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GO
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General introduction

I

n the middle of the nineteenth century, Gregor Mendel demonstrated that traits in pea plants are
inherited as units, that is the seed shape is either round or wrinkled 1. These units are now known
as genes, stretches of DNA within genomes. Genetic information is transferred from DNA into proteins, as has been laid out in the central dogma of molecular biology 2. This conversion is achieved by
two general processes: transcription and translation. During transcription, DNA serves as a template for
the synthesis of RNA. During translation, RNA serves as a template for the polymerization of amino
acids into proteins.
Depending on the state or fate of a cell, different genes need to be expressed at various levels.
Eukaryotic cells possess a highly complex machinery to accurately transcribe genes in response to environmental cues, cellular signals or during development. The model eukaryote Saccharomyces cerevisiae
(baker’s yeast) has an estimated 500 to 600 proteins involved in the transcription of approximately 6,000
protein-coding genes 3. These can be subdivided into the basal machinery, coregulators, chromatinremodelling and -modifying factors and gene-specific transcription factors (GSTFs). These factors act in
concert, sometimes in different combinations for different genes, to assure proper gene expression.
The general introduction of this thesis first describes the transcription cycle of a single gene. A
brief overview of the known promoter elements and regulatory factors involved is given, with an emphasis on S. cerevisiae. Current technologies that facilitate genome-wide study of transcription regulation
are then introduced. Furthermore, the concept of epistasis is laid out and it is explained how epistasis
is interpreted to learn about pathway structures. The last part introduces bioinformatics approaches
to analyse and interpret genome-wide data, and provides a brief overview of current methods to infer
transcription regulatory networks.
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Eukaryotic transcription in a nutshell
Understanding transcription and how it is regulated is fundamental to understanding almost any
cellular process including disease. Transcription
regulation can be illustrated by a network, where
nodes represent genes and edges represent interactions between them. Such networks can include
physical interactions between transcription regulatory factors and their binding targets, as well
as more general influence interactions, where the
expression of one gene either directly or indirectly
influences the expression of another gene. Aberrant transcription is the cause of various diseases.
In other cases, a change in gene expression may
be part of a cure. Complete knowledge of the
transcription regulatory network would therefore
ultimately help to combat many diseases.
Generalized steps of eukaryotic transcription
The transcription cycle of a single gene can be divided into the following six generalized steps. (step
1: recruitment) The cycle begins with the recognition of the promoter and DNA binding of RNA
polymerase and its entourage of general transcription factors close to the start site of transcription.
The resulting DNA-protein complex is also known
as the preinitiation complex. (step 2: promoter
opening) The two strands of the DNA double helix
are unwound to allow RNA polymerase access to
the DNA template strand. (step 3: initiation) With
the formation of the first phosphodiester bond in
the newly formed RNA, transcription is initiated.
(step 4: promoter escape) Early-elongating RNA
polymerase establishes a stable grip on both the
DNA and the growing RNA chain and escapes the
promoter. (step 5: elongation) RNA polymerase
moves through the body of the gene and rapidly
extends the RNA chain. (step 6: termination). At
the 3’ end of a gene, RNA polymerase undergoes
termination, and the completed RNA chain is released. RNA polymerase can reinitiate to start a
new round of transcription. Each of these steps can
further be divided into substeps. If the transcribed

gene encodes a protein, RNA polymerase II (Pol
II) is involved, and the result of transcription is
messenger RNA (mRNA). Note that while a new
transcript is being formed, it is further processed
at both ends and spliced. In principal, regulation
can take place at any of the described steps 4. The
regulated steps and key factors involved in this
regulation are introduced further below (reviewed
in 4–7, Figure 1).
S. cerevisiae as a model
S. cerevisiae has been the first eukaryotic organism to be completely sequenced 8. It has a relatively small genome size (~12 Mbp in S. cerevisiae
versus ~3,000 Mbp in humans), and contains little
non-coding DNA (~6,000 protein-coding genes accounting for 70% of DNA in S. cerevisiae 3,8 versus
~20,500 protein-coding genes accounting for 1.2%
of DNA in humans 9). The fact that S. cerevisiae
grows rapidly and can easily be genetically modified makes it an excellent system for experimental
analysis. Importantly, most of its cellular processes
including transcription are conserved in evolutionary higher organisms. S. cerevisiae therefore is a
good model for understanding the transcription
regulatory network, also in other eukaryotes, and
is the subject of the work described in this thesis.
Regulation of eukaryotic transcription
It is estimated that a human body contains enough
DNA to go around the Earth’s equator 2.5 million
times 10. To accommodate the small space available
in a nucleus, eukaryotic cells package their DNA
into chromatin. The basic unit of chromatin is the
nucleosome, consisting of 147 bp DNA wrapped
around octamers of two times four histone subunits. Histone subunits are essential and among the
best-conserved proteins in eukaryotes. In addition
to the wrapping of DNA around histones, chromatin is further coiled into higher-order structures.
The packaging of DNA into chromatin greatly
increases the complexity of eukaryotic transcription regulation.
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Transcription begins at the promoter,
located at the 5’ end of a gene. The term ‘promoter’ typically refers to the core promoter and
its adjacent sequences. The core promoter immediately surrounds the start site of transcription.
It comprises seventy to eighty base pairs (bp) and
contains canonical sequence features sufficient
for directing transcription initiation by the basal
machinery. The proximal promoter is located upstream of the core promoter (typically up to 600
bp from the transcription start site, though this
limit is variable) and contains sequence features
critical for transcription regulation, for example
binding sites for GSTFs. In more complex organisms, such binding sites may also be located in
distant enhancer regions. Gene-specific activators
bound to these sites can recruit other regulatory
factors such as chromatin-remodelling and -modifying factors that alter the structure and position
of nucleosomes in the promoter. The end result is
a regulated chromatin structure in the promoter,
for example a nucleosome-free region upstream of
the transcription start site that facilitates the assembly of the basal machinery. In addition to genespecific activators, gene-specific repressors can
bind to the promoter and recruit chromatin factors
to establish a chromatin structure that hinders
transcription. It is now known that there are two
pathways for the assembly of the basal machinery, using either the coregulatory complex TFIID
or SAGA 11. These two complexes interact with
GSTFs and are responsible for the recruitment of
the TATA-binding protein (TBP) to promoters,
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Components found in a typical promoter
region. These are nucleosomes (orange),
GSTFs (blue and green), chromatin factors
and other coregulators (grey) as well as
the basal machinery, including TBP (horseshoe), general transcription factors (GTFs,
dark red) and Pol II (light red).

whereas TBP in turn helps to position Pol II. Core
promoters of approximately 19% of all yeast genes
contain a TATA consensus element 11. These genes
are primarily SAGA dependent, highly regulated
and generally stress responsive 12. On the other
hand, yeast promoters that lack a TATA consensus motif are primarily TFIID dependent and are
usually more constitutively active. It has recently
been shown that 99% of these promoters contain
a TATA like element (one or two mismatches) 13.
Eukaryotes further possess several other cofactors,
both activating and repressing, that function as
intermediates between GSTFs and general transcription factors. In addition, small regulatory
RNAs are involved in transcription regulation, but
not in S. cerevisiae. Recent findings do indicate a
regulatory role for long non-coding RNAs in yeast
and other organisms 14,15. Currently, the prevailing
view is that for most genes preinitiation complex
assembly is the principle step of transcription regulation, including the restructuring of chromatin
and recruitment of the basal machinery. However,
regulation can also take place post recruitment of
Pol II (reviewed in 16,17). For example, in S. cerevisiae it has been shown that Pol II is located
on the promoters of several hundred early growth
response genes in the absence of transcription 18,
suggesting that some of them may be regulated at
initiation or promoter escape. The characterization of all factors involved in transcription regulation, how these factors combine in different ways
for the regulation of different genes, as well as the
order and the dynamics with which they do so, are
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important questions to understand the transcription regulatory network and are actively being
investigated.
Genome-wide study of transcription regulation
The availability of entire genome sequences has
brought biology to an exciting, new era. Assigning biological meaning to genomic data (functional
genomics) has taken centre stage 19. Functional
genomics has been driven by the development of
new technologies that facilitate answers to several
fundamental questions for the majority of genes
in the genome: when is a gene expressed, where is
its product localized, what does its product physically interact with, which phenotypes are caused
by its mutation, what is the involvement in disease
(reviewed in 19–22). Although conventional methods
that try to answer these questions for one gene
at a time are essential to gaining insights into
molecular mechanisms, it is not always clear how
applicable those mechanisms are to all other genes.
For example, the presence of a TATA consensus
element in core promoters has long been thought
to be prevalent. Later, genome-wide mapping revealed that the percentage of genes containing a
TATA consensus element is only 19% in yeast 11.
Similarly, sporadically identified non-coding RNAs
have long been considered as exceptional, until
genome-wide transcriptome analyses observed
pervasive transcription of non-coding RNA originating from many bidirectional promoters 14. Integration of single-gene studies with genome-wide
approaches therefore is very promising for fast and
efficient biological discovery and insights into molecular mechanisms. Amongst the best established
genome-wide approaches to study transcription
regulation is the monitoring of gene expression
changes, for example in response to a perturbation, as well as determining locations at which
regulatory factors bind DNA. These approaches
are further introduced below.

Genome-wide gene expression analysis by DNA
microarrays
A major breakthrough in functional genomics has
been the development of DNA microarrays (reviewed in 23,24). In a remarkably short time, DNA
microarrays became a mainstream technology for
studying gene expression (Figure 2). Different
types of DNA microarrays exist that differ in the
way they have been manufactured and are used
(reviewed in 23). For the work described in this
thesis, long oligonucleotide (70 bp) DNA microarrays were applied. These DNA microarrays consist
of thousands of DNA probes that represent genes,
fixated on a glass surface (Figure 2A). In a typical
application, sample and reference mRNA transcripts are labelled with different fluorescent dyes
Cy5 and Cy3, and are cohybridized on an array
(Figure 2B). The signal of both Cy5 and Cy3 is
then measured per spot on the array. The ratio of
Cy5 over Cy3 provides a semi-quantitative estimation of the abundance of each transcript (Figure
2C), by which genes can be identified that are
higher or lower expressed in the sample compared
to the reference. Commonly, the complete experiment is then repeated, swapping the dyes used for
the sample and reference mRNA. To facilitate the
sharing and reuse of genome-wide gene expression
data, the two repositories ArrayExpress and GEO
(Gene Expression Omnibus) have been developed
and made publicly accessible 25,26.
Genome-wide gene expression analysis
by DNA microarrays has been widely applied in
different ways (reviewed in 19). Genes with similar
expression patterns throughout a range of experiments can be used to search for common regulatory
promoter elements such as binding sites for GSTFs
27–29
. To discern target genes of transcription regulatory factors such as GSTFs, chromatin factors,
or general transcription factors, genome-wide gene
expression changes can be studied in response to
deletion or overexpression of individual factors
30–32
. In addition to studying transcription and its
regulation, genome-wide gene expression analysis
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Figure 2 DNA microarrays
(A) Spotted oligonucleotide DNA microarray as used for the work described in this thesis. (B) Each DNA probe represents
one yeast gene. mRNA transcripts extracted from a sample and a reference, for example a mutant and a wildtype (WT), are
prepared in parallel. They are reverse transcribed into cDNA and linearly amplified into cRNA. The obtained cRNA is differentially labelled with the fluorescent dyes Cy5 (red) and Cy3 (green), and cohybridized on the array. The signal of Cy5 and Cy3 is
measured separately on a grey-scale and converted into a quantitative estimate for the absolute expression of each gene in
the sample and reference. (C) The Cy5 to Cy3 ratio can be used to identify genes that are differentially expressed in the sample and reference. One subgrid of a DNA microarray is shown, for which the signal measured for Cy5 and Cy3 are overlaid.

has been used to generate signatures of mutants.
Signatures can be considered as detailed molecular phenotypes, where each experiment results in
a unique profile consisting of relative expression
levels for thousands of genes. Such patterns can
be used for example to group mutants with similar
profiles 33,34, often observed when genes involved in
one pathway or complex are mutated. In addition,
signatures have proven very useful in characterizing human disease populations, finding patterns
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associated with disease progress or response to
therapy (35–38, reviewed in 39).
Characterizing the transcriptional landscape by RNA
sequencing
The development of next-generation sequencing
technologies has facilitated the delivery of genomic
information in a fast and relatively inexpensive
way (reviewed in 40). This has also led to the emergence of RNA sequencing (RNA-seq, reviewed
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in 41). RNA-seq has been increasingly applied
within the past years to measure the entirety of
all transcripts. Instead of hybridizing transcripts
on an array, transcripts are sequenced in a highthroughput manner and subsequently aligned to
a reference genome. For S. cerevisiae, RNA-seq
studies 14,42,43 have proven that transcription is
pervasive 14,43 and have indicated the importance
of long non-coding RNAs 14. In contrast to DNA
microarrays, RNA-seq is not restricted to detecting transcripts of existing genome sequences. This
has facilitated de novo generation of transcript
catalogues for non-model organisms with an, at
this moment, unknown genome sequence 44,45.
Genome-wide DNA binding of transcription regulatory
factors
For gaining a thorough understanding of the
transcription regulatory network, it is necessary
to know all components and interactions between
them. It is therefore also crucial to associate transcription regulatory factors such as GSTFs with
their direct target genes. Direct target genes however cannot be discerned based on genome-wide
gene expression changes in response to deletion or
overexpression of the corresponding factor alone,
since direct effects cannot easily be distinguished
from indirect. A powerful approach to separate direct from indirect effects is the comparison of gene
expression data with genome-wide location data.
Genome-wide location data are typically derived by chromatin immunoprecipitation
(ChIP), coupled to DNA microarray analysis
(ChIP-chip) or sequencing (ChIP-seq). In brief,
ChIP-chip works as follows. DNA and all bound
proteins are crosslinked, usually by formaldehyde.
Crosslinked DNA is extracted and sheared by sonication. DNA sequences bound by the transcription
regulatory factor of interest are selectively immunoprecipitated using antibodies against that factor, subsequently purified and amplified. In addition, reference DNA is obtained, for example from
identical but non-immunoprecipitated extracts.

Purified and reference DNA are labelled with different fluorescent dyes and are cohybridized on a
DNA microarray that contains tiles of DNA sequences representing an entire genome. The ratio
of measured fluorescence intensities is indicative
of the extent that each target DNA sequence is
bound by the transcription regulatory factor. In
ChIP-seq, DNA sequences bound by the GSTF are
sequenced rather than hybridized to an array. The
recently introduced ChIP-exo approach, a variant
of ChIP-seq that assures DNA degradation outside
bound DNA regions, moreover greatly increases
the resolution by which DNA binding events can be
monitored 46. For S. cerevisiae, these technologies
have been applied in several impressive large-scale
studies. These studies have revealed genome-wide
location not only for many GSTFs 47–49, but also
for other transcription regulatory factors such as
chromatin factors 50, as well as the preinitiation
complex including general transcription factors
and Pol II 13,50.
The methods described above are powerful in determining genome-wide location of transcription regulatory factors in vivo, but only result
in a snapshot of binding events in the specific condition investigated. To determine intrinsic DNA
binding specificities it is therefore useful to additionally study DNA binding in vitro, for example
by protein binding microarrays (51,52; reviewed in
53
). Here, tagged transcription regulatory factors
are hybridized on a DNA microarray containing all
possible 10 bp sequence variants 54. The microarray
is then incubated with a fluorophore conjugated
antibody specific for the tag and a DNA binding
motif can be derived from significantly bound
sequences. For S. cerevisiae, a map of intrinsic
DNA binding specificities has been generated for
most GSTFs 51,52. DNA binding specificities of
yeast GSTFs derived from the described in vivo
and in vitro studies have recently been collected
and made publicly accessible through a web site
(YeTFaSCo 55).
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Chapter 1
Integration of large-scale datasets
The described datasets are useful resources to
study the transcription regulatory network. By
integrating different data types, additional conclusions can be drawn (reviewed in 56). The combination of in vivo and in vitro derived binding
targets, for example, has been used to decipher
binding events where a GSTF directly binds DNA,
and binding events where the GSTF binds DNA
through association to an additional GSTF 57. Another very useful approach is the combination of
gene expression with DNA binding data. The mere
binding of a GSTF to the promoter of a gene does
not imply functional consequences. It is a frequent
finding that only 1-10% of the genes bound by a
GSTF are transcriptionally affected when the level
of the GSTF is changed 22. On the other hand,
gene expression changes in response to deletion or
overexpression of a GSTF represent direct as well
as indirect effects. Based on gene expression data
alone, these effects are difficult to distinguish. The
combination of gene expression changes and DNA
binding provides strong evidence for functional,
direct relationships. A first, systematic comparison
for S. cerevisiae revealed low overlap between gene
expression and DNA binding 31, indicating that
many gene expression changes may be indirect and
that many binding events may be non-functional.
However, this and other comparisons are based on
relatively old data, generated with more primitive
methods than are available today.
In addition to the previously mentioned
strategies, there are many other approaches and
studies that provide comprehensive descriptions of
nearly all components and interactions in a cell
(reviewed in 21) and that can be integrated to study
transcription regulation. These include large-scale
studies on physical interactions between proteins
58–63
, as well as deletion mutant phenotypes 64–66.
Many of the large-scale datasets from S. cerevisiae
are easily accessible through the Saccharomyces
Genome Database 3.
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Genetic interactions between genes
Transcription regulatory factors do not act in isolation but rather interact to assure proper gene
expression. Within a highly connected transcription regulatory network there are many types of
interactions possible. Some of these are reflected
by epistasis, that is non-additive effects between
different genes. The term epistasis has been used
in distinct ways by classical and population geneticists to describe genetic interactions 67,68 (reviewed
in 69). Epistasis has first been introduced by Bateson
to refer to the masking of one mutation by another
67
. Later it has been generalized by Fisher to any
genetic interaction where the combination of two
mutations yields an unexpected (non-additional)
phenotype 68. During the following introduction,
epistasis refers to the general definition by Fisher
and is used synonymously with genetic interaction
to refer to any unanticipated combinatorial effect.
It has recently started to become appreciated
that there is an overwhelming number of genetic
interactions. Genetic interactions are thought to
underlie various biological processes such as the
evolution of sex, speciation, and complex disease
70
. Analysis of genetic interactions has increased
our understanding of components and their order
of action in almost every cellular process we can
think of 69.
A phenotype that has frequently been
applied to study genetic interactions on a large
scale is cell growth, a measure of biological fitness
71–80
. In this case, a genetic interaction between
two genes is measured as the extent to which the
growth defect of the double deletion mutant deviates from the expected, typically multiplied 81
growth defects of the respective single deletion mutants (Figure 3A). A genetic interaction is negative
(also named synergistic, reinforcing, enhancing,
synthetic, synthetic sick, aggravating or synthetic
lethal in the most extreme case) if the growth defect observed for a double deletion mutant is worse
than expected. Conversely, it is positive (buffering,
antagonistic, diminishing returns, suppressive or
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alleviating) if the observed fitness is better than
expected. High-throughput mapping of genetic
interactions in S. cerevisiae has been facilitated
by the development of a number of technologies,
such as synthetic genetic arrays (SGAs 82,83), the
related epistatic miniarray profile (EMAP 79,84)
as well as the diploid-based synthetic lethality
analysis with microarrays (dSLAM 76,85). Typically, a query gene deletion mutant is crossed to
an entire genome deletion set, and double mutants
are tested for growth defects. The largest study
available to date has investigated the existence
of genetic interactions for 5.4 million gene pairs,
identifying approximately 170,000 interactions 80.
Another large-scale study specifically investigated
genetic interactions between yeast GSTFs and/or
chromatin factors, identifying more than 48,000
interactions 79. These studies have revealed large
parts of the epistatic network. However, they do
not explain the molecular mechanisms underlying
genetic interactions.
Correct interpretation of genetic interactions is important for learning about the organization of biological pathways. Several mechanisms
have been proposed to cause genetic interactions
(reviewed in 70,86). The most intuitive explanation
for a negative interaction is redundancy, where two
genes can substitute for one another by their ability to take over the exact same function (Figure 3B,
first row; 87). Only simultaneous deletion of both
genes will normally have an effect on that function.
An alternative explanation for a negative interaction extends the concept of redundancy from genes
to molecular pathways that function in parallel and
can compensate each other’s inactivity (Figure 3B,
second row). Positive interactions, on the other
hand, have been suggested to occur more often
between genes functioning in the same pathway or
complex (Figure 3B, third and fourth row; 72,84,88).
Deletion of one gene will cause dysfunction of the
entire pathway or complex such that deletion of the
second gene has no further consequence. Although
the interpretation of negative and positive genetic

interactions as relationships between and within
pathways is appealing, reality shows that it leaves
large parts of the epistatic landscape unexplained
73,74,80,89,90
. First, duplicated, redundant genes only
explain a small subset of negative interactions 89,90.
Second, many negative interactions are detected
between seemingly unrelated rather than parallel
pathways 73,74,80. And third, the vast majority of
positive interactions occurs between genes encoding proteins in different pathways or complexes,
rather than the same 73,80. The molecular mechanisms underlying these genetic interactions are not
understood.
A phenotype that has proven powerful
to detect genetic interactions, but also to reveal
the underlying molecular mechanisms, is gene expression. This has recently been demonstrated in
a large-scale study that investigated the epistatic
landscape between yeast kinases and/or phosphatases 91. This study has revealed that a single
pair can have different epistatic effects on different
genes. Kinase and/or phosphatase pairs with this
“mixed epistasis” relationship have only partial
overlap in function and are coupled by additional
regulatory links such as repression of one by the
other 91. Genetic interactions between transcription regulatory factors such as GSTFs have been
detected based on growth 79, but have not yet been
analysed in depth by gene expression.
Bioinformatics meets functional genomics
With the emergence of genome-wide studies, molecular biology has shifted towards a data rich discipline. It has become a major challenge to interpret the growing wealth of large-scale datasets and
derive fundamental as well as applied biological
information about whole systems. When manual
analysis has become limiting, the importance of
bioinformatics as a discipline to derive exciting
and testable information has greatly increased.
A wide range of methods has been developed for the analysis of genome-wide data, in
particular DNA microarray gene expression data.
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These are, for example, simple fold change methods
that aim at finding all genes with changed expression in a collection of experiments. Furthermore,
more complex approaches have been developed to
detect genes that are differentially expressed in
two or more groups of experiments. Sets of genes,
defined by either approach, can then be put into
a biological context by systematically determining
overrepresented functional annotations. In addition
to these approaches, there are efforts to ‘reverse
engineer’ entire transcription regulatory networks
on the basis of gene expression data, applying
complex and in part computationally demanding
techniques. Some basic analysis approaches essential to mine genome-wide gene expression data are
introduced below.
Exploratory data analysis of DNA microarray gene
expression data
The analysis of DNA microarray experiments is
preceded by two pre-processing steps. First, spots
on the DNA microarrays are quantified by image
analysis (reviewed in 92). Several approaches have
been developed that differ, for example, in the way
they segment the spots and distinguish foreground
from background intensities. Second, quantified
signal intensities are normalized, which allows
comparisons to be made between different DNA
microarray experiments (reviewed in 93). Normalization is aimed at removing any systematic
bias, for example due to differences in labelling
efficiency or due to different hybridization efficiencies between the fluorescent dyes used. After these
pre-processing steps, the data can be harnessed in
many ways to gain new biological insights.

