response of the individual genes and the fitness of
the individual deletion strains. However, analysis of gene expression and fitness profiles at the
pathway level showed a much larger degree of similarity.

Genome sequence comparison of related species

The ChIP-on-chip method describes a sophisticated way to discover transcription factor-gene
interactions. A drawback of this method is the high costs of the experiments and technical problems that make it difficult to find the true target genes of all transcription factors under all conditions. For example, the ChIP-on-chip experiments performed by Harbison et al. [62] do not
properly detect the target genes of the Heat Shock Factor (Hsf1p) in cells confronted with heat
stress. This might be caused by poor protein-DNA crosslinking at elevated temperatures. Since
transcription factors bind to specific DNA sequences, the binding properties of transcription
factors and the regulation of their target genes are coded in the DNA sequence. A powerful
method to find regulatory sequences in genomes is to compare the promoter sequences of
functionally related genes. In this way, a number of regulatory motifs have been discovered
[43]. The rapidly increasing speed and rapidly decreasing cost of genome sequencing allow a
new approach in the quest for new regulatory motifs. Nowadays, the genome of Saccharomyces cerevisiae can be compared with that of closely related species [66, 67]. Functional
regions in the genome such as DNA regulatory motifs are likely to tolerate a lower mutation rate
compared to non-functional regions. Besides identifying regulatory motifs, this method also allows for a more accurate identification of open reading frames. Kellis et al. [66] discovered that
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about 500 ORFs that were earlier annotated as genes, might actually be dubious genes (Figure 4). In addition, 72 regulatory motifs were identified, including most known cis-acting sequences and numerous new motifs. The same approach has also been applied to the genomes
of mammals (human, mouse and rat) that contain, however, much larger intergenic DNA regions, which makes it much more difficult to find true regulatory sequences.

Figure 4 Sequence comparison of four related Saccharomyces species. Schematic representation

of the sequence comparison of four related Saccharomyces species. Genes and non-coding sequences

that are found in all four species are representing true genes and regulatory elements.

Functional classification of genes based on biological pathways or gene ontologies

Classical biochemical experiments provide functional information about genes, which is indispensable for analyzing micro-array data. These data have been stored in various databases
that attempt to classify genes and proteins according to function. The KEGG (Kyoto Encyclopedia of Genes and Genomes) database is a Japanese initiative that classifies genes in metabolic pathways, basically by their homology to well characterized metabolic genes. KEGG also
provides metabolic maps that are visual projections of a metabolic pathway. The Comprehensive Yeast Genome Database (CYGD; http://mips.gsf.de/genre/proj/yeast/) of the Munich information center for protein sequences aims to present information on the molecular structure
and functional network of S. cerevisiae. This database classifies genes according to protein
function, localization, presence in protein complexes, and cellular phenotype.

The most ambitious gene classification initiative is the Gene Ontology (GO;
) project that provides a controlled vocabulary to describe gene and gene product attributes in
any organism. A controlled vocabulary is used in the form of a carefully selected list of words
and phrases, which are used to tag units of information so that they may be more easily retrieved by a search. The Gene Ontology is split into three related ontologies: Molecular Biology, which describes the molecular function of a gene product; Biological Processes, which
describes the role of gene products in multi-step biological processes, and Cellular Components, which describes their localization to various cellular components. Two important goals
of the GO consortium are the development and maintenance of the ontologies themselves
and, second, the annotation of the genes and gene products. This latter aspect can be fol-
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lowed using the metadata that every GO association contains. These metadata indicate who
made an annotation, the date of this annotation, and most importantly, on which type of evidence an annotation is based. Especially, the last set of metadata is important. GO uses evidence codes for this: for example, IEA means Inferred from Electronic Annotation, and is used
when the output is obtained by in silico analysis. IDA, Inferred from Direct Assay, is used when
evidence is derived from biochemical evidence like enzyme assays or binding assays. As we
will see in de remainder of this thesis these data-sets are important for understanding and analyzing other kinds of high-throughput datasets such as micro-array data and fitness profiling
data.

Analysis of high-throughput data sets
The need for bioinformatics

Genomics and functional genomics have transformed research in molecular biology from a
relatively data-poor discipline into one that is data-rich [68]. A single yeast micro-array experiment measures the expression values of about 6000 genes. An experiment that measures the
effect of a particular compound on transcription, that is performed in triplicate while using five
time points will result in 90.000 data points [69]. However, this is just a modest example. Recently, an experiment was published that described more than 450 measurements using
human micro-arrays, which contains each about 20.000 genes, leading to almost 10 million
data points [70]. Such large datasets have driven the development of data-mining techniques
to reduce the complexity of the data and to discover meaningful and useful patterns in and relationships between data [68]. Since the development and popularization of high-throughput
techniques, the field of bioinformatics has grown explosively.

Besides the problem of handling large datasets, micro-arrays are complex experiments. An experiment may start with the growth of a cell culture, mRNA is extracted, converted into cDNA,
labeled, and hybridized to a micro-array, and, finally, arrays are scanned and analyzed. At
every stage, variation and error will be introduced. In general, the noisy nature of micro-array
data is largely caused by biological variations, which correspond to real differences between
the response of different biological replicates, and by experimental noise. A more or less related problem is the comparison of data derived from different laboratories and microarray
platforms. Recently, two standard RNA samples were compared between seven laboratories
and 12 different microarray platforms [71]. The conclusions from this study were that for most
platforms within a single laboratory the reproducibility was generally good, but that the reproducibility between platforms and across laboratories was generally poor. Despite all these
problems, researchers are making progress in extracting biological insights from transcriptomic data.

Gene expression data basically provide three different types of information. First, expression
profiles can be used to infer information about the regulation of gene transcription. Second, a
transcriptome can be regarded as a snapshot of the physiological state of the cell. Function-
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ally related genes that respond in concert may provide information about the functional changes
of a cell. Third, expression profiles may indicate the function of uncharacterized genes, for example, when their expression is strongly correlated with the expression of genes with a known
function.

Data analysis techniques

Analysis of multiple microarray experiments by cluster analysis

Transcription profiles provide data about the changes in mRNA abundance for every gene that
is measured. Usually, this is represented as the base-two logarithm of the fold-change between the tested condition and the control. One of the first methods that was used to analyze
transcriptomic datasets is cluster analysis (see box I) [72]. For this type of analysis it is necessary to measure gene expression in multiple experiments. Eisen et al. [72] who made clustering software freely available together with a visualization tool that displayed the clusters in
heat maps have popularized hierarchical clustering.
Box I – Hierarchical Cluster Analysis

Cluster analysis of microarray data starts with calculating a similarity measure of the input data. The input
data is often the differential expression of genes measured under a set of conditions. A similarity measure that is widely used is Euclidian distance:

where the distance between vector x (for example, gene A measured under a set of conditions) and vector y is d(x,y).A dozen other similarity measures can be used like for example Pearson correlation. After
the distance matrix is obtained the actual clustering starts. By using a Euclidian distance a small value
in the distance matrix implies that these two clusters/objects (defined by row and column number) are
more similar than clusters/objects with greater value. When performing clustering, the same matrix is
scanned for the lowest value, which should be the smallest distance between two clusters. The cluster
defined by the row (i) of the smallest element d(i,j), and the one defined by the column (j) are then merged.
The result of such merge is a new cluster containing both of the merged elements. The two merged clusters are then removed from the distance matrix and the new cluster is added. The distance between elements in the matrix is defined by one of the three most used linkage methods:
Single linkage:

Complete linkage:
Average linkage:

The distance between two objects is defined to be the smallest distance pos
sible between them. If both objects are clusters, the distance between the
two closest members are used.
This method is much like the single linkage, but instead of using the
minimum of the distances, we use the maximum. So for clusters, the
distance between the two farthest members are used.

Basically, this method takes the mean between all the members in cluster i
to all the members in cluster j.

Single linkage tends to form a few big clusters early on in the hierarchy whereas complete linkage tends
to form many smaller clusters. Average linkage can be a good compromise between the extremes of single and complete linkage
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Box I continued:

Below a clustering example using single linkage is demonstrated:

1

gene 1
gene 2
gene 3
gene 4

gene 1 gene 2 gene 3 gene 4

3

0
6
3
4

0
5
4

gene 2
gene((3&4)&1)

0
2

0

gene 2 gene((3&4)&1)
0
4
0

2

gene 1
gene 2
gene (3&4)

4

gene 1 gene 2 gene (3&4)
0
6
3

gene(((3&4)&1)&2)

0
4

0

gene(((3&4)&1)&2)

0

There are four elements we want to cluster (table 1), the numbers in the table are a measure of similarity (distance matrix). In the first iteration, we search the matrix for the smallest element and find that this
is the combination of gene 3 and 4. These two elements are merged in table 2, and because of our selection of linkage (single) the distances that are smallest to the other elements are kept. For example, the
distance between our new cluster and gene 1 is the smallest of the values 3 (gene 1- gene 3) and 4
(gene 1- gene 4), which are 3. This operation is repeated in table 3, where the merged element from the
last iteration is merged with gene 1. This procedure continues until all genes are merged into one cluster (table 4). When drawing the dendrogram (see below), this final cluster will be the root of the tree.
Dendogram for this example:

(The example above is adapted from “The introduction to J-Express” by Bjarte Dysvic)

Spellman et al. [58] used hierarchical clustering to identify clusters of genes that showed similar transcriptional regulation during the different phases of the cell cycle. Both Tavazoie et al.
[73] and Spellman et al. [58] integrated genomics data with transcriptional data to identify cisregulatory sequences in the promoters of tightly co-expressed gene clusters. Gene clusters
also tend to be enriched for genes with similar function. Troyanskaya et al. [74] used this knowledge to infer a functional role for unknown genes in the same cluster. Although hierarchical
clustering is widely used and has proven its usefulness, this method has a couple of shortcomings. First the classical hierarchical clustering method only allows genes to be assigned to
a single cluster. Furthermore, to obtain reliable clusters most datasets require pre-selection or
filtering; if all genes are used (including non-differentially expressed genes, which often form
the majority of the dataset) results tend to be sub-optimal. Finally, cluster analysis requires
multiple experiments as input; results of single experiments where the effect of a gene dele26
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tion or over-expression is examined cannot be analyzed in this way. For this, other techniques
have been developed that apply statistical methods to single gene transcription profiles.

Analyzing gene expression profiles by Gene Class Scoring techniques

A very simple but effective way to analyze single gene expression profiles is to first identify
significantly up- and down-regulated genes and subsequently characterize these sets in terms
of enrichment for functional annotation [75]. When experiments have been repeated several
times, statistical approaches such as the t-test and ANOVA can be applied to obtain a list of
significant, differentially regulated genes [76]. Alternatively, gene lists can be produced by simply applying cut-offs based either on an assigned p-value or on a specified level of up- or downregulation of genes. Such gene-lists can then be tested for overrepresentation of genes
involved in a specific pathway or sharing a specific GO annotation. There are several statistical methods that can establish if there are more matches than expected by chance. The most
commonly used are the hypergeometric distribution (see box II), the closely related Fisherʼs
exact test, and the chi-square binominal distribution, the latter being more appropriate for large
gene sets [77].

Box II - Scoring over-representation of predefined gene sets

Suppose that we want to know whether a specific set of genes of interest is statistically enriched for
genes with a specific annotation in Gene Ontology. In this case, both features (namely, “does the gene
belong to the set of genes of interest” and “is the gene associated with GO term X”) are categorical, and
the appropriate statistic is the overlap between both gene sets. If the two sets are chosen randomly and
independently, the average overlap will be:
where a is the total number of genes in set A, b the total number in set B (f.e. GO category). n is the total
number of genes measured and x is the overlap between A and B. This makes sense: if a fraction b/n of
all genes belongs to set B then the expected fraction of genes in set A that also belongs to set B equals
x/a. In the case of over-representation, when x > (x), the exact p-value quantifying how likely it is we
would get at least the same number of overlapping genes by chance, is given by:

where the hypergeometric distribution is given by:
where
This use of the cumulative hypergeometric distribution is also known as “Fisherʼs exact test.” The test is
by nature non-parametric because both input features are non-parametric. Under specific conditions the
hypergeometric distribution may be approximated by the binomial or chi-square distribution.
(Adapted from Bussemaker et al., 2007)
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Since the introduction of these methods, they have been applied in numerous bioinformatics
tools. Pathway Processor [78] uses the KEGG pathways, and Onto-express [75] used Gene
Ontology gene groups to score the overlap in gene content. Funspec [79] is a tool that applies
the hypergeometric distribution to a great number of gene sets, varying from gene sets based
on GO annotations, to gene sets that are based on phenotypic features. In principle, every
gene set can be used; for example, genes that share a particular cis-regulatory motif in their
promoter region can provide information about regulatory networks. As in most cases, multiple gene sets are tested simultaneously, the statistical outcome has to be corrected for this.
Most tools use the Bonferonni correction or the less stringent False Discovery Rate (FDR) to
correct for multiple testing (see box III).
Box III – Bonferroni correction

The Bonferroni correction is a safeguard against multiple tests of statistical significance on the same
data. For example, when a p-value of 0.05 is used, 1 out of every 20 hypothesis-tests will appear be significant purely due to chance. The Bonferroni correction states that if an experimenter is testing n independent hypotheses on a set of data, then the statistical significance level that should be used for each
hypothesis separately is 1/n times what it would be if only one hypothesis were tested. A less stringent
method to correct multiple testing is the False Discovery Rate (FDR). The FDR of a set of predictions is
the expected percent of false predictions. For example a method returns 100 genes with a false discovery rate of .3 then we should expect 70 of them to be correct.
(Adapted from wikipedia)

One of the disadvantages of these methods is that in order to create gene lists, (arbitrary) cutoffs often have to be applied. Furthermore, most gene lists take only those genes into account
that are highly differentially regulated, and tend to ignore genes that are differential expressed
with low amplitude. However, genes from some pathways can be tightly co-regulated with only
minor changes in gene expression. As mentioned before, measurements of gene expression
of individual is rather noisy, and thus analyzing gene expression at the level of gene sets organized in pathways might be beneficial. This can be explained by the following example; assume that we have a transcriptome with an error rate of 20% with respect to the fold-change
of individual genes. In addition, let us assume that in a specific metabolic pathway all 100 gene
members are up-regulated by 10%. These genes are then most probably not selected as being
induced since their level of differential expression is well within the noise of individual genes.
However, the error in the average expression of 100 randomly chosen genes will be on the
order of 20%/√100 = 2%. The 10% change in expression at the level of the whole pathway
therefore corresponds to five units of standard error and is highly statistically significant [80].
Recently, methods have been developed, that do not need a list of selected genes as input but
that take into account the ratios of all genes in combination with the use of predefined gene
sets. Most of these methods use a statistical test that compares the expression values from a
predefined gene set with the remaining genes. One of the first examples of such a method
was named Quontology [81]. This tool uses the z-value to represent the difference between the
average expression in a gene set and the genome mean. This is reflected in the formula:
Where Xs is the average expression of the gene set, and m is the genome-wide mean and finally
is the standard error of the mean, being the standard deviation of the
genome wide distribution of log-ratios. Kim and Volskey [82] have used the same approach,
which is named PAGE (Parametric Analysis for Gene Enrichment).
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For larger gene sets more accurate results are obtained when the unpaired t-test for the difference between means is applied. The unpaired t-test compares the difference between the
expression mean of a particular gene-set from a transcription profile with that of the remaining
genes. (Figure 5). In this thesis this method (T-profiler) is explored to analyze gene expression
profiles [83]. Just like the z-value approach, T-profiler yields a significance score that can be
used for cluster analysis on the pathway level.

Figure 5 (page 28) Schematic representation of pathway analysis of gene expression data using
T-profiler. Genes from a pre-defined gene group such as those annotated by the Gene Ontology project are combined with non-thresholded genome-wide expression data to derive a statistical measure of
pathway-level activity. A pre-defined gene group (dark gray) is scored using a t-test for its expression response compared to all other genes. The obtained t-value can either be negative or positive dependent
on the up- or down regulation of the corresponding gene group.

Comparison of Fisherʼs exact test and T-profiler

To show the difference in performance between the Fisherʼs exact test and the unpaired t-test
we analyzed an expression profile where Lovastatin-treated cells were compared with untreated cells. Lovastatin is known to inhibit one of the enzymes of the ergosterol biosynthesis
pathway. In response to this treatment, cells induce the ergosterol biosynthetic genes [84].
Figure 6 shows the effect on the P-value of the Fisherʼs exact test of various fold-induction
thresholds on individual genes. In this example, the optimal P-value from Fisherʼs exact test is
slightly smaller than that obtained with the unpaired t-test. Despite this, T-profiler has the considerable advantage that no threshold needs to be optimized. Commonly, a threshold of 2-fold
(equals a log2-ration of 1) induction or repression is used; at these values, T-profiler performs
much better.
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Figure 6 Scoring GO categoriesL Fisherʼs exact test versus T-profiler
We analyzed gene expression data for the response to the ergosterol biosynthesis inhibitor Lovastatin
as measured by Hughes et al., [59]. The two-sample t-test reveals that the mean expression level of
genes in the GO category “ergosterol biosynthesis” is significantly higher than expected (broken line; t =
7.4; P = 1.1·10-13). Fisherʼs exact test can be used to score over-representation of the same GO category in the set of most induced genes. However, this requires one to first define a threshold for the expression fold-change of individual genes. The solid line shows how the P-value (black squares) from
Fisherʼs exact test depends on this threshold. The grey line shows the number of genes after applying
the threshold.

A couple of other statistical tests are used to detect differential expression of gene sets based
on the distribution of expression values. Currently, Gene Set Enrichment Analysis (GSEA see
box IV) is one of the most frequently used methods. Originally, only the non-parametric Kolmogorov-Smirnov (KS) statistic was used [85] to test whether the ranking of expression levels
in a specific gene set is different from the ranking of all genes, but later the approach was modified to work more reliably [86]. In addition, a non-parametric version of the t-test, the WilcoxonMann-Whitney test is also used [87].

Linear Regression Models: REDUCE

All the methods described above treat genes in a categorical way: genes are either part of a
gene-set or not. This assumption might not be the most appropriate way to describe transcriptional regulatory pathways. Transcription of a gene might depend on the number of cisregulatory motifs in the promoter or the precise nucleotide sequence of a motif might influence
the binding affinity of a transcription factor. Also interaction with co-factors, combination with
other transcription factors, the distance of the cis-regulatory motif from the transcriptional start
site and the presence of chromatin might influence the binding. Bussemaker et al. [88] was one
of the first who integrated information related to binding affinity in a method that is able to dis
cover new cis-regulatory motifs from gene expression data.
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This method, named REDUCE, is based on a model in which upstream motifs contribute additively to the differential transcription of a gene. REDUCE uses the following linear regression
model

Ag = C + F Ng

where C is the baseline expression level, which is the same for all genes, F represents the
slope that estimates the change in TF activity, and the variable Ag (response) is the mRNA expression log-ratio of gene g. The independent (predictor) variable Ng represents the regulatory
network connectivity between the TF and the promoter region of gene g. In REDUCE the predictor variable is the number of occurrences of a regulatory motif in the promoter region of a
gene. In principle, every parameter that quantifies the strength of the binding of a transcription
factor can be used. Gao et al. [89] used the log-ratio values of the TF binding ChIP-chip data
as input parameter and Foat et al. [90] strongly improved the original REDUCE tool by using
a binding matrix of a sequence motif as the predictor variable. Thus the better the estimate of
the predictor factor, the better the global change in TF activity may be explained [91]
Box IV – Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) is a popular microarray data analysis method that uses predefined
gene sets and ranks of genes to identify significant biological changes in microarray data sets (Subramanian et al., 2005) GSEA is especially useful when gene expression changes in a given microarray
data set is minimal or moderate The primary result of the gene set enrichment analysis is the enrichment
score (ES), which reflects the degree to which a gene set is over-represented at the top or bottom of a
ranked list of genes (see figure). The enrichment score is the maximum deviation from zero encountered
in the random walk; it corresponds to a weighted Kolmogorov–Smirnov-like statistic.

GSEA overview. (A) An expression data set sorted by correlation with phenotype, the corresponding heat
map, and the “gene tags,” i.e., location of genes from a set S within the sorted list. (B) Plot of the running
sum for S in the data set, including the location of the maximum enrichment score (ES) and the leadingedge subset.
(adapted from Subramanian 2005)
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Outline of this thesis

The scope of the thesis is the development, implementation and use of transcription data analysis tools. At the start of this project only a limited number of data analysis tools were available.
The most important one available was cluster analysis, which has some major shortcomings.
Cluster analysis needs multiple experiments as input but more importantly it requires a (arbitrary) cut-off of the genes that are used as input. The most important problem with cluster
analysis is the translation to biological interpretation. The tool we want to develop should have
the following requirements: (a) no need for arbitrary cut-offs; (b) the tool should be able to analyze single transcriptomes, and (c) the interpretation of the data should be straightforward.
Furthermore, since at that time many datasets of interest became available, it would be highly
beneficial if the tool could be used to compare data from different platforms and laboratories.
Chapter two describes the development and implementation of T-profiler. T-profiler scores
changes in the average activity of predefined gene groups like based on categorization in Gene
Ontology, TF binding (ChIP-chip) data, and genes that share a particular cis-regulatory motif.
In chapter three the analysis of the global transcriptional response to the cell wall perturbants
Calcofluor white and Zymolyase is described. This analysis indicates that cell wall stress results in activation of various pathways, including the cell wall integrity pathway. From the analysis of large-scale gene expression profiles using T-profiler (described in chapter four) a
database (T-base) has been built. Predictions from T-base were validated by transcription factor localization studies. Furthermore, important predictions about the function(s) of the PAC
and rRPE motifs are proposed, and from the construction of a co-modulation network of transcription factor activities, a new role for Cin5p is predicted. Finally in chapter five, we use Tprofiler in combination with correlation analysis, to make functional predictions for
uncharacterized genes based on gene expression data and on fitness profiling data.
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Abstract

One of the key challenges in the analysis of gene expression data is how to relate the expression level of individual genes to the underlying transcriptional programs and cellular state.
Here we describe T-profiler, a tool that uses the t-test to score changes in the average activity
of pre-defined groups of genes. The gene groups are derived from Gene Ontology, ChIP-chip
experiments, and consensus transcription factor binding motifs; by scoring entire chromosomes, T-profiler can also detect aneuploidy. If desired, an iterative procedure can be used to
select a single, optimal representative from sets of overlapping gene groups, and a jack-knife
procedure makes calculations more robust against outliers. T-profiler makes it possible to interpret microarray data in a way that is both intuitive and statistically rigorous, without the need
to combine experiments or choose parameters. Currently, gene expression data from Saccharomyces cerevisiae and Candida albicans are supported. Users can upload their microarray data for analysis on the web at http://www.T-profiler.org.
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T-profiler

An important technique in the post-genomic era is the simultaneous measurement of the transcript levels of all genes from a genome by microarray experiments [21, 22]. In recent years,
the amount of data from such experiments has rapidly increased [92, 93]. Furthermore, the
combination of chromatin-immunoprecipitation and microarray technology (“ChIP-chip”) has
made it possible to measure the physical binding of transcription factors to the upstream DNA
in a global way [61, 62].
There has also been an explosion in the number of computational methods for analyzing microarray data. Among the most popular are algorithms such as hierarchical clustering [72], Kmeans clustering [94], and self-organizing maps [95]. A limitation of these clustering methods
is the need to have gene expression profiles across multiple experiments. Alternative methods
have been developed that can take a single genomewide expression pattern as input, such as
motif-based correlation or regression [88, 96, 97].

To obtain easily interpretable information on changes in the cellular state in terms of functional
annotation, methods such as Funspec [79], GO term finder [98], GOAL [99], and GeneXpress
(http://genexpress.stanford.edu) score the significance of overlap between pre-defined gene
groups – from Gene Ontology [100] or the MIPS database [101] – and the subset of induced
or repressed genes. These methods are based on the cumulative hypergeometric distribution,
also referred to as Fisherʼs exact test. A disadvantage of these methods is that they require
genes to be significantly up or down-regulated on an individual basis in order to contribute.

We previously developed a method that can score Gene Ontology categories without the need
to apply cut-offs to the expression level of individual genes [81]. This algorithm, now named Tprofiler, uses the standard t-test to score the difference between the mean expression level of
pre-defined groups of genes and that of all other genes on the microarray (see Methods). A similar approach was independently pioneered by Pavlidis et al. [102]. T-profiler is currently suitable for the analysis of Saccharomyces cerevisiae and Candida albicans gene expression
profiles, and in the near future will be extended to other organisms.
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Methodology

For a given gene group G, the t-value is given by the following formula:

where
.

Here mG is the mean expression log-ratio of the NG genes in gene group G; mGʼ is the mean
expression log-ratio of the remaining NGʼ genes; and s is the pooled standard deviation, as obtained from the estimated variances for groups G and Gʼ. The associated two-tailed p-value can
be calculated from t using the t-distribution with N-2 degrees of freedom, and is corrected for
multiple testing by multiplying it by the number of gene groups that is being tested in parallel
(Bonferroni correction). All groups with a corrected p-value of 0.05 or smaller are considered
to be significantly regulated. To reduce the influence of outliers, which may result in false positives or false negatives, we discard the highest and lowest expression value in each gene
group. This method is similar to the jack-knife procedure [103].

Gene groups sharing a common motif in their upstream region

Motif groups are defined as genes with a match to a particular consensus motif within 600
base pairs of upstream sequence [104], allowing no overlap with neighboring ORFs. The consensus motifs used in T-profiler are derived from three different sources. First, motifs were extracted from the SCPD database (http://cgsigma.cshl.org/jian/). Next, motifs found by
comparing the genome sequence of highly related yeast species [40, 105], and motifs discovered from various microarray experiments by the REDUCE algorithm [88, 106], were added.
Most of these motifs are similar or identical to motifs described in literature. In total, 153 motif
groups are included in the T-profiler calculation. Far less information is available about regulatory sequences of C. albicans. It was recently reported that about one third of S. cerevisiae
regulatory elements are conserved in C. albicans [107]. T-profiler therefore uses the same list
of S. cerevisiae motifs, supplemented with some newly discovered C. albicans regulatory motifs from the same study, to score C. albicans expression data.

Gene groups bound by a common transcription factor based on ChIP-chip data
Binding of transcription factors to their global DNA targets can be measured by so-called ChIPchip experiments. In S. cerevisiae this technique has been explored on a large scale by Lee
et al. [61]. In this study the targets of more than 100 transcription factors were identified in mid38
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log phase cells growing in rich media. Since many transcription factors are not expressed under
these conditions, this study was recently extended to 200 transcription factors whose DNA
binding was quantified under various stress conditions [62]. We used the transcription factor
binding (TFB) data from Harbison et al. [62] as input in T-profiler. A gene was considered to be
part of a TFB group if the p-value reported by the authors was smaller than 0.001. In addition,
TFB groups were required to have at least 7 gene members (before Jack-knife procedure). This
resulted in 252 TFB groups that were used for T-profiler analysis.

Gene Ontology Categories

The third type of gene group is based on membership of a specific Gene Ontology (GO) category [100]. In GO, each gene is classified according to biological process, molecular function
and cellular component. The GO gene group contains the genes associated with a specific
GO category as well as all its child categories. Only Gene Ontology groups with more than 6
members were used for calculation (before Jack-knife procedure). This resulted in 1389 Gene
Ontology-derived gene groups, which were used for T-profiler analysis. Positive scores of Gene
Ontology groups give direct information about which functions or cellular processes are expected to have changed as result of the altered gene expression.

Iterative removal of redundant gene groups

Several of the pre-defined gene groups scored by T-profiler show strong mutual overlap: the
Gene Ontology categories used by T-profiler are hierarchically organized; consensus motifs
can match to similar sequences; and ChIP-chip experiments can reveal similar sets of genes
to be bound by different transcription factors and/or under different conditions. The t-values
for overlapping gene groups are strongly correlated, and therefore mutually redundant. Following the idea of forward selection of non-redundant motifs in REDUCE [88], we implemented
an iterative procedure to select a non-redundant set of gene groups among those that have tvalues significantly different from zero. At each step, we subtract the mean expression level of
the genes in the gene group with the highest absolute t-value from all genes in that gene group.
The t-values are then recalculated for all other gene groups, and the procedure is repeated until
even the most significantly regulated gene group has a p-value larger than 0.05. In the case
of nested Gene Ontology categories at different levels in the hierarchy in particular, this procedure will naturally select the most appropriate level for a given type of pathway.
Aneuploidy test
Hughes et al. [108] described the discovery of chromosomal aberrations in yeast deletion mutants based on gene expression profiles. These are often duplications or deletions of an entire
chromosome. By applying T-profiler on the level of whole chromosomes, where gene groups
are defined as the set of all genes on a specific chromosome, it is possible to detect such aneuploidy.
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An Example

T-profiler

Gene expression datasets can be uploaded as a tab-delimited text file with the systematic
ORF name in the first column and the expression data in the second column as a log-ratio
base two. After uploading, the user is presented with some basic information about the
dataset, including the number of genes, the average and standard deviation (Figure 1A). Importantly, no cut-offs are applied; all values are used for calculation. An expression profile
comparing cells 80 minutes after a heat shift from 30 to 37oC from the Environmental Stress
Response data set of Gasch et al. [40] will serve as an example.

Typically, only a small subset of the gene groups considered will be scored as differentially
expressed (Figure 1). The statistical parameters that are output by T-profiler are: (i) a t-value
measuring the upregulation (t > 0) or downregulation (t < 0) in units of the standard error of
the difference, and (ii) a p-value that is Bonferroni corrected for the parallel testing of the
large number of categories, which represents the probability that the t-value would be observed by chance. Four different types of pre-defined gene groups can be scored: genes
whose promoter region matches a specific consensus motif (Figure 1B); genes whose promoter is significantly bound by a specific TF according to a ChIP-chip experiment (Figure
1C), genes that lie on a specific chromosome (Figure 1D); and genes that belong to a specific Gene Ontology category (Figure 1E).

Figure 1 (page 40) Screenshots of the various T-profiler analysis results: (a) statistics of the uploaded
gene expression dataset (cells assayed 80 minutes after temperature shift from 30o to 37oC)[40]. The

type of analysis can be selected from the panels at the right; (b) scoring consensus motifs. Only signifi-

cantly scoring motifs are shown (p-value < 0.05). By selecting the motifs in the left column, information
about the genes containing this motif and their expression levels can be obtained; (c) scoring ChIP-

chip based gene groups; (d) graph showing the t-value for each chromosome, obtained from the gene

expression profile of the mutant pfd2Δ, in which chromosome 14 is duplicated; (e) scoring of Gene Ontology categories; only a subset of the 50 significant (p-value < 0.05) categories are shown; (f) the

same result, but now with redundant gene groups removed by our iterative procedure.
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Figure 1B shows consensus motifs associated with differential regulation. The heat shock response motif (HSF1) and the general stress response motif (MSN2/4) score positively, whereas
the PAC and rRPE motifs, both over-represented in genes involved in rRNA biosynthesis [43]
score negatively. The upregulation of genes under control of the HSF1 motif is specific for heatshocked cells, while the downregulation of genes involved in rRNA biosynthesis and genes
containing MSN2/4 motifs is typical for the environmental stress response [40]. Figure 1C
shows which transcription factors and corresponding ChIP-chip conditions are associated with
differential regulation. The fact that genes bound by the transcription factor Hsf1p score positively whereas the genes bound by the transcription factors Rap1p, Sfp1p and Fhl1p, which are
all involved in the regulation of ribosomal genes, score negatively is consistent with the motifbased results. Figure 1E shows the results of T-profiler analysis based on Gene Ontology; in
total, 50 categories have a significant t-value. Most of the positively scoring categories are involved in heat shock and stress response whereas most of the negatively scoring categories
are comprised mainly of ribosomal genes. Again, the results compare well to the results obtained by T-profiler using motif and ChIP-chip based gene groups. However, the large number
of similar GO categories reported makes it harder to interpret the results. Figure 1F shows
how this problem is resolved by the iterative removal of redundant categories. Finally, Figure
1D clearly shows that the deletion mutant pfd2Δ contains a duplication of chromosome 14. By
testing several microarray datasets obtained from aneuploid cells we found that as a rule-ofthumb an absolute t-value larger than 10 is a good indicator of aneuploidy.

42

Conclusion

T-profiler

T-profiler analyzes genomewide expression patterns one experiment at a time, without the
need to tune any parameters. Our use of the t-test to score gene groups eliminates the need
to impose a threshold on the expression level of individual genes. A group can be scored as
significantly induced or repressed even if the expression of none of its member genes changes
significantly on a single-gene basis. This feature greatly increases the sensitivity to small-amplitude, coordinate changes in the expression of groups of genes. Representing a transcriptome by a relatively small set of statistically robust and easily interpretable t-values allows for
seamless comparison between experiments, even across different platforms and laboratories.
We plan to extend the functionality of T-profiler to multiple experiments in the near future.
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Abstract

The cell wall perturbants Calcofluor white and Zymolyase activate the Pkc1-Rho1-controlled
Slt2p MAP kinase pathway in Saccharomyces cerevisiae. A downstream transcription factor of
this pathway, Rlm1p, is known to control expression of about 20 cell wall-related genes. Global
transcript analysis of Calcofluor white and Zymolyase treatment was performed to determine
whether cell wall stress affects transcription of these and other genes. Transcript profiles were
analyzed using two recently developed algorithms, viz. REDUCE, which correlates upstream
regulatory motifs with expression, and Quontology*, which compares expression of genes from
functional groups with overall gene expression. Both methods indicated upregulation of Rlm1pcontrolled cell wall genes and STRE-controlled genes, and downregulation of ribosomal genes
and rRNA genes. Comparison of these expression profiles with the published profiles of two
constitutively active upstream activators of the Slt2p-MAP kinase pathway, viz. Pkc1-R398A
and Rho1-Q68A, revealed significant similarity. In addition, a new putative regulatory motif,
CCC(N)10GGC, was found. In Zymolyase -treated cells a regulatory site was identified, ATGACGT, which resembles the AFT/CRE binding site. Interestingly, Sko1p, a downstream regulator of the high osmolarity pathway is known to bind to the AFT/CRE binding site, suggesting
a possible role for the Hog1 pathway in the response to cell wall stress. Finally, using REDUCE, an improved version of the Rlm1 binding motif, viz. TA(W)4TAGM, was discovered. We
propose that this version can be used in combination with REDUCE as a sensitive indicator of
cell wall stress. Taken together, our data indicate that cell wall stress results in activation of various signalling pathways including the cell wall integrity pathway.
*Quontology [81] is the forerunner of T-profiler, although the statistics that are used in both
methods slightly differ, the results produced by both methods, are highly comparable.
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Transcriptional response to cell wall stress

All living organisms must be able to adapt to a wide variety of stress conditions. Usually, this
involves changes in gene expression, leading to increased levels and activities of proteins that
have stress-protective functions [109]. Fungal cells, for instance, need to maintain their cellular integrity in hostile environments that contain cell wall-degrading enzymes. Specifically, they
have to resist glucanases and chitinases that are secreted by plants in response to fungal infection [110]. Cell wall lytic enzymes are also secreted by mycoparasites [111] and by human
and other mammalian macrophages [112-114]. Although several cell wall proteins have been
shown to protect yeast against certain stress conditions [115-118], the mechanisms used to detect, respond to, and eventually counter cell wall weakening are only starting to be unravelled
[119, 120]. Understanding these mechanisms is expected to aid the development of effective
antifungal agents.

The cell wall of Saccharomyces cerevisiae consists of only four classes of macromolecules,
which are all interconnected by covalent bonds: the cell wall proteins (CWPs); ß1,6-glucan;
ß1,3-glucan; and chitin [121]. Over 30 genes coding for putative CWPs have been identified.
Two main classes of covalently bound CWPs can be distinguished, GPI-CWPs and Pir-CWPs,
based on how they are linked to the cell wall glucan [119]. A characteristic set of compensatory alterations in the composition and architecture of the cell walls has been detected when
cell wall integrity is compromised. These alterations result in cells that are more resistant to further cell wall degradation. Notably, chitin synthesis and the expression of several cell wall proteins and of the alternative subunit of ß1,3-glucan synthase, FKS2, are increased [122-125].
The so-called PKC-SLT2 or cell wall integrity pathway contributes to this process and is essential for the viability of mutants defective in wall biosynthesis, as well as cells challenged
with wall-degrading compounds [50, 126, 127]. Two important proteins that control the cell wall
integrity pathway are PKC1 and the RHO1 GTPase. Rho1p is a regulatory subunit of the 1,3
ß-glucan synthase complex [128] and stimulates glucan synthesis in a GTP-dependent way.
Rho1p also binds and activates Pkc1p [129], which in turn stimulates the cell wall integrity
pathway. Several putative downstream effectors of the MAPK kinase Slt2p have been reported,
including the transcription factor Rlm1p that binds the nucleotide sequence CTA(W)4TAG [48,
49, 130]. Activation of Slt2p through overexpression of a hyperactive allele of MKK1, which
encodes the MAP kinase of this pathway, results in changed transcription of more than 20
genes. Most of these genes affect the cell wall and all but one depend on Rlm1p for regulation
in response to Slt2p activation [48, 131]. The cell integrity pathway is activated in response to
heat and hypotonic stress, during polarized growth, and as a result of cell wall weakening [55,
131-133]. We, and others have shown previously that mild cell wall stress activates Slt2p,
which in turn mediates cell wall alterations and the induction of Rlm1p-controlled gene expression [122, 124, 131].

In this study global transcript analysis was used in combination with novel statistical analysis
methods. Using these methods, we have found that the response to cell wall stress includes
activation of the environmental stress response and the cell integrity pathway. In addition, osmosensing genes are upregulated. Also, an uncharacterized sequence motif was significantly
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correlated with changed transcription, suggesting the involvement of alternative regulatory
components. Finally, we have further improved the predicted Rlm1p binding motif, which can
be used in combination with REDUCE to identify cell wall stress in other transcriptional data
sets.
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Transcriptional response to cell wall stress

Strains and growth conditions

The S. cerevisiae strains used in this study are all isogenic to strain FY834 (MAT his3200 ura352 leu21 lys2202 trp163). Yeast cells were grown overnight at 28 °C in YEPD (10 g/l yeast extract, 20 g/l peptone and 20 g/l glucose) to OD595 = 0.25. The incubation was continued for 2
h in the absence or presence of the cell wall perturbing agents Calcofluor white (10 µg/ml) or
Zymolyase-100T (0.26 U/ml). Under these conditions no growth inhibition was apparent for
stressed cells compared to mock-treated cells. Cells were collected by centrifugation, flashfrozen in liquid nitrogen and stored at -70 °C prior to isolation of RNA.

ß1,3-glucanase sensitivity

The cells were washed and resuspended in 50 mM Tris-HCl, pH 7.4, to a concentration of 1.5
× 107 cells/ml. b-Mercaptoethanol was added to a final concentration of 40 mM and the cells
were incubated at room temperature for 30 min prior to the addition of 100 U/ml 1,3-glucanase
(Quantazyme ylg, Quantum Biotechnologies Inc. Laval, Canada). The decrease in OD595 was
followed in time as a measure of cell lysis and was expressed as a percentage of the OD595
prior to enzyme addition.

RNA isolation and cDNA synthesis
Total RNA was isolated from stressed and mock-treated yeast cells using the FastPrepTM system (BIO 101, Inc). RNA was primed for cDNA synthesis by mixing 4 µg total RNA with 2 µg
oligo dT (Research Genetics) in 10 µl DEPC-treated water, followed by heating for 10 min at
70 °C and brief chilling on ice. Next, Superscript II reverse transcriptase (300 units), dithiothreitol (3.3 mM) and first strand buffer (all from Life Technologies), a mixture of dNTPs (dATP,
dGTP and dTTP, each at 1 mM), and [-33P]-dCTP (90 µCi, 3000 Ci/mmol, ICN) were added
to the primed RNA. Elongation was allowed to occur during incubation of the 30 µl mixture for
90 min at 37 °C. Unincorporated nucleotides were separated from the 33P-labelled cDNA probe
by passage through a Sephadex® G-50 column. Typically, incorporation efficiencies of about
30% were obtained.