The analysis of large-scale datasets in
general, and DNA microarray expression data
in particular, typically begins with exploration.
Exploratory data analysis is aimed at summarizing the main characteristics of a dataset in an
easy-to-understand form and without having a
formulated hypothesis. There are several helpful
diagnostic plots that can be applied to visualize gene expression data of a single experiment
(Figure 4A-C). These include a scatterplot visualizing gene expression levels measured for both the
sample (Figure 4A, vertical) and reference (Figure
4A, horizontal); an MA plot showing the relation
between gene expression changes (log2(mutant/
WT); Figure 4B, vertical) and absolute expression
(0.5*log2(mutant*WT); Figure 4B, horizontal);
and a histogram depicting the frequency of gene
expression changes (Figure 4C). Each plot illustrates different characteristics of the data, and
together provide a good overview.
Gene enrichment analysis
A commonly applied technique to gain further
insights into the nature of the genes with changed
expression is gene enrichment analysis. For a set
of genes it can be tested whether an annotation,
functional or regulatory, is statistically significantly overrepresented. Annotations can contain
functional information, for example from the Gene
Ontology 94, or regulatory information, for example transcription factor binding sites (Figure 4D).
Overrepresentation of an annotation can be tested
such as by a Fisher’s Exact Test, counting all genes
in the group with and without the annotation, as
well as all annotated genes inside and outside the

Figure 3 Genetic interactions (see previous page)
(A) Genetic interactions are most frequently determined on the basis of growth on solid media. Two genes are genetically
interacting, if simultaneous deletion results in a growth defect that is larger (negative interaction) or smaller (positive interaction) than the multiplied growth defect of the respective single deletion mutants. (B) Four known molecular mechanisms
underlying genetic interactions. For two interacting genes (green and orange), these are (from top to bottom) redundancy,
parallel pathways (“between pathways” interaction), a complex (“within complex” interaction), and one pathway (“within
pathway” interaction). Consequences of individual and simultaneous deletion (red cross) of the respective two genes are
shown from left to right.
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Figure 4 Frequently applied analyses of gene expression data
Gene expression data in this figure are derived from deletion of the yeast GSTF RPN4 (chapter 3). (A) Scatterplot depicting
gene expression levels in the deletion mutant rpn4∆ (vertical) versus WT (horizontal). The deleted gene RPN4 is indicated
in red; genes with significantly different expression in rpn4∆ in black (p ≤ 0.01, derived by the R-package limma), grey otherwise. A fold change (FC) of 1.7 is depicted by dashed grey lines. (B) MA plot. Gene expression changes in rpn4∆ (vertical)
are shown versus absolute expression levels (horizontal). Colours and FC as in (A). (C) Histogram depicting the distribution
of gene expression changes in rpn4∆. Tick marks of individual values are shown below the histogram. Colours and FC as
in (A). (D) Set of genes with significantly decreased expression in rpn4∆ (p ≤ 0.01, FC ≥ 1.7). Genes annotated with the
GO-BP term “proteasome biogenesis” as well as genes annotated as Rpn4 binding targets are marked by a black box. The
set of genes is significantly enriched for both annotations, confirming a role of Rpn4 in proteasome biogenesis 117. (E) 2x2
contingency table that serves as an input to a Fisher’s exact test, determining the overrepresentation of genes that are
annotated as Rpn4 binding targets. (F) Cluster heatmap of a collection of yeast GSTF deletion mutants and all genes with
a significant expression change in at least one mutant (p ≤ 0.01, FC ≥ 1.7; data from chapter 3 and 4). Hierarchical average linkage clustering is used in combination with uncentered correlation as a similarity measure. The dendrogram reveals
similarities between the different mutants (vertical) and between the different genes (horizontal). Gene expression changes

20

General introduction
group (Figure 4D-E).
Comparing gene expression data
Gene expression changes monitored in a collection
of DNA microarray experiments can be compared
by cluster analysis and visualized in a cluster heatmap. To evaluate pairwise similarity between gene
expression changes, a measure of similarity first
has to be chosen. Several measures exist that elucidate different properties of the data, for example
centred and uncentered correlation (also named
Pearson and Cosine correlation respectively; reviewed in 95). In contrast to uncentered correlation, calculation of centred correlation begins with
shifting the data to a mean of zero. Clustering
algorithms then evaluate pairwise similarities in
a collection of experiments (reviewed in 95). This
procedure can further be applied in the same manner to evaluate pairwise similarities between genes
based on their expression levels throughout the
experiments. The result is a 2D cluster heatmap
(Figure 4F), including dendrograms that indicate
the relationships between experiments (Figure 4F,
vertical) and between genes (Figure 4F, horizontal). Gene expression values are visualized in a
heatmap. Cluster analysis can then be coupled to
gene enrichment analysis to learn about the underlying biology.
Inferring a transcription regulatory network
Within the past decade, there has been a great
effort in developing methods to “reverse engineer”
entire transcription regulatory networks on the
basis of gene expression data (reviewed in 96–102).
The term “reverse engineering” refers to the fact
that the general goal of these methods is to understand how transcription is regulated without prior
knowledge. There are two broad classes of methods

: those based on “physical interactions” that aim
at relating transcription regulatory factors such as
GSTFs to their binding targets, and those based on
“influence interactions” that aim at relating the expression of a gene to the expression of other genes.
Physical interactions with functional implications
can be determined, for example, by comparing
GSTF binding targets with gene expression changes elicited by GSTF deletion mutants, as described
above. In contrast to physical interactions, influence interactions are rather abstract and general,
whereby the expression of one gene can influence
the expression of another gene indirectly through
the action of proteins, metabolites and effects on
the cellular environment. Perhaps the simplest
influence network is an undirected correlation network consisting of nodes that represent genes and
edges that represent correlated gene expression
levels of these genes above some threshold. Other
influence networks such as Boolean networks, differential equations as well as Bayesian networks
require computationally more demanding methods
as they also infer causal relationships. Perturbation experiments have proven especially useful for
network inference (reviewed in 100,103), in accordance with the credo “What I cannot break, I do not
understand” 100. Gene perturbation data are used,
for example, to link causes with effects, that is a
perturbed gene with genes that show changed expression upon the perturbation 104. Moreover, gene
perturbation data are employed by Nested Effect
Models (NEMs 105,106) that aim at inferring pathway
structures from subset relationships. Nested Effect
Models are based on the rational that perturbation
of some genes may affect a global process, whereas
perturbing other genes may only affect subprocesses of it. Every year, the Dream (Dialogue for
Reverse Engineering Assessments and Methods 107)
97

are shown as a heatmap, with yellow for increased expression in the mutant versus WT, black for unchanged expression and
blue for decreased expression (total range from -2 to 2). Note that the clustering groups mutants of genes encoding proteins
that together compose a complex (Hap2-3, Hap5 118; data from chapter 3). It further exemplifies how individual deletion of
two genetically interacting genes (MIG1 and MIG2 119; data from chapter 4) can result in few or no gene expression changes,
whereas simultaneous deletion results in many gene expression changes.
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Chapter 1
initiative challenges researchers from all over the
world to deduce cellular networks, establishing a
fair comparison of the strengths and weaknesses
of network inference methods and evaluating the
reliability of the models that researchers create.
Inference of transcription regulatory networks is
on-going and is also dependent on the underlying
data. Even in yeast such data (gene expression
and DNA binding for example) is only available in
various stages of completion and accuracy.
Useful software tools
A wide range of software tools has been developed
with the aim to facilitate the analysis of largescale datasets. Tools that were frequently applied
for the work described in this thesis are briefly
introduced below.
R
For statistical analysis and graphical display of
large-scale datasets, the software environment
R has become almost essential 108. R includes
many implemented and ready-to-use statistical
techniques. These can be easily extended through
additional packages, for example through The
Comprehensive R Archive Network (CRAN) 109 as
well as through Bioconductor 110.
Cluster and TreeView
Cluster and TreeView are two integrated software
tools for the analysis and visualization of largescale datasets 111–113. Large-scale datasets are first
clustered, with different similarity measures and
clustering methods to choose from, and are subsequently visualized in TreeView.
Cytoscape
Cytoscape is a software platform for the visualization of complex networks and for the integration
of these with additional attribute data 114. A large
variety of additional plugins is readily available,
facilitating the analysis of networks in many different ways.
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Babelomics
Babelomics is a suite of web tools for the analysis
of large-scale data 115. It is especially useful for the
functional annotation of groups of genes, for example by using the functional definitions of Gene
Ontology 94 and KEGG 116.
Scope and aim of the work described in this thesis
The aim of the work described in this thesis is to
study the transcription regulatory network of S.
cerevisiae, employing genome-wide approaches. All
three presented research studies have in common
that individual genes are deleted and resulting
gene expression changes are monitored by DNA
microarrays. The starting point, chapter 2, describes how gene expression changes can be used
as detailed molecular phenotypes to study the
transcription regulatory network underlying a signalling pathway. Genome-wide expression changes
of 91 viable deletion mutants of different glucose
signalling and metabolic pathways are analysed.
A gene signature is used to group pathway members with similar effects on transcription. A new
network approach is developed that is designed to
explain gene expression changes upon deletion of
one pathway member through the transcriptional
regulation of another pathway member. This new
approach reveals hierarchy and feedback in the
transcription regulatory network. Chapter 3
focuses on GSTFs and their function in the entire
transcription regulatory network. Genome-wide
gene expression changes of 183 viable GSTF deletion mutants are compared with available DNA
binding data, re-evaluating the overlap between
both data types as well as discerning direct target
genes of GSTFs. Besides determining roles of previously uncharacterized GSTFs, this comparison
has led to the first systematic classification of
GSTFs into activators and repressors, revealing
that repressing GSTFs are surprisingly abundant.
In chapter 4, genetic interactions between GSTFs
such as redundancy are systematically investigated
by analysing genome-wide gene expression of 72
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viable double deletion mutants and comparing
them to the respective single deletion mutants. By
generating a high-resolution gene expression atlas,
epistatic effects of GSTF pairs on the expression
of individual genes are investigated. Known genetic interactions are confirmed, and new ones are
revealed. The analysis also derives new molecular
mechanisms for negative and positive genetic interactions that were previously not understood.
Finally, chapter 5 is a general discussion of the
concepts and findings that emerge from these studies as well as their implications for our understanding of the transcription regulatory network.
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B

ackground: Cellular glucose availability is crucial for the functioning of most biological processes. Our understanding of the glucose regulatory system has been greatly advanced by
studying the model organism Saccharomyces cerevisiae, but many aspects of this system remain elusive. To understand the organisation of the glucose regulatory system, we analysed 91 deletion
mutants of the different glucose signalling and metabolic pathways in Saccharomyces cerevisiae using
DNA microarrays.
Results: In general, the mutations do not induce pathway-specific transcriptional responses. Instead,
one main transcriptional response is discerned, which varies in direction to mimic either a high or a
low glucose response. Detailed analysis uncovers established and new relationships within and between
individual pathways and their members. In contrast to signalling components, metabolic components of
the glucose regulatory system are transcriptionally more frequently affected. A new network approach is
applied that exposes the hierarchical organisation of the glucose regulatory system.
Conclusions: The tight interconnection between the different pathways of the glucose regulatory system is reflected by the main transcriptional response observed. Tps2 and Tsl1, two enzymes involved in
the biosynthesis of the storage carbohydrate trehalose, are predicted to be the most downstream transcriptional components. Epistasis analysis of tps2Δ double mutants supports this prediction. Although
based on transcriptional changes only, these results suggest that all changes in perceived glucose levels
ultimately lead to a shift in trehalose biosynthesis.
Keywords: regulatory networks, glucose signalling, trehalose biosynthesis, gene expression profiling,
Saccharomyces cerevisiae
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BACKGROUND
Many organisms have evolved survival strategies
centred on glucose as their chief cellular carbon
and energy source. Cellular glucose availability
governs most biological processes such as growth,
division, metabolism and the ability to deal with
environmental stresses. Our understanding of
glucose signalling in eukaryotes has been greatly
advanced by studying the model organism Saccharomyces cerevisiae. Despite its relative simplicity,
yeast has developed a complex system to monitor
external glucose levels and faithfully relay this information to adjust metabolic and gene expression
programmes accordingly. There are in fact several
distinct upstream regulatory pathways for glucose
regulation, including the Ras/PKA, Gpr1/PKA,
Sch9, Yak1, Snf1 and Snf3/Rgt2 signalling pathways, as well as the metabolic pathways (Figure
1; for comprehensive reviews, see 1,2). Although
transmission of the glucose signal is thought to be
redundant 1,3, each pathway possesses distinct glucose detection and signal transmission methods.
The Protein Kinase A (PKA) pathway,
which is regulated upstream by Ras and Gpr1, is
pivotal for the glucose response. In periods of high
glucose abundance, it directs the cell to ferment
the available glucose to support growth and proliferation, whilst simultaneously repressing the stress
response and the use of alternative carbon sources.
Ras1 and Ras2 are small monomeric GTPases. In
response to high glucose levels, Ras1 and Ras2 are
activated and bind to adenylate cyclase, which is
composed of Cyr1 and an associated protein Srv2
[4, 5]. The subsequent increase in cyclic AMP
(cAMP) production activates PKA. A GPCR system operates in parallel to Ras 4–7. Upon sensing
high glucose levels, Gpr1, the 7-transmembrane receptor, accelerates the GDP for GTP exchange on
the Gα-subunit Gpa2, which then activates Cyr1
and thus raises PKA activity. The Sch9 pathway
operates in parallel to PKA to couple glucose
availability and growth by regulating ribosomal

biogenesis and ribosomal protein transcript levels
3,8
. The Yak1 and Snf1 signalling pathways are
triggered upon depletion of external glucose levels.
The protein kinase Yak1 phosphorylates Pop2,
part of the Ccr4-Not complex, to regulate transcript levels of stress response and carbohydrate
metabolism genes 9 in a manner antagonistic to
PKA 10. The kinase Snf1 orchestrates the adaption
yeast undergoes upon glucose depletion by mediating derepression of glucose-repressed genes and
contributes to the response to other environmental
stresses 11,12. Last, the Snf3/Rgt2 signalling pathway consists of the extracellular glucose sensors
Snf3 and Rgt2 that modulate the expression of
numerous sugar transporter genes (the Hxts, Gal2,
Stl1 and Agt1) 13,14.
While the yeast glucose regulatory system
has been intensely investigated for decades, with
many components and their relationships well defined, numerous aspects remain elusive. Examples
include the precise characterisation of connections
between the different pathways, determination of
the hierarchical organisation of these pathways,
as well as establishing the exact contribution of
individual components to the overall glucose regulatory system.
Most components of the glucose regulatory system have been assigned to pathways based
on a measurable phenotype caused by perturbation
of that particular pathway. A classic example is
the genetic screen using the sucrose non-fermenting phenotype of yeast mutants, which revealed
various components, such as the Snf1 kinase, to
be involved in glucose repression 15. However, such
phenotypes are often specific for individual pathways and hinder systematic comparison of a large
number of components from different pathways
side by side. Changes at the transcript level underlie many phenotypes. If measured collectively,
for example by DNA microarray analysis of deletion mutants, such gene expression profiles can be
exploited as detailed molecular phenotypes to systematically characterise many different pathways
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ing the deleted gene to all transcripts significantly
changing in response to the deletion 18,19. To fully
exploit the data, a new approach is devised that
combines both these strategies to infer the underlying transcriptional regulatory network.
Here, we show that the pathways involved
in glucose signalling are so tightly interlinked that
in effect only one main transcriptional response
can be discerned upon disruption of any individual
pathway. This response varies in direction to mimic
either a high or a low glucose response and reveals
both known and unknown relationships within and
between individual pathways and their members.
In addition, a new network approach uncovers

simultaneously using a single assay 16,17. Similar approaches have previously been applied to analyse
the yeast glucose regulatory system 3,6, but these
studies have been limited to analyses of only a few
components. In addition, the use of different strain
backgrounds and experimental conditions hinders
a systematic comparison between datasets. Here,
DNA microarray gene expression profiles of deletion mutants are generated under a standardised
high glucose growth condition to obtain a comprehensive overview of the yeast glucose regulatory
system. In addition to relating gene expression
profiles of pathway members by their similarity,
the data is used to link cause and effect by relat-
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Figure 1 An overview of the yeast glucose signalling and metabolic pathways
Signalling events are indicated in solid black, metabolic reactions in solid grey lines. Dashed black lines imply glucose
signals activating the signalling components, dashed grey lines summarise metabolic reactions, e.g. glycolysis and gluconeogenesis. The metabolic pathways synthesising the storage carbohydrates glycogen and trehalose are depicted in detail.
†
indicates that the deletion mutant is lethal.
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regulatory processes underlying the observed gene
expression profiles. The results indicate that pathway members involved in the biosynthesis of the
storage carbohydrate trehalose, Tps2 and Tsl1, are
the most downstream transcriptional components.
The study provides evidence that in response to a
perceived alteration in external glucose levels the
availability of the storage carbohydrates glycogen
and trehalose is regulated, indicative of a shift in
the metabolic programme.
RESULTS
Gene expression profiles of the glucose regulatory
system
For a better understanding of the glucose regulatory system as a whole, it is important to discern
how individual pathway members of the system
relate to each other. To systematically investigate
these relationships, gene expression profiles were
generated for 91 deletion mutants under a single
condition (Synthetic Complete medium (SC), supplemented with 2% glucose). The mutant strains
comprised all the non-essential genes implicated in
the glucose regulatory system and include members of the Ras/PKA, Gpr1/PKA, Sch9, Yak1,
Snf1 and Snf3/Rgt2 pathways, as well as ratelimiting metabolic enzymes (Figure 1; Additional
file 1 and 2).
Each strain was profiled four times from
two independent cultures. Wildtype (WT) cultures
(56 in total) were grown and profiled alongside
sets of deletion mutants on each day to control
for biological and technical variation. Statistical
modelling results in an average gene expression
profile that consists of p values and changes in
mRNA expression for each gene, relative to the
expression in an additional collection of 200 WT
cultures 17. The number of gene expression changes
in the individual mutants varies considerably
(Supplementary Figure 1 in Additional file 3),
but none of the 56 WT gene expression profiles
generated in parallel exhibit twelve or more genes

changing significantly (p < 0.01, fold change (FC)
> 1.7). Applying the same threshold on the individual mutants, 51% (46) behave like WT and 49%
(45) show changes in their gene expression relative
to WT. Predictably, many mutants that behave
like WT are known not to be required for, or are
actively repressed under the condition investigated
here. For instance, the hexokinases Hxk1 and Glk1
are subject to glucose-induced repression 20, so
that under the condition investigated here their
deletion bears no consequence. In other instances,
redundancy might play a role, such as for the transcriptional regulators Nrg1 and Nrg2, which have
overlapping functions 21.
Deletion mutants mimic either a high or a low
glucose response
The relationships between the 45 mutants with significant gene expression changes were investigated
by hierarchical clustering of the gene expression
profiles (Figure 2A). Gene expression profiles of
deletion mutants can be treated as detailed molecular phenotypes 16,17. Deleting certain pathway
members often results in the malfunctioning of
the entire pathway, the effect of which can be a
specific expression signature. Deletion mutants of
the same pathway will therefore show the same
expression signature. Deletion mutants of distinct
pathways, such as the HOG or mating pathway
17
, or chromatin interaction pathways 22, show an
expression signature specific to the pathway they
belong to. The glucose regulatory system is composed of the Ras/PKA, Gpr1/PKA, Sch9, Yak1,
Snf1 and Snf3/Rgt2 signalling pathways, as well
as metabolic pathways (Figure 1). Nevertheless,
based on the hierarchical clustering, the mutants
segregate into two distinct groups rather than according to specific pathway membership (Figure
2A). Essentially, the expression signature of all
members within one group is highly similar and
mostly opposite to that of the other group, indicating that the two expression signatures are mutually exclusive. Thus, disruption of any glucose
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Figure 2 Transcriptional response mimicking either a high or a low glucose response
(A) Unsupervised hierarchical cluster diagram of all deletion mutants with gene expression changes differing from WT, i.e.
twelve or more significant transcriptional changes, and all transcripts changing significantly in at least one of these mutants
(p < 0.01, FC > 1.7). The dendrograms indicate relationships between transcripts (top) and mutants (right). The latter is
colour-coded according to whether the mutants are part of the “high glucose” (red) or “low glucose” group (green). FC is
indicated by the colour scale, with yellow for upregulation, blue for downregulation, and black for no change, versus the
average WT. (B) Line graph of a time-course experiment in which glucose-depleted WT cells were inoculated into fresh
media (SC, supplemented with 2% glucose) and their subsequent transcriptional output was monitored over a period of
five hours. All transcripts differentially expressed between the “high glucose” and “low glucose” groups were split according
to whether they were up- (left panel, yellow) or downregulated (right panel, blue) in the “low glucose” group. The average
expression of the differentially expressed transcripts is indicated in black; all other transcripts are shown in grey.
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pathway causes an invariable response differing
only in terms of direction and magnitude. A likely
interpretation is that the pathways are so tightly
interconnected that upon perceived alterations to
glucose levels, they ultimately end up in one of two
possible steady-states.
One aspect unifying mutants within each
group is that members of one group, for instance
Bcy1, Ira1/2 and Pde2, promote processes required
under low glucose conditions (Figure 2A, “low glucose” group). In contrast, members of the other
group, such as Gpr1, Ras2 and Reg1, promote
processes required under high glucose conditions
(Figure 2A, “high glucose” group). To determine
whether the transcript changes elicited in the deletion mutants directly relate to the yeast glucose
response, a time-course was conducted. Glucosedepleted WT cells were inoculated into fresh
media (SC, supplemented with 2% glucose) and
their subsequent transcriptional output was monitored over a period of five hours (Figure 2B; see
Methods). All transcripts differentially expressed
between the two groups of deletion mutants were
split according to whether they were up- (Figure
2A, left) or downregulated (Figure 2A, right) in
the “low glucose” group (see Methods; Additional
file 4). Importantly, transcripts upregulated in deletion mutants of the “low glucose” group are also
upregulated in WT cells upon the addition of glucose (Figure 2B, left panel). These transcripts are
mainly involved in translation, for example the GeneOntology (GO; 23) biological process “ribosome
biogenesis” (p = 3.45E-45; see Methods). Likewise,
transcripts downregulated in deletion mutants of
the “low glucose” group are also downregulated in
WT cells upon glucose addition (Figure 2B, right
panel). These transcripts are enriched for “oxidation reduction process” (p = 2.47E-19), “trehalose
metabolic process” (p = 5.80E-8), “cellular respiration” (p = 7.27E-7) and various metabolism related
processes (see Additional file 4 for a full list of GO
categories). Simultaneous repression of transcripts
involved in respiration and induction of transcripts

involved in translation are hallmarks of a high
glucose response. By coupling fermentative growth
to increased protein production, maximal growth
rates are achieved. In contrast, deleting members
of the “high glucose” group results in a low glucose
response.Transcripts upregulated in this group are
downregulated in WT cells upon the addition of
glucose. Taken together, this strongly suggests
that the gene expression profiles of mutants of the
glucose regulatory system components are truly
characteristic of a WT cell encountering either
high or low glucose conditions. Moreover, it also
supports the previously made observation that the
cell shifts its metabolic and transcriptional programme based on the perceived rather than the
actual glucose conditions 3,24–27.
In addition to the transcripts oppositely
regulated across the two groups, other transcripts
are affected in a mutant- rather than in a group- or
pathway-specific way and reflect additional roles
other than in glucose signalling (Figure 2A; Additional file 4). Two examples include tup1Δ and
cyc8Δ that show many specific transcript changes.
This agrees with the fact that the Tup1-Cyc8 general co-repressor complex is also known to directly
repress genes involved in functions as diverse as
DNA damage, mating, oxygen response 28 and
amino acid metabolism 29.
Gene expression profiles expose relationships
between components of the glucose regulatory
system
Although each deletion mutant globally falls either
into the “high glucose” or “low glucose” group, the
gene expression profiles within each group still
show different degrees of similarity (Figure 2A).
Within each group, the gene expression profiles are
organised in a manner largely consistent with the
current understanding of the yeast glucose regulatory system. For instance, gene expression profiles
of members of the same protein complex such as
gpr1Δ and gpa2Δ 1,27 or the palmitoyltransferase
subunits erf2Δ and shr5Δ 30, cluster tightly. Simi-
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regulates the glycolytic/gluconeogenic switch. The
correlation between the tsl1Δ and pfk27Δ gene
expression profiles indicates a regulatory link between storage carbohydrate synthesis and the shift
from glycolysis to gluconeogenesis and vice versa.
The identity of the β-subunit of the glucose sensing G-protein of the Gpr1/PKA pathway is much
debated 37. Previously, Asc1 has been proposed
to fulfil this role 38. Should Asc1 inhibit Gpr1
signalling, its gene expression profile would be
the inverse of that of gpr1Δ. Remarkably, this is
not observed (Figure 2A; Figure 3B). As evident
from Figure 2A, the asc1Δ gene expression profile
clusters closely with that of pfk27Δ and tsl1Δ,
strongly indicating that Asc1 is not the β-subunit
of the Gpr1 system but instead shares a functional
role with Pfk27 and Tsl1 in storage carbohydrate
synthesis and the glycolytic/gluconeogenic switch.
Another interesting new putative functional relationship concerns Ram1. Ram1 is the
β-subunit of the CAAX farnesyltransferase 39,
which prenylates Ras1, Ras2 and the a-factor mating pheromone to tether them to the membrane.
The extensive transcriptional changes elicited by
its deletion imply that Ram1 plays a much more
important role than previously thought (Figure