Mini-array filter membrane hybridization

Genefilters® were prehybridized for 2 h in 5 ml MicroHybTM solution containing 1 µg/ml Poly
dA (all from Research Genetics). The purified probe was heat-denatured for 3 min at 100 °C
and added to the prehybridization mixture to allow overnight hybridization. (Pre)hybridizations
were performed at 42 °C in a roller oven. The filters were washed twice at 50 °C in 2 × SSC,
1% SDS, for 20 min and, once at room temperature, in 0.5 × SSC, 1% SDS for 15 min. The
washed filters together with a moist support of Whatmann paper were wrapped in plastic film
prior to exposure for 5 days to a storage phosphor screen. Data were collected using a phosphoimaging system (STORM Systems, Molecular Dynamics). The membranes were stripped
of probe by pouring a boiling solution of 0.5% SDS over the filters and incubating them at room
temperature with gentle shaking for 1 h. Stripped membranes were checked for loss of signal
before using them again.
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Analysis of the hybridization results

The hybridization data were analysed using PathwaysTM software (Research Genetics). The filter images were normalized using all data points instead of using only the control spots that
contain a mixture of yeast ribosomal genes. This resulted in the best-centred distribution of
expression ratios and yielded expression ratios closest to 1 for genes that are expected not to
be affected by cell wall stress (for ACT1, encoding actin, the ratio was 1.10 ± 0.05; and for
IPP1, encoding inorganic pyrophosphatase, it was 1.02 ± 0.03). Three separate Genefilters®
containing > 98% of all yeast ORFs were simultaneously but separately hybridized with three
probes (made from RNA isolated from mock-, Calcofluor white- and Zymolyase-treated cells).
After signal detection and stripping, each of the filters was re-hybridized with freshly made
probe, eventually resulting in successive hybridizations of each filter with all three probes. Hybridization patterns of different probes on the same filter gave very similar transcript profiles for
stressed vs. mock-treated cells compared to the presented results that were obtained by simultaneous hybridization of these probes on separate filters. <3.5% of all spotted genes exhibited more than 1.4-fold repression or induction at least once after Calcofluor with stress,
and the same held true for <1.5% of all genes after Zymolyase-stress. Expression ratios are
shown only for genes that on average exhibited a change of more than 1.5-fold in three hybridization experiments, and in each separate experiment never less than a 1.4-fold change in
expression. Our unpublished data seem to support the notion that expression ratios obtained
by microarray analysis, using Research Genetics gene-filters, are likely to underestimate the
actual changes in expression. For example, we detected a 2.7-fold induction of CWP1 expression in cells stressed with Calcofluor white, whereas Northern analysis and expression of
a CWP1-lacZ reporter construct indicated an induction of about five-fold (data not shown). It
is also noteworthy that although over 98% of all yeast genes are spotted on the membranes,
approximately 100 genes are absent, among which are GAS1, KRE6 and RHO1, which play
important roles in the regulation of cell wall biogenesis. The raw data is available at
http://staff.science.uva.nl/boorsma/cellwallstress/

Microarray data analysis

REDUCE

To find upstream elements associated with the observed changes in gene expression, we used
REDUCE - a tool developed by Bussemaker et al. [88]; see also: http://bussemaker.bio.columbia.edu/reduce). REDUCE uses a statistical approach to find motifs based on single microarray experiments. In addition, no arbitrary cut-offs of gene expression ratios are required.
Finally, the statistical significance of the results obtained can be expressed using a single parameter, the so-called z-value. This allows comparing transcriptional responses of groups of
genes observed in various microarray experiments. REDUCE stands for regulator element detection using correlation with expression. Based on an unbiased search, REDUCE selects
those sequence motifs whose occurrence in the upstream region of a gene correlates with a
change in expression. Regions of 600 base pairs located on the coding strand upstream of
each ORF were used for this analysis. When the intergenic distance was shorter than 600
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base pairs, the upstream region was shortened accordingly. Sequence motifs used for analysis were chosen from a set of oligomers to a length of seven nucleotides. Also, dimers with a
length of one to three nucleotides and with a spacing of 1-20 base pairs were used. In addition, sequence motifs from a motif database (SCPD) and sequence motifs found in the YPD
database were used for analysis. These motifs can have a high degree of degeneration, e.g.
the Rlm1 motif CTA(W)4TAG.

To compare the REDUCE results with those of Quontology (see below) the significance of a specific motif is expressed in a Z-score:
where

Zµ = z-score for a particular motif,
= delta chi-square for a particular motif

and G = total number of genes.
Quontology

We used the algorithm Quontology [81] to correlate expression changes with functional categories of genes. Quontology is essentially identical to the REDUCE algorithm for scoring promoter elements, but uses manually defined gene categories, e.g. derived from MIPS functional
categories replacing the sets of genes sharing a particular DNA motif in their promoter region.
For each category, a z-score can be calculated that measures the deviation of the average
log-ratio for genes in the category from the genome-wide average, in units of the standard deviation. Pavlidis et al. [102] have recently discussed a similar method.
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Results

Cells challenged with Calcofluor white or Zymolyase develop glucanase resistance.Various
kinds of cell wall damage result in activation of the cell wall integrity pathway. The downstream
MAP kinase of this pathway, Slt2p-Mpk1p, becomes rapidly activated by dual phosphorylation
in response to mild cell wall stress. Concurrent with Slt2p activation, the cells become more resistant to glucanase digestion and heat shock. Both changes have been shown to depend on
SLT2 [122]. In order to identify transcriptional changes in response to cell wall perturbation, we
compared transcript levels of mock-treated yeast cells with those of cells stressed with either
Calcofluor white (CFW), a fluorescent dye that hinders normal cell wall assembly, or with Zymolyase, a cell wall-degrading enzyme preparation. To select conditions that allowed adaptation to cell wall stress, the cells were tested for protection against ß-1,3-glucanase after
exposure to either Calcofluor white (CFW) or Zymolyase (Figure 1). A 2 h incubation with CFW
(10 µg/ml) or Zymolyase (0.26 U/ml) did not significantly inhibit growth but was sufficient to induce a protection mechanism that rendered the cells more resistant to digestion with a recombinant ß-1,3-glucanase than mock-treated cells (Figure 1). Therefore, these cells were
chosen for global transcript analysis.

Figure 1. Cells cultured in the presence of Calcofluor white or Zymolyase-100T display a progressive increase in resistance to 1,3-glucanase digestion. YEPD cultures were inoculated with
FY834 cells to yield a starting OD595 = 0.25. Cultures were incubated at 28 °C for 1-4 h in the absence or presence of Calcofluor white (10 µg/ml; upper panel) or Zymolyase-100T (0.26 U/ml; lower
panel). Cells were washed and digested with a recombinant 1,3-glucanase (Quantazyme ylg), as described in Materials and methods. The decrease in OD595 represents cell lysis and was expressed as
percentage of the starting OD595. The results presented are the means of two independent experiments. The dotted lines with open symbols represent cells grown for 4 h in the absence of CFW or Zymolyase
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Global expression changes upon cell wall perturbation

RNA isolated from these cells was used for the synthesis of 33P-labelled cDNA and three separate Genefilters® were sequentially hybridized with all three probes. Global transcript analysis showed that 14/18 Slt2p-regulated genes previously identified with mini-arrays [48] were
present in our set of genes most responsive to CFW (Table 1). Jung and Levin [48] further
showed that these 14 genes all depend on the transcription factor Rlm1p for expression after
Slt2 activation and, except possibly for a gene of unknown function (YIL117c), code for cell
wall-related products. These 14 genes encode: six GPI-CWPs (YLR194c, CWP1, SED1, PST1,
CRH1, CCW14), four Pir-CWPs (PIR1, PIR2/HSP150, PIR3, CIS3), one 1,3-transglucosylase
(BGL2) and two MAP kinases that have both been shown to interact with Rlm1p (Slt2p/Mpk1p,
Mlp1p) [130]. The remaining gene of unknown function (YIL117c) has similarity to a gene,
CSI2, which is believed to be involved in chitin synthesis (Saccharomyces Genome Database).
In addition to these 14 genes, we detected induction of two genes of unknown function (SRL3
and YPL088w) that are probably induced in a PKC1-dependent manner during polarized morphogenesis [134]. Induction of the remaining 33 genes (i.e. upregulated under CFW-induced
stress, but not identified as Slt2p-responsive) suggests that CFW-induced stress triggers other
signal transduction pathways in addition to the Slt2p-Mpk1p-dependent cell wall integrity pathway. Six of these genes are known to be induced in response to several stress conditions
(PNC1, GPD1, HSP12, HSP42, HOR2/GPP2 and DDR48). Another six genes of this group
have known or likely cell wall-related functions (GFA1, YPS3, KTR2, YLR042c, KRE11 and
ECM4). Known or suggested functions, among which is transcriptional activation, have also
been assigned to another 10 genes (NMT1, YHR209w, AFR1, YJL108c, HXK1, ASH1,
YHR138c, FBP26, MRP8 and VRP1), whereas the function of the remaining 11 genes is unknown. Although all genes upregulated by CFW were to some extent also induced by Zymolyase treatment, expression levels were generally lower (Table 1). Possibly, this merely
reflects a difference in the severity of the stress conditions. However, transcription of several
genes (e.g. HOR2, GPD1, DDR48, DDR2, CWP2, YLR042c) was more strongly affected by Zymolyase-induced stress (Table 1), indicating that the responses to CFW and Zymolyase are
similar, but not identical. In summary, the 51 genes most induced by CFW and/or Zymolyaseprovoked stress encode 20 cell wall-related products, seven proteins related to general cell
stress, 10 proteins of other known or suggested function and an additional 14 proteins of unknown function. The expression of FKS2 is regulated by the cell wall integrity pathway [48]. In
accordance, induction of FKS2-lacZ expression in response to CFW- and Zymolyase-induced
cell wall stress depends on SLT2 [122]. For unclear reasons, we did not detect significant induction of FKS2 in our array analysis. It cannot be excluded, therefore, that additional genes
that are responsive to cell wall stress may have remained undetected.
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Table 1. Genes induced by cell wall perturbation. ORFs that gave an induction of 1.4-fold in each
separate hybridization by either CFW- or Zymolyase-induced stress and an average induction of 1.5-fold
are presented. ORFs depicted in bold were induced 1.5-fold by both CFW- and Zymolyase-induced
stress. The results are the mean ± SEM of three hybridizations. Note that expression ratios obtained by
Genefilter array analysis are likely to underestimate the actual changes in expression [135]. Arrows indicate ORFs that have been previously been identified as regulated by the MAP kinase Slt2 [48]. a
CTA(W)4TAG sequence in the upstream sequence. b TA(W)4TAG in the upstream sequence. c
TA(W)4TAGM in the upstream sequence or are candidate PKC regulated genes (arrows between brackets) [134]. Functional categories and gene product are based on the Yeast Proteome Database [136]
and the Saccharomyces Genome Database [137]. GPI-CWP, GPI-dependent cell wall protein.
ORF

Gene

Cell wall maintenance
YLR194C
YKL096W
CWP1
YKL161C
MLP1
YKL163W
PIR3
YDR077W
SED1
YKL104C
GFA1
YDR055W
PST1
YJL159W
PIR2
YLR121C
YPS3
YKL164C
PIR1
YKR061W
KTR2
YGR189C
CRH1
YHR030C
SLT2
YJL158C
CIS3
YGR282C
BGL2
YLR042C
YGR166W
KRE11
YKR076W
ECM4
YLR390W-a
CCW14
YKL097W-a
CWP2

1.74 ± 0.03
2.52 ± 0.06
1.96 ± 0.08
1.41 ± 0.10
1.53 ± 0.34
1.52 ± 0.06
1.45 ± 0.15
1.46 ± 0.22
1.66 ± 0.02
1.31 ± 0.08
1.28 ± 0.09
1.45 ± 0.04
1.62 ± 0.07
1.36 ± 0.17
1.22 ± 0.08
1.91 ± 0.14
1.11 ± 0.03
1.21 ± 0.09
1.17 ± 0.04
1.62 ± 0.04

2.75 ± 0.20
2.55 ± 0.27
AFR1 2.10 ± 0.22
PRM10 1.79 ± 0.08
HXK1 1.70 ± 0.14
ASH1 1.65 ± 0.05
1.60 ± 0.11
FBP26 1.60 ± 0.00
MRP8 1.57 ± 0.10
VRP1 1.51 ± 0.01

1.50 ± 0.01
1.59 ± 0.10
1.44 ± 0.13
1.51 ± 0.14
1.33 ± 0.16
1.13 ± 0.03
1.13 ± 0.13
1.18 ± 0.04
1.18 ± 0.04
1.10 ± 0.06

NMT1

Unknown function
YIL117C
PRM5
YPL088W
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Zymolyase

3.17 ± 0.34
2.74 ± 0.29
2.68 ± 0.23
2.67 ± 0.21
2.48 ± 0.07
2.38 ± 0.21
2.35 ± 0.14
2.16 ± 0.12
2.11 ± 0.09
2.08 ± 0.08
1.90 ± 0.08
1.88 ± 0.04
1.87 ± 0.19
1.68 ± 0.11
1.65 ± 0.08
1.56 ± 0.07
1.51 ± 0.05
1.50 ± 0.02
1.50 ± 0.03
1.37 ± 0.04

General cell stress
YGL037C
PNC1
YDL022W
GPD1
YFL014W
HSP12
YDR171W
HSP42
YER062C
HOR2
YMR173W
DDR48
YOL053C-a
DDR2
Other functions
YLR195C
YHR209W
YDR085C
YJL108C
YFR053C
YKL185W
YHR138C
YJL155C
YKL142W
YLR337W

CFW

2.05 ± 0.12
2.04 ± 0.08
1.88 ± 0.22
1.75 ± 0.07
1.57 ± 0.06
1.53 ± 0.05
1.38 ± 0.04

2.35 ± 0.16
2.20 ± 0.16

Gene product
↑b,c
↑a,b,c
↑b,c
↑a,b,c
↑a,b,c
↑a,b,c
↑a,b,c
↑a,b,c
↑b,c
↑b,c
↑b
↑a,b,c

1.42 ± 0.18
2.13 ± 0.13
1.68 ± 0.06
1.38 ± 0.15
1.61 ± 0.04
1.66 ± 0.10
1.51 ± 0.06

1.70 ± 0.09 ↑
1.60 ± 0.07 (↑)

GPI-CWP
GPI-CWP
MAP kinase
Pir-CWP
GPI-CWP
Glucosamine-amino transferase
GPI-CWP
Pir-CWP
GPI-anchored aspartyl protease
Pir-CWP
Mannosyl transferase
GPI-CWP
MAP kinase
Pir-CWP
b1,3-Glucosyltransferase
GPI-CWP
Involved in b1,6-glucan maturation
Extracellular mutant 4
GPI-CWP
GPI-CWP
Pyrazinamidase
Glycerol-3-P dehydrogenase
Heat shock protein
Heat shock protein
Glycerol phosphate phosphatase
Heat shock protein
Heat shock protein
N-Myristoyl transferase
Putative methyl transferase
Involved in mating projection
Putative permease
Hexokinase
Transcription factor
vacuolar membrane fusion
Fructose 2,6 bisphosphatase
Ribosomal protein
Cytoskeletal protein
Similarity to CSI2

YKR091W
YKR013W
YBR071W
YLR414C
YAL053W
YDL124W
YMR315W
YBR053C
YBR214W
YKL065C
YJL161W
YJL066C

SRL3
PRY2

2.04 ± 0.23
1.79 ± 0.11
1.75 ± 0.08
1.75 ± 0.05
1.70 ± 0.03
1.69 ± 0.10
1.67 ± 0.07
1.65 ± 0.08
SDS24 1.64 ± 0.06
YET1 1.63 ± 0.07
1.58 ± 0.06
HRE252 1.52 ± 0.02

1.41 ± 0.08 (↑)
1.24 ± 0.13
1.32 ± 0.02
1.33 ± 0.05
1.34 ± 0.03
1.31 ± 0.06
1.22 ± 0.02
1.29 ± 0.01
1.33 ± 0.03
1.23 ± 0.09
1.21 ± 0.04
1.18 ± 0.08
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Similarity to regucalcin
Nuclear protein
Transmembrane protein of the ER

Transcript analysis of Calcofluor white and Zymolyase transcription profiles
by correlation of gene expression with functional groups

We decided to use transcript analysis algorithms specially designed to analyse single transcription profiles. When using these tools, it is not necessary to introduce cut-offs for up- or
downregulated genes. These tools also enabled us to compare data obtained from different
types of microarrays. To obtain global information about the biological processes that are associated with the transcriptional response, we used a variation of the REDUCE algorithm [88],
which is called Quontology [138]. This algorithm compares gene expression of function-related
genes, such as the functional categories as defined in the MIPS database
(http://mips.gsf.de/proj/yeast/CYGD/db/index.html), with the global expression profile.
The transcription profiles of both Calcofluor white- and Zymolyase-treated cells shared upregulation of genes from five different functional groups (Table 2):
1. Stress response genes. Most of these genes are differentially regulated upon various forms
of stress.

2. Cell wall-related genes. This most probably reflects the regulation of genes involved in construction and remodeling of the cell wall.

3. Osmosensing genes. This group contains genes that encode proteins partially belonging to
or related to the Hog1p osmosensing MAP kinase pathway.

4. The functional group of C-compound and carbohydrate utilization. Regulation of the genes
of this functional group could point to an increase in energy demand. It also could point to the
redirection of glucose towards incorporation in the cell wall. One of the genes involved in the
redirection of glucose flux is GFA1, which encodes the glutamine-fructose-6-phosphate amidotransferase, the major controller of chitin synthesis [139]. GFA1 is significantly upregulated
in both CFW and Zymolyase gene expression profiles (Table 1).
5. Genes involved in budding, cell polarity and filament forming.

Significant upregulation of the genes from the groups involved in the cytoskeleton, or in pro57
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teolytic degradation, is only seen in the gene-expression profile of the Calcofluor white-treated
cells.
The functional categories of genes that are, in the majority, downregulated, are (a) the group
of genes involved in ribosomal biogenesis, which are mostly ribosomal protein (RP) genes,
and (b) the group of genes involved in rRNA transcription and processing. The highly significant Z-scores (Table 2) of the functional group of ribosomal biogenesis reveals the strength of
this kind of analysis, as genes repressed based on cut-offs only revealed downregulation of
three RP genes (data not shown). Downregulation of RP genes is often associated with reduction of growth. Although the mild treatments of both Calcofluor white and Zymolyase did not
affect growth in these experiments (data not shown), it cannot be ruled out that the downregulation of ribosomal gene expression is predictive of later growth inhibition. Interestingly, Li et
al. [140] showed that regulation of RP genes is part of the cell wall integrity pathway, dependent on PKC1 but not dependent on SLT2. Finally, the functional group of genes involved in nucleotide metabolism was downregulated in the Zymolyase experiment, and possible also in
the CFW experiment, whereas a subcategory, the group of genes involved in purine ribonucleotide metabolism, was downregulated in the CFW experiment.

Detection of promoter elements by correlation with gene expression

In an attempt to identify regulatory elements that affected gene expression in our experiments,
we used the program REDUCE, which correlates the expression ratios obtained by global transcript analysis with the presence of sequence motifs in the promoter regions of all genes [88].
REDUCE is very powerful in discovering putative regulatory elements. In addition, we used a
database of previously identified motifs as input in REDUCE. The results of the REDUCE analysis are shown in Table 3.
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Regulatory motifs that were positively correlated with expression in both CFW and Zymolyase
gene expression profiles could be separated into four different groups:

1. The Rlm1p regulatory binding site, TA(W)4TAG or CTA(W)4TAG. The latter motif was initially
identified as the Rlm1p regulatory binding site [48], but later it was shown that a truncated version of this motif, TA(W4)TAG, was also capable of regulating genes involved in cell wall function.
2. The STRE element, AGGGG or its reverse complement CCCCT. The STRE elements are
known to be bound by the transcription factors Msn2p and Msn4p, and thought to be involved
in the general stress response [53].

3. The putative binding site CCC(N)10GGC. This motif was absent in the motif database SCPD
(http://cgsigma.cshl.org/jian/) and could thus represent a new regulatory sequence. We used
the program FUNSPEC (Robinson, [2002]; http://funspec.med.utoronto.ca/) to test whether
the genes sharing this motif are enriched for listed functional categories. When we used a pvalue cut-off <0.01 and applied the Bonferroni correction, no enrichment of the listed categories was observed.
4. Interestingly, REDUCE analysis of the Zymolyase expression profile revealed the putative
regulatory sequence, ATGACGT. This motif is identified in the motif database SCPD as the
ATF/CREB site, which is regulated by the Sko1p transcription factor. Interestingly, with REDUCE a similar motif (TATGACG), which might also reflect the ATF/CRE site, was found in the
gene expression profiles obtained after sorbitol treatment [40]. The latter motif is also significantly detected in the Zymolyase gene expression profile. Sko1p acts downstream of the high
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osmolarity MAP kinase pathway [53]. This might point to the involvement of the high osmolarity MAP kinase pathway upon cell wall perturbation, although the MAP kinase Hog1p is not
phosphorylated under these conditions (data not shown).
Negatively correlated motifs could be separated into two groups:

1. The PAC motif, CGATGAG, and the mRRPE motif, AAAATTT, play a role in the regulation
of rRNA transcription genes [141].

2. The Rap1p regulatory motif, CCRTACA. Most of the genes with these motifs are involved in
ribosomal biogenesis.

Comparison with the transcription profiles of constitutively active mutants of
PKC1 and RHO1

As both REDUCE and Quontology allow analysis of single expression profiles, we compared
gene expression profiles of constitutively active regulators of the cell wall integrity pathway to
the CFW and Zymolyase profiles. Roberts et al. [134] used global transcript analysis to study
the biological responses associated with the activation and perturbation of signal transduction
pathways. Overexpression of two constitutively active mutants of the cell integrity pathway
were used in this study, viz. Pkc1-R398A [142] and Rho1-Q68H [143]. Tables 2 and 3 show the
Quontology and REDUCE results, respectively, of these mutants.
These results show remarkable similarities between the transcription profiles of the two mutants
and the profiles of the Calcofluor white and Zymolyase treatments. Quontology analysis reveals general upregulation of the genes from the functional groups of stress response, cell
wall function (although less significant in the Rho1-Q68H mutant) and osmosensing, and general downregulation of the genes from the functional group of ribosomal biogenesis (Table 2).
In addition, the expression of genes with an Rlm1 motif, the STRE elements, the mRRPE and
PAC element (although not significant in the Pkc1-R398A profile) and the Rap1p motif show a
behaviour similar to that in the CFW and Zymolyase profiles (Table 3).