larly, deletions of homologous components, such as
Gpb1 and Gpb2 27, also result in highly similar gene
expression profiles. Likewise, cooperating members
cluster tightly together, e.g. grr1Δ, reg1Δ, hxk2Δ,
cyc8Δ and tup1Δ, which collectively mediate glucose repression 31–34. This indicates that although a
great proportion of transcripts are involved in the
high or low glucose response, more subtle relationships can still be detected through the transcriptional response of these mutants.
In addition to established relationships
such as those described above, a number of previously uncharacterised relationships can be inferred
from the gene expression profiles. The tight correlation observed between the gene expression profile
of tsl1Δ and pfk27Δ (Figure 3A) is indicative of a
functional relationship. This is further substantiated by their positive genetic interaction as derived
from a high-throughput synthetic genetic interaction map 35, which can signify that both gene products are part of the same complex or pathway. Until now, no concrete role has been assigned to Tsl1
but it is speculated to have regulatory functions
within the trehalose synthase complex 36. Pfk27 is
the 6-phosphofructo-2-kinase that synthesises the
key metabolite fructose-2,6-bisphosphate, which
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Figure 3 Relationships exposed through gene expression profiling
Transcript changes (FC) of two different deletion mutants are plotted against each other. Red dots indicate the deleted
genes. (A) Transcript changes of the pfk27Δ and tsl1Δ mutants are highly correlated. (B) Transcriptional changes of the asc1Δ
mutant are not negatively correlated to those of the gpr1Δ mutant suggesting that Asc1 does not inhibit Gpr1. (C) The
deletion of RAM1 results in many more transcriptional changes than the deletion of RAS2. RAS1 is not shown as its deletion
behaves like WT.
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2A; Figure 3C). This can be explained by the fact
that in a ram1Δ strain, Ras1 and Ras2 are mislocalised to the cytosol and presumably forfeit their
signalling capacity 40. Ram1 should therefore be accredited with a major role in the Ras/PKA branch
of the glucose regulatory system, rather than being
thought of as a supporting actor. These examples
demonstrate that using gene expression profiles as
detailed molecular phenotypes can reveal many
different types of functional relationships.
Metabolic pathway members are transcriptionally
regulated
The main transcriptional response (Figure 2)
indicates a tight interconnection between the individual pathways of the glucose regulatory system.
To investigate the degree to which components of
the glucose regulatory system transcriptionally
influence each other, the effect of deleting one
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pathway member on the mRNA expression of all
the other pathway members was systematically
determined (Figure 4). When assayed in this way,
members of the Ras/PKA, Gpr1/PKA, Sch9,
Yak1, Snf1 and Snf3/Rgt2 signalling pathways are
only infrequently regulated at the mRNA level. In
contrast, genes whose transcription is frequently
changed encode members of the metabolic pathways (Figure 4, indicated by grey boxes; Supplementary Figure 2 in Additional file 3), especially
enzymes involved in the biosynthesis of glycogen
and trehalose. Their transcript levels are strongly
increased in deletion mutants of the “high glucose”
group (Figure 4, top) and decreased in deletion
mutants of the “low glucose” group (Figure 4, bottom). With the exception of Gph1, Nth2, Tps2 and
Tsl1, metabolic pathway members regulated at the
level of transcription do not result in significant
transcriptional changes upon their own deletion,

Figure 4 Transcriptional regulation within the glucose regulatory system
Transcript expression changes (horizontal) of all essential pathway members, those that upon deletion still behave like WT
(“like WT”), as well as transcripts of pathway members categorised into the “high glucose” and “low glucose” group are depicted in the different mutants (vertical). Grey boxes indicate pathway members involved in the metabolic pathways. Colour
scale and order of mutants (vertical) as in Figure 2. Transcripts (horizontal) of essential pathway members and members
corresponding to mutants that behave like WT are ordered as derived from the hierarchical clustering. The transcript ordering of pathway members included in the “high glucose” and “low glucose group” is the same as for the mutants. The diagonal
depicts the deleted genes.
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most likely because their activity is not required
under the high glucose conditions used in this
study. Taken together, these analyses indicate that
changes in perceived glucose levels ultimately lead
to a shift in the metabolic programme, either to
or from fermentation, and that this is achieved by
regulating the transcription of metabolic pathway
members, such as Gsy1, Gdb1, Tps2 and Tsl1.
Tps2 is the most downstream transcriptional
component
To further determine whether members of the metabolic pathways are indeed the most downstream
transcriptional components, a new approach was
applied to deduce the hierarchy of transcriptional
regulation within the glucose regulatory system
(see Methods). The approach is designed to explain a gene expression profile measured upon the
deletion of one pathway member through the transcriptional regulation of another pathway member.
Two measures are used to define the hierarchical
relationship between two pathway members: (a)
the transcript change they elicit on each other, and
(b) the correlation of their gene expression profiles.
Depending on the sign of these measures, four possible combinations are distinguished (Figure 5A,
B) and categorised into two types (Figure 5C)
“sequential” and “non-sequential”. A sequential relationship is observed when the transcript changes
for a pathway member as a result of its deletion
can be explained by the altered transcription of a
second pathway member (Figure 5A-D, left). This
is the case, for instance, when the transcript level of
pathway member y is reduced upon the deletion of
pathway member x, resulting in a gene expression
profile highly similar to the deletion of y itself. In
the reconstructed transcription network, pathway

member y is hence placed downstream to pathway
member x. On the other hand, gene expression
profiles may indicate a non-sequential relationship,
such as a feedback circuit between two pathway
members (Figure 5A-D, right). In this case, the
transcriptional regulation of one pathway member
cannot easily explain the gene expression profile
of the second pathway member, indicating a nonsequential relationship that involves additional
intermediate components.
The combination of all such relationships
found between components of the glucose regulatory system is depicted in a hierarchical network
(Figure 5E). Interestingly, components are typically either found in sequential relationships, e.g.
Bcy1, Gph1, or Tps2, or are predicted to be involved in non-sequential relationships such as feedback, e.g. Erf2, or Tsl1. Consistent with the previous analysis (Figure 4), the network shows that
metabolic pathway members involved in trehalose
biosynthesis, in particular Tps2 and Tsl1, are the
most downstream transcriptional components of
the glucose regulatory system and are therefore
predicted to mediate the main transcriptional response to perceived glucose availability (Figure 2).
Trehalose is synthesised by a complex
consisting of four members: the trehalose-6-phosphate synthase Tps1, the trehalose-6-phosphate
phosphatase Tps2, as well as the regulatory subunits Tsl1 and Tps3. Tps1 is essential for growth on
rapid fermentative carbon source as used in this
study, and therefore a gene expression profile of
tps1Δ could not be determined. Of the remaining
complex members only deletion of either Tps2 or
Tsl1 leads to significant transcript changes, suggesting that Tps3 is not required for the functioning
of the complex under high glucose conditions. The

Figure 5 Hierarchical network reconstruction (see next page)
Tps2 is the most downstream transcriptional component. (A) Possible data observations. A blue edge from x to y indicates
decreased transcription of y in the deletion of x, a yellow edge indicates increased transcription. Edges of the same colour
going from x and y to downstream target genes denote correlation between the gene expression profiles of xΔ and yΔ,
anti-correlation otherwise. (B) Different types of data observations, as presented in (A), are exemplified. Dashed grey lines
indicate 1.5 FC. Solid grey lines indicate the linear regression line fitted through the data points. Deletions of x and y are
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changes of downstream target genes observed in the deletion of x are indirect through the transcriptional regulation of
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result in significant transcriptional changes compared to WT.
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Figure 6 Tps2 is epistatic to both Gpr1 and Ram1
Transcriptional changes upon the single deletion of either TPS2 or GPR1, as well as TPS2 or RAM1 are compared to the effect
of their combined deletion. Shown are all transcripts (horizontal) changing significantly (p < 0.01, FC > 1.7) in any of the
three deletion mutants (vertical). In both tps2Δ gpr1Δ and tps2Δ ram1Δ double deletions, transcriptional changes of tps2Δ
dominate the double mutant gene expression profile. Colour scale as in Figure 2.

transcriptional regulation of Tps2 may account for
the global transcriptional changes measured upon
the deletion of various components of the glucose
regulatory system. To further investigate this prediction, we performed epistasis analysis by gene
expression profiling double mutants. These mutants consisted of tps2Δ in combination with the
deletion of GPR1 and RAM1, two members of the
Gpr1/PKA and Ras/PKA pathways that have a
gene expression profile opposite to tps2Δ. Epistasis can describe a genetic interaction between two
genes, in which the deletion of one gene masks or
suppresses the effects of the other gene 41. Tps2 is
then epistatic to and in fact acting downstream of
Gpr1 and Ram1 if the gene expression profile of
the respective double mutant resembles the profile
of the tps2Δ single mutant. Gpr1 indeed functions
upstream of Tps2 as reflected in the gene expression profile of the tps2Δ gpr1Δ double mutant,
which is most similar to the tps2Δ profile and the
inverse of the gpr1Δ profile (Figure 6, top). Similarly, based on the transcriptional hierarchy, Ram1
would be placed upstream of Tps2, in agreement
with its role in membrane anchoring of the Ras
proteins. The validity of this prediction is shown
by the tps2Δ ram1Δ double mutant, which is
again most similar to the tps2Δ gene expression
profile (Figure 6, bottom). One exception is a set
of genes enriched for the GO biological process
“response to pheromone” (p = 8.50E-13), which
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can be accounted for by Ram1 being known to also
prenylate the a-factor mating pheromone (Figure
6, grey bar) 39. The decreased transcription of
these genes are the only remainder of the ram1Δ
single mutant that is retained in the tps2Δ ram1Δ
double mutant gene expression profile and appears
to be mediated independently of Tps2. While the
precise function of Tsl1 is largely unknown, the
network analysis suggests that it plays an important role in communicating a feedback signal to
other components of the glucose regulatory system
(Figure 5E). The balance between glycogen mobilisation and trehalose biosynthesis in particular is
predicted to be mediated by Tsl1 through feedback
(Figure 7) as further discussed below.
DISCUSSION
Parallel pathways in the glucose regulatory system
Previous studies have exposed the existence of
parallel pathways in the glucose regulatory system by showing that there still is a response to
altered glucose levels in deletion mutants of individual glucose signalling pathways 3,6. Here, we
show by gene expression profiling all non-essential
components of the glucose regulatory system that,
in general, removing any single component of this
system results in one main transcriptional response
(Figure 2). Those pathway members that hardly
show any transcriptional changes as a result of the
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deletion mutant are either not required under the
condition investigated here or are known to have
redundant partners within a given pathway. The
loss of one pathway member can then be buffered
by the existence of another and hence, does not
lead to great transcriptional changes. Remarkably,
for most deletion mutants of different pathways of
the glucose regulatory system this is not the case,
implying that these pathways do not buffer each
other’s activity. This seems to suggest that the
degree of genetic redundancy between pathways of
the glucose regulatory system is negligible. Rather,
they represent parallel pathways that are so interconnected that the ultimate transcriptional change
measured upon their disruption is highly similar.
Transcriptional response according to perceived
glucose levels
One of the most striking observations is that, in
general, the transcriptional response as a result
of the deletion of a gene involved in the glucose
regulatory system is invariably of the same type,
although the magnitude and direction of the response vary (Figure 2A). Two groups of pathway
members can be distinguished: those promoting
processes required under low glucose conditions
(“low glucose” group), and those promoting processes required under high glucose conditions
(“high glucose” group). Transcripts differentially
expressed between deletion mutants of these two
groups are also involved in the physiological response to altered glucose levels (Figure 2B). However, since there is no actual difference in external
glucose levels, the transcriptional response is based
solely on perceived rather than actual external
glucose levels, as has been suggested before 3,24–27.
Uniform gene expression profiling to relate
pathway members
Since standardised, uniform conditions are used for
all experiments, different components of the glucose regulatory system can be related by the similarity of their gene expression profile. In this case,

the gene expression profiles are used as detailed
molecular phenotypes, rather than using them as a
screen for finding differentially expressed genes. For
example, we detect the well-established functional
relationship between Gpr1 and Gpa2 and reveal
unknown ones, such as between Tsl1, involved in
trehalose metabolism, and Pfk27, involved in the
regulation of glycolysis (Figure 3A). This seems to
suggest that Tsl1 has a role in glycolytic regulation or, alternatively, might couple regulation of
trehalose metabolism to the glycolytic flux. The
concept of trehalose metabolism and the glycolytic
flux being interdependent is very appealing since
this allows the cell to couple its storage carbohydrate levels to the current metabolic rate and thus
glucose availability.
Transcriptional regulation of the glucose
regulatory system
This study further investigated the extent to which
the glucose regulatory system itself is regulated
through transcription. Pathway members involved
in signalling are hardly transcriptionally affected in
the deletion mutants. It seems highly unlikely that
they are not regulated at all, suggesting that they
are regulated post-translationally to evoke changes
in the signalling output at a faster rate. Our
results indicate that the glucose levels perceived
by the cells are propagated downstream through
the signalling pathways to adjust the long-term
metabolic output accordingly. In particular, the
enzymes involved in the biosynthesis of the storage
carbohydrates glycogen and trehalose are transcriptionally changed (Figure 4). This is supported
by the fact that only upon gradual depletion of
external glucose, cells begin to synthesise storage
carbohydrates and therefore require the presence
and transcriptional activation of the corresponding
metabolic enzymes.
A new network approach is introduced,
which is set up to reveal hierarchy and feedback
in the observed transcriptional responses using the
unique characteristics of deletion mutant gene ex-
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Figure 7 A regulatory unit for balancing the storage carbohydrate biosynthesis
The inferred transcription network between Tps2, Tsl1, and
Gph1 (purple and green; as in Figure 5E) is integrated into
the metabolic pathway (grey) in which they are functioning.

pression profiles. The relation between two respective pathway members is explained by combining
the similarity in their gene expression profiles with
the effect that deletion of one pathway member
has on the transcription of the other member. In
fact, the approach can be applied to any system
or pathway where determination of hierarchy is
important and the effects of perturbing individual
components are measured in a genome-wide and
quantitative manner. When applied to the glucose
regulatory system (Figure 5), it further supports
the hypothesis that adjusting transcript levels of
pathway members involved in storage carbohydrate metabolism is one of the most downstream
transcriptional events. Although this concept is
intuitive it has not, to our knowledge, been explicitly demonstrated before. While the synthase
Tps1 is shown to be crucial for trehalose production 42, its transcription is little changed in deletion
mutants of the glucose regulatory system (Figure
4). Based on the observed transcription changes,
the phosphatase Tps2 is predicted to be the most
downstream transcriptional component (Figure
5E; Figure 6) and the regulatory subunit Tsl1 is
suggested to play an important role in communicating feedback (Figure 5E).
The network highlights the interplay be-
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tween the mobilisation of glycogen, mediated by
Gph1, and the biosynthesis of trehalose, mediated
by Tps2 and Tsl1 (Figure 7). Recent studies suggest different roles for the storage carbohydrates
glycogen and trehalose, where trehalose might be
the preferred energy source for survival under a variety of conditions 43. Consistently, our results show
that transcript levels of Gph1, as well as Tps2 and
Tsl1 are increased as the cell perceives low glucose
concentrations through the deletion of a “high glucose” pathway member. Furthermore, a sequential
relationship in the transcriptional changes upon
the deletion of GPH1 and TPS2 is observed. Although based on transcriptional changes only, this
suggests that glycogen is mobilised to replenish
the internal glucose pool, whilst trehalose is built
up. In addition, our results suggest that the ratio
between these two processes is balanced by Tsl1
through feedback. Taken together, the results of
this study imply that multiple inputs from different signalling pathways converge into the regulatory unit of Gph1, Tps2 and Tsl1 to balance the
availability of storage carbohydrates and adjust
the metabolic state of the cells accordingly.
CONCLUSIONS
Pathways of the glucose regulatory system represent
parallel pathways that are highly interconnected.
Perceived alterations of external glucose levels lead
to one main transcriptional response that varies in
direction to mimic either a high or a low glucose
response. Network analysis of the transcriptional
changes suggests that this response is mediated
by regulating storage carbohydrate biosynthesis,
in particular by transcriptionally adjusting the
abundance of Tps2 and Tsl1. An additional link to
Gph1 possibly connects mobilisation of glycogen
to trehalose biosynthesis to balance the availability of storage carbohydrates. This is an important
aspect of the yeast glucose regulatory system and
provides a basis for further studies to investigate
the mechanistic and biochemical details.
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METHODS
Expression profiling and deletion strains
All experimental details of expression profiling the
deletion mutants are provided in Additional file 3 and
Addendum 1. In short, for expression profiling the deletion mutants, each mutant strain in the BY4742 background (Additional file 1) was profiled four times from
two independently inoculated cultures and harvested in
early mid-log phase in SC medium, supplemented with
2% glucose. Sets of mutants were grown alongside 56
WT cultures and processed in parallel. For expression
profiling the glucose WT time-course, two overnight
WT cultures were used to inoculate 50 ml cultures at an
OD600 of 0.15. These were depleted of glucose by growing
for 24 hours and were used the next day to inoculate
500 ml cultures in fresh medium (SC, supplemented with
2% glucose) to an OD600 of 0.15. Samples for expression
profiling were taken immediately after, as well as 3, 7.5,
15, 30, 60, 110, 150, and 300 minutes after inoculation
into fresh medium.
Dual-channel 70-mer oligonucleotide arrays
were employed with a common reference WT RNA. All
steps after RNA isolation were automated using robotic
liquid handlers. These procedures were first optimised
for accuracy (correct FC) and precision (reproducible
result), using spiked-in RNA calibration 44. After quality
control, normalisation, and dye-bias correction 45, statistical analysis was performed for each mutant versus a
collection of 200 WT cultures. The reported FC is an
average of the four replicate mutant gene expression
profiles versus the average of all WTs. Transposable elements and mitochondrial genes were excluded from all
analyses.
Incorrect strains from the deletion collections
Euroscarf or Open Biosystems (15%) as indicated by
aneuploidy (3%), incorrect deletion (7%), or additional
spurious mutation affecting the gene expression profile
(5%) were remade and re-profiled. Three strains were not
available in either collection and thus made for this study
(Additional file 1). None of the WT gene expression profiles had twelve or more genes changing compared to the
average WT as determined by the same criteria as for
the mutants (p < 0.01, FC > 1.7). This threshold was
therefore applied to determine whether a mutant had a
gene expression profile different from WT and was hence
used for further analysis.
Accession numbers
All microarray gene expression data is deposited in
the public data repositories ArrayExpress (accession
numbers E-TABM-1210 [deletion mutants] and ETABM-1211 [glucose WT time-course] and GEO (accession number GSE33099 [deletion mutants and glucose
WT time-course]. The data are also available as flat-file
or in TreeView format from http://www.holstegelab.nl/

publications/glucose_regulatory_system/.
Construction of tps2Δ double mutants
tps2∆ MATa BY4741 strains were mated with gpr1∆
and ram1∆ MATα BY4742 strains and then sporulated.
Double mutants were obtained from two independent
spores through tetrad dissection.
Construction of the glucose gene signature
The glucose gene signature is defined as the set of genes
that is differentially regulated between the “high glucose”
and “low glucose” pathway members. To this end, the
following classification-like approach was used. Only
deletion mutants with 30 or more transcripts changing
significantly (p < 0.01, FC > 1.7) were used in the procedure (32 mutants). The dataset was randomly divided
into a training (2/3 of the mutants, i.e. 21 mutants) and
test (1/3 of the mutants, i.e. 11 mutants) set. Leave one
out cross validation was applied on the training set to
find all genes with a classification accuracy of 90% using
a K-nearest neighbour (KNN) classifier with K equals
three. In other words, genes were selected when correctly
classifying 90% of all deletion mutants in the training
set (19 out of 21 deletion mutants). This gene set was
subsequently used to classify all mutants of the test
set to obtain an independent estimate of the predictive
power. This procedure was repeated 200 times. Genes
were ranked according to their frequency of occurrence in
these sets and the top N = 878 genes were selected, where
N is the mean size of all 200 gene sets. For a schematic
overview, see Supplementary Figure 3 in Additional file
3. Note that this classification-like approach was used in
favour of a standard limma analysis to be able to select
genes exhibiting only minor transcriptional changes but
that still discriminate between the “high glucose” and
“low glucose” pathway members.
Functional enrichment analyses
For functional enrichment analyses, a hypergeometric
testing procedure was performed using GO biological process annotations 23 as obtained from SGD 46 on
September 3rd 2011. The background population was set
to 6,359 (the number of genes annotated in GO) and
p values were Bonferroni corrected for multiple testing.
Hierarchical network reconstruction
A directed network G = (V,E) is constructed. Each
vertex vi∈V represents a member of the glucose regulatory system and each edge ex,y∈E, E = {L1,L2,F1,F2}
describes the relationship between two pathway members
x and y. This relationship is defined as follows:

where dx,y is the change of transcription of y upon the
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deletion of x

and cx,y is the significant cosine correlation between the
gene expression profiles obtained upon the deletions of x
and y respectively

Significance of correlation is determined by a randomisation test as follows. First, transcript levels of each gene
in a given gene expression profile are shuffled. Second,
correlation between gene expression profiles is calculated
for each mutant pair. This routine is repeated a 1,000
times to obtain a background distribution, and the lower
0.001 and upper 0.999 quantiles (corresponding correlation of 0 and 0.18) are applied as significance thresholds.
Using these thresholds to determine significant correlation ensures that amongst 1,000 significant correlations
lower than 0 or higher than 0.18 respectively, only one is
likely to be random.
Robustness and stability of the resulting
network was tested by varying the different parameters
included. Application of pearson correlation instead of
cosine correlation did not affect the resulting network.
Small changes in strictness of p value and FC of transcription changes, or significance of correlation did affect
the presence of individual edges in the network, but not
the overall hierarchical structure and downstream position of Tsl1 and Tps2.
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Additional file 1A Strains used in this study

systematic
name

gene
symbol

mutant source

growth
protocol

profile

comments

Ymr116c

Asc1

Holstegelab, UMC Utrecht

1

yes

wrong deletion in OB collection

Yil033c
Yal021c

Bcy1
Ccr4

Holstegelab, UMC Utrecht
Open Biosystems

1
1

yes
yes

Ybr112c
Ykl048c

Cyc8
Elm1

Holstegelab, UMC Utrecht
Euroscarf

1
1

yes
yes

not present in either collection
Ccr4 used in place of Pop2, deletion of
POP2 could not be madew
wrong deletion in OB collection

Ylr246w
Ynl199c
Ydr096w

Erf2
Gcr2
Gis1

Euroscarf
Open Biosystems
Euroscarf

1
1
1

yes
yes
yes

Yer020w
Yor371c
Yal056w
Ypr160w
Ydl035c
Yjr090c
Ygl237c
Ybl021c
Ygl253w
Ybr140c
Yol081w
Ygl035c
Ymr037c
Ybr001c
Yor360c
Ygr240c
Ymr205c

Gpa2
Gpb1
Gpb2
Gph1
Gpr1
Grr1
Hap2
Hap3
Hxk2
Ira1
Ira2
Mig1
Msn2
Nth2
Pde2
Pfk1
Pfk2

Euroscarf
Euroscarf
Euroscarf
Open Biosystems
Euroscarf
Holstegelab, UMC Utrecht
Open Biosystems
Open Biosystems
Euroscarf
Holstegelab, UMC Utrecht
Holstegelab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Holstegelab, UMC Utrecht
Holstegelab, UMC Utrecht

1
1
1
1
1
2
2
2
1
1
1
1
2
1
1
1
1

yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes

Yol136c
Ydl090c
Ynl098c
Ydr028c
Ymr139w
Yfl033c
Yhr205w
Yor140w
Yol110w
Ygl208w
Ydr477w
Ygl115w
Ymr016c
Ynl138w
Ydr410c
Ypl180w
Ykl166c

Pfk27
Ram1
Ras2
Reg1
Rim11
Rim15
Sch9
Sfl1
Shr5
Sip2
Snf1
Snf4
Sok2
Srv2
Ste14
Tco89
Tpk3

Holstegelab, UMC Utrecht
Holstegelab, UMC Utrecht
Euroscarf
Euroscarf
Open Biosystems
Euroscarf
Holstegelab, UMC Utrecht
Open Biosystems
Holstegelab, UMC Utrecht
Open Biosystems
Euroscarf
Euroscarf
Euroscarf
Holstegelab, UMC Utrecht
Open Biosystems
Euroscarf
Euroscarf

1
1
1
1
1
1
1
2
1
1
1
1
1
1
1
1
1

yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes

PCR verified
spurious mutation in OB collection

not present in either collection
aneuploid in both collections

not present in either collection
aneuploid in both collections; PCR
verified
wrong deletion in OB collection
aneuploid in both collections

spurious mutation in OB collection
samples are technical replicates
wrong deletion in ES collection

spurious mutation in OB collection

47

Chapter 2
Additional file 1A continued

systematic
name

gene
symbol

mutant source

growth
protocol

profile

Ydr074w
Yml100w
Ycr084c

Tps2
Tsl1
Tup1

Open Biosystems
Holstegelab, UMC Utrecht
Open Biosystems

1
1
1

yes
yes
yes

Ydr216w
Ymr280c
Ylr377c
Yer027c
Ypr184w
Ykr058w
Yjl137c
Ycl040w
Ygl121c
Yfr015c
Ylr258w
Ykl109w
Yfl014w
Yfr053c
Ydr005c
Ygl209w
Ykl062w
Ydr277c
Yir019c
Ydr043c
Ybr066c
Ydr001c
Ygl248w
Yil107c

Adr1
Cat8
Fbp1
Gal83
Gdb1
Glg1
Glg2
Glk1
Gpg1
Gsy1
Gsy2
Hap4
Hsp12
Hxk1
Maf1
Mig2
Msn4
Mth1
Muc1
Nrg1
Nrg2
Nth1
Pde1
Pfk26

Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Euroscarf
Euroscarf
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Holstegelab, UMC Utrecht

1
2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no

Ykl127w
Ymr105c
Ydr490c
Yor101w
Ymr274c
Yor107w
Ykl038w
Ydl138w
Yer129w
Yll016w
Ydr422c
Yjl089w
Ydl194w
Yor047c
Yjr066w
Ygl179c

Pgm1
Pgm2
Pkh1
Ras1
Rce1
Rgs2
Rgt1
Rgt2
Sak1
Sdc25
Sip1
Sip4
Snf3
Std1
Tor1
Tos3

Open Biosystems
Holstegelab, UMC Utrecht
Euroscarf
Euroscarf
Open Biosystems
Euroscarf
Euroscarf
Euroscarf
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Euroscarf
Euroscarf

1
1
1
1
1
1
1
1
1
1
1
2
1
1
1
1

no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
no
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comments

wrong deletion in OB collection
grown at 330rpm with beads (flocculant strain)
only 2 replicates
PCR verified
only 2 replicates

PCR verified

spurious mutation in OB collection
strain, only 1 profile included
wrong deletion in OB collection

The transcriptional response of glucose pathways
Additional file 1A continued

systematic
name

gene
symbol

mutant source

growth
protocol

profile

Yjl164c
Ypl203w
Ymr261c
Yjl141c
Yhr135c
Ynl154c
Ylr310c
Yjl005w
Ypl075w
Yer133w
Ygl073w
Ylr223c
Ykl019w
Ynl216w
Yor057w
Ybr126c

Tpk1
Tpk2
Tps3
Yak1
Yck1
Yck2
Cdc25
Cyr1
Gcr1
Glc7
Hsf1
Ifh1
Ram2
Rap1
Sgt1
Tps1

Euroscarf
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
inviable
inviable
inviable
inviable
inviable
inviable
inviable
inviable
inviable
inviable

1
2
1
1
1
1

no
no
no
no
no
no

Ykl035w

Ugp1

inviable

comments

growth protocol: 1 for growth in Erlenmeyers, 2 for growth in Tecan microplate reader

Additional file 1B Strains used in this study

gene 1

gene 2

growth protocol

construction

comments

TPS2
TPS2

GPR1
RAM1

1
1

tetrad dissection
tetrad dissection

profile derived from two different matalpha spores
profile derived from one matalpha spore

growth protocol: 1 for growth in Erlenmeyers
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Additional file 2A Literature-based categorisation of all glucose signalling pathway members

Adr1
Asc1
Bcy1
Cat8
Ccr4
Cdc25
Cyc8
Cyr1
Elm1
Erf2
Fbp1
Gal83
Gcr1
Gcr2
Gdb1
Gis1
Glc7
Glg1
Glg2
Glk1
Gpa2
Gpb1
Gpb2
Gpg1
Gph1
Gpr1
Grr1
Gsy1
Gsy2
Hap2
Hap3
Hap4
Hsf1
Hsp12
Hxk1
Hxk2
Ifh1
Ira1
Ira2
Maf1
Mig1
Mig2
Msn2
Msn4
Mth1
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Ras/PKA

Gpr1/PKA

x

x
x
x
x

x
x

Sch9

Yak1

Snf1

Snf3

metabolism

x

x

x
x

x
x
x
x

x
x

transcription factor

x

x

x

x

x
x
x
x
x
x

x
x

x
x

x

x

x

x
x
x
x
x
x
x
x

x
x
x
x
x
x
x
x
x
x
x
x
x
x

x
x
x
x
x

x
x
x
x

x
x
x
x
x
x
x

x
x
x
x
x

x

x

x

x
x
x

x
x

x
x
x

x
x

x
x
x
x
x
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Additional file 2A continued

Muc1
Nrg1
Nrg2
Nth1
Nth2
Pde1
Pde2
Pfk1
Pfk2
Pfk26
Pfk27
Pgm1
Pgm2
Pkh1
Ram1
Ram2
Rap1
Ras1
Ras2
Rce1
Reg1
Rgs2
Rgt1
Rgt2
Rim11
Rim15
Sak1
Sch9
Sdc25
Sfl1
Sgt1
Shr5
Sip1
Sip2
Sip4
Snf1
Snf3
Snf4
Sok2
Srv2
Std1
Ste14
Tco89
Tor1
Tos3

Ras/PKA

Gpr1/PKA

x
x
x

x
x
x

Sch9

Yak1

Snf1

Snf3

metabolism

transcription factor
x
x
x

x
x
x
x

x
x

x
x
x
x
x
x
x
x
x

x
x
x
x
x
x

x

x

x

x
x
x
x
x
x

x
x

x

x
x
x

x
x
x
x

x

x
x

x

x
x
x
x

x

x
x
x
x

x
x
x

x

x
x

x

x
x
x
x
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Additional file 2A continued

Tpk1
Tpk2
Tpk3
Tps1
Tps2
Tps3
Tsl1
Tup1
Ugp1
Yak1
Yck1
Yck2

Ras/PKA

Gpr1/PKA

x
x
x

x
x
x

Sch9

Yak1

Snf1

Snf3

metabolism

transcription factor

x
x
x
x
x

x

x

x

x
x

x
x
x

Additional file 2B Data-based categorisation of all glucose signalling pathway members

category

pathway members

essentials
"like WT"

Cdc25, Cyr1, Gcr1, Glc7, Hsf1, Ifh1, Ram2, Rap1, Sgt1, Tps1, Ugp1
Adr1, Cat8, Fbp1, Gal83, Gdb1, Glg1, Glg2, Glk1, Gpg1, Gsy1, Gsy2, Hap4, Hsp12, Hxk1, Maf1, Mig2,
Msn4, Mth1, Muc1, Nrg1, Nrg2, Nth1, Pde1, Pfk26, Pgm1, Pgm2, Pkh1, Ras1, Rce1, Rgs2, Rgt1, Rgt2,
Sak1, Sdc25, Sip1, Sip4, Snf3, Std1, Tor1, Tos3, Tpk1, Tpk2, Tps3, Yak1, Yck1, Yck2
Asc1, Ccr4, Cyc8, Elm1, Erf2, Gcr2, Gpa2, Gpr1, Grr1, Hxk2, Mig1, Pfk1, Pfk2, Pfk27, Ram1, Ras2, Reg1,
Sch9, Shr5, Sok2, Srv2, Ste14, Tco89, Tpk3, Tsl1, Tup1

"high-glucose"
"low-glucose"
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Bcy1, Gis1, Gpb1, Gpb2, Gph1, Hap2, Hap3, Ira1, Ira2, Msn2, Nth2, Pde2, Rim11, Rim15, Sfl1, Sip2, Snf1,
Snf4, Tps2
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Additional file 3
Details of DNA microarray gene expression profiling as
well as subsequent statistical analysis are provided in
Addendum 1 of this thesis.
Data availability
Raw data and normalised gene expression profiles are
available from ArrayExpress (accession numbers ETABM-1210 [deletion mutants]; E-TABM-1211 [glucose
WT time-course]) and from GEO (accession number
GSE33099 [deletion mutants and glucose WT timecourse]). Expression ratios (log2 FC) and p values of all
profiles are also available as text-files (del_mutants_
data.txt; time-course_data.txt) that can be downloaded
from the supporting website (http://www.holstegelab.
nl/publications/glucose_regulatory_system/).
The
expression changes on individual genes can also be
viewed after installing Java Treeview 1 (http://jtreeview.
sourceforge.net/), downloading the zipped TreeView files
(del_mutants_treeview.zip; time-course_treeview.zip)
available from the supporting website, extracting the
files and opening the .cdt file. When viewing the data,
individual strains and transcripts can be found quickly
using the “Find” function.
Yeast Strains
All strains are isogenic to S288c, BY4742 2. The selection
of glucose signaling components was manually curated
from literature, resulting in 91 viable deletion strains.
Haploid MATα gene deletion strains were initially obtained as two separate copies from the deletion collections
Euroscarf (Frankfurt, Germany) or Open Biosystems
(Huntsville, USA). Different problems, detailed below,
were encountered for 16 strains in the collection. These
were re-made. New deletion mutants were constructed
using the kanamycin cassette from pFA6a-kanMX6 3. All
strains used are described in Additional file 1.
Quality control on strains from the deletion collection
In 16 strains from the collection, the gene expression
profiles revealed different defects, annotated in the strain
list in Additional file 1. Note that such defects may be
common to all copies of the collection but could also
have arisen due to our handling of these strains. All these
strains were re-made. Three different types of defects
were encountered and are described below. All 91 strains
selected for expression profiling passed our quality control criteria.
Incorrect deletion
In some deletion strains the supposed deleted gene
was not obviously downregulated. This is usually due
to already low expression in WT. In all such cases the
deletion strain was checked by two PCRs, one using two
primers outside the presumed deleted gene and another
using one primer outside the gene and the other primer
in the middle of the marker. PCR reactions were posi-

tive for four strains and the gene expression profiles were
kept. Six deletion strains did not have the desired gene
deleted and were subsequently re-made and re-profiled.
Aneuploidy
Aneuploidy is revealed in the gene expression profiles by
analysis of expression changes in the context of chromosome location, one of the standard quality controls (QCs)
performed on all gene expression profiles. Expression
profiling revealed aneuploidy in three deletion mutants
in the collection, sometimes as part of a chromosome,
sometimes with one or more complete chromosomes involved. Aneuploid mutants were re-made and re-profiled.
Spurious mutations
Four deletion strains passed the QC criteria of correct
deletion and no aneuploidy but had surprising gene expression profiles in light of what was previously known
about the knockout gene. These were re-made and reprofiled.
Statistical analysis of gene expression profiles
Genes were considered significantly changed when the
fold change (FC) was > 1.7 and the p value < 0.01.
Transposable elements and mitochondrial genes were
excluded from further downstream analysis, as well as
YDL196W, since it is frequently upregulated indicating
that expression of this gene was downregulated in the
common reference WT culture, likely due to a spurious
mutation. For determining which deletion mutants have a
significant effect on mRNA expression levels, all deletion
mutants and the 56 WT cultures grown in parallel were
ranked by the number of significantly changing genes.
No WT had twelve or more genes changing and based on
this the deletion mutants were classified into two groups:
profiling (≥ twelve genes changing) and non-profiling ( <
twelve genes changing). R (template) scripts for running
the limma statistical analysis are available upon request.
For the glucose WT time-course, replicate
hybridisations from two independent WT cultures at different time points were compared to the same cultures
at time point 0 using the R package limma as described
above. As for the deletion mutant dataset, transposable
elements, mitochondrial genes, and YDL196W were excluded.
REFERENCES
1.
2.
3.

Saldanha, A. J. Java Treeview—extensible visualization of microarray data. Bioinformatics 20, 3246
–3248 (2004).
Winzeler, E. A. et al. Functional Characterization
of the S. cerevisiae Genome by Gene Deletion and
Parallel Analysis. Science 285, 901 –906 (1999).
Longtine, M. S. et al. Additional modules for versatile and economical PCR‐based gene deletion and
modification in Saccharomyces cerevisiae. Yeast 14,
953–961 (1998).
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Supplementary Figure 1
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6

4

M (log2(mt/wt))

2

0

-2

cyc8∆
ram1∆
tup1∆
grr1∆
srv2∆
bcy1∆
ccr4∆
reg1∆
sch9∆
pfk2∆
ira2∆
pfk27∆
asc1∆
tsl1∆
hxk2∆
tps2∆
gpr1∆
ira1∆
tco89∆
gcr2∆
gpa2∆
pde2∆
sok2∆
elm1∆
gpb1∆
gpb2∆
nth2∆
pfk1∆
sfl1∆
gph1∆
msn2∆
mig1∆
hap2∆
hap3∆
snf1∆
shr5∆
ras2∆
rim15∆
ste14∆
rim11∆
erf2∆
snf4∆
gis1∆
sip2∆
tpk3∆
hap4∆
rgt1∆
gpg1∆
tpk2∆
muc1∆
gal83∆
rgt2∆
gsy1∆
gsy2∆
nrg1∆
yak1∆
tpk1∆
tor1∆
rce1∆
glk1∆
maf1∆
nrg2∆
yck1∆
tps3∆
pde1∆
mth1∆
std1∆
pkh1∆
pgm1∆
hxk1∆
glg2∆
glg1∆
sip1∆
pfk26∆
sip4∆
sdc25∆
ras1∆
yck2∆
gdb1∆
cat8∆
mig2∆
rgs2∆
msn4∆
snf3∆
fbp1∆
pgm2∆
nth1∆
adr1∆
hsp12∆
tos3∆
sak1∆

-4

Supplementary Figure 1 Activity profiles of all deletion strains
Activity profiles are ranked as box-whisker plots showing fold changes (vertical axis) with significantly changing genes (p
< 0.01, FC > 1.7) as red dots and unresponsive genes as black dots. Dashed grey lines indicate 1.7-fold change. The solid
grey line is the threshold for distinguishing deletions with significant gene expression profiles (≥ 12 genes changing) versus
deletions that behave similar to WT ( < 12 genes changing). This threshold is based on the maximum number of transcript
changes observed in the 56 WT gene expression profiles, excluding mitochondrial genes and transposable element genes.

# significant changes (in-degree; p < 0.01, FC > 1.5)

Supplementary Figure 2

Supplementary Figure 2 Transcription of metabolic pathway
members significantly changes more frequently than transcription of signalling pathway members

30

Box-whisker plots depicting the number of mutants in
which the transcription of members of the metabolic
pathways (left) and the six signalling pathways (right) is significantly changed (p < 0.01 and FC > 1.5). Both distributions
significantly differ from each other (Wilcoxon rank-sum test,
p = 6.0E-6).
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0
metabolism
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Ras/PKA, Gpr1/PKA, Sch9,
Yak1, Snf1, Snf3/Rgt2

Supplementary Figure 3

Apweiler
The transcriptional response of glucose pathways

Supplementary Figure 3 Schematic overview of the
classification like procedure used to derive the glucose
gene signature

200 repeats

dataset
(32 mutants)
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(21 mutants)

and Sam

test set
(11 mutants)

LOOCV
KNN, k=3
n genes with ≥90%
classification
accuracy, i.e. 19/21
correct predictions

KNN, k=3

classification
accuracy on
test set

perfect classification
accuracy (11/11) in
each repeat

mean size of all gene sets, N = (n1+n2+...+n200)/200
extract N most frequently selected genes
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Additional file 4A
signature-downregulated
Ybr001c, Ydr074w, Ycl040w, Ycl042w, Ylr258w, Ygl037c,
Ymr251w-a, Ygr008c, Yol052c-a, Yfl014w, Yfr053c, Ydl130wa, Ydr032c, Yml054c, Ybr230c, Ynl274c, Ylr345w, Ynl015w,
Ygl006w, Yer141w, Yor228c, Yjl079c, Ydr231c, Ykl094w,
Ykl150w, Yor215c, Ykl133c, Ybr052c, Yir038c, Yer037w,
Ykl103c, Yor347c, Ybr053c, Yhr016c, Yjl164c, Ynl092w,
Ybr149w, Ypl154c, Yol082w, Ymr297w, Yor289w, Ynl200c,
Ykl142w, Ypl087w, Yer079w, Yal017w, Yhr080c, Ylr454w,
Ydr099w, Yjl131c, Ydr133c, Yer053c, Ydr171w, Yhl021c,
Ydr001c, Ylr178c, Yor173w, Yml128c, Ygr248w, Ymr105c,
Ymr196w, Ydl110c, Yol083w, Ypl186c, Yil101c, Yhr075c,
Ybl001c, Yor227w, Yjl141c, Yjl142c, Ylr270w, Yil017c, Yol087c,
Ydr504c, Ydr505c, Ygr070w, Yal008w, Ykl193c, Ykl091c,
Ybr169c, Ykl151c, Ylr251w, Yhr104w, Yol153c, Yjl070c,
Ygl227w, Ydr358w, Ydr055w, Yjl161w, Ypl123c, Ylr356w, Ynl115c, Ygr130c, Yil097w, Ygl121c, Ycl035c, Ybr241c, Yjl042w,
Yor317w, Ykl121w, Ydr475c, Yfr045w, Ygr194c, Ymr261c,
Yol048c, Yjr059w, Yhr087w, Ydr513w, Ybr126c, Ymr250w,
Ybr056w, Ygr111w, Ymr148w, Yor086c, Ygr053c, Ybr204c,
Ykl007w, Ybr128c, Ygr244c, Yor374w, Yil155c, Ykr067w,
Ymr257c, Ylr151c, Ygr174c, Yjl066c, Ylr201c, Yjr008w,
Ybr085c-a, Yil136w, Ypr026w, Ymr110c, Yll019c, Yll020c,
Ygr046w, Ykl124w, Ykl123w, Yll001w, Ypr155c, Ypl109c,
Ypl024w, Ylr392c, Ylr296w, Ynl242w, Yel012w, Ydr272w,
Yjr044c, Ykr046c, Yor097c, Yjr065c, Ygr080w, Ydr255c,
Ykl185w, Ydl027c, Yml057w, Yor120w, Ygr143w, Ykl129c,
Yir007w, Ynl305c, Ydl149w, Ynr007c, Ydr077w, Ydl072c,
Ykl065c, Ydr003w, Yil077c, Ynl223w, Yll023c, Ykl013c,
Ydl237w, Yil087c, Ypl006w, Ypr098c, Ybr269c, Ypl206c,
Yer101c, Ydr061w, Ymr302c, Yhr198c, Ygl206c, Ypr140w,
Ymr041c, Ycr076c, Ydl046w, Ylr080w, Ymr053c, Ymr040w,
Ylr070c, Yer121w, Ykr076w, Yor285w, Yil107c, Ypl119c,
Ybr147w, Yll026w, Ydr258c, Ymr175w, Ymr174c, Ydr453c,
Ypl223c, Ydr070c, Ygr043c, Ymr169c, Ydl204w, Yjr096w,
Yml004c, Ymr271c, Ybl049w, Yor220w, Ybl078c, Yhr209w,
Ydl238c, Ymr170c, Ydr525w-a, Ydr059c, Ylr390w-a, Ypl221w,
Ybl029c-a, Ykl162c, Yhl027w, Ymr295c, Yor010c, Yor152c,
Ygr019w, Ypl017c, Ylr299w, Yjl199c, Ygr255c, Ygr044c,
Ymr315w, Ygl104c, Ydl091c, Ydr204w, Yor155c, Ydr391c,
Ymr025w, Ynl265c, Ygr222w, Yor040w, Yjl068c, Ykl157w,
Ybr026c, Yer057c, Yjl185c, Ybr046c, Ygr100w, Yel041w,
Yel005c, Yel004w, Ypr004c, Ymr027w, Yer087w, Ygr170w,
Ygr009c, Ydr424c, Ydl137w, Ymr244c-a, Ypl026c, Ymr135c,
Ynl160w, Ybr139w, Ypr149w, Ypl004c, Ymr031c, Ycr004c,
Yjl156c, Yml099w-a, Yjl005w, Yml110c, Ynl237w, Yer177w,
Yhr037w, Ydr100w, Yhr028c, Yol129w, Ydr069c, Ygr077c, Ylr375w, Yer178w, Ylr436c, Ylr152c, Ybr132c, Ydl021w, Yjl151c,
Ygl062w, Ycr073w-a, Ydl025c, Yal061w, Ygl156w, Ykr049c,
Yel060c, Yhr138c, Yer035w, Ycr091w, Yfr017c, Ylr149c,
Ydl169c, Ypr184w, Ypl230w, Yel011w, Ybr033w, Yjl116c,
Ypl222w, Ybr285w, Ynl045w, Ygr237c, Ygr088w, Ymr090w,
Yer054c, Yol084w, Ykl162c-a, Yhr160c, Yel039c, Yhl024w,
Yor062c, Ynl208w, Yil160c, Yjr119c, Ymr181c, Yjr157w,
Ybl064c, Yor348c, Yil055c, Ymr322c, Ygr066c, Yor230w,
Ykr039w, Yer062c, Yer033c, Ynr034w-a, Yer067w, Ygr250c,
Yer098w, Yfr015c, Yfr014c, Ydr018c, Ylr312c, Ylr311c, Ylr327c,
Ymr280c, Ygr243w, Yjr149w, Ymr104c, Ydl234c, Yil014c-a,
Ymr195w, Ymr291w, Yfr044c, Yfr006w, Ygl249w, Ygl053w,
Yer066c-a, Yol030w, Ykl035w, Ykl062w, Ykr066c, Yer053c-a,
Ylr300w, Ybr183w, Ydl022w, Yjl020c, Ylr446w, Ydr096w,
Yor273c, Yer011w, Ydr516c, Ynl173c, Ydr216w, Ydl248w,
Ylr168c, Ynr001c, Ygl208w, Yor142w, Ydl078c, Yfr049w,
Yfl018c, Ycl057c-a, Yjl103c, Ydr178w, Ykl141w, Ykl148c,
Yml120c, Yll041c, Ykl085w, Ymr056c, Ydr148c, Yil125w,
Yml091c, Ydr322c-a, Ydr313c, Ydr322w, Ynl055c, Yjr121w,
Ykl067w, Ylr294c, Ylr295c, Ykl016c, Yjr077c, Ypl078c, Ylr395c,
Yjr080c, Yol077w-a, Ypl271w, Yml081c-a, Ymr145c, Yjr125c,