Differences are seen in the genes from the group of unclassified proteins, which are generally
upregulated, and the genes from the group of mitochondrial genes, which are generally downregulated in both the Pkc1-R398A and Rho1-Q68H expression profiles. The group of DNA recombination and DNA repair is only upregulated in the Pkc1-R398A expression profile (Table
2).
Finally, REDUCE analysis revealed two regulatory motifs in the Rho1-Q68H profile (Table 3);
first, the motif sequence, TCTAGAA, which represents the heat-shock element, and second,
the motif AGCCWC, which is the regulatory site for the calcineurin-dependent transcription
factor Crz1p. The heat shock motif is also found in the Pkc1-R398A profile, although just below
the border of significance.
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Improved prediction of the Rlm1p regulatory sequence

Table 3 reveals that the Rlm1p regulatory element, in terms of Z-scores, shows on average the
strongest response in all four profiles analysed. The regulatory element CTA(W)4TAG, is described by Dodou and Treisman [50] as the consensus sequence for the Rlm1p transcription
factor. Later, Jung and Levin [48] and Terashima et al. [144] found that the binding site
TA(W)4TAG was enough for regulation by Rlm1p. We improved the Rlm1p regulatory site using
REDUCE. For this we tested a series of variations of the Rlm1p motif and used the Z-scores
as a measure of their biological effectiveness. Table 4 shows the results of this analysis.

Except for the Zymolyase experiment, the Z-scores of the regulatory motif CTA(W)4TAG can
be significant improved by removal of the first C, which is in agreement with the finding of Jung
and Levin [48] and Terashima et al. [144]. This motif, TA(W)4TAG, can in turn be improved by
addition of a M (A or C) at the 3 end of the motif sequence in all experiments. Addition of an H
(A, C or T) at the 5 end of the sequence motif resulted in only a slight improvement of the Zscores of the CFW and Zymolyase experiments. Therefore the sequence motif TA(W)4TAGM
gives the best overall improvement of the Z-score in all experiments. In Table 1, the 14 ORFs
regulated by Rlm1p, as identified by Jung and Levin [48], are marked with an arrow. From
these 14 ORFs, seven contain the original CTA(W)4TAG motif in the 600 bp upstream region.
The motif TA(W)4TAG is shared by 12 ORFs, whereas the motif TA(W)4TAGM is shared by 11
ORFs. Importantly, the group of genes sharing the motif TA(W)4TAGM is about 45% smaller
than the group of genes with the motif TA(W)4TAG, and is thus considerably enriched with
known Rlm1-dependent genes. We propose that this motif can be used in combination with REDUCE on-line [106] (http://bussemaker.bio.columbia.edu/reduce/) to analyse other expression
data as a sensitive indicator of cell wall stress.
Stimulation of stress-activated signal-transduction pathways invariably leads to changes in the
transcriptional pattern of the cell and results in the activation of genes involved in stress protection [40, 109]. Interestingly, a stress response can be generally divided into a stress-specific response and a more general response, designated the environmental stress response
(ESR), which includes upregulation of STRE-driven genes and downregulation of genes that
are involved in rRNA transcription [40, 41]. We have investigated the transcriptional response
of yeast cells exposed to low levels of cell wall stress that did not significantly affect growth.
Both Calcofluor white, which binds to chitin and interferes with normal cell wall construction
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[145], and Zymolyase, a cell wall-degrading enzyme preparation, were used for this purpose.
Although the treatments were mild and growth was not significantly affected, both treatments
resulted in increased resistance of intact cells to ß1,3 glucanase digestion.
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Despite their different modes of action, the transcriptional reprogramming that occurred in response to Calcofluor white and Zymolyase was remarkably similar. Analysis of the transcriptional data with Quontology and REDUCE [88] basically revealed the following:

1. Upregulation of genes involved in cell wall functioning. This is seen both with Quontology
analysis, which shows significant upregulation of genes from the functional group of cell wall
functioning and with REDUCE analysis, which shows upregulation of genes sharing a Rlm1
promoter site in their upstream sequences. This most likely reflects the response upon cell
wall stress in order to counteract the weakened cell wall.
2. The ESR, as revealed by upregulation of STRE-driven genes, which are involved in stress
protection, and downregulation of genes with a PAC or a mRRPE element, which are involved
in rRNA transcription and rRNA processing.

3. Downregulation of genes involved in ribosomal biogenesis either by sharing a RAP1 element
or downregulation of the genes of the functional category of ribosomal biogenesis.

4. Upregulation of osmosensing genes and genes involved in budding, cell polarity and filament
formation.
5. Upregulation of genes sharing the motif CCC(N) 10GGC in their upstream sequences. When
genes sharing this motif were tested by the program FUNSPEC [79], no enrichment of genes
in functional groups was observed. This could be explained in two ways: either the motif is a
false positive, or the motif represents an authentic regulatory element, but it is shared by genes
from various functional groups. Possibly, the current definitions of functional groups are not
sufficiently specific.

Differences in transcriptional response of the CFW and Zymolyase treatments are seen in the
upregulation of genes involved in proteolytic degradation and the cytoskeleton, which are significantly detected in the CFW expression profile only. Interestingly, REDUCE results reveal a
putative regulatory motif (ATGACGT) in the Zymolyase transcription profile that is highly similar to a regulatory sequence (TATGACG), which has been found with REDUCE (data not
shown) in osmotic stress-induced transcript profiles [40]. Both motifs resemble the ATF/CREB
binding site, which is repressed by the Sko1p transcription factor. Sko1p is a downstream regulator of the high-osmolarity pathway (see below for further discussion).

We compared the expression profiles of cells in which either Pkc1-R398A or Rho1-Q68H were
expressed, two constitutive activators of the cell wall integrity pathway to those of the cell wall
perturbation experiments. Similar responses were seen in the upregulation of genes involved
in cell wall functioning, general stress response (ESR), and ribosomal biogenesis. Interestingly, the osmosensing genes - a group of 16 genes as defined by MIPS [146] - are also upregulated (Table 2). This result, combined with a similar observation in the CFW and Zymolyase
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treatments, points to the involvement of the high-osmolarity pathway in case of cell wall stress.
Two observations support the possible involvement of the high-osmolarity pathway:

1. Upregulation of the osmosensing genes. Especially in the expression profile of the Pkc1R398A mutant, almost all components of the Hog1p MAP kinase pathway, including HOG1 itself, are highly upregulated.
2. Identification of the putative Sko1p binding sequence, ATGACGT, which closely resembles
the motif TATGACG, which is found in osmotic stress-induced transcript profiles.

Regulation of the high-osmolarity MAP kinase pathway in parallel to the activation of the cell
wall integrity pathway might seem counterintuitive. Both signal-transduction pathways allow
yeast cells to adapt to changes in the osmolarity of their surrounding medium by regulating the
activity of the MAP kinase Hog1 and Slt2, respectively [147]. Hog1 is activated in response to
an increase in osmolarity (hyperosmotic stress), which results in increased glycerol synthesis,
the osmolyte in yeast, and minimizes loss of water and shrinking of the cells. Although Hog1dependent induction of STRE-controlled gene expression is partially independent of
Msn2/Msn4 [36], most Msn2/Msn4-dependent genes also depend on Hog1 for osmoregulated
expression [148]. In contrast to hyperosmotic shock, a sudden decrease in osmolarity (hypoosmotic shock) leads to an influx of water into the cells and results in glycerol being released
from the cells [149]. Recently the function of four protein phosphatases has been elucidated,
the protein-tyrosine phosphatases, Ptp2 and Ptp3, and the dual specificity phosphatases Msg5
and Sdp1 [150]. Tyrosine phospatase, PTP2, in particular has an interesting role. Ptp2p has
affinity for both Slt2p and Hog1p [151] and it can prevent hyperphosphorylation of Hog1p.
Ptp2p has been shown to be, at least partially, under control of the Rlm1p transcription factor,
but not of Msn2p/Msn4p [48, 150]. Interestingly, in all four expression profiles the PTP2 transcript is upregulated. These results suggest a tight control of parallel induction of both the cell
wall integrity pathway and the HOG pathway. Possibly, Ptp2 could counteract small fluctuations
in osmolarity in this way.

Analysis of the Rho1-Q68H mutant revealed two additional motifs, which positively correlate
with gene expression: first, the heat shock element (HSE); and second, the regulatory element
AGCCWC, which resembles the binding site of Crz1p, a transcription factor controlled by the
calcineurin pathway. This element was also found with high significance under conditions of calcium stress [46]. Interestingly, in a recent study of the expression profiles of five cell wall-defective mutants, Lagorce et al. [120] proposed, in addition to induction of Rlm1-regulated genes,
the involvement of the Crz1 transcription factor. In a cluster of 80 genes, which are induced in
all five mutants, they show overrepresentation of the Crz1 bindingsite (AGCCTC). This motif
was not detected by REDUCE in the cell wall-perturbant profiles. We analysed two expression
profiles, obtained with two strains deleted for GAS1 and FKS1, respectively, two genes with crucial cell wall functions from the Rosetta compendium dataset [59]. In both expression profiles,
Crz1 regulatory sites were identified in addition to the Rlm1 binding site (data not shown), confirming the findings by Lagorce and co-workers. The absence of these motifs in the expression
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profiles of CFW and Zymolyase could be caused by dose effects. Both cell wall perturbation
treatments were mild and cell growth was not affected. Another explanation could be time dependency of the response: the chosen time point (2 h in this study) might be too early or too
late to detect this response. Of course, it cannot be excluded that an additional pathway, in addition to the Slt2-Pkc1 pathway, is activated. The Crz1 binding sequence was only found significantly in the transcription profile of the Rho1-Q68H mutant and not in the Pkc1-R398A
mutant profile. This might suggest activation of the calcineurin pathway via Rho1p. Finally, we
used REDUCE to improve the Rlm1 regulatory binding site. The improved motif TA(W)4TAGM,
can be used in combination with REDUCE as a rapid and sensitive indicator for cell wall stress,
independent of the type of microarray. When we tested this motif using the microarray data of
the five cell wall mutants studied by Lagorce et al. [120], indeed in all cases use of the improved motif resulted in a significant Z-score. Furthermore, our motif consistently resulted in
higher Z-scores than the original motifs (data not shown). The motif is present in the upstream
region of 369 ORFs as detected in the Zymolyase and Calcofluor white gene expression profiles. On the other hand, Jung and Levin [48], could only find about 20 Rlm1p-dependent genes.
Possible explanations for this apparent discrepancy are: (a) some DNA regions may not be accessible to Rlm1p due to higher order DNA organization; (b) competing transcription factors
may exist; (c) the context around the sequence motif might affect the binding of Rlm1p; and (d)
the distance of the motif to the transcriptional initiation site probably also affects transcriptional
control by Rlm1p.
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Abstract

A key goal of systems biology is to understand how mRNA expression levels relate to activities of transcription factors (TFs). We recently introduced a statistical method, T-profiler, that
scores differential expression at the level of predefined gene sets. Here, we validate experimentally that modulation of TF activity can be inferred by using T-profiler with a collection of
“regulons” comprised of the putative targets of various transcription factors (TF) as gene sets.
We describe a database (http://www.science.uva.nl/~boorsma/T-base-test/) that quantifies the
modulation of TF activity across a large number of conditions in the yeast S. cerevisiae, thus
facilitating the pathway-centric analysis of regulatory networks. We present evidence that the
PAC and rRPE motifs, which antagonize TBP-dependent regulation, function as core promoter
elements interacting with the factor NC2. Furthermore, we uncover relationships between regulatory pathways by organizing all TFs into a “co-modulation network” based on correlations
between their inferred activity profiles across conditions. Our approach applies to any organism for which expression data and information about putative TF targets is available.
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Introduction

Infering transcription factor co-modulation networks

A decade ago, simultaneous measurement of the transcript level of all genes in a genome
using DNA microarrays became technically feasible [21, 22]. Since then, a large amount of
data from such experiments has been accumulated in public repositories [92, 152]. More recently, the marriage of chromatin-immunoprecipitation and microarray technology (“ChIP-chip”)
[41, 153] has made it possible to measure the genomewide profile of in vivo binding by transcription factors (TFs) [62, 154]. Methods for measuring in vitro TF-DNA binding affinities have
also been developed [155-157].

The rate at which individual genes are transcribed is controlled by DNA-binding transcription
factors (TFs) binding to their upstream promoter regions. Knowing the target specificity of
each TF, and quantifying how TF activity is modulated by signaling pathways, is therefore crucial for understanding regulatory network function. It is widely recognized that TF activity is
often regulated post-translationally, for instance, through translocation between nucleus and cytoplasm. Since it is challenging to measure such changes directly, network inference algorithms often resort to using the mRNA expression level of TFs as a convenient proxy [158,
159]. However, as several studies have shown, it is possible to infer modulation of the “hidden”
activity of a TF from the genomewide changes in mRNA expression, by using either motif analysis of upstream promoter sequences [88, 160] or ChIP-chip data [161, 162] to estimate the
connectivity between a TF and its target genes. For a review, see [91].

We recently developed T-profiler [83], a microarray data analysis method that scores differential expression of predefined gene sets using the two-sample t-test. T-profiler is closely related
to Quontology [81] and PAGE [82], and conceptually simpler than Gene Set Enrichment Analysis [86]. When used with Gene Ontology categories [100], T-profiler has two important advantages over methods that score for enrichment using the hypergeometric distribution [163]: (i)
the average expression of a gene set is much more robust than that of individual genes, and
(ii) there is no need to impose a threshold on the expression level of individual genes [91]. Another advantage of representing a single expression profile by a relatively small set of statistically robust t-values, which are invariant under additive and multiplicative normalization of the
input data, is that it allows for easy comparison between different experiments and laboratories, even across different array platforms.

In this paper, we explore the utility of T-profiler as a simple and practical alternative method for
inferring condition-specific modulation of “hidden” TF activity. Rather than treating TF-target
connectivity as a quantitative parameter, we treat it as binary, and only require the definition of
a set of putative targets or “regulon” for each TF, defined based either on (i) upstream matches
to a consensus motif or (ii) the results of a ChIP-chip experiment. We validate experimentally
that T-profiler can detect the modulation of TF activity with sufficient sensitivity and specificity.
We describe a database, named T-base, which contains t-scores of all predefined gene sets
for all experiments in a large compendium of expression data for the yeast S. cerevisiae.
Querying T-base allows one to determine which TFs are modulated in a given experiment, or
conversely, by which environmental conditions a given TF is modulated. We illustrate the util71
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ity of our resource by reporting several discoveries regarding transcriptional network function.
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T-profiler. T-profiler is described in [83]. In short:

For a given gene group G, the t-value is given by the following formula:
where

Here mG is the mean expression log-ratio of the NG genes in gene group G; mGʼ is the mean
expression log-ratio of the remaining NGʼ genes; and s is the pooled standard deviation, as obtained from the estimated variances for groups G and Gʼ. The associated two-tailed p-value can
be calculated from t using the t-distribution with N-2 degrees of freedom. We accounted for multiple testing by computing an E-value equal to the p-value multiplied by the number of gene
groups. All groups with a corrected E-value of 0.05 or smaller are considered to be significantly
regulated. To reduce the influence of outliers, which may result in false positives or false negatives, we routinely discard the highest and lowest expression value in each gene group.
Motif-based gene groups. Motif-based groups are defined as groups of genes with a match
to a particular consensus motif within 600 base pairs upstream of the ORF [104], allowing no
overlap between neighboring ORFs. The consensus motifs used in T-profiler [83] are derived
from three different sources. First, motifs were extracted from the SCPD database
(http://rulai.cshl.edu/SCPD/). Next, motifs were found by comparing the genome sequence of
highly related yeast species [66, 107, 164]. Finally, motifs discovered in various microarray experiments by the REDUCE algorithm [88, 106] were added. Most of these motifs are similar or
identical to motifs described in the literature. In total, 153 motif groups have been included in
T-profiler calculations.

Gene groups based on transcription factor occupancy data. We used the transcription
factor occupancy (TFO) data, obtained by Harbison et al. ([62]) using ChIP-chip analysis, as
input in T-profiler. This data set contains ChIP-chip results of 203 transcription factors from experiments performed in rich medium (YPD). In addition, 84 of these transcription factors were
also measured in at least 1 of 12 other environmental conditions. A gene was considered to be
part of a TFO group if the p-value reported by the authors was smaller than 0.001. In addition,
TFO groups were required to have at least 7 gene members. This resulted in 252 TFO groups
that were used for T-profiler analysis.

Expression library of transcription profiles. Our expression library of transcription profiles
contains data of 936 hybridization experiments carried out with S. cerevisiae from 19 publica73
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tions. This expression library contains data from different DNA-array platforms such as Genefilter, Affymetrix, and spotted slides, and includes experiments with gene deletion strains, synchronized cells for cell cycle analysis, sporulating cells, and cells subjected to various physical
and chemical stresses. The expression library has been analyzed using T-profiler and the data
have been uploaded to a database named T-base, which can be found at (http://www.science.uva.nl/~boorsma/T-base-test/)

Correlation analysis. To quantify the extent to which a gene group follows the average be-

havior of another gene group, we computed the Pearson correlation r between the t-values of
the gene groups across all hybridizations expression library. For each value of r, the test statistic
was used to obtain a two-tailed p-value using the t-distribution with G-2 de
grees of freedom, where G is the number of genes. We only used gene
groups that had significant t-values in at least 5 experiments.

Fluorescence microscopy

Strains: GFP-fused strains, YNL027W (GFP-Crz1p) and YMR037C (GFP-Msn2p) were from
Invitrogen. Strain background: EY0986 ATCC 201388: MATa his3Δ1 leu2Δ0 met15Δ0 ura3Δ0
(S288C).
Medium and growth conditions: YPD (1% yeast extract, 2% Bactopeptone, 2% glucose)
was used. YPD containing either 0.4 M CaCl2 or 5 mM dithiothreitol (DTT; Boehringer, Manheim) was mixed with an equal volume of YPD to achieve a final concentration of 0.2 M CaCl2
or 2.5 mM DTT. YPD containing 0.4 M CaCl2 was buffered to pH 5.0 with 7.5 mM succinate to
prevent precipitation of CaPO4. Cultures were grown at 30oC and shaken at 250-300 rpm. The
culture volume did not exceed 25% of the flask capacity. Cultures were grown to an OD of 0.5
before mixing with equal volumes of either CaCl2 or DTT. For CaCl2-treated cells, samples
were taken at 0, 5, 15, 30, and 60 minutes, and for DTT-treated cells, samples were taken at
0, 5, 15, 30, 45, 60, 90, 120, and 180 minutes. For both stress conditions, the experiments
from the original papers were repeated (CaCl2 [46], DTT [40].
Cell Fixation and Microscopy: 875 µl of culture were combined with 16% EM grade
paraformaldehyde to a final concentration of 2% w/v and mixed for 15 minutes at 25oC. The
cells were spun down for 2 minutes. The cell pellet was resuspended and washed in 1 ml of a
0.1 M KPi (pH=7.5)/1 M sorbitol buffer. Finally, the pellet was resuspended in 50 µl of this buffer
and stored at 4oC until use.Three µl of cell suspension were mounted on a glass slide under a
coverslip. Microscopic imaging was performed using a CoolSnap fx cooled CCD camera,
mounted on an Olympus BX60 fluorescence microscope (Olympus, Tokyo, Japan) using a
phase-contrast 100× oil-immersion objective with NA = 1.3 (UPlan Fl). Fluorescence was excited with a 100 W mercury lamp; for GFP-pictures a U-MNB narrow-band cube (excitation
470–490 nm; emission >515 nm) was used. For DAPI-stained cells, 4′,6-diamidino-2phenylindole dihydrochloride hydrate (DAPI) was added to a final concentration of 0.5 µg/ml.
For DAPI pictures, a U-MWU wide-band cube (excitation 330–385 nm; emission >420 nm)
was used.
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Results

Creating a database of inferred TF activities

We used T-profiler [83] to create T-base, a database of t-values that quantify the change in
mean expression for a large number of predefined gene sets across a large number of experimental conditions (Figure 1a). For genes sets, we used both “motif-based” regulons, defined
based on matches to specific consensus motifs in their 600-base pair upstream regions, and
“ChIP-based” regulons, defined based on measurements of promoter occupancy in different
conditions by Harbison et al. [62]. We analyzed a wide variety of experiments, including cell
cycle [58], various stress response time courses [40], and a collection of gene deletion and
gene suppression experiments [59, 165]. The full results are available at http://www.science.uva.nl/~boorsma/T-base-test/. While not discussed in what follows, T-base also contains
the results of the expression library analyzed with gene groups based on Gene Ontology (GO)
categories [100].

Figure 1 T-base. T-profiler [83] was used to convert each genomewide mRNA expression profile to a set
of t-values that quantify the change in regulatory activity for each TF for which a set of putative targets

(“regulon”)

was

available.