56

Ygl250w, Ynl100w, Ypl107w, Ylr220w, Yml078w, Ylr023c,
Ydl174c, Yal054c, Yfl030w, Ydl215c, Ykr009c, Ygl205w,
Ybr035c, Ydr378c, Yjl060w, Ypl260w, Yml127w, Yol053w,
Ylr283w, Ypl215w, Ykl053c-a, Yjr113c, Ypr047w, Ydr347w,
Yor354c, Ypl060w, Ygr132c, Ydr031w, Ygr235c, Yol071w,
Yjl003w, Yml030w, Ydr079w, Ynr036c, Ygr112w, Yer182w,
Ymr002w, Ygr028w, Ybr185c, Ylr069c, Ygl143c, Ycr003w,
Ynl184c, Yol023w, Yer050c, Ybl080c, Ylr423c, Ymr072w,
Ymr159c, Ykl190w, Ylr093c, Ydl239c, Ydr058c, Ynl190w,
Ygr279c, Ycr026c, Yll016w, Yhl012w, Ynl187w, Ynl239w,
Ygl087c, Ybr137w, Ypl048w, Yor345c, Ygr189c, Ygr225w,
Yml100w, Ybr014c, Ydl124w, Yil111w, Ybr111c, Yol086w-a,
Ymr152w, Ynl098c, Ypr091c, Yjr073c, Yll050c, Yal060w,
Ynl071w, Ypr156c, Ybr054w, Yjl196c, Ydr022c, Ybl091c-a,
Yml079w, Yfr047c, Yer134c, Yer071c, Ydl053c, Yml055w,
Ygr075c, Ydr047w, Ylr252w, Ycl041c, Yhr091c
signature-upregulated
Ygr166w, Ykl125w, Ydr426c, Ybl070c, Ykl090w, Yor364w,
Yil100w, Yjl200c, Ynl174w, Ylr162w, Yer168c, Ydr249c,
Ydl042c, Yor098c, Ydr433w, Ypl178w, Ykl015w, Yar069c,
Yel026w, Ymr259c, Ygr094w, Ygl014w, Ynl221c, Ypl112c,
Ypr161c, Ybr242w, Yel040w, Ylr427w, Ydl073w, Ygr083c,
Ydr472w, Yer049w, Ypl226w, Yor254c, Ypr175w, Ypr190c,
Ymr185w, Ynl123w, Ybl014c, Ynr038w, Ylr419w, Yor188w,
Yer176w, Ygr003w, Ynl023c, Ycr051w, Ykl144c, Ylr316c,
Ydl111c, Ypr144c, Ymr288w, Ymr129w, Yjr124c, Ypr048w,
Ylr017w, Ykl191w, Ykl004w, Yel055c, Ymr093w, Yor168w,
Ydr095c, Yhr021w-a, Ynl275w, Yml018c, Ynl313c, Yhr187w,
Ybl068w, Ygr200c, Yjl109c, Ymr049c, Ydl051w, Ypr110c,
Ynr012w, Yir026c, Ypl126w, Ygl111w, Ybr247c, Ymr290c,
Ydr465c, Ydr161w, Ykl078w, Ypl030w, Ybr271w, Yjl033w,
Yhr197w, Ypl266w, Yol022c, Yor243c, Ymr128w, Yil110w,
Ynl061w, Ydr101c, Yhr170w, Yer006w, Ylr002c, Ygr128c,
Yll008w, Ynl248c, Ydr060w, Yjl050w, Ynl207w, Ynl062c,
Yhr062c, Ydr324c, Ylr409c, Ycr057c, Yor272w, Ybr142w,
Yil104c, Ydl150w, Ygr103w, Yll034c, Yol080c, Ymr239c,
Ydr184c, Ynl175c, Yjr041c, Ykl014c, Ykr079c, Ykl106w,
Yor224c, Ymr310c, Yjl010c, Ylr397c, Yor001w, Ypl211w,
Yml060w, Ygl120c, Ygr245c, Ycl059c, Ydl167c, Ydl148c,
Yil103w, Ydr165w, Ypr041w, Ygl099w, Ydl201w, Ynl292w,
Yal036c, Ynl151c, Ygr187c, Ykr060w, Ylr196w, Yhl013c,
Ykl021c, Ypl012w, Ygr145w, Yjl125c, Yor206w, Ykl009w,
Ylr276c, Ydr087c, Yjl148w, Ygl171w, Ydl153c, Yil096c, Yil091c,
Ydr020c, Ydr361c, Ynl075w, Yhr169w, Ydr245w, Yol115w,
Ylr003c, Yol139c, Yor091w, Ydl060w, Yal059w, Ylr449w,
Ypr060c, Ylr197w, Ygl078c, Yor310c, Yml093w, Yfl023w,
Ynr054c, Ygr283c, Ypl043w, Ylr363w-a, Ymr229c, Ylr222c,
Ypl217c, Ylr186w, Ylr336c, Ykr056w, Ydr121w, Ylr022c,
Ygr276c, Yor294w, Ybr267w, Yor004w, Ynl308c, Ypl146c,
Yjr003c, Ynl022c, Ynl064c, Ygr211w, Ybr104w, Ydr414c,
Ycl002c, Ylr015w, Ybl054w, Yhr070w, Ykr036c, Yml096w,
Ymr127c, Yjr141w, Ydr110w, Yor359w, Ydr198c, Ylr073c,
Yel048c, Ylr287c, Ybr288c, Ydr413c, Ymr209c, Ymr321c,
Ypl273w, Ypl263c, Yol097c, Ygr123c, Ydr321w, Ymr301c,
Ynl256w, Yll035w, Yor260w, Ynl132w, Ypr010c, Ydl112w,
Ykl205w, Yhr020w, Ypl245w, Ygr177c, Yor309c, Ydl155w,
Ylr143w, Yjl008c, Ylr020c, Ygl230c, Ybr031w, Ylr076c,
Yjr071w, Ydr193w, Yml022w, Ydr467c, Ygl165c, Yor361c, Ylr341w, Yll036c, Yal004w, Yol150c, Ygl122c, Ykr035c, Yil086c,
Ypr163c, Yor277c, Yor038c, Yer025w, Ypl162c, Ypr069c,
Yor217w, Ykl181w, Ypr118w, Ynr003c, Ydr140w, Yml108w,
Ymr069w, Ycr087c-a, Ygr173w, Yil142w, Yjl014w, Ycr090c,
Ybr030w, Ymr283c, Ybr198c, Yar008w, Yhr204w, Ynl163c,
Yml065w, Yjr075w, Ypr169w, Yfl002c, Yol077c, Ygr195w,
Yor119c, Ycr016w, Ybr155w, Ydl213c, Ylr200w, Ylr384c,
Ylr434c, Yhr217c, Ybr017c, Yer110c, Ydr144c, Ypr130c,
Ynr055c, Yjl035c, Ykr047w, Ymr243c, Ymr217w, Ygr285c,
Ydl050c, Yhr019c, Ylr262c-a, Yor095c, Ylr401c, Yll045c,
Ypl142c, Yfr056c, Ybr213w, Yor183w, Ynr015w, Ygl042c,
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Yml009c-a, Yil064w, Ydr280w, Ynl232w, Ybr254c, Yil003w,
Yjr147w, Yml112w, Ynr046w, Yjl122w, Ybr131w, Ygl247w,
Yil020c, Ylr180w, Yjl032w, Ypr092w, Ynl095c, Yor056c,
Yjl069c, Ybl061c, Ydr038c, Ydr156w, Yor212w, Ybl081w,
Ykl202w, Yml007c-a, Ykl072w, Yjr046w, Ygl220w, Ybl024w,
Ylr018c, Ylr242c, Ydr083w, Ybl106c, Yhr072w, Yol013w-b,

Ygr096w, Yal020c,
Ylr430w, Ylr451w,
Yer115c, Ypl130w,
Yol055c, Ymr244w,
Ylr460c, Ycr102c

Ydr239c, Ylr412w, Yor377w, Yjr020w,
Yil038c, Ybr275c, Ybr172c, Ynl186w,
Ydr234w, Ypl240c, Ypl085w, Yjl105w,
Yir013c, Ymr319c, Yor378w, Ynr060w,

Additional file 4B GO enrichments of the glucose gene signature

gene list id

type

enrichment name

adjusted p

signature-downregulated
signature-downregulated
signature-downregulated

GO-BP
GO-BP
GO-BP

2.47E-19
1.76E-13
4.69E-11

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

signature-downregulated
signature-downregulated

GO-BP
GO-BP

signature-downregulated

GO-BP

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-BP
GO-BP
GO-BP
GO-BP

oxidation-reduction process (GO:0055114)
generation of precursor metabolites and energy (GO:0006091)
energy derivation by oxidation of organic compounds
(GO:0015980)
trehalose metabolic process (GO:0005991)
cellular respiration (GO:0045333)
carbohydrate metabolic process (GO:0005975)
cellular carbohydrate metabolic process (GO:0044262)
coenzyme metabolic process (GO:0006732)
catabolic process (GO:0009056)
biological_process (GO:0008150)
aerobic respiration (GO:0009060)
acetyl-CoA metabolic process (GO:0006084)
small molecule metabolic process (GO:0044281)
glycoside metabolic process (GO:0016137)
cofactor metabolic process (GO:0051186)
alcohol catabolic process (GO:0046164)
tricarboxylic acid cycle (GO:0006099)
coenzyme catabolic process (GO:0009109)
acetyl-CoA catabolic process (GO:0046356)
oxidoreduction coenzyme metabolic process (GO:0006733)
monosaccharide catabolic process (GO:0046365)
trehalose biosynthetic process (GO:0005992)
glycoside biosynthetic process (GO:0016138)
disaccharide biosynthetic process (GO:0046351)
cofactor catabolic process (GO:0051187)
monosaccharide metabolic process (GO:0005996)
small molecule catabolic process (GO:0044282)
mitochondrial electron transport, succinate to ubiquinone
(GO:0006121)
alcohol metabolic process (GO:0006066)
negative regulation of cellular carbohydrate metabolic process (GO:0010677)
negative regulation of carbohydrate metabolic process
(GO:0045912)
cellular carbohydrate catabolic process (GO:0044275)
oxidative phosphorylation (GO:0006119)
carbohydrate catabolic process (GO:0016052)
regulation of carbohydrate metabolic process (GO:0006109)

5.80E-08
7.27E-07
1.44E-06
8.52E-06
1.89E-05
1.92E-05
2.35E-05
3.06E-05
8.74E-05
0.000263251
0.000277258
0.000402317
0.000690904
0.000761763
0.000761763
0.000761763
0.000889003
0.000965862
0.001149959
0.001149959
0.001149959
0.001157712
0.001213385
0.001546369
0.002320405
0.003429657
0.003970978
0.003970978
0.004006165
0.004103049
0.004368993
0.005154982
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gene list id

type

enrichment name

adjusted p

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

0.006682938
0.006682938
0.007477023
0.008721349
0.008821814

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-MF
GO-MF
GO-MF
GO-MF
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC

signature-downregulated
signature-downregulated
signature-downregulated
signature-downregulated

GO-CC
GO-CC
GO-CC
GO-CC

response to external stimulus (GO:0009605)
response to extracellular stimulus (GO:0009991)
vacuolar protein catabolic process (GO:0007039)
regulation of glucose metabolic process (GO:0010906)
pyridine-containing compound metabolic process
(GO:0072524)
oxidoreductase activity (GO:0016491)
alditol:NADP+ 1-oxidoreductase activity (GO:0004032)
succinate dehydrogenase (ubiquinone) activity (GO:0008177)
catalytic activity (GO:0003824)
mitochondrion (GO:0005739)
cytoplasm (GO:0005737)
mitochondrial part (GO:0044429)
mitochondrial envelope (GO:0005740)
mitochondrial membrane (GO:0031966)
organelle envelope (GO:0031967)
envelope (GO:0031975)
cytoplasmic part (GO:0044444)
mitochondrial inner membrane (GO:0005743)
organelle inner membrane (GO:0019866)
mitochondrial membrane part (GO:0044455)
mitochondrial proton-transporting ATP synthase complex
(GO:0005753)
proton-transporting ATP synthase complex (GO:0045259)
storage vacuole (GO:0000322)
lytic vacuole (GO:0000323)
fungal-type vacuole (GO:0000324)
vacuole (GO:0005773)
vacuolar lumen (GO:0005775)
mitochondrial respiratory chain complex II (GO:0005749)
succinate dehydrogenase complex (ubiquinone) (GO:0045257)
fumarate reductase complex (GO:0045283)
organelle membrane (GO:0031090)
fungal-type vacuole lumen (GO:0000328)
respiratory chain complex II (GO:0045273)
succinate dehydrogenase complex (GO:0045281)
plasma membrane enriched fraction (GO:0001950)
membrane fraction (GO:0005624)
insoluble fraction (GO:0005626)
alpha,alpha-trehalose-phosphate synthase complex (UDPforming) (GO:0005946)
integral to mitochondrial membrane (GO:0032592)
cell fraction (GO:0000267)
pre-autophagosomal structure (GO:0000407)
mitochondrial matrix (GO:0005759)
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2.10E-10
0.004860997
0.004860997
0.007418709
4.72E-24
3.25E-17
3.25E-17
1.63E-15
4.71E-13
1.90E-09
1.90E-09
2.41E-09
1.99E-07
9.87E-07
4.05E-06
6.60E-05
6.60E-05
0.000279203
0.000279203
0.000279203
0.000355902
0.000472799
0.000552599
0.000552599
0.000552599
0.001394557
0.001780636
0.003106436
0.003106436
0.004024365
0.004543132
0.004543132
0.007285826
0.007600468
0.007861072
0.008246892
0.009185924
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gene list id

type

enrichment name

adjusted p

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

1.69E-50
1.69E-49
3.45E-45
1.98E-42
2.69E-38
6.62E-38
6.61E-37
1.55E-36
7.91E-28
5.19E-23
1.47E-20
5.02E-19
1.87E-18
2.68E-18

signature-upregulated
signature-upregulated

GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

signature-upregulated

GO-BP

signature-upregulated

GO-BP

signature-upregulated

GO-BP

signature-upregulated
signature-upregulated

GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

ncRNA processing (GO:0034470)
ncRNA metabolic process (GO:0034660)
ribosome biogenesis (GO:0042254)
ribonucleoprotein complex biogenesis (GO:0022613)
RNA processing (GO:0006396)
cellular component biogenesis at cellular level (GO:0071843)
rRNA processing (GO:0006364)
rRNA metabolic process (GO:0016072)
RNA metabolic process (GO:0016070)
cellular component biogenesis (GO:0044085)
ribosomal small subunit biogenesis (GO:0042274)
nucleic acid metabolic process (GO:0090304)
ribosomal large subunit biogenesis (GO:0042273)
nucleobase, nucleoside, nucleotide and nucleic acid metabolic
process (GO:0006139)
maturation of 5.8S rRNA (GO:0000460)
maturation of 5.8S rRNA from tricistronic rRNA transcript (SSUrRNA, 5.8S rRNA, LSU-rRNA) (GO:0000466)
nitrogen compound metabolic process (GO:0006807)
cellular nitrogen compound metabolic process (GO:0034641)
tRNA metabolic process (GO:0006399)
maturation of SSU-rRNA from tricistronic rRNA transcript (SSUrRNA, 5.8S rRNA, LSU-rRNA) (GO:0000462)
maturation of SSU-rRNA (GO:0030490)
gene expression (GO:0010467)
cleavage involved in rRNA processing (GO:0000469)
tRNA processing (GO:0008033)
nucleic acid phosphodiester bond hydrolysis (GO:0090305)
endonucleolytic cleavage in ITS1 to separate SSU-rRNA from
5.8S rRNA and LSU-rRNA from tricistronic rRNA transcript
(SSU-rRNA, 5.8S rRNA, LSU-rRNA) (GO:0000447)
endonucleolytic cleavage involved in rRNA processing
(GO:0000478)
endonucleolytic cleavage of tricistronic rRNA transcript (SSUrRNA, 5.8S rRNA, LSU-rRNA) (GO:0000479)
endonucleolytic cleavage in 5’-ETS of tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA) (GO:0000480)
tRNA modification (GO:0006400)
endonucleolytic cleavage to generate mature 5’-end of SSUrRNA from (SSU-rRNA, 5.8S rRNA, LSU-rRNA) (GO:0000472)
rRNA 5’-end processing (GO:0000967)
ncRNA 5’-end processing (GO:0034471)
RNA 5’-end processing (GO:0000966)
ribosome assembly (GO:0042255)
ribosomal subunit export from nucleus (GO:0000054)
ribosome localization (GO:0033750)
establishment of ribosome localization (GO:0033753)

1.98E-17
1.98E-17
2.06E-16
2.14E-16
5.36E-16
6.03E-16
7.55E-16
5.25E-15
7.05E-14
3.16E-12
4.04E-11
8.74E-11
1.46E-10
1.46E-10
1.99E-09
2.71E-09
1.25E-08
2.18E-08
2.18E-08
3.71E-08
8.05E-07
8.96E-07
8.96E-07
8.96E-07
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gene list id

type

enrichment name

adjusted p

signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP

8.96E-07
8.96E-07
8.96E-07

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

signature-upregulated

GO-BP

signature-upregulated
signature-upregulated

GO-BP
GO-BP

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP
GO-BP

signature-upregulated

GO-BP

signature-upregulated
signature-upregulated

GO-BP
GO-BP

ribonucleoprotein complex localization (GO:0071166)
ribonucleoprotein complex export from nucleus (GO:0071426)
rRNA-containing ribonucleoprotein complex export from
nucleus (GO:0071428)
cellular macromolecule metabolic process (GO:0044260)
ribosomal large subunit assembly (GO:0000027)
macromolecule metabolic process (GO:0043170)
cellular component organization or biogenesis at cellular level
(GO:0071841)
tRNA methylation (GO:0030488)
organelle assembly (GO:0070925)
ribonucleoprotein complex subunit organization
(GO:0071826)
snRNA processing (GO:0016180)
nucleocytoplasmic transport (GO:0006913)
nuclear transport (GO:0051169)
ribonucleoprotein complex assembly (GO:0022618)
cellular component organization or biogenesis (GO:0071840)
methylation (GO:0032259)
primary metabolic process (GO:0044238)
ribosomal large subunit export from nucleus (GO:0000055)
snRNA 3’-end processing (GO:0034472)
U5 snRNA 3’-end processing (GO:0034476)
snRNA metabolic process (GO:0016073)
ncRNA 3’-end processing (GO:0043628)
one-carbon metabolic process (GO:0006730)
RNA modification (GO:0009451)
nuclear polyadenylation-dependent mRNA catabolic process
(GO:0071042)
polyadenylation-dependent mRNA catabolic process
(GO:0071047)
nuclear export (GO:0051168)
polyadenylation-dependent snoRNA 3’-end processing
(GO:0071051)
RNA 3’-end processing (GO:0031123)
snoRNA processing (GO:0043144)
U1 snRNA 3’-end processing (GO:0034473)
U4 snRNA 3’-end processing (GO:0034475)
tRNA transcription (GO:0009304)
tRNA catabolic process (GO:0016078)
tRNA transcription from RNA polymerase III promoter
(GO:0042797)
nuclear polyadenylation-dependent tRNA catabolic process
(GO:0071038)
establishment of organelle localization (GO:0051656)
cellular metabolic process (GO:0044237)
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2.81E-06
2.92E-06
4.39E-06
0.000101504
0.000144111
0.000207093
0.000208215
0.000220779
0.000241796
0.000241796
0.000415338
0.000618186
0.000634756
0.000807424
0.001050956
0.001172152
0.001249697
0.001602359
0.001670843
0.001854464
0.001854464
0.00223622
0.00223622
0.002864947
0.003999732
0.004212647
0.005427719
0.006027631
0.006264322
0.006783249
0.006783249
0.006783249
0.006783249
0.007948678
0.008117633
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gene list id

type

enrichment name

adjusted p

signature-upregulated

GO-MF

3.29E-10

signature-upregulated
signature-upregulated

GO-MF
GO-MF

signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated
signature-upregulated

GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-MF
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC
GO-CC

S-adenosylmethionine-dependent methyltransferase activity
(GO:0008757)
methyltransferase activity (GO:0008168)
transferase activity, transferring one-carbon groups
(GO:0016741)
RNA helicase activity (GO:0003724)
ATP-dependent RNA helicase activity (GO:0004004)
snoRNA binding (GO:0030515)
tRNA methyltransferase activity (GO:0008175)
RNA methyltransferase activity (GO:0008173)
RNA-dependent ATPase activity (GO:0008186)
DNA-directed RNA polymerase activity (GO:0003899)
RNA polymerase activity (GO:0034062)
ATP-dependent helicase activity (GO:0008026)
purine NTP-dependent helicase activity (GO:0070035)
tRNA binding (GO:0000049)
tRNA (guanine) methyltransferase activity (GO:0016423)
nucleotide binding (GO:0000166)
RNA binding (GO:0003723)
transferase activity (GO:0016740)
nucleic acid binding (GO:0003676)
nucleolus (GO:0005730)
preribosome (GO:0030684)
nuclear lumen (GO:0031981)
90S preribosome (GO:0030686)
nucleus (GO:0005634)
organelle lumen (GO:0043233)
intracellular organelle lumen (GO:0070013)
membrane-enclosed lumen (GO:0031974)
nuclear part (GO:0044428)
non-membrane-bounded organelle (GO:0043228)
intracellular non-membrane-bounded organelle (GO:0043232)
preribosome, large subunit precursor (GO:0030687)
small-subunit processome (GO:0032040)
ribonucleoprotein complex (GO:0030529)
nucleolar part (GO:0044452)
macromolecular complex (GO:0032991)
nuclear DNA-directed RNA polymerase complex (GO:0055029)
Noc complex (GO:0030689)
DNA-directed RNA polymerase complex (GO:0000428)
RNA polymerase complex (GO:0030880)
preribosome, small subunit precursor (GO:0030688)
t-UTP complex (GO:0034455)
intracellular part (GO:0044424)
DNA-directed RNA polymerase III complex (GO:0005666)

4.35E-10
2.60E-09
9.17E-09
1.68E-07
2.17E-07
4.33E-07
4.64E-07
1.17E-06
0.000185971
0.000185971
0.001016498
0.001016498
0.003160497
0.004515866
0.005627221
0.007844892
0.008795433
0.009770089
6.69E-53
2.01E-42
4.19E-29
7.23E-26
2.42E-22
6.87E-20
6.87E-20
1.03E-18
6.02E-18
8.68E-18
8.68E-18
3.24E-15
1.06E-14
5.13E-14
2.60E-09
9.89E-07
6.07E-05
8.79E-05
0.000125753
0.000125753
0.000155107
0.001686621
0.002858221
0.00300855
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type

enrichment name

adjusted p

signature-upregulated
signature-upregulated

GO-CC
GO-CC

intracellular (GO:0005622)
DNA-directed RNA polymerase I complex (GO:0005736)

0.006696022
0.009691999

Additional file 4C GO enrichments of transcriptionally changed genes per deletion mutant excluding the gene signature

gene list id

type

enrichment name

adjusted p

asc1-del vs. wt-downregulated
asc1-del vs. wt-upregulated
asc1-del vs. wt-upregulated
asc1-del vs. wt-upregulated
bcy1-del vs. wt-downregulated
bcy1-del vs. wt-downregulated
bcy1-del vs. wt-downregulated

GO-BP
GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

5.45464E-06
1.5438E-08
0.000983077
0.001117069
5.47423E-14
1.90836E-18
7.20416E-20

bcy1-del vs. wt-upregulated
bcy1-del vs. wt-upregulated
bcy1-del vs. wt-upregulated
cap-del vs. wt-downregulated
cap-del vs. wt-downregulated
cap-del vs. wt-downregulated
cap-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF
GO-BP

cap-del vs. wt-upregulated
cap-del vs. wt-upregulated
ccr4-del vs. wt-downregulated
ccr4-del vs. wt-upregulated
ccr4-del vs. wt-upregulated
ccr4-del vs. wt-upregulated
gcr2-del vs. wt-downregulated
gcr2-del vs. wt-downregulated
gcr2-del vs. wt-downregulated

GO-CC
GO-MF
GO-BP
GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

gcr2-del vs. wt-upregulated
gcr2-del vs. wt-upregulated
gcr2-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF

GO-CC
GO-BP

biotin metabolic process (GO:0006768)
cellular amino acid biosynthetic process (GO:0008652)
vacuolar transporter chaperone complex (GO:0033254)
transaminase activity (GO:0008483)
ATP synthesis coupled electron transport (GO:0042773)
respiratory chain (GO:0070469)
inorganic cation transmembrane transporter activity
(GO:0022890)
multi-organism process (GO:0051704)
extracellular region (GO:0005576)
molecular_function (GO:0003674)
cytoplasmic translation (GO:0002181)
cytosolic ribosome (GO:0022626)
structural constituent of ribosome (GO:0003735)
mitochondrial electron transport, ubiquinol to cytochrome c
(GO:0006122)
respiratory chain (GO:0070469)
ubiquinol-cytochrome-c reductase activity (GO:0008121)
cellular amino acid metabolic process (GO:0006520)
mitochondrial translation (GO:0032543)
mitochondrial part (GO:0044429)
structural constituent of ribosome (GO:0003735)
glycolysis (GO:0006096)
plasma membrane enriched fraction (GO:0001950)
glyceraldehyde-3-phosphate dehydrogenase (NAD+) (phosphorylating) activity (GO:0004365)
transposition, RNA-mediated (GO:0032197)
retrotransposon nucleocapsid (GO:0000943)
oxidoreductase activity, acting on CH-OH group of donors
(GO:0016614)
iron chelate transport (GO:0015688)
extracellular region (GO:0005576)
transition metal ion transmembrane transporter activity
(GO:0046915)
plasma membrane enriched fraction (GO:0001950)
biotin metabolic process (GO:0006768)

0.000397998
3.02946E-06

GO-BP

transition metal ion transport (GO:0000041)

0.000498035

gpa2-del vs. wt-downregulated GO-BP
gpa2-del vs. wt-downregulated GO-CC
gpa2-del vs. wt-downregulated GO-MF
gpa2-del vs. wt-upregulated
gph1-del vs. wt-downregulated
gph1-del vs. wt-upregulated
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1.96117E-05
9.63954E-06
0.000529087
4.98029E-10
9.40521E-12
1.87093E-10
1.13006E-05
1.62902E-10
4.46961E-07
7.23608E-07
2.67274E-32
8.74724E-49
1.49469E-22
3.19034E-09
5.1538E-06
0.002343155
0.007921023
0.001834851
0.001436306
2.46382E-06
0.003078672
0.004260869
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gene list id

type

enrichment name

adjusted p

gph1-del vs. wt-upregulated

GO-MF

inorganic phosphate transmembrane transporter activity
(GO:0005315)
transition metal ion transport (GO:0000041)
transition metal ion transmembrane transporter activity
(GO:0046915)
plasma membrane enriched fraction (GO:0001950)
transmembrane transport (GO:0055085)
plasma membrane (GO:0005886)
transmembrane transporter activity (GO:0022857)
cellular amino acid biosynthetic process (GO:0008652)
mitochondrial respiratory chain (GO:0005746)
transmembrane transporter activity (GO:0022857)
ATP synthesis coupled electron transport (GO:0042773)
respiratory chain (GO:0070469)
hydrogen ion transmembrane transporter activity
(GO:0015078)
transition metal ion transport (GO:0000041)
cell periphery (GO:0071944)
transition metal ion transmembrane transporter activity
(GO:0046915)
ATP synthesis coupled electron transport (GO:0042773)
mitochondrial respiratory chain (GO:0005746)
hydrogen ion transmembrane transporter activity
(GO:0015078)
agglutination involved in conjugation with cellular fusion
(GO:0000752)
cell adhesion molecule binding (GO:0050839)
cellular respiration (GO:0045333)
respiratory chain (GO:0070469)
transmembrane transporter activity (GO:0022857)
mitochondrial electron transport, ubiquinol to cytochrome c
(GO:0006122)
mitochondrial respiratory chain complex III (GO:0005750)
ubiquinol-cytochrome-c reductase activity (GO:0008121)
iron chelate transport (GO:0015688)
cell periphery (GO:0071944)
metal ion transmembrane transporter activity (GO:0046873)
ATP synthesis coupled electron transport (GO:0042773)
mitochondrial respiratory chain (GO:0005746)
hydrogen ion transmembrane transporter activity
(GO:0015078)
transposition, RNA-mediated (GO:0032197)
retrotransposon nucleocapsid (GO:0000943)
RNA-directed DNA polymerase activity (GO:0003964)
biotin metabolic process (GO:0006768)
transition metal ion transport (GO:0000041)

0.000155578

gpr1-del vs. wt-downregulated GO-BP
gpr1-del vs. wt-downregulated GO-MF
gpr1-del vs. wt-upregulated
grr1-del vs. wt-downregulated
grr1-del vs. wt-downregulated
grr1-del vs. wt-downregulated
grr1-del vs. wt-upregulated
grr1-del vs. wt-upregulated
grr1-del vs. wt-upregulated
hap2-del vs. wt-downregulated
hap2-del vs. wt-downregulated
hap2-del vs. wt-downregulated

GO-CC
GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

hap2-del vs. wt-upregulated
hap2-del vs. wt-upregulated
hap2-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF

hap3-del vs. wt-downregulated GO-BP
hap3-del vs. wt-downregulated GO-CC
hap3-del vs. wt-downregulated GO-MF
hxk2-del vs. wt-downregulated GO-BP
hxk2-del vs. wt-downregulated
hxk2-del vs. wt-upregulated
hxk2-del vs. wt-upregulated
hxk2-del vs. wt-upregulated
ira1-del vs. wt-downregulated

GO-MF
GO-BP
GO-CC
GO-MF
GO-BP

ira1-del vs. wt-downregulated
ira1-del vs. wt-downregulated
ira1-del vs. wt-upregulated
ira1-del vs. wt-upregulated
ira1-del vs. wt-upregulated
ira2-del vs. wt-downregulated
ira2-del vs. wt-downregulated
ira2-del vs. wt-downregulated

GO-CC
GO-MF
GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

ira2-del vs. wt-upregulated
ira2-del vs. wt-upregulated
ira2-del vs. wt-upregulated
krh1-del vs. wt-downregulated
krh1-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF
GO-BP
GO-BP

2.4478E-06
0.000350324
2.59281E-06
2.7803E-09
4.36304E-16
6.97246E-12
2.83998E-31
1.58018E-14
3.25076E-16
2.31706E-14
1.21148E-16
6.65573E-16
8.57601E-08
0.000980727
0.001115815
2.74409E-11
3.75112E-14
2.16162E-17
0.000840032
6.00527E-05
4.47985E-15
1.99462E-19
7.64871E-19
4.97465E-09
3.14953E-12
5.54775E-10
9.63723E-08
0.005960172
0.000385529
3.04709E-08
4.78181E-12
2.32242E-08
0.002946066
0.000911059
0.005832421
4.84313E-06
0.001379744
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type

enrichment name

adjusted p

krh1-del vs. wt-upregulated

GO-MF

0.000266537

krh2-del vs. wt-upregulated
krh2-del vs. wt-upregulated
krh2-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF

mig1-del vs. wt-downregulated
mig1-del vs. wt-upregulated
mig1-del vs. wt-upregulated
nth2-del vs. wt-downregulated
pfk1-del vs. wt-downregulated
pfk1-del vs. wt-upregulated
pfk27-del vs. wt-downregulated
pfk27-del vs. wt-downregulated
pfk27-del vs. wt-downregulated
pfk27-del vs. wt-upregulated

GO-BP

inorganic phosphate transmembrane transporter activity
(GO:0005315)
polyphosphate metabolic process (GO:0006797)
vacuolar transporter chaperone complex (GO:0033254)
inorganic phosphate transmembrane transporter activity
(GO:0005315)
biotin metabolic process (GO:0006768)

3.90898E-06

GO-BP
GO-MF
GO-BP
GO-MF
GO-CC
GO-BP

hexose transport (GO:0008645)
maltose alpha-glucosidase activity (GO:0032450)
biotin metabolic process (GO:0006768)
cyclohydrolase activity (GO:0019238)
extracellular region (GO:0005576)
biotin metabolic process (GO:0006768)

0.001369585
0.000178083
4.15227E-08
0.000335344
0.000918337
1.0633E-06

GO-CC

respiratory chain (GO:0070469)

0.000108858

GO-MF

heme binding (GO:0020037)

0.005853122

GO-BP

1.08415E-09

pfk27-del vs. wt-upregulated
pfk27-del vs. wt-upregulated

GO-CC
GO-MF

pfk2-del vs. wt-downregulated
pfk2-del vs. wt-downregulated
pfk2-del vs. wt-upregulated
pfk2-del vs. wt-upregulated
pfk2-del vs. wt-upregulated
ram1-del vs. wt-downregulated
ram1-del vs. wt-downregulated
ram1-del vs. wt-upregulated
ram1-del vs. wt-upregulated
ram1-del vs. wt-upregulated
reg1-del vs. wt-downregulated
reg1-del vs. wt-downregulated

GO-BP
GO-CC
GO-BP
GO-CC
GO-MF
GO-BP

glutamine family amino acid biosynthetic process
(GO:0009084)
cell periphery (GO:0071944)
siderophore transmembrane transporter activity
(GO:0015343)
rRNA processing (GO:0006364)
nucleolus (GO:0005730)
oxidation-reduction process (GO:0055114)
mitochondrial respiratory chain (GO:0005746)
ubiquinol-cytochrome-c reductase activity (GO:0008121)
cellular nitrogen compound biosynthetic process
(GO:0044271)
preribosome (GO:0030684)

GO-BP
GO-CC
GO-MF
GO-CC
GO-MF

reg1-del vs. wt-upregulated

GO-BP

reg1-del vs. wt-upregulated
reg1-del vs. wt-upregulated
rim11-del vs. wt-downregulated
sch9-del vs. wt-downregulated
sch9-del vs. wt-downregulated
sch9-del vs. wt-downregulated
sch9-del vs. wt-upregulated
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GO-CC

2.87515E-05
0.000664635
0.000585828

0.000149042
4.08361E-06
2.39124E-08
4.37401E-08
1.44989E-09
1.07957E-14
1.73728E-09
1.27136E-06
0.000129374

GO-CC
GO-MF
GO-BP

oxidation-reduction process (GO:0055114)
cell wall (GO:0005618)
oxidoreductase activity (GO:0016491)
plasma membrane (GO:0005886)
siderophore transmembrane transporter activity
(GO:0015343)
energy derivation by oxidation of organic compounds
(GO:0015980)
mitochondrial respiratory chain (GO:0005746)
transmembrane transporter activity (GO:0022857)
biotin metabolic process (GO:0006768)

9.23798E-08
5.01153E-05
2.10992E-07
1.25864E-05
0.00020633

3.56284E-16
5.27616E-17
0.000200176

GO-BP
GO-CC
GO-MF
GO-BP

cytoplasmic translation (GO:0002181)
cytosolic ribosome (GO:0022626)
structural constituent of ribosome (GO:0003735)
sexual reproduction (GO:0019953)

8.81E-17
1.97532E-17
8.7374E-15
0.005639711

4.54439E-17
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type

enrichment name

adjusted p

sch9-del vs. wt-upregulated
sfl1-del vs. wt-upregulated
sfl1-del vs. wt-upregulated
shr5-del vs. wt-downregulated
shr5-del vs. wt-downregulated
sip2-del vs. wt-downregulated
sip2-del vs. wt-downregulated
snf1-del vs. wt-downregulated
snf1-del vs. wt-downregulated
snf1-del vs. wt-downregulated

GO-CC
GO-BP
GO-CC
GO-BP
GO-CC
GO-BP
GO-CC
GO-BP
GO-CC
GO-MF

1.5111E-06
1.02954E-05
0.002362088
0.000144142
0.002968863
1.9882E-05
1.51084E-05
1.3583E-07
7.83566E-05
3.3428E-06

snf4-del vs. wt-upregulated
snf4-del vs. wt-upregulated
sok2-del vs. wt-downregulated
sok2-del vs. wt-downregulated
sok2-del vs. wt-downregulated

GO-BP
GO-MF
GO-BP
GO-CC
GO-MF

ssn6-del vs. wt-downregulated
ssn6-del vs. wt-downregulated
ssn6-del vs. wt-downregulated
ssn6-del vs. wt-upregulated
ssn6-del vs. wt-upregulated
ssn6-del vs. wt-upregulated
ste14-del vs. wt-downregulated
ste14-del vs. wt-downregulated
ste14-del vs. wt-downregulated
tco89-del vs. wt-downregulated
tco89-del vs. wt-downregulated
tco89-del vs. wt-upregulated
tco89-del vs. wt-upregulated
tco89-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF
GO-BP

extracellular region (GO:0005576)
iron chelate transport (GO:0015688)
anchored to membrane (GO:0031225)
iron chelate transport (GO:0015688)
anchored to membrane (GO:0031225)
transposition, RNA-mediated (GO:0032197)
retrotransposon nucleocapsid (GO:0000943)
iron assimilation (GO:0033212)
high affinity iron permease complex (GO:0033573)
transition metal ion transmembrane transporter activity
(GO:0046915)
serine family amino acid metabolic process (GO:0009069)
O-acetyltransferase activity (GO:0016413)
cellular iron ion homeostasis (GO:0006879)
endosome membrane (GO:0010008)
siderophore transmembrane transporter activity
(GO:0015343)
cytoplasmic translation (GO:0002181)
cytosolic ribosome (GO:0022626)
structural constituent of ribosome (GO:0003735)
oxidation-reduction process (GO:0055114)
cell periphery (GO:0071944)
transmembrane transporter activity (GO:0022857)
arginine biosynthetic process (GO:0006526)

2.19573E-13
5.06477E-14
3.59976E-11
5.92151E-12
2.17895E-15
1.0238E-13
1.60865E-05

GO-CC

extracellular region (GO:0005576)

0.005334823

GO-MF

cell adhesion molecule binding (GO:0050839)

8.00786E-05

GO-BP

cellular amino acid biosynthetic process (GO:0008652)

2.94022E-12

GO-MF

cofactor binding (GO:0048037)

0.001713716

GO-BP
GO-CC
GO-MF

ATP synthesis coupled electron transport (GO:0042773)
respiratory chain (GO:0070469)
hydrogen ion transmembrane transporter activity
(GO:0015078)
biotin metabolic process (GO:0006768)
glycine cleavage complex (GO:0005960)
glycine dehydrogenase (decarboxylating) activity
(GO:0004375)
methionine biosynthetic process (GO:0009086)
vacuolar transporter chaperone complex (GO:0033254)
sulfite reductase (NADPH) activity (GO:0004783)
cytoplasmic translation (GO:0002181)
cytosolic large ribosomal subunit (GO:0022625)
structural constituent of ribosome (GO:0003735)

1.56495E-10
5.51337E-16
5.84827E-15

tps2-del vs. wt-downregulated GO-BP
tps2-del vs. wt-downregulated GO-CC
tps2-del vs. wt-downregulated GO-MF
tps2-del vs. wt-upregulated
tps2-del vs. wt-upregulated
tps2-del vs. wt-upregulated
tsl1-del vs. wt-downregulated
tsl1-del vs. wt-downregulated
tsl1-del vs. wt-downregulated

GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

1.99335E-06
0.001450109
2.59869E-10
0.000527555
1.12028E-08

0.000663112
0.003506253
0.002690846
1.13299E-09
4.31722E-05
0.001813481
7.07677E-08
7.966E-08
5.02744E-06
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tsl1-del vs. wt-upregulated

GO-BP

4.04843E-08

tsl1-del vs. wt-upregulated

GO-CC

tsl1-del vs. wt-upregulated

GO-MF

tup1-del vs. wt-downregulated
tup1-del vs. wt-downregulated
tup1-del vs. wt-downregulated
tup1-del vs. wt-upregulated
tup1-del vs. wt-upregulated
tup1-del vs. wt-upregulated

GO-BP
GO-CC
GO-MF
GO-BP
GO-CC
GO-MF

glutamine family amino acid biosynthetic process
(GO:0009084)
mitochondrial isocitrate dehydrogenase complex (NAD+)
(GO:0005962)
oxidoreductase activity, acting on the CH-OH group of
donors, NAD or NADP as acceptor (GO:0016616)
reproductive process (GO:0022414)
retrotransposon nucleocapsid (GO:0000943)
mating pheromone activity (GO:0000772)
carbohydrate transport (GO:0008643)
cell periphery (GO:0071944)
transmembrane transporter activity (GO:0022857)

adapted from the original table, to only contain top GO-BP, GO-CC and GO-MF enrichments (and not all)
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0.005612591
0.000801144
9.87628E-05
0.003723452
0.001859421
4.37628E-08
8.27224E-14
1.72421E-09
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T

ranscription plays a key role in cellular processes and its regulation is of paramount importance.
For understanding transcription on a systems level, it is important to discern target genes
of gene-specific transcription factors. Here, we analyzed 183 deletion mutants of gene-specific
transcription factors in Saccharomyces cerevisiae by DNA microarrays. Determination of functional
target genes by systematic comparison of gene expression changes to previously published genome-wide
location and in vitro binding data, reveals that repression of transcription plays a much more prominent role than previously anticipated. Of all surveyed gene-specific transcription factors that could be
classified into activators and/or repressors, activators account for less than 54%. The remaining 46%
of gene-specific transcription factors are repressors (37%) or have a dual function (9%). Association of
gene-specific transcription factors to their functional target genes also provides a resource for various
additional analyses. To understand how one gene-specific transcription factor may act as an activator
as well as a repressor under a single growth condition, promoter features unique to genes that are either
activated or repressed by the dual-functioning Cbf1 are determined. Furthermore, a repressive role is
assigned to the previously uncharacterized gene-specific transcription factor Stp3, verified by ChIP-chip
location analysis in this study. The unanticipated high number of gene-specific repressors indicates that
in the yeast S. cerevisiae, chromatin is not as restrictive to transcription as has previously been thought
and indicates that a considerable part of the gene-specific machinery is aimed at restricting unwanted
transcription.
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Transcription regulation by gene-specific transcription factors
INTRODUCTION
Transcription plays a major role in cellular processes and is highly regulated. Internal and environmental cues, often transmitted through signalling pathways, can result in activation of specific
sets of genes. This is mediated by gene-specific
transcription factors (GSTFs). GSTFs are modular proteins. They generally consist of one or more
DNA binding domains, an activation domain, as
well as optional regulatory domains. To activate
transcription, GSTFs bind to specific sequences
in regulatory regions and assist in recruiting or
stabilizing general transcription factors at the core
promoter. Chromatin factors are involved in these
regulatory steps for example by remodeling nucleosomes such that general transcription factors and
RNA polymerase II can bind to DNA. In addition,
other chromatin factors set marks on histones to
which general transcription factors bind, thereby
stabilizing formation of the pre-initiation complex
1,2
.
Technological advances during the past
years have facilitated a number of large-scale studies of GSTFs, in particular in the model eukaryote
Saccharomyces cerevisiae. The genome of S. cerevisiae (12 Mbp, approximately 6,000 protein-coding
genes 3) encodes at least 183 putative GSTFs 4.
GSTF binding has previously been surveyed in vivo
to systematically determine genome-wide location
5–7
. In addition, specificities with which GSTFs
bind to DNA have been derived in vitro 8,9. Despite
these extensive studies, several aspects with regard
to GSTF function remain elusive. GSTF binding
(by in vivo or in vitro analyses) is not necessarily predictive for function 10–12. Analysis of GSTF
function therefore also requires knowledge of which
binding events have functional consequences on
transcription. This holds for analyses of individual
GSTFs as well as for systems-level analyses such as
investigating transcriptional regulatory networks
13
.
It is often assumed that GSTFs in eu-

karyotes are predominantly activators 2,14. This is
in part based on the idea that the chromatinized
DNA found in eukaryotes is generally repressive for
transcription and that activators must therefore
almost always be required for transcription to take
place 15. The occurrence of eukaryotic GSTFs with
repressive function is nevertheless well known, but
the relative abundance of gene-specific repressors
has never been systematically analysed. Here, we
generated DNA microarray gene expression profiles of 183 GSTF deletion mutants. Comparison
to DNA binding data facilitates identification of
functional target genes and allows classification
of GSTFs into activators and/or repressors. Strikingly, gene-specific activators account for less than
54%. The remaining 46% of GSTFs are either
repressors (37%) or have a dual function (9%).
This prevalence of gene-specific repressors is surprising and indicates that in the model eukaryote
S. cerevisiae, a considerable part of the transcription machinery is devoted to keeping transcription
turned off even in the context of chromatin.
RESULTS
Gene expression profiles of yeast GSTF deletion
mutants
Based on the presence of a DNA binding domain
that facilitates GSTF binding to specific DNA
sequences, 215 putative GSTFs can be identified
in yeast (Methods). To systematically study GSTF
function, DNA microarray gene expression profiles
were generated for viable GSTF deletion mutants
under a single growth condition (Synthetic Complete medium (SC), supplemented with 2% glucose). Aneuploidy, incorrect deletions and spurious
mutations were identified in several cases. These
strains were re-made and re-profiled resulting in
data for 183 GSTF mutants that passed all quality
control criteria (Supplementary Table 1).
With the exception of mutants that behave like wildtype (WT), strains were profiled four
times from two independent cultures. WT cultures
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were grown alongside mutants on each day and
profiled to control for biological and technical variation. Subsequent statistical modelling of the data
results in an average expression profile for each
mutant consisting of p values and fold changes
(FC) for each gene relative to the average expression in a collection of WT cultures (Methods).
The number of significant expression
changes in the individual mutants varies considerably (Figure 1). Changes with a p value of 0.01 or
less in combination with an FC of 1.7 were considered significant throughout the manuscript, unless
stated otherwise. Except for one outlier, none of
the 71 WT expression profiles, generated in parallel to the mutants, exhibit more than three genes
with significant expression changes (Methods).
Applying this number as a threshold on the individual mutants indicates that 58% (106) behave
like WT (non-profiling mutants) and 42% (77)
show expression changes relative to WT (profiling
mutants). These profiling GSTF mutants are used
for further analyses.
Specificity of GSTF expression profiles
An identical analysis of all chromatin factors 16
resulted in 79% profiling mutants (131 out of 165,
Figure 2A). Lack of a significant expression profile
in a particular GSTF mutant is therefore unlikely
caused by a lack of sensitivity to detect changes.
As is discussed further below, the higher number
of GSTF mutants behaving similar to WT is likely
due to condition dependency and redundancy.
Since it is the nature of GSTFs to function on
specific gene sets, it is anticipated that deletion
of a GSTF will generally result in few expression

changes, also for the profiling GSTF mutants.
This is indeed confirmed by comparing the profiling GSTF mutants with the profiling chromatin
factor mutants (Figure 2B, Mann-Whitney test
for difference in distribution: p = 7.2E-5). The
median number of expression changes for the
profiling GSTF mutants is 20, substantially lower
than for chromatin factor mutants, which have 69
transcript changes as a median. The lower number
of expression changes per profiling GSTF mutant
agrees with their more specific regulatory roles. In
addition, the changes observed for a GSTF mutant
are also generally more specific to that respective
mutant, whereas expression changes observed for
a chromatin factor mutant are more often shared
between different mutants (Figure 2C; significant
specificity difference as tested by Ancova, p =
0.01; see Methods). Together, these differences between the two datasets and the fact that both are
generated under a single experimental condition,
underlines the specificity of GSTFs.
A cluster heatmap of all the profiling
GSTF mutants is presented in Figure 3A. The
dendrogram of relationships indicates that many
of the individual expression profiles are distinct,
further underscoring specificity. Exceptions to
this are the closely related expression profiles
of GSTFs known to physically interact. These
include Ino2-Ino4, Rtg1-Rtg3 and Arg80-Arg81
(Figure 3B), involved in phospholipid biosynthesis
17
, response to mitochondrial dysfunction 18 and
arginine biosynthesis 19, respectively. Note that in
these figures and throughout the manuscript, all
genes with significant expression changes in any
single mutant (p ≤ 0.01, FC ≥ 1.7) are depicted in