The

result

http://www.science.uva.nl/~boorsma/T-base-test/

was

stored

in

a

database

available

at

Validation of inferred condition-specific TF activity regulation

We first tested the ability of T-profiler to infer changes in TF activity by analyzing experiments
in which a transcription factor-encoding gene was either deleted or over-expressed. Yap1p activates genes involved in the response to oxidative stress, while Rox1p represses genes upon
oxygen limitation. We monitored the t-values of the ChIP-based Yap1p regulon (72 genes) and
the motif-based (YCTATTGTT) Rox1p regulon (95 genes); see Figure 1b. In a YAP1 deletion
strain, significant down-regulation (t-value = -4.0; E-value=0.015) of the Yap1 regulon is observed, while over-expression of YAP1 results in its upregulation (t-value = 5.6; E-value = 6*106
). Conversely, deletion of the repressor gene ROX1 results in upregulation of the Rox1p
regulon, while overexpression of ROX1 causes downregulation. The specificity of our method
is demonstrated by the lack of a Yap1 gene set response in H2O2-stressed Δyap1 cells.
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Figure 2 Validation of the inferred TF activities Change in regulatory activity of the activator Yap1p and
the repressor Rox1p when the corresponding factors are deleted or overexpressed, as inferred by T-pro-

filer. The t-values for Yap1 are based on the ChIP-based regulon (rich medium), while for Rox1 a motif-

based (YCTATTGTT) regulon was used. As expected, a Yap1 regulon response is observed for wild-type
cells stressed using H2O2, but not for Dyap1 cells in the same condition. More information (size/members) about the regulons can be found at www.science.uva.nl/~boorsma/t-base-test .

The predicted activity of Crz1p and Msn2p corresponds with their translocation to the nucleus

We validated predictions concerning the timing of the transcriptional response of the gene sets
controlled by the calcineurin-controlled transcription factor Crz1p and by the general stress activator Msn2p, under two different stress conditions. Figure 3a shows the activity of the Crz1
motif (GAGGCT) gene group in response to CaCl2 [46] and dithiothreitol (DTT) [40]. During
both CaCl2- and DTT-induced stress, the Crz1 motif-based gene group is activated, but upon
CaCl2 stress an immediate response (within 5 minutes) is seen, whereas upon DTT stress the
response is considerably delayed. Addition of CaCl2 to the growth medium increases the concentration of cytosolic Ca2+ and activates calcineurin, which then dephosphorylates the transcription factor Crz1p. This enables Crz1p to translocate to the nucleus, where it activates its
target genes [166]. We made use of a GFP-tagged Crz1 protein (Materials & Methods) to validate our predictions about the activity of Crz1p during CaCl2 and DTT stress. We reproduced
the CaCl2 and DTT stress experiments as described in the original papers [40, 46]. The subcellular location of Crz1p was monitored by fluorescence microscopy (Materials and Methods).
Upon CaCl2 stress, Crz1p moves to the nucleus within 5 minutes and stays there during the
remainder of the time course (Figure 3b). In cells treated with DTT, the first cells with nuclear
Crz1p appear only after 30 minutes. In both cases the measured responses correspond with
the computational predictions of Figure 3a. Besides Crz1p, we also measured the sub-cellular localization of an Msn2-GFP fusion protein for both CaCl2 and DTT stress. In CaCl2
stressed cells, Msn2p is translocated to the nucleus within 5 minutes. During DTT stress the
first nuclear located Msn2-GFP proteins appear at the 60 minute timepoint. Again in both cases
the inferred activation of the Msn2 regulon (STRE motif - AGGGG) corresponded with translocation to the nucleus (data not shown).
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Figure 3 Timing of the activation of Crz1p corresponds with translocation of Crz1p to the nu-

cleus. (a) Timing of the activation of the Crz1p motif-based gene set during CaCl2 [46] and DTT [40]

stress. Note that the t-value for each time point is derived from a distinct genome-wide expression pro-

file. (b) Cellular localization of Crz1p during CaCl2 (upper panel) and DTT stress (lower panel) as-

sayed using fluorescence microscopy. The small bright spots in the cells are the nuclei, to which

GFP-tagged Crz1p has translocated. More information (size/members) about the gene sets can be
found at www.science.uva.nl/~boorsma/t-base-test .

Condition-specific activity of the Hac1 gene group

DTT-stressed cells have to cope with reductive stress resulting in accumulation of misfolded
proteins in the endoplasmic reticulum [167]. This leads to the activation of the unfolded protein
response, governed by the transcription factor Hac1p [168]. Figure 4a shows that the Hac1pmediated response is independent of the Crz1p response and therefore does not occur during CaCl2 stress. Next, we queried T-base to find experiments that show a significant t-value
77

Chapter 4

for the Hac1 TFO-based gene group. By ranking all experiments according to the t-value of the
Hac1p gene group, we found that the Hac1p gene group is specifically activated in expression
profiles from DTT-stressed cells or in cells in which certain essential genes have been partially
suppressed [165] (Figure 4b). According to Saccharomyces Genome Database (SGD), GPI2
and GWT2 function in GPI-anchor biosynthesis, whereas GPI16 and GAB1 are involved in
transferring pre-assembled GPI-anchors to a specific class of secretory proteins, called GPIproteins. When these processes do not function properly, defective GPI-proteins accumulate
in the ER. Finally, PGA1 codes for a protein that localizes to the nuclear periphery, a subregion
of the ER. When its activity is repressed, maturation of the GPI-protein Gas1p and of Pho8p,
which also follows the secretory pathway, is affected [169], probably resulting in their accumulation in the ER. In other words, activation of the Hac1 regulon seems to occur specifically
when defective proteins accumulate in the ER.

Figure 4 Condition-specific activity of the Hac1 regulon (a) Transcriptional response of the Hac1p

Transcription Factor Occupancy (TFO) gene group during DTT [40] and CaCl2 [46] stress. (b) Condi-

tion-specific activation of the Hac1p (TFO) gene group. The top ten expression profiles (out of 936)
ranked by their t-values from T-base are shown. These expression profiles are either from DTT-

stressed [40] cells or from cells with a partially suppressed essential gene under control by the TETpromoter [165].
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PAC and rRPE may serve as NC2-dependent core promoter elements

Besides the specific response of the Hac1p gene set to DTT stress, a general transcriptional
program known as the Environmental Stress Response (ESR) is triggered [40]. Motifs associated with the ESR include the stress-response element (STRE) motif (AGGGG/CCCCT), which
is bound by the transcription factor Msn2p [36], PAC (CGATGAG), and rRPE (AAAATTT),
which is associated with genes required for rapid growth [44, 40 ]. Figure 5a shows activity profiles for the corresponding gene sets during DTT stress. Further analysis of the activity profiles
of the ESR motifs represented in T-base shows that the antagonism between STRE and
PAC/rRPE observed during DTT stress holds over a wide range of cellular states (Figure 5b,c).
The TATA-box gene set (TATAWAWR) correlates strongly positively with STRE (r = 0.80), consistent with recent observations by Basehoar et al. [30] who showed that TATA-box containing
genes are activated in response to various stresses.

The strongly coupled, but opposing transcriptional behavior of the STRE/TBP and PAC/rRPE
gene sets across many conditions suggests a mechanistic relationship. Currently, it is not
known which gene specific transcription factors bind to the PAC and rRPE elements. Similar
to the TATA-Box binding Protein (TBP) motif, the PAC and rRPE elements are predominantly
found in the first 150 bp upstream from the translational start site [170]. Promoter regions of
genes containing PAC and rRPE elements are generally TATA box-less. Beer and Tavazoie
[170] found that PAC and rRPE elements correlate with expression only when the PAC element
is located downstream of the rRPE element. Similar motif characteristics have been described
for regulatory sequences in Drosophila named DPE (Downstream core Promoter Element),
which serve as core promoter elements [171]. The DPE is bound by NC2, a bi-functional general transcription factor that differentially regulates gene transcription through DPE or TATA-box
motifs [172]. NC2 is a heterodimer of two histone-fold subunits. In S. cerevisiae, the α-NC2 subunit consists of Bur6p and Ydr1p and the β-NC2 subunit consist of Ncb2p. Figure 5d shows
that expression profiles of bur6Δ [173] cells show strong induction of the TBP (TATAWAWR)
(t-value=12.3) and STRE (AGGGG) gene sets (t-value=10.8) and strong repression of PAC
(CGATGAG) and rRPE (AAAATTT) gene sets (t-values=-7.9 and -11.2, respectively). While
the expression profile of a TBP mutant (F182V; [174]) that is unable to bind NC2 shows similar behavior, TBP mutants that are unable to dimerize show an opposite pattern. Together,
these observations suggest that the PAC and rRPE sequences might function as core promoter elements with similar properties as DPE, and that S. cerevisiae NC2 plays a similar role
as in Drosophila, where it activates DPE-driven promoters and represses TATA-box driven promoters [172].
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Figure 5 Motif-based dissection of the Environmental Stress Response. (a) Transcriptional response
during DTT stress [40] of four regulons based on motifs (see text) associated with the Environmental
Stress Response (ESR). (b) Scatter plot of the t-values from T-base (936 experiments) for the STRE versus the PAC regulon, showing a strong negative correlation (r = -0.85). (c) Strongly coupled antagonism
between STRE/TBP and PAC/rRPE motifs. Shown are Pearson correlation coefficients for all pairwise
comparisons of the t-value profiles for the four motifs. All r-values correspond to an E-value < 10-14. (d)
Evidence for interaction between PAC/rRPE and the factor NC2. Shown is the response of the four motifbased regulons to mutations of components of NC2 (bur6Δ and F182V (F182V is actually a TBP mutant
that is unable to bind NC2) and TBP (V71E and N69R).

Comparison between the transcription factor activity profiles based on gene
groups and mRNA levels

The activity of motif- and TFO-based gene groups expressed in t-values may be regarded as
a proxy for the activity of transcription factors. In other studies of gene regulatory networks, the
activity of transcription factors is often inferred from their mRNA expression levels [74, 175,
176]. However, the activity of many transcription factors is also strongly regulated on a posttranscriptional level, for example, through (de)phosphorylation and translocation from the cytosol to the nucleus and back rather than changes in transcript level. For example, the
activation of Crz1p (figure 3) is regulated by translocation to the nucleus; indeed no correlation is found between the differential mRNA levels and the gene group level of the TF Crz1p (r
= 0.08) over all expression profiles (figure 6a). The best correlation that is found between
regulation on mRNA level and gene group level is that of Hap4 (0.47) (figure 6b).
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Figure 6 Correlation between transcription factors based on their individual mRNA levels and on
the t-values of the corresponding gene groups. Scatter plots Pair-wise Pearson correlation between

the differential mRNA levels (z-score) and the gene group levels (t-values) of (a) CRZ1 (no correlation r

= 0.03) and (b) HAP4 (correlation r = 0.47). (c) Scatter plots Pair-wise Pearson correlation between the
differential mRNA levels (z-score) of STB1 and MBP1. (d) Scatter plots Pair-wise Pearson correlation be-

tween the gene group levels (t-values) of STB1 and MBP1. (e) Scatter plot of the pair-wise Pearson cor-

relation between t-values of TFO-based (only YPD condition) gene groups (x-axis) versus pair-wise

Pearson correlation between log2-expression ratios of the genes coding for the corresponding transcription factors (y-axis). The t-values of TFO-based gene groups were used, because they generally
show a stronger correlation than motif-based gene groups. The example that is highlighted are the tran-

scription factors Mbp1p and Stb1p that show poor correlation on the mRNA level (r=0.03) (see figure 6c)

but strong correlation only on the gene group level (r=0.75) (see figure 6d).
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For each TF, the activity profile over roughly a thousand conditions, as inferred by T-profiler and
stored in T-base, represents a highly specific regulatory signature. It is unlikely for two activity
profiles to be similar, unless (i) they are derived from strongly overlapping regulons, or (ii) the
corresponding TFs are modulated by related signaling networks. The latter suggests a novel
approach to organizing the TFs into a network based on co-modulation of their post-translational activity. To motivate this, consider the cell cycle regulators Stb1p and Mbp1p. The correlation between their mRNA expression values (r=0.03) over all conditions in T-base is not
statistically significant. However, the t-values scoring the differential expression of the ChIPbased regulons for Mbp1p (188 genes) and Stb1p (63 genes) are highly correlated (r=0.75);
even when the 23 genes that occur in both regulons are excluded, the correlation remains high
(r=0.54). These results indicate that implicit information about the connectivity between signal
transduction pathways and transcription factors can be obtained by comparing the activity profiles of TFs.

Finally, we plotted the pair-wise Pearson correlation between the t-values of TFO gene groups
versus the correlation coefficient between z-ratios of the mRNA levels. Figure 6e shows that
the correlations derived from the t-profiles of two TFO gene groups generally show a stronger
correlation and are therefore a more sensitive measure for the co-modulation of the corresponding transcription factors than correlation based on the mRNA expression log-ratios of
the same factors.

Organizing TFs into “co-modulation networks” based on their activity profile

Starting from ChIP-based activity profiles for a large number of TFs, and drawing connections
between pairs of TFs only when the correlation between their activities exceeded a stringent
threshold (r>0.5), we organized all TFs into a “co-modulation network” consisting of eight disjoint sub-networks (Figure 7).
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In agreement with the findings by Luscombe et al. [175], the cell-cycle sub-network and the
pheromone response sub-network are found to be separated from the other sub-networks (Figure 7, blue and green dots), whereas the oxidative – heat stress sub-network takes a central
position (Figure 7, red dots). The most highly connected transcription factors are Msn4p (with
21 interactions) and Msn2p, Gcn4p, and Skn7p (each with 20 interactions). These transcription factors might represent central regulators. Within the oxidative-heat stress sub-network
(Figure 8a) there is a separation between transcription factors involved in oxidative stress
(Yap1p, Yap7p and Cad1p) and heat stress (Hsf1p). The sub-network also contains Skn7p
that previously has been described as being involved in oxidative, heat and osmotic stress
[177].
The sub-network shown in Figure 8b reveals the co-modulation of Rap1p, Sfp1p and Fhl1p,
known to control the expression of ribosomal protein genes, and Hir1p, Hir2p, and Hir3p,
which are co-repressors involved in the cell-cycle-regulated transcription of histone genes.
While ribosome biogenesis has been linked to cell division via Sfp1p [178], the parallel activation of the Hir regulon detected by our co-modulation approach provides additional clues
about the coupling between these two processes.

One of the sub-networks (lower left in Figure 7) contains Sut1p, Nrg1p, Phd1p, Rim101p and
Sok2p (Figure 8c). These TFs are involved in a variety of stress responses. However, a shared
feature is that most of them are known to repress gene transcription, and interact with the corepressor Tup1p-Cyc8p (Ssn6p). To further test the hypothesis that this sub-network consists
of TFs that depend on Tup1p-Cyc8p to control the expression of their targets genes, we analyzed the expression profiles of both the tup1 and cyc8 deletion mutant [59]. We found that almost all of the ChIP-based regulons found in this sub-network are de-repressed in both the
tup1Δ/wt and the cyc8Δ/wt expression profiles (Table 1). One of the members of the Tup1pCyc8p sub-network is Cin5p, a poorly characterized basic leucine zipper transcription factor of
the yAP-1 family, which mediates pleiotropic drug resistance [179]. It is constitutively located
in the nucleus. The Cin5p regulon is de-repressed in a cin5 deletion mutant [59] included in Tbase. We therefore predict that Cin5p is a transcriptional repressor that interacts with the
Tup1p-Cyc8p co-repressor complex.

Figure 7 (page 82) Co-modulation network of transcription factor (TFO) gene groups.
Similar colors represent functionally related transcription factors. Eight sub-networks can be
distinguished. The nodes (TFO-based gene groups) are considered to be co-modulated if their
t-values are positively correlated over 936 experiments at a level r > 0.5.
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Table 1 T-profiler analysis of the tup1Δ and cyc8 (ssn6)Δ transcription profiles. Shown are ChIPbased regulons with a significant t-score (E-value < 0.05) for tup1Δ and cyc8 (ssn6)Δ mutant vs. wildtype expression data [59]. Regulons scoring significantly in both mutants are shown in bold. The
transcription factors that are part of the Tup1-Cyc8 co-modulation sub-network (Figure 3b) are shown in
grey. The condition of the ChIP-chip experiment [62] is shown in parentheses; (YPD; cells grown in YPD,
H2O2 low; 0,4 mM hydrogen peroxide, H2O2 high; 4 mM hygrogen peroxide, BUT 14; 1% butanol - 14
hours, BUT 90; 1% butanol 90 minutes)
.

tup1Δ/wt

TF (condition)

NRG1 (YPD)
RIM101 (H2O2 low)
CIN5 (H2O2 low)
NRG1 (H2O2 low)
YAP6 (H2O2 low)
SOK2 (BUT 14)
YAP6 (YPD)
PHD1 (BUT 90)
MIG1 (YPD)
PHD1 (YPD)
NRG1 (H2O2 high)
SUT1 (YPD)
CIN5 (H2O2 high)
YAP6 (H2O2 high)
CIN5 (YPD)
YJL206C (H2O2 low)
SKN7 (H2O2 low)
AFT2 (H2O2 low)
XBP1 (H2O2 low)
CUP9 (YPD)
SKN7 (YPD)
SKO1 (YPD)
SKN7 (H2O2 high)
YJL206C (YPD)
ROX1 (YPD)
YAP1 (H2O2 low)

t-value
14.8
14.5
13.9
13.6
12.2
11.6
11.0
10.6
10.6
10.6
9.7
9.6
9.3
8.6
8.5
7.5
7.2
7.0
6.5
5.9
5.7
5.7
5.6
5.6
4.8
4.1

cyc8Δ/wt

TF (condition)

SOK2 (BUT 14)
NRG1 (YPD)
YAP6 (YPD)
NRG1 (H2O2 low)
PHD1 (BUT 90)
CIN5 (H2O2 low)
RIM101 (H2O2 Low)
NRG1 (H2O2 high)
CIN5 (YPD)
YAP6 (H2O2 low)
SUT1 (YPD)
PHD1 (YPD)
CIN5 (H2O2 high)
MIG1 (YPD)
AFT2 (H2O2 low)
SKN7 (H2O2 low)
XBP1 (H2O2 low)
SKN7 (H2O2 high)
YAP6 (H2O2 high)
SKN7 (YPD)
RCS1 (H2O2 high)
PUT3 (H2O2 low)
ROX1 (YPD)
YJL206C (YPD)

t-value
9.6
9.6
8.6
8.6
8.5
8.4
8.1
8.1
8.0
7.9
7.5
7.5
6.8
6.7
6.5
6.4
5.6
5.5
5.4
5.3
4.6
4.5
3.9
3.8

Figure 8 (page 84) The oxidative and heat stress and Tup1p-Cyc8p sub-network. (a) The oxidative
and heat stress sub-network (middle cluster in figure 7). Behind the TF name is the condition presented
of the ChIP-chip experiment [62]. Right: TFO based gene groups that mainly contain heat stress genes;
in orange: TFO based gene groups that mainly contain oxidative stress genes; the Msn2 /4 TFO based
gene groups (middle) interconnect both; (top): the Skn7 TFO gene groups. Finally, the TFO-gene groups
in yellow do not have a clear relationship. (b) In the “ribosomal protein” sub-network (upper left cluster in
Figure 7), the histone-regulating factors Hir1p/Hir2p/Hir3p are connected to the ribosomal protein gene
expression factors Rap1p-Fhl1p-Sfp1p. (c) The “Tup1p-Cyc8p” sub-network (lower left cluster in Figure
7), in which TFs that rely on this co-repressor to control their transcriptional targets are connected.
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Conclustion & Discussion

In this study we used T-profiler to infer changes in the activity of transcription factors with respect to gene groups predicted to be under their control, based either on upstream sequence
matches to cis-regulatory elements or on occupancy by a specific transcription factor in ChIPchip experiments. We then created T-base, a database containing t-values quantifying the differential expression of all predefined gene groups under a wide variety of stress conditions
and in gene deletion mutants in budding yeast. Finally, we calculated correlations between
gene groups over a large set of experiments. Our method was validated in two ways. First,
deletion and over-expression of two transcription factors (an activator and a repressor) confirmed the expected up- and down-regulation of their accompanying gene groups. Second, the
physical movement of two transcription factors to the nucleus observed during calcium and
DTT treatment agreed with the calculated response profiles. DTT stress also activates a specific response of a gene group regulated by the Hac1p transcription factor, a response that
does not occur in cells treated with calcium. In fact, querying T-base for experiments, in which
the Hac1p-based gene group is activated, only reveals 11 experiments with significant t-values.
Four of those originate from the DTT time course, while the others are from transcription profiles of partially suppressed essential genes. Interestingly, these genes are either involved in
GPI-anchor biosynthesis, GPI-anchor addition, or in GPI-protein maturation. Although we only
present one example of such a condition-specific activity, T-base contains many more examples of condition-specific activity. For example, the Rlm1p-based gene group is mainly activated in experiments related to cell wall perturbation, caused by, for example, Calcofluor white
or Zymolysase [51], or in deletion mutants defective in cell wall formation [120].