Figure 1 Activity profiles of GSTF deletion mutants (see next page)
Expression changes are depicted by box-whisker plots. Each plot summarizes the expression profile of one mutant. The bottom and the top of a box represent the 25th (Q1) and 75th (Q3) percentiles of expression changes, the band near the middle
of the box represents the median. The end of the whiskers depict the lowest and highest expression changes that are still
within the range of 1.5 times the interquartile range (Q3-Q1) of the lower (Q1 – 1.5 * IQR) and upper quartiles (Q3 + 1.5 *
IQR). Expression changes outside the whiskers are plotted as solid dots. Significant expression changes are coloured in red.
Dashed grey lines indicate 1.7 FC. The solid grey line depicts the threshold for distinguishing profiling mutants (more than
three significant expression changes, after excluding WT variable genes) versus non-profiling mutants.
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Figure 1 Activity profiles of GSTF deletion mutants (see legend on previous page)
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Figure 2 Specificity of GSTF mutants
(A) Pie chart depicting the number of profiling and non-profiling GSTF mutants, as well as profiling and non-profiling chromatin factor mutants. (B) Two beanplots illustrating the number of expression changes elicited by profiling GSTF mutants
and profiling chromatin factor mutants respectively. The shape of each beanplot is defined by the density distribution of
the underlying data. Individual values are further depicted by a 1D scatterplot in the middle of each beanplot, with multiple
equal values added next to each other increasing the length of a horizontal line. (C) Number of genes (horizontal axis) with
changed expression in a number of mutants (vertical axis, average). Note that there are more genes with changed expression in many chromatin factor mutants, as compared to GSTF mutants.

the activity strip diagrams, rather than a selection
based on similarity between the two profiles. A
fourth example of similarity is between fkh1Δ and
yjl206cΔ (Figure 3B). A physical interaction between Fkh1 and the protein encoded by YJL206C
has not been reported previously. The degree of
similarity observed in the expression profile suggests an intimate functional link.
An expected aspect of GSTF specificity
is that particular categories of genes are represented in the expression profiles of mutated factors. In cases of previously well-studied GSTFs,
the changes observed are usually characteristic for
the known role (Figure 3C and Table 1). Rpn4, for
instance, activates transcription of genes encoding
proteasome subunits 20. As expected, the Gene Ontology (GO) biological process (BP) “proteasome
assembly” is enriched (p = 4.17E-9) in the genes

with decreased expression in rpn4Δ. Similarly,
GO-BP categories related to respiration, mating,
nucleotide biosynthesis, oxidative stress and NADPH production are found as the most enriched
terms in the expression profiles of Hap2, Ste12,
Rfx1, Skn7 and Stb5, respectively (Figure 3C), all
as expected based on previous studies 21–25. This indicates that for well-studied GSTFs, (part of) the
expression profile is often representative for the
biological function. Table 1 contains a complete
list of the top GO-BP enrichment for each expression profile, highlighting the diversity of cellular
processes that are represented in the data.
Comparison to DNA binding data
An important issue that is underscored by the
examples given in Figure 3C is the distinction
between direct and indirect effects. Nearly all of

Figure 3 Expression changes in GSTF mutants (see next page)
(A) Unsupervised hierarchical cluster diagram of all profiling GSTF mutants. Change in expression is indicated by the colour
scale, with blue for decreased expression, yellow for increased expression and black for no change, versus the average
WT. (B) Expression profiles of four GSTF pairs, for which a relationship is indicated by the dendrogram in (A). For each pair,
all genes with changed expression in at least one of the two GSTF mutants are shown. (C) Expression profiles of six GSTF
mutants. All genes with changed expression are shown. Enriched GO-BP terms (green: enriched in genes with decreased
expression, red: enriched in genes with increased expression) are aligned above each expression profile. Corresponding
binding targets 7 are aligned below each expression profile.
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Figure 3 Expression changes in GSTF mutants (see legend on previous page)
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Table 1 GO-BP enrichments in expression profiles

decreased expression (top GO-BP term)
cytokinesis, completion of separation (p =
3.69E-09)
iron ion transport (p = 5.54E-4)
iron ion transport (p = 1.06E-16)
arginine catabolic process (p = 7.66E-06)
arginine catabolic process (p = 1.28E-06)
agglutination involved in conjugation with
cellular fusion (p = 3.71E-05)
small molecule metabolic process (p =
6.90E-11)

cellular response to reactive oxygen species
(p = 4.13E-4)
ribosome biogenesis (p = 8.93E-21)
amino acid transmembrane transport (p =
6.90E-05)
response to pheromone involved in conjugation with cellular fusion (p = 4.43E-3)
arginine metabolic process (p = 4.32E-08)
de novo’ pyrimidine base biosynthetic
process (p = 2.82E-3)
conjugation with cellular fusion (p = 6.92E05)

ATP synthesis coupled electron transport (p
= 6.88E-15)
respiratory electron transport chain (p =
8.41E-16)
ATP synthesis coupled electron transport (p
= 2.38E-09)
small molecule metabolic process (p =
9.35E-07)
agglutination involved in conjugation with
cellular fusion (p = 8.20E-4)
ribosome biogenesis (p = 8.77E-10)
ribosome biogenesis (p = 6.85E-26)
response to drug (p = 0.03)
DNA integration (p = 1.32E-06)
organic acid biosynthetic process (p =
6.26E-05)
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#

GSTF

#

increased expression (top GO-BP term)

4
*18

Abf2
Ace2

0
22

steroid metabolic process (p = 4.55E-09)

113

Ada2

119

*12
4
2
4

Aft1
Arg80
Arg81
Ash1

12*
4*
4*
0

6
*13

Azf1
Bas1

0
1

*24

Cbf1

142*

*3
4

Cha4
Cin5

2
1

79
6

Cst6
Dal81

392
14

3

Dat1

7

5
*7
4
11

Fkh1
Gcn4
Gis1
Gln3

9
1
2
78

3

Gzf3

4*

1
*3
*24

Hal9
Hap1
Hap2

4
1
3

*28

Hap3

1

*18

Hap5

0

38

Hmo1

12

10

Hxk2

122

*62
*109
8

Ino2
Ino4
Isw2

206
248
23

45
*8

Ixr1
Leu3

30
1

2

Mac1

10

glutamine family amino acid biosynthetic
process (p = 3.26E-10)
oxidation-reduction process (p = 0.02)
arginine biosynthetic process (p = 1.34E-10)
arginine biosynthetic process (p = 1.34E-10)

cellular amino acid metabolic process (p =
2.79E-12)

oxidation-reduction process (p = 1.55E-21)
methionine biosynthetic process (p = 4.00E05)
purine ribonucleoside monophosphate
biosynthetic process (p = 8.36E-3)
zinc ion transport (p = 2.22E-3)

oxidation-reduction process (p = 3.07E-11)

iron chelate transport (p = 4.77E-05)

agglutination involved in conjugation with
cellular fusion (p = 7.12E-4)
energy derivation by oxidation of organic
compounds (p = 1.42E-25)
protein refolding (p = 1.42E-10)
oxidation-reduction process (p = 2.99E-11)
conjugation with cellular fusion (p = 8.78E05)

cellular iron ion homeostasis (p = 1.50E-12)
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decreased expression (top GO-BP term)

#

GSTF

#

increased expression (top GO-BP term)

intron homing (p = 5.46E-3)

9

Mbp1

10*

3
279

Mig1
Mot2

13*
478*

12

Mot3

48

response to DNA damage stimulus (p =
2.53E-3)
hexose transport (p = 5.41E-08)
cellular response to chemical stimulus (p =
3.48E-07)
conjugation with cellular fusion (p = 9.72E09)

glucose 6-phosphate metabolic process (p
= 5.92E-3)
arginine catabolic process (p = 2.14E-05)
cellular iron ion homeostasis (p = 6.04E-4)
response to drug (p = 0.01)
arginine biosynthetic process (p = 3.29E-4)
de novo’ pyrimidine base biosynthetic
process (p = 3.60E-4)
response to chemical stimulus (p = 2.28E-4)

*21

Msn2

0

6
2
5
20
5

Nhp10
Nrg1
Pdr3
Pep7
Ppr1

21
3*
0
145
0

oxidation-reduction process (p = 1.48E-3)

6

Rfx1

18*

deoxyribonucleotide biosynthetic process (p
= 8.01E-05)

hexose transport (p = 6.51E-06)
agglutination involved in conjugation with
cellular fusion (p = 2.11E-3)

*5
15

Rgt1
Rim101

1
29*

2
10
0
*32
*44
15

Rme1
Rox1
Rph1
Rpn4
Rsc30
Rtg1

2
37*
5
11
13*
18

*24

Rtg3

48*

17
*240

Sfl1
Sfp1

13
258

protein folding (p = 6.84E-07)
arginine biosynthetic process (p = 8.12E-3)
small molecule catabolic process (p = 1.05E07)
small molecule catabolic process (p = 5.87E08)
iron chelate transport (p = 1.34E-05)
oxidation-reduction process (p = 3.04E-24)

*14

Skn7

23

oxidation-reduction process (p = 0.05)

5

Sko1

14*

9
5
*5

Snt1
Sok2
Spt2

11
53*
11

glutamine family amino acid biosynthetic
process (p = 1.3E-3)
sulfate assimilation (p = 1.60E-05)

0
*8

Stb4
Stb5

6*
152

*39
44

Ste12
Stp1

2
150

7

Stp2

2

0

Stp3

30*

small molecule metabolic process (p =
4.27E-10)
iron ion transport (p = 0.03)

iron ion transport (p = 8.81E-15)
proteasome assembly (p = 4.17E-09)
DNA integration (p = 3.14E-05)
glutamate biosynthetic process (p = 3.04E09)
glutamate biosynthetic process (p = 4.44E08)
glycogen biosynthetic process (p = 0.05)
cellular amino acid metabolic process (p =
9.41E-17)
cellular response to oxidative stress (p =
1.37E-3)
negative regulation of catalytic activity (p
= 2.94E-3)
hexose transport (p = 0.01)
cellular iron ion homeostasis (p = 2.55E-10)
glycine catabolic process (p = 7.95E-05)

NADPH regeneration (p = 1.07E-4)
reproductive process (p = 1.19E-12)
cellular nitrogen compound biosynthetic
process (p = 8.72E-3)

amine catabolic process (p = 1.58E-3)

oxidation-reduction process (p = 6.56E-08)

agglutination involved in conjugation with
cellular fusion (p = 7.28E-4)
carbohydrate catabolic process (p = 9.66E09)
deadenylation-dependent decapping of
nuclear-transcribed mRNA (p = 6.41E-4)
serine family amino acid biosynthetic process (p = 3.25E-4)
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decreased expression (top GO-BP term)

negative regulation of transcription
involved in G1 phase of mitotic cell cycle (p
= 5.94E-05)
DNA integration (p = 3.90E-10)

response to chemical stimulus (p = 2.38E06)

response to drug (p = 0.02)

#

GSTF

#

increased expression (top GO-BP term)

9

Sum1

116*

cellular component assembly involved in
morphogenesis (p = 5.01E-37)

*26

Swi4

36

*12
19
2

Swi5
Tec1
Urc2

12
1
10*

*16

Yap1

1

0 Ydr266c 5
8 Ygr071c 10
6 Yjl206c 7
5 Ylr278c 2
*6
Zap1
60

pyrimidine-containing compound transmembrane transport (p = 2.40E-3)

trehalose metabolic process (p = 5.92E-4)

cysteine metabolic process (p = 9.39E-11)

GSTFs are sorted alphabetically from top to bottom. For both gene sets with decreased expression (left) and increased
expression (right) in the respective mutants, the gene set size is stated alongside the top GO-BP enrichment. Significant
overlap with binding targets is marked with an asterisk.

the individual profiles show both decreased and increased expression of genes. Furthermore, even in
the cases of almost completely one-sided responses,
for example in stb5Δ whereby almost all responding genes show increased expression or in ste12Δ
which shows almost exclusively decreased expression (Figure 3C), it is difficult to pinpoint the
direct target genes based on the expression data
alone. The ability to identify the direct targets of
GSTFs is of obvious importance for understanding
the function and cellular role of individual GSTFs,
as well as for gaining systems-level understanding
of the entire transcriptional regulatory network.

A potentially useful approach for discriminating direct from indirect effects is to compare
the expression profiles of mutants with DNA binding data. The utility is already indicated in Figure
3C, whereby genome-wide location as derived from
chromatin immunoprecipitation (ChIP-chip) has
been aligned with the expression profile 6,7. In each
of these examples the binding data aligns with
only one side of the expression response, in each
case confirming the established function (activator
or repressor) and agreeing with the cellular role.
We therefore set out to systematically compare
the expression profiles of all GSTF mutants with

Figure 4 Overlap between expression changes and binding targets (see next page)
(A) Barplots of expression changes in GSTF mutants and overlap with corresponding binding targets 7. For each GSTF (horizontal), the number of genes with changed expression in response to its deletion are shown in white and light grey bars
(vertical). White bars are used if no corresponding binding data was available. Dark grey bars illustrate the number genes
with changed expression, where the promoters are also bound by the respective GSTF. Significant overlaps are depicted by
asterisks (p < 0.05 by *, p < 0.01 by **, p < 0.001 by ***). (B) Scatterplot illustrating the overlap between expression changes
in GSTF mutants and corresponding binding targets. Grey dots depict GSTFs, for which no significant overlap was found.
Black dots depict GSTFs, for which significant overlap was found for either genes with decreased expression or increased
expression. Median overlaps are highlighted by dashed grey lines. (C) Classification of GSTFs into activators and repressors
based on all three binding datasets: binarized binding targets (set 1, stated in round brackets) 7, as well as promoter affinity
scores (set 2 and 3) calculated from 8 and 9.
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available DNA binding data.
One of the first genome-wide location
studies provides in vivo derived ChIP-chip profiles
of many GSTFs in yeast 6. It has been re-analyzed,
constrained by motif discovery and transformed
into a binary dataset with assigned binding
targets for 55 of the profiling GSTFs 7. Overlap
between binding data and expression profiles of
individual GSTFs are presented in Figure 4A. The
collective overlap between all expression changes
and all binding targets is highly significant (p =
7.2E-119). For individual profiles, an average of
20% of expression changes can be associated with
GSTF binding to the promoter (median: 18%).
The degree of overlap varies considerably between
different GSTFs (Figure 4A, B), with extremes
ranging from 0% to 67% (Figure 4B, horizontal
axis). In turn, on average 8% of all binding targets
of a GSTF show altered expression upon its deletion (median: 6%), with extremes ranging from
0% to 50% (Figure 4B, vertical axis). Although
the overlaps are relatively small, as is discussed
below, they are nevertheless considerable given the
diversity of reasons that can lead to differences
between binding targets and expression changes.
Furthermore, subsequent analyses demonstrate
that the overlaps are extremely useful for analysing GSTF function.
GSTFs nearly all distinctly separate into activators
or repressors
It is generally assumed that packaging of DNA
into chromatin results in a structure that is disadvantageous for transcription and that therefore activation of transcription is the predominant mode
of action for eukaryotic GSTFs 2,14. Gene-specific
repressors are also known to exist in S. cerevisiae
as well as in other eukaryotes, but no systematic
survey of the prevalence of the two has been carried out up to now. Figure 4A shows the overlap
between the expression profiles and the previously
published genome-wide location data 7 for the profiling mutants individually. A significant overlap
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is found for the majority of expression profiles
for which this binding data is available (77 profiling mutants, binding data is available for 55 of
which 34 have a significant overlap). Interestingly,
in nearly all these cases the significant overlap is
one-sided, that is, significant for either genes with
increased or for genes with decreased expression in
the mutant. Significant overlap in both gene sets is
observed only rarely (three cases). This generally
clear distinction greatly facilitates distinguishing
between repressors and activators.
In order to increase the total number of
GSTFs that can be classified into either activators
or repressors, in vitro determined DNA binding
specificities from exhaustive protein binding microarray studies were also taken into account 8,9.
These sequence specificities are available for 47 of
the profiling GSTFs, and were summarized by calculating a binding affinity score of each GSTF to
each yeast promoter sequence (Methods). GSTF
activator and repressor roles were then predicted
by statistically testing the overlap between expression changes and each of the three DNA binding
datasets: binarized in vivo target genes 7 (set 1,
Figure 4A, B, summarized in Figure 4C), and the
two in vitro derived binding affinity scores 8,9 (set 2
and 3, Figure 4C). Addition of the in vitro derived
binding affinity scores increases the number of profiling GSTFs for which binding data is available
from 55 to 66. Significant overlap in gene sets with
either decreased expression (23), increased expression (16), or both (4), is found for 43 of the profiling GSTFs. Importantly, the three different DNA
binding datasets support and/or complement each
other with regard to this classification, and are
never conflicting (Figure 4C).
The complete presentation of the overlaps between binding and expression data is given
in Figure 5A-D, for the activators, repressors,
dual function GSTFs and unclassified GSTFs,
respectively. An intriguing general finding of
this systematic classification is the much more
prominent number of gene-specific repressors than
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Figure 5 Overview of expression profiles aligned with binding data

(A) Expression profiles of activating GSTFs. The number of expression changes is stated in squared brackets. Corresponding
binding targets are aligned below each expression profile, if a significant overlap was found. Colour scales for expression
changes and binding data are indicated at the top. Binding datasets (sets 1-3, stated in round brackets) as in Figure 4C. GSTFs
are sorted alphabetically. GSTFs, whose deletion resulted in more than 50 expression changes, are shown at the bottom
on a smaller scale and excluding gene labels. (B) Repressing GSTFs. (C) Dual function GSTFs. (D) Unclassified GSTFs. These
are GSTFs for which no binding data was available in any of the three large-scale datasets used or for which there was no
significant overlap with available binding data.
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Figure 5 continued

anticipated. Of all GSTFs that could be classified, activators account for less than 54%. The
remaining 46% of GSTFs are repressors (37%) or
have a dual function (9%). This indicates that a
considerable part of the gene-specific transcription
machinery is devoted to maintaining specific sets
of genes in a repressed state, suggesting that for
these genes yeast chromatin is not as restrictive
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to transcription as is generally assumed. As is discussed further below, the surprisingly high number
of gene-specific repressors agrees with recent findings of pervasive transcription 26–28.
Dual function transcription factors
The classification into activators and repressors
is based on quite different types and sources of
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data. A gratifying aspect is that for the majority of GSTFs with a significant overlap between
expression and DNA binding (91%), classification
is clear-cut into either a repressor or an activator. Only a handful of GSTFs seem to have a dual
function based on this classification. An example
is Cbf1. Cbf1 binding targets significantly overlap
with both genes that show decreased expression
and genes that show increased expression in cbf1Δ
(Figure 5C). This agrees well with previous studies
that indicate such a dual role for Cbf1 12,29,30. To
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Figure 5 continued

understand how two such apparently conflicting
roles can be united within a single GSTF, Cbf1
was further studied as a case example.
By comparing the promoter organization
of Cbf1-activated versus Cbf1-repressed genes, a
number of unique features can be discerned that
may clarify the two different modes of transcription regulation. Promoters of Cbf1-activated genes
(Figure 6A, bottom) contain a well-defined nucleosome free region upstream of the transcription
start site that coincides with the presence of Cbf1
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and TATA-like elements. These three features
(nucleosome-free region, Cbf1 binding site and the
TATA-like element) are all similarly positioned.
Although the majority of these promoters are classified as TATA-less, a non-consensus TATA-like
element 31 is found slightly downstream of most
Cbf1 binding motifs within the nucleosome free
region of the Cbf1-activated genes. Adjacent genes
are located in close proximity to Cbf1-activated
genes, nearly always in a tandem orientation. In
contrast, Cbf1-repressed genes do not show such
a well-defined promoter structure (Figure 6A,
top). Here, Cbf1 motifs are distributed throughout
the promoter sequence, nucleosomes appear less
abundant and organized. The neighboring gene
is generally in a divergent orientation and not in
close proximity. Interestingly and also unlike promoters of Cbf1-activated genes, a consensus TATA
element 32 is found in most promoter sequences
proximal to the transcription start site. These
consensus TATA elements are frequently covered
by nucleosomes. The many differences in promoter
features agrees with regulation of the two gene sets
in fundamentally different ways.
Both the activating and the repressive
mechanisms for Cbf1 are not well-studied. Since
the Cbf1-activated genes are nearly all TATAless/TATA-like, their activation likely depends on

TFIID 32. Cbf1 may facilitate this by maintaining
the nucleosome free region that also encompasses
the TATA-like element. Another possibility is
direct recruitment of TFIID by Cbf1 to promote
activation. Cbf1-repressed genes, on the other
hand, have consensus TATA elements and are
therefore likely dependent on SAGA and TBP
rather than TFIID 32. Besides the frequent presence of a consensus TATA element, an interesting
feature of Cbf1-repressed genes is the positioning
of a nucleosome over this element, a feature that
may causally be associated with repression (Figure
6A). How Cbf1 may contribute to positioning of
a nucleosome over the consensus TATA element
is unknown, but would likely involve nucleosome
remodellers. To find putative cofactors for Cbf1,
the expression profiles of chromatin factor deletion
mutants 16 were analyzed for correspondence with
the cbf1Δ expression profile (Methods). Intriguingly, deletion of different components of the RSC
chromatin remodeling complex exhibit increased
expression of Cbf1-repressed genes (Figure 6B),
suggesting that Cbf1 may recruit RSC to establish a repressive nucleosome over the consensus
TATA element. This agrees with a previous study
indicating that RSC is involved in repression of
CHA1 by positioning a nucleosome over the TATA
element of the CHA1 core promoter 33. The ques-

Figure 6 Cbf1, a GSTF with dual function (see previous page)
(A) Promoter organization of Cbf1 functional target genes. Shown is a window of 1,000 bp upstream of the translation
start site 3, with sequences aligned to the transcription start site 26. Nucleosomes are depicted by grey boxes, whereby
the exact colour is dependent on whether the nucleosomes were observed in four or five (light grey), or six (dark grey)
nucleosome datasets 58. Adjacent genes 3 are shown by dashed grey boxes, whereby an arrow to the right means coding
on the same strand, and an arrow to the left means opposite strand. Occurrences of Cbf1 binding motifs 7 are illustrated
by dark blue boxes on top of each sequence. Occurrences of consensus TATA elements 32 are depicted by dark red boxes
below each sequence. TATA elements in close proximity to the TFIIB ChIP defined pre-initiation complex 31 are shown by
dark red (consensus TATA element, zero mismatches) and orange (TATA-like element, one or two mismatches) vertical lines
above each sequence. Expression changes observed in cbf1Δ are stated on the right, as well as assigned TATA-classes (+
for TATA-containing, - for TATA-less, N/A for not available) 31. (B) Expression changes (log2( mutant / WT )) observed in cbf1Δ
versus the four chromatin factor mutants rsc2Δ, npl6Δ, rsc1Δ (RSC chromatin remodelling complex), and ssn6Δ (Tup1-Ssn6
repressor complex). These four chromatin factor mutants show increased expression of Cbf1-repressed genes with highest
significance (Methods). Deletion of two other RSC components (rsc30Δ and rtt102Δ, p = 5.63E-4 and p = 1.46E-2), as well as
deletion of Tup1 (p = 6.75E-5) also show correspondence to cbf1Δ (scatterplots not shown). Red dots indicate the deleted
genes, blue dots indicate Cbf1-repressed genes. An FC of 1.7 is depicted by dashed grey lines. The significance with which
Cbf1-repressed genes show increased expression in the chromatin factor mutants is stated at the top left corner of each
scatterplot.