In contrast to the condition-specific activity of many gene groups, the gene groups based on
the STRE motifs (AGGGG/CCCCT) and TBP (TATAWAWR) are activated in 50% of all the experiments and are therefore regulated in a more general manner. Compared to the STRE and
TBP-motif gene groups, the PAC and rRPE-based gene groups show opposite transcriptional
behavior. We propose that there is a mechanistic relationship between the regulation of these
motif gene groups and we provide evidence that NC2, a bi-functional general transcription factor that binds TBP [155] serves as the mechanistic link. The observed bipolar transcriptional
regulation in Saccharomyces cerevisiae is also found by others [30]. Most probably, it reflects
a redistribution of energy fluxes in which the production of ribosomal genes (or intermediates
of the ribosomal proteins) and thereby growth is temporarily down regulated and the energy in
the form of ATP that is becoming available is used to respond in order to survive the stress that
the cell is facing. Interestingly, Basehoar et al., [15] found that approximately 20% of yeast
genes contain a TATA box, and similar numbers have also been found for higher eukaryotes.
It might be interesting to determine to what extent this form of regulation is conserved in higher
eukaryotes. For example, if TBP-NC2 would play a similar role in human cells in the balance
between fast and slow growing cells, it might be a potential target for cancer treatment.
Finally, we show that correlation of the activity of transcription factors based on TFO gene
groups is generally stronger compared to correlation based on the mRNA levels of the same
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factors. The co-modulation network that we built based on the correlation of all the TFO-based
gene groups consists of 8 sub-networks. In agreement with the results of Luscombe et al.
[175] we found the cell-cycle and pheromone sub-network to be separated from the other subnetworks. Interestingly, we found a sub-cluster of transcription factors most of which interact
with the co-repressor Tup1p-Cyc8p. Based on the content of this sub-network, we predict the
transcription factor Cin5p to be regulated by the Tup1p-Cyc8p complex and therefore to be a
repressor of gene expression. Additional evidence in support of this prediction comes from the
expression profile of cin5D cells; in which the Cin5p-based gene group is de-repressed, consistent with the predicted repressor function of Cin5p.

In summary, we have experimentally validated that a simple regulon-based method can predict condition-specific modulation of TF activity. We created a web-accessible database (Tbase) that will serve as a valuable resource for the biological community, and demonstrated its
usefulness by generating new hypotheses about the mechanism associated with the elusive
PAC and rRPE motifs. Extending our approach to organisms other than yeast should be
straightforward.
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Abstract

FunKey: Prediction of yeast gene functions

Since the completion of the Saccharomyces cerevisiae genome sequence about 75% of the
genes have been annotated and characterized. 25% remains uncharacterized, and many of the
annotated genes are only poorly characterized. Therefore, there is a great need for methods
that can generate specific hypotheses about the putative function of these genes. Here we
present a novel approach that enables the prediction of the function of genes based on the correlation of the behavior of genes and functional groups in a large collection of gene expression
and fitness experiments. We applied T-profiler, a method that scores changes in the average
expression level of predefined groups of genes on multiple transcriptome and global fitness
datasets. We show functional association is accompanied by correlated gene-gene groups behavior. Based on the analysis of a test-set we were able to make reliable predictions for 64%
of all genes, which could be improved to 78% if a strict correlation cutoff was applied. In addition our method allows for the improvement of gene annotation, which can be shown by phenotypic analysis. Our method is implemented in a web application named FunKey, and was
used to predict functions for all uncharacterized genes.
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Introduction

The number of completely sequenced organisms is growing every day. According to recent information available on www.genomesonline.org over 1800 genomes have been sequenced. A
great challenge lies in making sense of the huge amounts of sequence information produced
by these projects. Especially the physiological role of individual genes cannot be inferred from
sequence information only. Since the unraveling of the first eukaryotic sequence of Saccharomyces cerevisiae [5], 4459 genes have obtained a functional annotation (process and function) according to Gene Ontology [100]. Despite the fact that S. cerevisiae is one of the most
studied eukaryotic organisms, the function of almost 25% of the genes remains enigmatic. In
addition, the function of many annotated genes is still poorly understood [6]. Clearly, there is
a need for large-scale methods that can generate predictions for the function of uncharacterized and poorly characterized genes. Such predictions can then serve as a guideline for researchers to investigate these genes at the lab bench and test proposals for their functions.
In the post-genomic era a variety of functional genomics methods have been developed that
can help elucidate the functional properties of genes. For the yeast Saccharomyces cerevisiae,
gene expression profiling [21, 22] and fitness profiling [17] are widely used. In recent years the
amount of data from such experiments has rapidly increased [8, 64, 92, 152]. Gene expression
profiles provide three different types of information. First, expression profiles can be used to
infer information about how gene expression is controlled [43, 88]. The combination of expression profiles and information obtained from global transcription factor binding assays
(ChIP-chip) [61, 62] has been especially useful to unravel transcriptional regulatory networks
[162, 180]. Second, functionally related genes that respond in concert can give information
about the physiological and functional changes in a cell [181]. Thirdly, gene expression profiles
may indicate the function of uncharacterized genes, for example, when their expression is
strongly correlated with the expression of functionally related genes [182]. This has been the
basis of various methods predicting function based on gene expression [72, 183-185].

Fitness profiling experiments examines the fitness of all yeast deletion mutants that grow competitively in the presence of an inhibitor [8, 17]. Each of the deletion mutants is uniquely identified by a molecular ʻbar-codeʼ. These bar-codes are used to identify the amount of each
deletion mutant on a high density oligo array. Similar experiments are also performed by plating assays [63] and parallel analysis [186] using the deletion collection. Information obtained
from fitness profiling experiments is about the relative fitness of a deletion mutant under a particular condition. In analogy to gene expression profiles, functionally related genes that show
a reduced or a better fitness give information about the physiological and functional responses
to a stress or a compound treatment. [65]. In a similar way, the relative fitness of genes with a
known function that correlate with uncharacterized genes might give insight into the function
of these genes. A number of reports show that there is no clear correlation between gene expression and fitness profiles under similar stresses [8, 187]. This might imply that information
obtained from fitness profiling experiments is complementary to information derived from gene
expression profiles.
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Recently we introduced T-profiler [83], a method that uses the unpaired t-test to score changes
in the average activity of predefined groups of genes. This method can use gene sets as defined by Gene Ontology [100] and MIPS to calculate the significance of co-expression of these
gene groups. T-profiler has the advantage that no arbitrary cutoffs on the level of gene expression have to be made. Furthermore the transformation to t-values comprises an internal
normalization allowing the comparison between heterogeneous gene expression data sets. It
also allows for a comparison between gene expression and fitness profile data [65]. We applied
T-profiler to a library of 936 gene expression profiles and 159 fitness profiling experiments from
various sources, and calculated the t-values for each gene group used. Next, we used the obtained t-values to perform correlation analysis with all individual genes, over all experiments.
For the characterized genes, functional association is reflected in high correlation. We therefore tested whether correlation alone serves as an accurate functional prediction. We assessed
the reliability of our predictions by testing a set of well-characterized genes under strict conditions. Depending on the correlation coefficient cut-off used we were able to make reliable predictions for 78% of the genes using combined gene expression and fitness profiles
Furthermore, analysis of gene groups suggests novel functions. The data were implemented
in a gene function prediction web-tool named FunKey. Using strict criteria FunKey reliably predicted a function for 169 dubious and uncharacterized genes.
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Materials & Methods

T-profiler.

For a given gene group G, the t-value is given by the following formula:
where

Here mG is the mean expression log-ratio of the NG genes in gene group G; mGʼ is the mean
expression log-ratio of the remaining NGʼ genes; and s is the pooled standard deviation, as obtained from the estimated variances for groups G and Gʼ. The associated two-tailed p-value can
be calculated from t using the t-distribution with N-2 degrees of freedom. We accounted for multiple testing by computing an E-value equal to the p-value multiplied by the number of gene
groups (Bonferonni correction). All t-values of groups with an E-value of 0.05 or smaller are considered to be significant. To reduce the influence of outliers, which may result in false positives
or false negatives, we discard the highest and lowest expression value in each gene group.
This method is similar to the jack-knife procedure [103].
Gene Ontology (GO)-based gene groups. GO-based gene groups contain the genes associated with a specific GO category as well as all of its child categories (SGD, January 2007).
Only Gene Ontology groups with at least 7 members were used for calculation. This approach
resulted in a reduction of the original 3836 GO-based groups to 1346 GO-based gene groups,
which were used for T-profiler analysis. Significantly scoring GO-based gene groups directly
indicate which functions or cellular processes have changed as a result of altered gene expression. We only used categories that showed a significant t-value in at least 5 experiments
for our correlation analysis. This excludes gene-groups that showed no coherent regulation.
This resulted in 918 GO categories that were used for the correlation analysis.
MIPS –based gene groups. MIPS-based gene groups contain genes assigned by the MIPS
organization (ftp://ftpmips.gsf.de/yeast/catalogues, 15-02-2005). The groups can be divided
into three major categories based on function, protein complex and localization. We only used
the MIPS function gene groups with at least 7 members for our analysis. Significantly scoring
MIPS-based gene groups directly indicate which functions have changed as a result of altered
gene expression.
Motif-based gene groups. Motif-based groups are defined as groups of genes with a match
to a particular consensus motif within 600 base pairs upstream of the ORF [104], allowing no
overlap between neighboring ORFs. The consensus motifs used in T-profiler [83] are derived
from three different sources. First, motifs were extracted from the SCPD database
(http://cgsigma.cshl.org/jian /). Additionally, motifs were found by comparing the genome sequence of highly related yeast species [66]. Finally, motifs discovered in various microarray experiments by the REDUCE algorithm [88] were added. Most of these motifs are similar or
identical to motifs described in the literature. In total, 153 motif groups have been included in
T-profiler calculations.
Gene groups based on transcription factor binding data. We used the transcription factor
binding (TFB) data, obtained by Harbison et al.[62] using ChIP-chip analysis, as input in T-profiler. This data set contains ChIP-chip results of 203 transcription factors from experiments per96
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formed in rich medium (YPD). For 84 of these transcription factors, their binding to promoter
regions was also measured in at least 1 of 12 other environmental conditions. A gene was considered to be part of a TFB group if the p-value reported by the authors was smaller than 0.001.
In addition, TFB groups were required to have at least 7 gene members. This resulted in 252
TFB groups that were used for T-profiler analysis.
Data libraries
Our expression library of transcription profiles contains data of 936 hybridization experiments
carried out with S. cerevisiae from 19 publications (Table 1). This expression library contains
data from different DNA-array platforms such as Genefilter, Affymetrix, and spotted slides, and
includes experiments with gene deletion strains, synchronized cells for cell cycle analysis,
sporulating cells, and cells subjected to various physical and chemical perturbations.
Table 1 Description of the datasets used for FunKey

Author
Tai [189]
Boer [190]
Yoshimoto [46]
Daran-Lapujade [191]
Spellman [58]
Lagorce [120]
Boorsma [51]
Sahara [192]
Murata [193]
Gasch [194]
Gasch [40]
Bro [195]
Harris [196]
Fleming [197]
Devaux [198]
Hughes [59]
Chu [199]
McCammon [200]
Mnaimneh [165]
Zakrzewska [65]
Dudley [201]
Brown [63]
Wu [202]
Parsons [64]
Warringer [186]
Birrel [203]
Giaever [8]

Description
Anearobic N-C-P-S chemostats
C-S-P-N chemostat limitation
Calcineurin
Carbon-limited chemostats
Cell Cycle
Cell wall mutants
Cell wall perturbants
Cold shift
Compounds and stress
DNA damage
Environmental stress
Lithium response
Map kinase
Proteasome inhibitor
regulation by PDR1
gene deletions and compounds
Sporulation
TCA cycle mutants
Titratable promoter alleles
Chitosan
Compound & Conditions
Compounds
DNA - damage
Compounds
Compounds
DNA-damage
Conditions

platform
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
gene expression
fitness
fitness
fitness
fitness
fitness
fitness
fitness
fitness

The expression library has been analyzed using T-profiler and the data have been uploaded
to a database named T-base, which can be found at <http://www.science.uva.nl/~boorsma/Tbase-all. The library of fitness profiles contains data of 159 experiments that were carried using
Saccharomyces cerevisiae. The data is extracted from 8 different publications. The majority of
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the data is derived from the Dudley study, which also includes the log2 ratio data from the studies of Giaever, Wu and Birrel. Parsons and Zakrzewska provided log2 ratios of their fitness
data. The study of Brown performed plate assays of the deletion mutant collection and scanned
the intensities and size of all individual colonies. We used log2 ratios of the intensities of the
treated colonies of each individual mutant and the intensities of the untreated (YPD grown)
colonies from the same mutant as a measure of fitness.

Correlation analysis and functional predictions

First we normalized each expression or fitness profile by calculating the z-score, which express the distance of the expression or fitness of a gene towards the mean in units of standard
deviation.

where x = the log-ratio , µ = population mean and σ = the standard deviation. To quantify the
extent to which an individual gene follows the behavior of a given gene group, we computed
the Pearson correlation r between the mRNA expression z-scores of the gene and the tscore of the gene group across all hybridizations in our expression library.
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Correlation analysis between gene and pathway modulation applied on gene
expression and fitness profiles

Recently we introduced T-profiler, a tool that analyses gene expression profiles by applying a
t-test to score the changes in the average gene expression of predefined groups of genes. We
also demonstrated that the same approach could be applied to data extracted from global fitness profiling experiments [65]. Since the t-statistic is invariant to scaling of the gene expression or fitness profile it allows for comparison of data from heterogeneous data-sources
(Boorsma et al., submitted; Chapter 4). In the whole T-profiler procedure no arbitrary cutoffs for
the expression of individual genes are used. Instead all genes and all experiments are used,
minimizing data loss. To analyze the relationship between the expression or relative fitness of
individual genes to all gene-groups we applied T-profiler to a library of expression and fitness
profiles that covers 936 mRNA hybridizations and 159 fitness profiling experiments (Materials
& Methods). We calculated the Pearson correlation r over all experiments, between either the
expression of individual genes or the relative fitness of individual mutants represented by their
z-scores within each experiment, (Materials & Methods) with the t-values of all gene-groups
(Figure 1). This resulted in a correlation profile for each gene in which a high r-value indicates
that the z-values of a gene behaved like the t-values of a gene-group over many conditions.

As an example of such an analysis we took the well-characterized gene GRX2. In table 2 the
5 GO-terms showing the highest correlation in behavior over all experiments are shown. According to the Saccharomyces Genome Database (SGD) [204] GRX2 is functionally annotated
as “glutathione peroxidase activity”, “glutathione transferase activity”, and “thiol-disulfide exchange intermediate activity” in the category molecular function. The GO-group of “glutathione
peroxidase activity” has 6 members while the minimum for T-profiler analysis is 7. This group
is therefore not analyzed, but the parent group “peroxidase activity” is the group with the highest correlation to GRX2 (r = 0.76). The 2nd annotated group has an r of 0.69, and is 9th in the
list. The group “thiol-disulfide exchange intermediate activity” has significant t-values in fewer
than 5 experiments, and is therefore not included in the analysis, but again the parent group
(disulfide oxidoreductase activity) has an r of 0.65 and is ranked 10th in the list. The 2 annotated GO-ontologies for biological process (“regulation of cell redox homeostasis” and “response to oxidative stress”) are ranked 4th and 7th in the correlation profile, with r-values of
0.75 and 0.71, respectively.
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Figure 1. Schematic overview of the generation of correlation profiles. A libary of 936 gene ex-

pression and 159 fitness profiles is analyzed by T-profiler using GO and MIPS gene groups. In addition the gene expression profiles were also analyzed using Motif and ChIP gene groups (only using

gene expression data) (1). The obtained t-values for each gene group (blue line) over all conditions are
compared by correlation analysis with the z-score (based on expression or on relative fitness) of indi-

vidual genes (red line) (2). The correlation values for each individual gene between all gene groups

(correlation profiles) are stored in a database, (3) which can be queried to generate functional predictions (www.science.uva.nl/~boorsma/funkey) (4).

100

FunKey: Prediction of yeast gene functions

Table 2. Gene Ontology based correlation profile for the characterized gene GRX2. The five highest and lowest ranked positive and negative gene gene –group correlations, based on Gene Ontologies

are shown. The complete prediction profile, based on all experimental conditions, contains values for

918 gene ontology gene groups can be found on www.science.uva.nl/~boorsma/funkey.. All top 10 GOcategories are closely related to these 5 annotations. For cellular component, both “cytosol” and “mito-

chondrion” have been annotated. Many mitochondrial gene groups correlate strongly with GRX2 over all

experiments, starting at rank 13 with an r-value of 0.6, but cytosolic groups do not appear until the 75th
position in the list

Gene Ontology

peroxidase activity
oxidoreductase activity, acting
on peroxide as acceptor
antioxidant activity
regulation of cell redox homeostasis
cell redox homeostasis

snoRNA binding
RNA methylation
tRNA methyltransferase activity
RNA helicase activity F
helicase activity
RNA methyltransferase activity

r

0.76

0.76
0.75
0.75
0.75

-0.55
-0.56
-0.56
-0.57
-0.58
-0.58

E-value

rank

< 1.0e-14
< 1.0e-14
< 1.0e-14
< 1.0e-14

2
3
4
5

< 1.0e-14

< 1.0e-14
< 1.0e-14
< 1.0e-14
< 1.0e-14
< 1.0e-14
< 1.0e-14

1

913
914
915
916
917
918

Global analysis of the correlation profiles according to SGD gene classification

For many genes we observed that the functions correlating strongest were amongst or related
to the annotations as found in SGD. This is true only if a gene has been annotated, but SGD
categorizes genes as ʻverifiedʼ if they have a functional annotation (4471 genes), as uncharacterized if they do not (1039 genes), and as ʻdubiousʻ genes (560 genes). The latter category
contains genes that were initially predicted as open reading frames, but of which sequence
comparison with closely related yeast species [66] indicates that they most likely are not. We
compared the correlation profiles for the genes of the three classes. Figure 2 shows the distributions of the highest correlation coefficients for each gene of the three gene classes. The
distribution of the correlation coefficients of the verified genes peaked around correlation coefficients of 0.7 and 0.35, while the class of uncharacterized genes peaked around 0.6 and
0.3. When we assessed the number of genes above a certain correlation cutoff, a similar picture was seen. The percentage of genes that had a correlation of lower or equal to 0.5 with at
least one GO-term for verified genes was 35% and dropped to 21% at a cut-off value of lower
or equal to 0.6. For the uncharacterized genes the number was lower; an r-value of 0.5 or
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higher was found for 16% of the genes, and this number dropped to 8% when a correlation cutoff of 0.6 is used. Finally, the distribution of the dubious genes peaked around a correlation coefficient of 0.2, and the number of correlations for the dubious genes was much lower than for
either verified or uncharacterized genes (Figure 2AB).

A

B
Genes
Verified
Uncharacterized
Dubious

SGD
4471
1039
560

(r ≥ 0.3)
3491 (78%)
627 (60%)
164 (29%)

(r ≥ 0.4)
2482 (56%)
353 (34%)
90 (16%)

(r ≥ 0.5)
1565 (35%)
165 (16%)
45 (8%)

(r ≥ 0.6)
954 (21%)
87 (8%)
16 (3%)

Figure 2. Distributions of correlation coefficients according to SGD gene classification. (A) The frequency distribution of the highest correlation coefficient for each gene correlation profile is plotted. In
grey, the distributions for the verified genes, dark grey, the distributions for the uncharacterized genes and
dubious genes (all according to the Saccharomyces cerevisiae Genome Database) are shown in light

grey. (B) Effect of the Pearson correlation cut-off on the number of functional gene predictions of GO

functions. The number of correlations with a certain correlation cutoff is given. In bold is the percentage

of correlations for a certain correlation cutoff. Note that the dubious genes still have a substantial num-

ber of correlations with a high correlation coefficient.

Since the dubious genes are measured in most of the gene expression and fitness data sets
but not expected to behave like functional genes, they can be regarded as background correlation. Concluding, the verified genes on average showed highest correlations with functional
groups, reflected both in the distribution of correlations and in the percentage of correlations
found above a certain correlation. Still, a considerable number of uncharacterized genes had
a high correlation with one or more functional groups.
102

FunKey: Prediction of yeast gene functions

Assessment of correlation as a functional predictor

We tested whether high correlation of genes to gene groups favored the groups to which they
have been shown to belong. If this is the case, gene-gene group correlation can be used to assess and predict gene function. Therefore, a set of well-characterized genes that were annotated to at least one group in all three GO classes (molecular function, biological process and
cellular component) was selected. In total, 3400 genes fit these criteria and were used in this
analysis. For each gene we selected the GO-term with the highest correlation coefficient (r) and
compared this to the GO-terms to which the gene was assigned according to Gene Ontology
(GO). A prediction was considered “correct” only when the highest GO-term matched a GOterm assigned. These criteria are rather strict, since in some cases genes were not annotated
to the most highly ranked GO term but of the one ranked later, even if the highest term was
highly related. Such a situation was shown in the GRX2 example above.

Figure 3 shows the effect of the correlation coefficient cutoff on the quality of the functional predictions. In total the highest GO-term correlations of 50% of the genes (1695 out of 3400)
matched one of the assigned GO-terms. If a rank equal or better than 5 was used, 68% of the
genes matched. When we analyzed only genes with a correlation of 0.8 or higher, we predicted the assigned GO gene group in 92% of the cases, and even at low correlation many predictions are still correct according to these criteria. Using a correlation cutoff of 0.5, 68% of
gene functions were predicted correctly, and this number increased to 78% if functional groups
correlating with an r equal or more than 0.5 but positioned at a rank <= 5 were included

Figure 3. Effect of the r-cut off on the predictive power of the correlation profiles

We assessed the quality of the correlation profiles by taking a set of well-characterized genes (3400). The
correlation value of the highest ranked gene group of each gene was taken. A correct correlation was con-

sidered when the gene was actually a true member of this gene group based on Gene Ontology infor-

mation. Figure 3 shows the differences in the used r-cutoffs and the correct gene group correlations.

Information of all 3400 genes can be found in the additional information.
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Based on the analysis above, we now regarded groups with correlations of 0.5 or higher as
specific hypotheses for the function of genes, with a 68% chance of predicting a correct GOontology gene-group on top of the list, and a 78% chance of it being amongst the first 5. We
used the correlation profiles to generate predictions for all dubious and uncharacterized
genes. For 45 dubious assigned genes correlation of 0.5 or higher was found with a GOterm. However, when the chromosomal position of these dubious genes was inspected we
found that in about 90% of the cases the genes physically overlapped other (verified) genes.
Since the majority of the micro-array experiments present in our expression library were
based on spotted PCR products of whole genes, the DNA from such a spot was also able to
hybridize to mRNA from the overlapping complementary ORF. Interestingly, we found four
dubious genes that showed high correlation but did not overlap with another, characterized
gene (Table 3). These might represent valid genes that are specific for Saccharomyces
cerevisiae.

Table 3. Functional predictions of ʻdubiousʼ ORFs Functional predictions of ʻdubiousʼ ORFs that do

not show physical overlap on the chromosome with other ORFs. These ORFs might represent true genes

that are specific for Saccharomyces cerevisiae.

ORFs
YGL188C
YAR075W
YMR103C
YOL118C

r
0.56
0.51
0.51
0.51

GO-term
cytochrome-c oxidase activity
amino acid derivative biosynthesis
structural constituent of cell wall
urea cycle intermediate metabolism

Orf
YBR047W
YPL250C
YIL165C
YJR111C
YPL264C
YER049W
YNL119W
YHL039W
YPL207W
YPL245W
YOR154W
YOL007C
YLR049C
YHR122W
YDR115W
YNL081C

r
0.69
0.67
0.62
0.58
0.55
0.74
0.67
0.65
0.64
0.52
0.53
0.55
0.51
0.59
0.76
0.66

GO-id description
000051 urea cycle intermediate metabolism

In total 165 out of 1039 ʻuncharacterizedʼ genes have a correlation coefficient of 0.5 or higher
based on Gene Ontology. Table 4 shows the functional prediction for these genes. GO-terms
include arginine biosynthesis, organellar (mitochondrial) ribosome, lysine metabolism, proteasome complex and histone exchange. The majority of the genes are however associated with
GO-terms related to ribosome biogenesis (snoRNA binding, rRNA binding and processing of
27S pre-rRNA), which is in agreements with findings from Hughes et al. [6].
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000054 ribosome export from nucleus
000055 ribosomal large subunit export from nucleus
000079 regulation of cyclin-dependent protein kinase activity
000105 histidine biosynthesis
000313 organellar ribosome

YKL137W
YPL183W-A
YNL305C
YNL115C
YHR138C
YOR220W
YNL155W
YBR062C
YOR059C
YNL313C
YJL010C
YMR315W
YNL134C
YBR053C
YBR056W
YMR110C
YKR011C
YDR391C
YHR112C
YBR204C
YGR111W
YGL259W
YHR209W
YMR090W
YOL083W
YOR289W
YOL048C
YMR251W
YLR194C
YIL108W
YKR046C
YBR071W
YOL022C
YOR021C
YIL110W
YGR173W
YIL064W
YDL213C
YCR095C
YOR287C
YJR124C
YCR087C-A
YEL048C
YOL092W
YDR493W
YCL042W
YBR269C
YBR241C
YBR025C
YMR067C
YNL200C
YJL161W
YJL163C
YFR017C
YMR291W
YER067W
YLR345W
YJR008W
YGR243W
YOR215C

0.59
0.50
0.66
0.63
0.58
0.54
0.72
0.66
0.52
0.73
0.82
0.73
0.71
0.70
0.69
0.66
0.63
0.60
0.54
0.53
0.53
0.60
0.59
0.71
0.67
0.63
0.51
0.50
0.65
0.57
0.57
0.54
0.72
0.70
0.69
0.65
0.62
0.52
0.50
0.74
0.62
0.61
0.55
0.55
0.54
0.64
0.57
0.54
0.50
0.59
0.72
0.68
0.63
0.54
0.52
0.70
0.65
0.62
0.54
0.52
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000314 organellar small ribosomal subunit
000315 organellar large ribosomal subunit
000328 vacuolar lumen (sensu Fungi)

000502 proteasome complex (sensu Eukaryota)

003724 RNA helicase activity
004004 ATP-dependent RNA helicase activity
004033 aldo-keto reductase activity

004190 aspartic-type endopeptidase activity
004364 glutathione transferase activity

005199 structural constituent of cell wall
005666 DNA-directed RNA polymerase III complex

005681 spliceosome complex
005730 nucleolus
005736 DNA-directed RNA polymerase I complex
005759 mitochondrial matrix
005775 vacuolar lumen

005829 cytosol
005839 proteasome core complex (sensu Eukaryota)
005975 carbohydrate metabolism

005977 glycogen metabolism
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YGR052W
YMR196W
YLR149C
YHL021C
YPL230W
YER079W
YGR130C
YJL057C
YLR177W
YJL048C
YLR243W
YGR145W
YIL127C
YGR251W
YPR169W
YLR401C
YLR405W
YKL033W-A
YGL117W
YHR162W
YJL200C
YGR090W
YLR267W
YIL056W
YJR154W
YLR301W
YPL166W
YDR196C
YOL125W
YLR089C
YLR152C
YLR218C
YCR082W

106

YGR110W
YOL107W
YGR026W
YDR330W
YMR321C
YLR179C
YGR250C
YDR070C
YJL144W
YGR043C
YNL195C
YGR201C
YMR181C
YPL247C
YHR097C
YML131W
YKL071W
YJR085C
YFR042W
YDR161W
YBR271W
YMR310C
YLR073C
YLR063W
YBR030W
YDR020C

0.51
0.61
0.73
0.72
0.66
0.64
0.59
0.53
0.50
0.52
0.62
0.87
0.79
0.64
0.64
0.68
0.52
0.59
0.84
0.56
0.74
0.64
0.59
0.57
0.50
0.50
0.50
0.51
0.62
0.56
0.51
0.55
0.51

0.50
0.56
0.50
0.53
0.70
0.50
0.52
0.67
0.67
0.60
0.52
0.50
0.58
0.55
0.54
0.64
0.52
0.59
0.54
0.73
0.71
0.67
0.66
0.63
0.57
0.55

005991 trehalose metabolism
006112 energy reserve metabolism

006118
006360
006364
006396

electron transport
transcription from RNA polymerase I promoter
rRNA processing
RNA processing

006400 tRNA modification

006520 amino acid metabolism
006526 arginine biosynthesis

006553
006611
006766
006768

006888
006914
007034
008175
008483

lysine metabolism
protein export from nucleus
vitamin metabolism
biotin metabolism

ER to Golgi vesicle-mediated transport
autophagy
vacuolar transport
tRNA methyltransferase activity
transaminase activity

008535 cytochrome c oxidase complex assembly
008541 proteasome regulatory particle, lid subcomplex (sensu
Eukaryota)
008614 pyridoxine metabolism
008654 phospholipid biosynthesis

009056
009073
009092
009250
009269

catabolism
aromatic amino acid family biosynthesis
homoserine metabolism
glucan biosynthesis
response to desiccation

009415 response to water
009628 response to abiotic stimulus
009636 response to toxin

015036 disulfide oxidoreductase activity

016423 tRNA (guanine) methyltransferase activity

YGR079W
YLR356W
YBR187W
YGR149W
YDL027C
YPR172W
YGR127W
YBR147W
YDR412W
YLR003C
YGR272C
YCR016W
YIL096C
YNL022C
YKR060W
YJR003C
YLR287C
YLR409C
YDL063C
YPL183C
YIL091C
YJL069C
YMR259C
YBR238C
YLR413W
YML018C
YBL054W
YLR414C
YJL097W
YBR231C
YBR052C

0.54
0.61
0.50
0.61
0.57
0.55
0.54
0.66
0.79
0.79
0.74
0.76
0.75
0.71
0.70
0.69
0.61
0.82
0.81
0.74
0.70
0.63
0.61
0.55
0.57
0.53
0.66
0.53
0.54
0.71
0.63
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016491 oxidoreductase activity
018193 peptidyl-amino acid modification
019203 carbohydrate phosphatase activity

019321 pentose metabolism

019794 nonprotein amino acid metabolism
019843 rRNA binding
030489 processing of 27S pre-rRNA

030515 snoRNA binding

030684 preribosome

030687
031505
042175
043486
044248

nucleolar preribosome, large subunit precursor
cell wall organization and biogenesis (sensu Fungi)
nuclear envelope-endoplasmic reticulum network
histone exchange
cellular catabolism

Table 4. Functional predictions for uncharacterized genes. Functional predictions for ʻuncharacterizedʼ genes based on GO-terms ranked by their highest correlation coefficient.

Analysis of gene group-gene correlations to improve annotation

The previous examples were all based on the prediction of functions of individual genes. It is
also possible to assess correlations on the gene group level. In many groups, some gene members showed poor correlation to the group they have been assigned to. This might indicate
that these genes have been incorrectly annotated. Conversely, some groups have non-members that correlate closely. Assignment of genes to gene groups is based on different types of
evidence. Therefore, we assayed the correlation strengths of genes annotated to functional
groups based on three different types of evidence. Figure 4 shows the frequency distribution
of the correlations of all GO-terms for genes with the evidence codes TAS (Traceable Author
Statement), IDA (Inferred from Direct Assay) and IMP (Inferred from Mutant Phenotype). Gene
annotation based on Traceable Author Statement is generally more solidly evidence based
than annotation based on IDA and IMP, which often originated from large-scale analyses. Indeed, genes associated with GO-terms based on TAS correlate much better with their associated terms than those based on IDA and IMP evidence codes (Figure 4A,B and C).
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Figure 4. Distribution of correlation coefficients based on the three different GO evidence

codes. Distribution of the correlation coefficients of all GO-terms of all genes with evidence codes A)

Inferred from Mutant Phenotype (IMP), B) Inferred from Direct Assay (IDA) and C) Traceable Author

Statement (TAS).

This indicates that annotation which is most strongly evidence based also leads to higher correlation, which makes it safe to assume that correct functional annotation should be reflected
in correlation.As an example of such a group-centered analysis we describe the analysis of the
GO-term ´cell wall organization and biogenesis´ (GO:007047). This gene group contains 196
gene members correlating with correlation coefficients ranking from 0.59 to -0.30. For example, SED1, a gene that codes for a structural GPI-cell wall glycoprotein scores a high correlation (r = 0.58) (Figure 5A) whereas the gene ECM1 scored the lowest correlation with the cell
wall organization and biogenesis GO gene group (r = -0.30) (Figure 5B). The evidence that
ECM1 belongs to this GO gene group originates from a transposon mutant screen for hypersensitivity against the cell wall perturbing agent Calcofluor White [205]. In contrast to its low correlation with the ʻcell wall organization and biogenesisʼ group, ECM1 showed the highest
positive correlation for the GO term ʻribosomal large subunit export from nucleusʼ (r = 0.82)
(Figure 5C).

Figure 5. Scatter plot of correlation profiles of two gene members of the cell wall organization

GO gene group (SED1 and ECM1). Figure 5 shows the correlation profile, visualized by a scatter plot,
between the z-scores of genes (based on gene expression of fitness profiles) and the t-values of gene
ontology gene groups over 1100 experiments. Figure 5A SED1 and the GO-term of ʻCell Wall Organi-

zationʼ,r = 0.58). Figure 5B; ECM1 and the GO-term of ʻCell Wall Organizationʼ, r = -0.30. Figure 5C;

ECM1 and the GO-term of ʻRibosomal export from nucleusʼ, r = 0.80.
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This newly predicted function is strongly supported by the localization of ECM1 in the nucleoplasma and the nucleolus and genetic interaction with MTR2, which is involved in 60S ribosomal protein subunit export [71]. Ten other ECM genes in this GO-group (based on mutant
phenotypes) have a negative correlation, and a strong positive correlation with other functional
groups and are therefore unlikely to be directly involved in cell wall biogenesis. Additionally, 4
genes (SRL3, CRG1, YPS1 and YIL108w) not assigned to this GO-group correlate to it with
an r of 0.5 or higher. The example above suggests that our correlation analysis is useful in discrimination between correct and incorrect annotation.

Expression and fitness profiling data are complementary in identifying gene
functions

We used combined gene expression and fitness profile data, but not in all cases do the two independently give the same result. For example, MRPL38, a gene coding for a mitochondrial
ribosomal protein correlates with the gene group mitochondrial ribosome with an r of 0.81, to
which both fitness and transcription data contribute (figure 6a). A different picture is seen for
the gene TSL1; its correlation of 0.89 with the GO-term ʻTrehalose metabolismʼ is entirely based
on gene expression data sets (Figure 6b). A reverse pattern is found for the gene APL2; correlation between APL2 and the GO-term ʻClathrin bindingʼ is mostly based on the fitness data
(Figure 6c). The latter two examples suggest that expression profiling studies and fitness profiling studies used in FunKey are complementary in identifying gene functions.

Figure 6. Differences in correlation profiles based on
expression and fitness data shows three different cor-

relation profiles of genes with significant correlations. Figure 6A shows the correlation profile between MRPL38

and mitochondrial ribosome (r = 0.80) where both gene

expression (dots) and fitness data sets (squares) contribute to the correlation. The correlation between TSL1

and trehalose metabolism (r = 0.89) is mainly based on

gene expression profiles (Figure 6C) whereas the corre-

lation between APL2 and clarthin binding (r = 0.54) binding is mainly based on fitness profiles (Figure 6B)
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If genes have strong correlations in both transcription and fitness data, but correlate to different functions in the different datasets, this indicates dual functionality. An example is the TCA
cycle gene ACO1. Based on gene expression correlations profiles, the GO-term glutamate
biosynthesis and tricarboxylic acid cycle score the highest correlation coefficients (r = 0.74 and
r = 0.68, respectively). If only fitness profiles are used, the GO-term mitochondrial genome
maintenance (r = 0.58) shows the highest correlation. This is in accordance with a recent finding that describes Aco1p to function in mitochondrial DNA maintenance [206].

Gene prediction webtool: FunKey

We created a web-application named FunKey, which can be used to query the correlation profiles for all Saccharomyces cerevisiae genes (www.science.uva.nl/~boorsma/Funkey). Since
Gene Ontology and MIPS describe the physiological role of gene groups they are the most suitable to generate functional predictions. As output we provide the correlation of the query gene
to all GO-ontology gene groups. As described in the analysis above, lower correlations have
less predictive power. In addition, we applied our method to Motif and Transcription Factor Occupancy (TFO) gene groups. The correlation profiles for the latter gene groups provide information about the transcriptional regulation of a gene and are therefore based on gene
expression data only. Besides correlation profiles based on the combined expression and fitness dataset, it is also possible to query FunKey for the two independently. Additionally, it is
possible to generate output for gene groups, so that all genes correlating to a gene group can
be analyzed. The user can define cutoffs for correlation strength and rank.
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There is a need for methods that can, based on the use of high-throughput data, generate useful hypotheses about the function of uncharacterized or poorly characterized genes [6]. Here
we present such a method that integrates gene expression and fitness profiles to predict the
function of uncharacterized or poorly characterized genes. Unlike existing methods our method
first measures the modulation of functionally related genes by means of t-statistics, and next
uses this information to predict the function of a gene based on the correlation of the behavior
of individual genes to that of gene groups throughout our data library. The first step in the procedure can be regarded as a normalization step where modulation of individual genes is transferred into t-values on the gene groups level. This transformation allows the integration of
heterogeneous data sets. The results of our method are available through webservice FunKey
that allows for efficient data mining and hypothesis generation.

The predictive power of the correlation profiles was assessed in two ways: First we analyzed
the frequency distributions of correlation profiles from verified, uncharacterized and dubious
genes. This analysis revealed that the characterized genes in general show higher correlations to at least one gene group than the uncharacterized genes. This may be because gene
groups were generated based on knowledge of the genes functioning in them. However, it also
shows that uncharacterized genes are not as easily assigned to functional groups. Next we
compared the GO annotations of a set of well-characterized genes with the predictions generated by FunKey. This revealed that, when no correlation cutoffs were used, we were able to
make correct predictions for 68% of the genes. Using a strict correlation cut-off (r > 0.5), predictions were generated for 165 (16%) of the uncharacterized genes. These findings suggest
that, in proportion, the functions of uncharacterized genes are harder to predict using gene expression and fitness profile data sets. The method could be improved by adding new gene expression and fitness profiling dataset; therefore GO-terms that are found to be not modulated
in the dataset might help to suggest, which experimental conditions should be added. Finally,
the group of dubious genes shows very little correlation, and therefore serves as a measure
for background correlation with no functional significance. Interestingly, four dubious genes, not
overlapping with other genes, showed significant correlation with a GO-term and could be Saccharomyces cerevisiae specific genes.

We also show that the origin of gene annotations strongly influences the distribution of the correlation coefficients. For example, genes that are annotated according to the ʻTraceable Author
Statementʼ (TAS) perform much better then genes that are annotated according to the ʻInferred
from Mutant Phenotypeʼ (IMP) evidence code. This suggests that annotation of genes via TAS
is more accurate than IMP annotated genes. An example is shown of genes that belong to the
GO-term ʻcell wall organization and biogenesisʼ that show large variation of correlation coefficients. Most of the genes that have poor correlation to this GO-term are annotated with an IMP
evidence code and originate from high-throughput assays [205], and do correlate strongly to
other GO-ontology categories. We currently are re-evaluating these mutants for their sensitivity to cell wall perturbants. Generally, genes correlating poorly to their annotated gene group,
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and correlating strongly to others should be looked into.
We also took the opportunity to compare separate correlation profiles based on gene expression profiles and fitness profiles. Only a portion of the genes (196 genes, r >= 0.5, rank <= 10)
share predictions of gene function based on gene expression and fitness profiles. Most of these
genes function in cytosolic and mitochondrial ribosomal biogenesis, functions which are probably most strongly transcriptionally regulated (our unpublished data). This shows that fitness
profiling is complementary to the use of gene expression profiles. Interestingly, we are able to
predict two distinct functions for the TCA-cycle gene Aco1p, which confirms earlier findings
that Aco1p has a double function in the TCA-cycle and mitochondrial DNA maintenance [206].
Mining FunKey might reveal more of such multifunctional genes.

Our method uses data of all expression and fitness profiles and makes no prior selection. Huttenhower et al. (Huttenhower et al., 2006) suggested that selection based on meta-data about
experiments might improve the predictive power for functions whose effects are under-represented in the dataset. For example, there are only 9 gene expression profiles of sporulaton conditions. Still, our method is capable of generating reliable functional predictions for genes
involved in the sporulation, especially if also the rank is taken in account. Similarly, although
no datasets specifically targeting peroxisomal functions are present in our dataset, we still find
significant correlations of peroxisomal genes to peroxisomal gene groups. A pre-selection of experiments can also be dangerous, and might lead to accumulation of (positive) errors and
therefore generate seemingly solid but false predictions

In summary, we have presented a conceptually simple and transparent method that can be
used to generate specific hypothesis of uncharacterized or poorly characterized Saccharomyces cerevisiae genes. Our method is scalable and can easily be used to improve the annotation of the genome of Saccharomyces cerevisiae and other organisms.
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General Discussion

After the completion of the first genome sequence, which was from the bacteriophage phi X174, in 1977, more than 1800 genomes have been sequenced with two important milestones;
first, the completion of the first eukaryotic genome (Saccharomyces cerevisiae) and, then, in
2001 the completion of the human genome. Data from the genome sequencing projects have
now been used for high throughput methods like transcriptomics, proteomics and
metabolomics. These methods, also called functional genomics, have changed molecular biology from a relatively data-poor to a data-rich field. Especially, the use of the micro-array technique that enables researchers to simultaneously measure the abundance of all transcripts
has grown exponentially. For example, the Gene Expression Omnibus (GEO)[152], a repository for microarray data that started in 2000 now contains 168,222 single microarray data sets.
Before the genomics revolution, biologists were mainly analyzing the individual components or
aspects of an organism. Nowadays, researchers are able to focus on the systematic study of
the complex interactions in biological systems. A new field of study called systems biology has
emerged. Systems biology can be defined as the study of an organism, viewed as an integrated and interacting network of genes, proteins and biochemical reactions that give rise to
life (www.systemsbiology.org). The scope of this thesis is the development, implementation
and use of gene expression profile (and fitness profile) data analysis tools, which can be regarded as systems biology methods.

T-profiler; analysis of gene expression profiles using pre-defined gene groups

At the start of this thesis, microarray data were mainly analyzed using clustering [75] algorithms and only a limited number of data analysis tools were available. Since then, the number of data analysis tools has, in parallel with the number of datasets, grown exponentially.
The majority of these tools measure enrichment of a selection of genes from a gene expression profile in a pathway or a functional group. To this end, statistical methods like the hypergeometric distribution or Fischerʼs exact test are applied. Onto-express [75] and Pathway
processor [78] were the first tools that used this method for the analysis of gene expression profiles; since then dozens of similar tools were developed (www.geneontology.org).

A disadvantage of such tools is that significantly up- or down-regulated genes have to be selected. Since microarray experiments are relatively expensive, the number of experimental duplicates is limited. In yeast expression data an arbitrary up- or down regulation of 2-fold for the
selection of genes with an altered expression level has often been used. However, the remainder of these expression profiles could still contain useful information and therefore methods have been developed that do not use prior selection of genes but instead analyze the
whole gene expression profile.

Pavlidis et al. [102] was one of the first who used class scores for gene expression analysis
on whole expression profiles; later, Quontology [81] the forerunner of T-profiler, followed. Another tool is named PAGE (Parametric Analysis of Gene set Enrichment)[82] that, like Quontology, calculates the significance of the difference between the average expression in a gene
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set and the genome mean. Although the statistics of T-profiler and PAGE are similar, the t-statistic performs better when using large gene groups. A disadvantage of both PAGE and T-profiler is that they assume that the datasets are normally distributed, which is not always the
case. Statistical tests like hypergeometric distribution and Fischerʼs exact test are non-parametric and therefore make no assumptions about the distribution of data. One of the currently
most used pathway analysis tools is Gene Set Enrichment Analysis (GSEA), which is developed at the Broad Institute. GSEA uses the non-parametric Kolmogornov-Smirnoff (KS) test to
identify significant changes of predefined gene sets. However, since non-parametric tests use
ranks instead of measured values, they tend to be less powerful and flexible than corresponding parametric tests [82]. An advantage of PAGE and T-profiler above GSEA is that the tvalue or z-value of gene groups can be used to compare multiple gene expression profiles.
Such flexibility is for example demonstrated in Chapter 4 where we discuss the development
of T-base, a database in which we compare multiple gene expression profiles analyzed by Tprofiler. An obvious disadvantage of all gene group-based analysis methods is the limitation of
predefined gene groups. Although T-profiler combines Gene Ontology, MIPS, motif and ChIPchip based datasets, novel transcriptional responses that are not described in one of the gene
sets are missed in the analysis.

Large-scale analysis of gene expression profiles using T-profiler

Since the introduction of the microarray technique in 1995 [22] its use has become more and
more common. In many of these studies the analysis of the microarray data was far from complete. Fortunately, most research groups make their data available in public repositories for
microarray data like GEO [207] or ArrayExpress [92]. Bioinformaticists are then able to use
these datasets for re-analysis and meta-analysis. Standard clustering methods have limited use
in the analysis of large-scale expression data, mainly owing to their assignment of a gene to a
single cluster [208].

One of the first methods that approached this problem was developed by Ihmels et al. [208].
Applying their method on a large-scale expression data set revealed modular organization of
the transcriptional network of Saccharomyces cerevisiae. Other methods used integration of
TF ChIP-chip data and large-scale gene expression data to identify the true target genes of TFs
[89, 180]. Zhang et al. [209] applied network analysis that combined protein-protein interaction, ChIP-chip, gene expression, fitness and sequence homology data to decompose an integrated yeast interaction network into modules [68]. Another approach called SANDY
(Statistical Analysis of Network DYnamics) extended this analysis to reflect the dynamic properties of the transcriptional network under various environmental conditions. Finally, Tanay et
al. [210] used a biclustering algorithm to extract biological modules from large-scale heterogeneous omics data, varying from gene expression, protein-protein interaction, ChIP-chip and
fitness profiling data.
Although these methods perform well in integrating all kinds of –omics data, it is important to
realize that the physiological meaning of the modules obtained in this way may differ. For example, it is important to make a distinction between the modules obtained by using transcript
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profiling data and the modules obtained from fitness profiling data as there often is no obvious
relationship between the response of transcriptional modules to stress and the fitness modules
identified under the same stress conditions. We initially analyzed large-scale expression data
using T-profiler to make a distinction between general and specific transcriptional responses.
To this end we created T-base (Chapter 4). Basically, T-base could be considered as a gene
expression and fitness profile interpretation database. In this thesis we present three more
specific applications of T-base.

(1) Condition-specific activation of gene sets

In chapter four we demonstrate that gene groups can be queried for their specific activation.
As an example we showed that the specific activation of the Hac1p- (TFO) gene group occurs
specifically in gene expression conditions resulting in the accumulation of defective protein in
the ER. Thus, the experimental conditions provide information about the physiological role of
the activated gene group; in this case, most of them are expression profiles of cells with partially repressed genes that function in the ER. The context of such defined conditions also
gives information about similar expression profiles obtained using less well defined conditions
(such as uncharacterized genes or treatments with compounds that have an unknown mode
of action). Thus, T-base may also be queried to gain insight into the mode of action of compounds via their expression profiles. A similar method was applied by Lamb et al. [70], who created a reference collection of gene-expression profiles from cultured human cells treated with
bioactive small molecules together with pattern-matching software to mine these data. This
ʻʻConnectivity Mapʼʼ resource can be used to find connections between expression signatures
of mode of action of compounds, physiological processes, or diseases.
Our method also enables to separate specific and general responses. T-base revealed that the
STRE (AGGGG/CCCCT) gene group is active in almost 50% of the expression profiles and
therefore can be regarded as a general response. Zakrzewska et al. (Thesis 2007, chapter 4)
showed that this approach is not limited to gene expression profiles only. She applied it to a
set of fitness profiling experiments and found that the GO-term of vesicle-mediated transport
is active in the majority of the fitness profiles and therefore could be regarded as a general fitness feature.

(2) Co-modulation network of Transcription Factor activity

Secondly, we present a novel approach that we used to build a co-modulation network. This
approach is based on the assumption that the t-value of the TFO (transcription factor occupancy) gene group might be considered as a proxy for the activity of a TF. Other approaches
make networks that are based on the correlation of individual genes. In Chapter 4 we built
such a network by using correlation analysis of the activation profiles of the TFO gene groups.
Our method differs in two important ways from that of Luscombe et al. [175]. First, their network is created based on the relation between TF activity (measured by the differential transcription of a TF) and their gene targets, whereas our network is based solely on the gene
targets of a TF. Since the activity of many transcription factors is regulated on the posttranscriptional level rather than on the level of transcription, our approach seems more generally
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useful. Secondly, Luscombe et al. (arbitrarily) separate their experiments in five different
classes based on the conditions used whereas our approach does not need this.

(3) Prediction of gene functions

An important goal after sequencing the genome of S. cerevisiae is to complete the functional
description of all yeast genes [6]. In Chapter 5 we used the information from T-base in combination with correlation analysis of the modulation of individual genes to make predictions of
poorly annotated genes. The results of this method are presented in a web-application named
FunKey. In this analysis we combine gene expression and fitness profile datasets but also
present the predictions based on the separate data. This combination allows making prediction of genes that are not transcriptionally regulated but show a clear fitness effect. For example, genes that are involved in DNA repair show clear fitness effects but are poorly regulated
on a transcriptional level [211]. Secondly, genes that show different relationships in genomic
transcription and fitness experiments could be multifunctional genes. The TCA cycle gene
ACO1, shows for example high correlations to the TCA cycle GO-term based on gene expression data but the GO-term of mitochondrial maintenance gives the highest score based on
fitness profiles. Just recently it has been shown that ACO1 indeed is multifunctional and participates in both functions [206].

T-profiler, T-base, FunKey and future perspectives

Gene expression profiles can be considered as a snapshot of the physiological state of a cell
under a certain condition at the moment of sampling. The interpretation of this snapshot, the
list of genes that are up- or down regulated, sometimes reflects a Rorschach figure; dependent on the researcher, genes that are useful to explain a certain hypothesis are used while others that are not are neglected. Bioinformatic approaches like T-profiler can help researchers
to interpret their data in an objective way.

T-profiler analysis has already been applied in several studies: Zakrzewska et al. [69] used it
to analyze the transcriptional response to the plasma membrane perturbing compound chitosan. T-profiler analysis predicted activation of the cell wall integrity pathway, the calcineurin
pathway and a Cin5p-mediated response. All these predictions could be validated using biological assays. A similar experimental set-up was used to measure the response to chitosan
by fitness-profiling analysis [65]. A comparison between this study and the one based on gene
expression profiling revealed a poor comparison on the gene level but a much better comparison on the gene group level. Furthermore, T-profiler analysis was used to study the transcriptional effects of strains mutated in the glucose regulatory network [212], the transcriptional
response to a heat shift (30°C to 39°C) in a time series experiment (Mensonidis, Thesis chapter 5; manuscript in preparation) and the transcriptional response to sorbic acid (Resende et
al., unpublished results). In collaboration with Unilever, T-profiler was also adapted to work
with gene expression profiles from Bacillus subtilis. Ter Beek et al. (submitted) used this T-profiler version to study the transcriptional response to sorbate in B. subtilis.
T-profiler is also used within the Netherlands Toxicogenomics Centre (NTC) at TNO and the
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University of Maastricht to study the effect of toxic compounds in mouse, rat and humans both
in vivo and in vitro (Kuper et al., submitted; van Leeuwen et al., submitted). Interestingly, T-profiler can also be used to make an interspecies comparison between the transcriptional response to acetaminophen (paracetamol) in rat livers, in vivo and in vitro and in human in vitro
liver cells on the pathway level (Kienhuis et al., unpublished).

Compared to other bioinformatics tools the ones presented in this thesis are conceptually simple, powerful and easy to implement. As mentioned before, T-profiler is already used for the
analysis of rat, mouse and human transcription data and the Bussemaker lab plans to extend
this to every organism with GO annotations. For the moment, FunKey is only developed for S.
cerevisiae genes but, if enough transcription data become available, the method can also be
applied to other organisms. Finally, it would be highly useful to extend T-base with data from
other organisms. If meta-data of such data sets would be given proper descriptions like suggested by MIAME (Minimal Information of A Microarray Experiment), this would also allow coupling of such a database with other data sources. Together, this would create a higly relevant
gene group based interpretation database.
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Summary

Molecular biology aims to unravel the functions of cells by studying cellular processes at the
molecular level. A model organism that is well established in molecular biology is bakers yeast
(Saccharomyces cerevisiae). Bakers yeast cells are remarkably similar to human cells, but
much easier to grow and manipulation of its DNA is straight-forward. In 1996, the complete DNA
sequence of the yeast genome has been deciphered, revealing that the whole genome contains 12 million basepairs and that the estimated amount of genes is around 6000. In comparison, the recently sequenced human genome contains 3 billion basepairs and the number
of genes is estimated to be between 20.000 and 25.000.
To translate genes into functional proteins, the gene-DNA is first copied to messenger RNA
(mRNA) during a process called transcription, and subsequently the mRNA is translated to
proteins. One of the important questions of the molecular biology is how transcription is organized. It is already known that during this process a very important role is played by transcription factors, which are proteins that bind small specific stretches of DNA (called motifs) to
enable transcription of genes. The scope of this thesis is the regulation of transcription; when
are which genes transcribed to mRNA and which transcription factors are involved?
An important new technique that revolutionized the study of transcription regulation is microarray analysis. With this technique it is possible to measure transcription of all genes of a
certain cell type in a single experiment. Microarray analysis generates large amounts of data
that are processed using informatics and that are analyzed by statistical methods. As a result,
a new area of biology has emerged, named bioinformatics. This thesis describes the development of several (bioinformatic) methods that help analyze and interpret microarray data.

Although the technique has improved dramatically, there are still some problems associated
with microarray data, making it difficult to analyze them. First of all the data are noisy, and
since the technique is expensive, it is not possible to repeat experiments many times to reduce
the noise. Secondly, microarray experiments are difficult to reproduce; results from identical experiments performed on different array platforms are often not the same. Finally, methods that
allow a biological interpretation of microarray data are lacking. At the begin of this study, the
method of choice was cluster analysis, for which data from multiple experiments where needed

In chapter two of this thesis we present T-profiler, a microarray analysis method that we developed to address these problems. The idea of T-profiler is not to focus on the transcription
of individual genes but instead to look at groups of genes with a common feature. This might
be genes that are bound by the same transcription factor, or groups of genes with a similar biological function. A major advantage of measuring transcription of groups of genes is reduction of the influence of noise. In addition, the common feature of the gene groups also provides
information about the effect of the experimental condition, for example, which transcription factor or which functional group is active. T-profiler is available through a web application (www.tprofiler.org).
In chapter three we use the microarray technique to measure the transcriptional response of
yeast to compounds that cause cell wall stress. Analysis of the data revealed that besides a
general stress response, a specific response is triggered. This specific response is regulated
by the transcription factor Rlm1 that is known to mainly regulate cell wall related genes. In addition we used our analysis method to compare these data to that of publicly available microarray data of two mutants that constitutively activate the cell wall stress response. Not
132

unexpectedly, the analysis profiles of these datasets were highly comparable. Surprisingly, we
found activation of the transcription factor Sko1p, that is known to be involved in the response
of osmo-stress.

In chapter four we take the comparison of public available microarray data a step further by
comparing about 1000 different microarray experiments. First we used T-profiler to calculate
the activity of the different transcription factors in these studies and then we used this information for correlation analysis. The final results provide several new insights into the basic
process of transcription in bakers yeast. For example, we show a strong negative correlation
between the so-called PAC and rRPE motifs, and transcription factors of the general stress response. So far, no transcription factors have been assigned yet to the PAC and rRPE motifs,
and we hypothesize that they are part of a special class of motifs, the so-called core-promoter
elements. Furthermore we used our correlation matrix to built a network of transcription factor
activities. We used this network to predict new functions for some transcription factors.

The focus in chapter four is on the activity of transcription factors. We performed T-profiler
analysis on the same microarray dataset, using gene groups based on similar biological functions. This information is used in chapter five to make predictions about the biological function
of uncharacterized genes. The method has been validated by testing the reliability of predictions on well-characterized genes. A special website has been developed
(www.science.uva.nl/~boorsma/funkey) that can be used to generate functional predictions.
The examples from chapter four and five demonstrate the power of new bioinformatic techniques such as T-profiler; it is now possible to compare different datasets and to make functional predictions that were not possible by studying only individual genes and proteins. The
techniques that were developed and described in this thesis are now also being used for
mouse, rat and human microarray data.
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Samenvatting

Moleculaire biologie is het vakgebied waarin de processen in cellen op moleculair niveau worden bestudeerd met als doel de werking van de cellen te doorgronden. Een van de model organismen die hiervoor wordt gebruikt is de eencellige bakkersgist (Saccharomyces cerevisae).
Bakkersgistcellen lijken qua opmaak sterk op de cellen van de mens, maar zijn veel gemakkelijker te kweken en het DNA is relatief eenvoudig te manipuleren. In 1996 is de basenpaar volgorde van het gist genoom (de complete set chromosomen) ontcijferd; het genoom bestaat uit
12 miljoen basenparen en het aantal genen word geschat op 6000. Ter vergelijking; het
genoom van de mens telt ongeveer 3 miljard basenparen en het aantal genen ligt naar schatting tussen de 20.000 en 25.000.

Om genen te vertalen in werkzame eiwitten wordt het gen-DNA eerst gekopieerd in zogenaamd boodschapper RNA, een proces dat transcriptie wordt genoemd, waarna dit boodschapper RNA (of messenger RNA; mRNA) uiteindelijk eiwitten produceert. Een van de
belangrijkste vraagstukken in de moleculaire biologie is hoe de aanmaak van eiwitten precies
georganiseerd wordt. We weten inmiddels dat hierbij een zeer belangrijke rol is weggelegd
voor transcriptie factoren. Dit zijn eiwitten die aan kleine specifieke stukjes DNA (zogenaamde
motieven) binden om zo de transcriptie van genen op gang te helpen. Dit proefschrift gaat voor
een groot deel over de regulatie van transcriptie; wanneer worden welke genen gekopieerd van
DNA naar mRNA en en vooral welke transcriptie factoren zijn hierbij betrokken.

Een belangrijke nieuwe techniek om de regulatie van transcriptie te bestuderen is de microarray analyse. Met behulp van de microarray kan in één experiment de transcriptie van alle genen
in een bepaald celtype tegelijkertijd worden gemeten. De microarray techniek genereert grote
hoeveelheden data die door middel van de informatica wordt verwerkt en met behulp van statistische methodes worden bestudeerd. Dit heeft een nieuw veld in de biologie opgeleverd: de
bioinformatica. In dit proefschrift wordt een aantal (bioinformatica) methodes beschreven die
helpen microarray data te analyseren en interpreteren. Hoewel de techniek tegenwoordig sterk
is verbeterd, kleven er aan microarray analyse een aantal nadelen die de analyse bemoeilijken.
Ten eerste is de ruis in microarray data relatief hoog en is de methode te duur om experimenten vaak te herhalen om ruis te reduceren. Ten tweede zijn experimenten vaak lastig te reproduceren; de resultaten van identieke experimenten uitgevoerd op verschillende microarray
systemen en in verschillende laboratoria zijn vaak heel verschillend. Ten slotte ontbrak het in
het begin van deze promotiestudie aan methodes die nieuwe biologische informatie uit de data
kon halen. Er werd destijds vaak gebruik gemaakt van cluster analyse die een serie van experimenten als input nodig heeft.

T-profiler, de analyse methode die in hoofdstuk twee van dit proefschrift wordt gepresenteerd,
is door ons ontwikkeld om deze problemen aan te pakken. De gedachte was om niet naar de
transcriptie van individuele genen te kijken maar naar groepen genen die een bepaalde samenhang hebben. Genen die bijvoorbeeld door dezelfde transcriptie factor gebonden worden, of
die eenzelfde biologische functie hebben. Een groot voordeel van het meten van de transcriptie
van groepen van genen is dat de invloed van ruis vermindert. Een ander voordeel van deze
aanpak is dat de samenhang van de groepen genen informatie geeft over de experimentele
omstandigheid, zoals bijvoorbeeld welke transcriptie factor of functionele groep actief is. De
data wordt daardoor beter interpreteerbaar. T-profiler is beschikbaar gemaakt via een webapplicatie (www.t-profiler.org).

In hoofdstuk drie meten we met behulp van de microarray techniek de transcriptionele respons
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van gist op stoffen die celwand stress veroorzaken. Uit de analyse blijkt dat de stoffen naast
een algemene stress respons ook een specifieke stress respons veroorzaken. Deze specifieke respons wordt gereguleerd door de transcriptie factor Rlm1 die vooral celwand genen tot
expressie brengt. Vervolgens konden we deze data met behulp van onze analyse methode
vergelijken met eerder gepubliceerde microarray data van twee mutanten die de celwand
stress respons permanent activeren. Zoals verwacht zijn de analyse profielen van deze data
sterk vergelijkbaar met die van de stoffen die celwand stress veroorzaken. Een verrassende
vinding is echter de activatie van de transcriptie factor Sko1p die normaal betrokken is bij de
respons op osmolariteits stress.

In hoofdstuk vier gaan we een stap verder met het vergelijken van gegevens van andere
datasets door ongeveer 1000 verschillende microarray experimenten met elkaar te vergelijken.
Daarvoor gebruiken we eerst T-profiler om de activiteit van de verschillende transcriptie factoren te berekenen waarna we correlatie analyse toepassen op deze data. Dit levert vooral
inzichten op over het basale transcriptie proces van bakkersgist. We laten bijvoorbeeld zien dat
transcriptie factoren die betrokken zijn bij de algemene stress respons een sterke omgekeerde
correlatie hebben met groepen genen die gereguleerd worden via de zogenaamde PAC en
rRPE motieven. Van deze motieven is overigens niet bekend door welke transcriptie factoren
ze worden gebonden. Onze analyse vormt de basis voor de hypothese dat deze motieven zogenaamde core-promotoren zijn. Verder hebben we de correlatie gegevens gebruikt om een
netwerk van de activiteit van transcriptie factoren te bouwen. Op basis van dit netwerk voorspellen we een nieuwe rol voor een aantal transcriptie factoren.
De nadruk in hoofdstuk vier ligt voornamelijk op de activiteit van transcriptie factoren. Dezelfde
1000 microarray experimenten zijn echter ook door T-profiler geanalyseerd met behulp van
groepen genen met een zelfde biologische functie. Deze gegevens gebruiken we in hoofdstuk
vijf om voorspellingen te doen over de biologische functie van niet gekarakteriseerde genen.
De methode is hiervoor eerst gevalideerd door te laten zien dat de voorspelling van de functie van goed gekarakteriseerde genen over het algemeen klopt. De voorspellingen voor alle
genen zijn uiteindelijk gemakkelijk te controleren op een speciaal hiervoor gemaakte website
(www.science.uva.nl/~boorsma/funkey).

De voorbeelden uit hoofdstuk vier en vijf laten zien hoe krachtig nieuwe bio-informatica technieken zoals T-profiler zijn; het is nu mogelijk om verschillende datasets met elkaar te
vergelijken en voorspellingen te doen die ondenkbaar zijn wanneer alleen individuele genen
of eiwitten worden bestudeerd. In dit proefschrift hebben we de technieken voornamelijk gebruikt voor gist microarray data, maar momenteel worden ze ook toegepast op muis, rat en humane micrarray data.
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