85

Chapter 3
tion of how the activated genes escape repression
is discussed further below. The example of Cbf1
indicates the utility of this dataset as a starting
point for further mechanistical analyses.
Identification of Stp3 as a gene-specific repressor
The analyses presented here may also help to
uncover the cellular role of previously uncharacterized GSTFs. An example is Stp3, a Cys2His2
zinc finger protein that is almost totally uncharacterized but has been named after Stp1 on the
basis of having a similar DNA binding domain
34
. Interestingly, while Stp1 is proposed to be
an activator 35, our analyses strongly suggest
that Stp3 directly represses transcription. This
is based on the fact that the deletion of STP3
leads to increased expression only (Figure 5B).
Furthermore, these genes also show significantly
high Stp3 binding affinity (Figure 5B). The Stp3
binding data is computationally predicted from a
large-scale in vitro analysis of binding specificities
8
. To investigate whether Stp3 indeed functions as
a gene-specific repressor as predicted, we therefore
first investigated the genome-wide location in vivo
by ChIP-chip.

Binding profiles for Stp3 were derived
from two biologically independent replicate experiments using Green Fluorescent Protein (GFP)tagged Stp3, with background signal estimated
from two untagged WT cultures (Methods). A
total of 116 binding peaks were found, examples of
which are given in Figure 7A. Most binding peaks
are located in promoter regions and can therefore
be associated to downstream genes (102 in total).
There is a highly significant overlap (11 genes, p =
6.79E-13) between these Stp3 binding targets and
the stp3Δ expression profile (Figure 7B, C, D).
Disregarding the FC cut-off criteria for expression
changes and taking into account statistical significance only (p ≤ 0.01) results in an even larger absolute overlap (26 genes with increased expression
in stp3Δ, p = 4.22E-4) (Figure 7C, Table 2). The
ChIP-chip detected binding targets found within
the stp3Δ expression profile conform to the in
vitro binding data (Figure 7D). Stp3 is therefore
indeed a gene-specific repressor.
Genes associated with Stp3 through both
binding and expression changes (functional target
genes) were subsequently used to derive a DNA
binding motif for Stp3. DNA sequence regions

Figure 7 Characterization of Stp3, a gene-specific repressor (see next page page)
(A) Five genes that show upstream binding of Stp3 as well as increased expression in stp3Δ. Illustrated are binding ratios
(blue) observed in strains with GFP-tagged Stp3 (row 1 and 2), and an average of both (row 3). Array features and ORFs of
both strands are depicted below, whereby the respective gene is labelled. (B) Expression observed in stp3Δ (R for red channel) and WT reference (G for green channel). Blue dots indicate Stp3 ChIP-chip derived binding targets, the red dot indicates
the deleted STP3 gene. An FC of 1.7 is depicted by dashed grey lines. (C) Venn diagram depicting the overlap between
Stp3 ChIP-chip derived binding targets (blue circle) and expression changes in stp3Δ (small black circle: p ≤ 0.01, FC ≥ 1.7;
large black circle: p ≤ 0.01, no FC cut-off ). (D) Stp3 expression profile, including all genes with changed expression in stp3Δ
(p ≤ 0.01, FC ≥ 1.7). Corresponding promoter affinity scores calculated from 8, as well as ChIP-chip derived binding targets
are aligned on the bottom. Colour scale as in Figure 5. (E-G) Logos of DNA sequence motifs. The relative size of each letter
represents the frequency of its appearance on the corresponding DNA position multiplied by the total bits of information.
(E) Most significant motif found in the promoters of Stp3-repressed genes (see bottom lane in (D)). (F) Motif previously
determined in vitro. (G) Second most significant motif found in the promoters of Stp3-repressed genes. (H) Growth-curve
of stp3Δ (solid line) and WT (dashed line) in response to treatment with different concentrations of LiCl. WT and stp3Δ were
grown on solid YPD media for three days and then directly inoculated at OD600 of 0.13 into SC-glucose medium, with
different concentrations of LiCl added: untreated (black), 100mM (yellow), 200mM (red), 300mM (blue), and 400mM (green).
(I) Expression changes of WT cells during different culture periods 43. Gene expression data are normalized on all genes, and
corrected for dye-bias; each time-point is compared to the 6.5 hour time-point. Expression changes are depicted by grey
lines; the average expression change by a black line; STP3 expression change by a blue line; expression change of Stp3repressed genes by red lines. The different culture periods are coloured and labelled at the bottom: lag phase (LP, purple),
exponential phase (EP, green), diauxic shift (DS, orange), post-diauxic phase (PD, blue), stationary phase (SP, yellow).
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Figure 7 Characterization of Stp3, a gene-specific repressor (see legend on previous page).
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around Stp3 binding peaks in the promoters of
these genes were scanned by MEME 36. The most
significant motif found (E = 5.9E-18; Figure 7E)
is quite similar to the motif previously determined
for Stp3 in vitro (Figure 7F). The motif defined
here however has additional specificity at both
ends. In addition, an A-rich DNA sequence motif
was detected (E = 1.5E-12; Figure 7G). The precise arrangement and length of this motif varies
depending on the input parameters, indicating
that an overall high A-content is more important
than the precise position of individual nucleotides. These A-rich DNA sequences may aid Stp3
to establish a repressive chromatin structure by
affecting nucleosome positioning 37,38 rather than
presenting a motif that in fact is bound by Stp3.
In addition to assigning a DNA binding
motif to Stp3, additional analyses were carried
out to determine the cellular role of Stp3. GO
analysis on the expression profile only, does not
return a significant term. In a large-scale phenotype analysis of yeast deletion mutants stp3Δ was
found to result in increased resistance to LiCl 39.
Interestingly, ENA1 and YLR149C, two genes that
show upstream binding of Stp3 as well as increased
expression in stp3Δ (Table 2), may be involved in
the observed resistance. Ena1 is an ATPase sodium
pump involved in Li+ efflux to allow salt tolerance
40
. Ylr149c is a protein of unknown function, but
its deletion has previously been shown to result in
decreased plasma membrane electron transport 41.
The LiCl resistant phenotype is based on a largescale analysis. We therefore tested this on a smaller
scale, confirming that deletion of STP3 results in
increased resistance to high concentrations of LiCl
(Figure 7H). The set of functional target genes for
Stp3 (Table 2) also provides other starting points
for discovering cellular roles. For example, the GO
Cellular Component “peroxisome” (p = 2.95E-4) is
enriched in the set of Stp3-repressed genes, when
the FC cut-off criteria for expression changes is
dropped (Table 2). This is based on the four genes
POT1, PEX18, YMR018W, and SEC20. Pex18 is
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required for peroxisome biogenesis and the import
of peroxisomal matrix proteins containing the
PTS2 signal. In turn, Pot1 is the major protein
in S. cerevisiae carrying this signal 42. Expression
of Stp3-repressed genes increases during diauxic
shift, when cells shift from glucose fermentation
to aerobic respiration and peroxisomes catabolize
fatty acids 43 (Figure 7I). Transcription of STP3
itself remains relatively unchanged throughout different growth phases, suggesting that Stp3 activity
is regulated post-transcriptionally. These analyses
suggest that Stp3 is a repressor of a specific subset
of peroxisomal proteins required only under particular conditions. Although further investigation
is required to test this proposal, the analyses on
Stp3 further exemplifies ways in which the expression dataset can be harnessed to study individual
GSTF function.
DISCUSSION
Prevalence of gene-specific repressors
It is often assumed that eukaryotic transcription is
widely repressed by the dense packaging of DNA
into chromatin and that therefore the promoter
“ground-state” is inactive; gene-specific activators
are thus thought to be required for transcription to
take place 14,15. The occurrence of gene-specific repressors in eukaryotes is nevertheless well-known,
but their relative abundance has never been
systematically addressed. Function-based classification of GSTFs in this study reveals a surprisingly high prevalence of gene-specific repressors
in the model eukaryote S. cerevisiae. This finding
is based on all the GSTFs that could potentially
be classified in this study, representing at least
one third of all estimated GSTFs. The degree of
coverage is also influenced by the availability and
quality of DNA binding data. The finding of a high
abundance of gene-specific repressors fits with the
recent observations of pervasive transcription,
that is extensive expression of the majority of the
yeast genome, including non-coding regions 26–28.
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Table 2 Stp3-repressed genes

systematic
name

gene
symbol

description

FCtxpn1

FCbind2

Ylr327c

Tma10

4.03

3.97

Ylr149c

Ylr149c

2.73

14.12

Yil160c
Ylr012c
Ynl194c

Pot1*
Ylr012c
Ynl194c

2.62
2.45
2.45

7.73
2.3
2.79

Ylr142w

Put1

2.08

3.46

Yjl185c
Yol084w

Yjl185c
Phm7

1.97
1.95

2.93
2.89

Ypl222w

Fmp40

1.95

2.08

Ybr139w

Ybr139w

1.8

2.07

Yhr160c

Pex18*

1.74

2.73

Ylr346c

Ylr346c

1.61

4.2

Ycl038c

Atg22

1.59

2.35

Yil159w

Bnr1

1.53

7.73

Yor328w

Pdr10

1.52

2.03

Ynl193w
Ybr138c

Ynl193w
Ybr138c

1.34
1.31

2.79
2.07

Ydl200c

Mgt1

1.27

2.19

Ygr052w
Ybr068c

Fmp48
Bap2

1.25
1.25

3.78
2.35

Ydr040c

Ena1

1.23

3.92

Yol116w

Msn1

1.23

4.96

Ybl043w
Ylr256w
Ymr018w

Ecm13
Hap1
Ymr018w*

1.21
1.21
1.2

2.23
2.13
2.33

Ydr498c

Sec20*

protein of unknown function; associates with ribosomes; putative
homolog of Stf2
protein of unknown function; overexpression causes cell-cycle delay;
null mutation causes decreased plasma membrane electron transport
thiolase involved in b-oxidation of fatty acids
protein of unknown function
integral membrane protein required for sporulation and plasma membrane sphingolipid content
mitochondrial oxidase involved in utilization of proline as sole nitrogen
source
protein of unknown function; transcription weakly cell cycle regulated
protein of unknown function; transcription regulated by phosphate
levels; (GFP)-fusion protein localises to cell periphery and vacuole
protein of unknown function; possibly involved in environmental stress
response; detected in mitochondria
putative carboxypeptidase involved in phytochelatin synthesis; transcription induced by nitrogen limitation; (GFP)-fusion protein localises
to vacuole
peroxin required for targeting of peroxisomal matrix proteins containing PTS2; interacts with Pex7; partially redundant with Pex21
protein of unknown function; detected in mitochondria; transcription
regulated by transcription factors involved in drug resistance, Pdr1 and
Yrr1
vacuolar integral membrane protein required for efflux of AA during
autophagic body breakdown in vacuole; null mutation causes a gradual
loss of viability during starvation
formin involved in formation of linear actin filaments; functionally
redundant with Bni1
multidrug transporter involved in pleiotropic drug resistance; transcription regulated by Pdr1 and Pdr3
protein of unknown function; two-hybrid interaction with Yhr151c
cytoplasmic protein of unknown function; potentially phosphorylated
by Cdc28
DNA repair methyltransferase involved in protection against DNA
alkylation damage
protein of unknown function; detected in mitochondria
branched-chain amino acid permease involved in uptake of leucine,
isoleucine and valine
ATPase sodium pump involved in NA+ and LI+ efflux to allow salt tolerance
transcriptional activator involved in regulation of invertase and glucoamylase expression, invasive growth and pseudohyphal differentiation,
iron uptake, chromium accumulation, and response to osmotic stress
protein of unknown function
transcription factor involved in regulation upon heme and oxygen
protein of unknown function; similarity to human Pex5r; transcription
increases during colony development similar to genes involved in
peroxisome biogenesis
membrane glycoprotein involved in retrograde transport from Golgi
to ER; required for N- and O-glycosylation in Golgi but not ER; interacts
with Dsl1 complex through Tip20

1.11

3.39
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Table 2 continued

systematic
name

gene
symbol

description

FCtxpn1

FCbind2

Ydr077w

Sed1

stress-induced GPI-cell wall glycoprotein induced in stationary-phase
cells; associates with translating ribosomes; possible role in mitochondrial genome maintenance

0.8

4.14

1
fold change of increased and decreased gene expression (stp3Δ / WT), 2 maximum fold change of upstream Stp3 binding
(Stp3-GFP / input), genes annotated with the GO-CC “peroxisome” are marked with an asterisk.

Apparently yeast chromatin is not as repressive
for transcription as has previously been thought.
The combination of gene-specific activation and
repression also offers more possibilities for transcription regulation than does activation alone.
Gene-specific repressors that can be inactivated in
a fast and flexible manner may also be an advantageous alternative to gene-specific activators that
first need to be expressed themselves.
Gene-specific repressors versus activators
Is there something characteristic about repressed
genes or repressors themselves? No general cellular
roles or promoter features could be identified that
were characteristic for repressed genes versus activated genes. Neither could a DNA binding domain
be identified that was characteristic for repressors,
but not for activators. However, we found that a
large percentage of both repressed and activated
genes show hallmarks of SAGA regulated genes:
a flanking TATA consensus motif 32 as well as nucleosomes that encroach on promoter regions and/
or are intrinsically unstable 44. This observation
also agrees with the finding that SAGA-dominated
genes are in general highly regulated 45.
To understand how transcription activation as well as repression can be united within a
single GSTF, Cbf1 was studied as a case example.
Here, intriguing differences in the promoter organization are found between Cbf1-activated and
Cbf1-repressed genes, indicating fundamentally
different modes of regulation through TFIID and
SAGA. In addition, the data suggests that repression may be mediated through interaction of Cbf1
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with the RSC chromatin remodeling complex.
Why Cbf1-activated genes escape repression by
RSC is not clear. One possibility is that Cbf1 conformation is altered upon DNA binding depending
on the promoter context and/or the presence of
other GSTFs, facilitating interaction with RSC at
Cbf1-repressed genes only. Another possibility is
that non-consensus TATA-like elements and TFIID present at Cbf1-activated genes can overcome
nucleosome remodeling by RSC and that this is
not possible for TBP and SAGA at the consensus
TATA elements of Cbf1-repressed genes. Additional experiments, for example a high-resolution in
vivo binding profile of Cbf1 under the same growth
condition as is used in this study, would further
aid deciphering the different mechanisms by which
genes are either activated or repressed by Cbf1.
Systems-level transcriptional regulatory network
Both for the investigation of individual GSTFs and
for a systems-level understanding of the transcriptional regulatory network, it is important to discern target genes of GSTFs. A first step has been
provided by a number of large-scale studies that
surveyed DNA binding of GSTFs in vivo as well as
in vitro 5–9. DNA binding alone however, is not necessarily predictive for function 10–12. Knowledge of
which binding events have functional consequences
on gene expression is therefore important, for example for determining whether regulatory network
motifs identified by DNA binding alone 5–7, are also
functional.
In this study, a combinatorial approach
was applied. We generated DNA microarray gene
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expression profiles of 183 GSTF deletion mutants,
and subsequently compared expression changes to
available binding data. As compared to a previous
large-scale study on DNA microarray gene expression profiles of GSTF deletion mutants 11, the overlap between expression changes and binding data
improved considerably: while previously 22 of 153
GSTFs (14%) were reported to show good overlap
(p < 0.001, no multiple testing correction), 30 of
55 GSTFs (55%) show good overlap in this study
when applying the exact same testing criteria. By
including additional DNA binding affinity data 8,9
and applying different significance criteria including multiple testing correction, a total of 43 out
of 66 profiling GSTFs for which any form of DNA
binding data is available show significant overlap
(Methods). Besides the availability of additional
DNA binding data, these improvements may be
explained by two aspects. First, profiling and
non-profiling GSTF mutants are separated in this
study, whereas no such distinction has been made
previously. This may be due to more secondary
expression changes in the previous study caused
by differences in media (YPD versus SC) or a relatively high number of false-positive hits. Second,
while previous comparisons have been based on
the original ChIP-chip data 6, a computationally
processed version 7 was applied here.
Whereas the overall correspondence
between expression changes and in vivo derived
GSTF binding targets 6,7 is highly significant (p
= 7.2E-119), the actual percentages are still
relatively low. Nevertheless, they are considerable
given the diversity of reasons that can lead to differences between expression changes and binding
targets. Expression changes may be hidden due
to condition specificity or redundancy relationships as is further discussed below. If deletion
of a GSTF results in expression changes, these
may partly represent secondary effects that are
only indirectly caused by the deletion itself. On
the other hand, only a fraction of binding targets
may be affected in expression depending on the

position and orientation of the binding site, or
the presence of other GSTFs. It has recently been
shown that the dynamics of DNA binding is an
important determinant of GSTF function 46. With
regard to technology, it has recently been claimed
that ChIP-chip produces as much as 50% of falsepositive hits 47. Although computational processing 7 likely decreases the rate of false-positive hits
to a large extent, a new set of high-resolution
GSTF binding profiles would greatly improve the
association of target genes to each GSTF. This
would be especially useful for the 44% of profiling
GSTF mutants for which binding data is either
unavailable or not significantly overlapping with
the expression changes.
Hidden transcriptional regulation
Under the growth condition used here, 77 of 183
GSTF are profiling. This also means that taking into account essential and excluded GSTFs,
almost 50% of all GSTFs can be individually
removed under a single growth condition without
inducing expression changes. In turn, expression
of around 1800 genes is changed in at least one
profiling GSTF mutant, with approximately 70%
of all yeast genes remaining relatively unaffected.
How do these two findings relate to the regulatory
role that has previously been assigned to GSTFs?
There are several possible explanations. First of
all, not all gene-specific regulators of transcription
are covered in this study. Moonlighting proteins
are proteins that can perform disparate functions
48
. Hxk2, for example, is a metabolic enzyme
that doubles as a GSTF 49. At this moment, it
is completely unknown how many moonlighting
proteins exist with an additional role as GSTF.
Second, GSTFs may be non-profiling due to condition specificity. Sip4, for example, is a GSTF
involved in the activation of gluconeogenesis 50, a
process that is only required when glucose levels
are low. Therefore, Sip4 is likely inactive under
the high glucose growth condition in this study,
reflected by its low expression (Figure 8). Third,
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# expression changes in GSTF mutant

500

Compilation of a list of putative GSTFs
First of all, a list of putative GSTFs was compiled (Supplementary Table 1). Two criteria were applied: (1) the
presence of a DNA binding domain, and (2) previous
evidence for specific DNA binding. For twelve putative
GSTFs, one of the two criteria was not fulfilled. These
were included nevertheless, because they contain a
domain that has previously been associated to specific
DNA binding for another GSTF.

100

Mig1

10

Mig2
Sip4
0
6

8

10

12
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Figure 8 Hidden transcription regulation
Number of expression changes in a GSTF mutant versus
average expression of the respective GSTF in a collection of
200 WTs 16. The threshold of separating profiling from nonprofiling GSTF mutants is depicted by a dashed grey line.
Red dots depict example GSTFs.

redundancy may play a role. Deletion of Mig2, a
GSTF involved in the glucose repression pathway,
can for example be fully buffered by its redundant
partner Mig1, whereas deletion of Mig1 can partly
be buffered by Mig2 51. Deletion of either Mig1 or
Mig2 alone does therefore not affect the expression of many genes (Figure 8), whereas deletion
of both together results in many more genes with
changed expression (Chapter 4). Similarly, redundancy may extend to more than two GSTFs for
regulation of individual genes 52. Overall, this survey indicates that condition specificity as well as
redundancy may play major roles in transcription
regulation. GSTFs that individually regulate transcription, as previously suggested 11, are likely to
be the exception and not the rule. Further studies
on combinatorial regulation by GSTFs will greatly
improve our understanding of transcription. An
important contribution of this study is that such
further systems-level analyses of GSTF function
require a more important role of GSTF repressors
to be taken into account.
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Yeast strains and media
All strains are isogenic to S288c. Deletion strains used
for DNA microarray expression profiling were from the
Saccharomyces Genome Deletion library (Open Biosystems; Euroscarf) and are in the genetic background of
the WT parental strain BY4742 (Supplementary Table
1). The Stp3-GFP strain was constructed by C-terminal
genomic integration of a pFA6a-GFP-His3MX6 cassette;
it exhibited WT growth. Experiments were performed in
SC media, supplemented with 2% glucose.
Gene expression profiling
Gene expression profiling was performed as described in
Addendum 1 of this thesis. In short, deletion mutants
were harvested in early mid-log phase, and profiled
twice. Mutants were grown alongside WT cultures and
processed in parallel. Dual-channel 70-mer oligonucleotide arrays were employed with WT RNA as common
reference. All steps after RNA isolation were automated
using robotic liquid handlers. These procedures were
first optimised for accuracy (correct FC) and precision
(reproducible result), using spiked-in RNA calibration 53.
After quality control, normalisation and dye-bias correction 54, statistical analysis was performed for each mutant
versus a collection of 200 WT cultures 16,55. Mutants differing from WT were profiled another two times from
an independently inoculated culture. The reported FC is
then an average of the four replicate mutant expression
profiles versus the average of all WTs. Genes that show
variable expression changes in the WT collection are
excluded from further analyses (57 WT variable genes
in total, Supplementary Table 2), as well as YDL196W.
Except for one outlier, none of the 71 WT expression
profiles generated in parallel to the mutants elicit more
than three significant expression changes compared to
the average WT (p ≤ 0.01, FC ≥ 1.7, excluding WT
variable genes). This number was therefore applied as a
threshold to determine whether a mutant was profiling
and was hence included in subsequent analyses.
Functional enrichment analyses
For functional enrichment analyses, a hypergeometric
testing procedure was performed using GO-BP annotations 56 as obtained from SGD 3. The background population was set to 6,359 (the number of genes annotated in
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GO) and p values were corrected for multiple testing
using the Bonferroni method.
Specificity comparison between GSTFs and chromatin
factors
For each gene, all GSTF mutants and all chromatin
factor mutants were counted that elicit an expression
change (p ≤ 0.01, FC ≥ 1.7) of that gene. All genes with
changed expression in a particular number of mutants
were then summarized, separately for GSTF mutants
and chromatin factor mutants. An Ancova covariance
test was applied to investigate whether the number of
mutants in which the expression of a number of genes is
changed depends on whether GSTFs or chromatin factors are studied.
GSTF promoter affinity scores
GSTF promoter affinity scores were calculated from 8,9.
First, signal intensities and enrichment scores for GSTFs
that have been measured in vitro on multiple protein
binding microarrays were averaged within each of the
two datasets. The affinity by which a GSTF binds to
the promoter of a potential target gene was then estimated by adding up signal intensities for each DNA
8mer sequence, with an enrichment score greater than
or equal to 0.45, within 600 base pairs (bp) upstream of
the translation start site. Last, the resulting promoter
affinity profile of one GSTF to all possible promoters
was z-transformed to correct for experimental variation.
Classification of GSTFs into activators and repressors
The overlap between genes that show decreased expression in a GSTF mutant, or increased expression respectively (p ≤ 0.01, FC ≥ 1.7), and genes whose promoter
is bound by the respective GSTF in vivo (7, p = 0.005,
no conservation restriction) was evaluated by Fisher’s
exact test. Resulting p values were corrected for multiple
testing using the Benjamini-Hochberg method. Further,
it was tested whether genes that show decreased expression in a GSTF mutant, or increased expression respectively (p ≤ 0.01, FC ≥ 1.7), also exhibit higher GSTF
promoter affinity scores in vitro (as calculated from 8,9)
than all other genes. Applying the Mann-Whitney test,
p values were derived and subsequently corrected for
multiple testing using the Benjamini-Hochberg method.
A particular GSTF was then classified as an activator, if
(a) a significant overlap with its binding targets, or (b)
significantly higher GSTF promoter affinity scores were
observed for genes that show decreased expression in the
respective mutant (p ≤ 0.05 for both criteria). In turn, a
particular GSTF was classified as a repressor, if at least
one of these two criteria is fulfilled for genes that show
increased expression in the respective mutant.
Promoter organization of Cbf1-activated and Cbf1repressed genes
Promoter organization was analysed for genes that show

changed expression in cbf1Δ (p ≤ 0.01, FC ≥ 1.7) as well
as upstream binding of Cbf1. DNA sequences, translation and transcription start sites, as well as coordinates
of adjacent genes, were obtained from SGD 3,26. The Cbf1
binding motif 7 as well as the consensus TATA element
32
were mapped to promoter sequences applying the
“matrix-scan” and “dna-pattern” services of the Regulatory Sequence Analysis Tool (http://rsat.ulb.ac.be/)
57
. Default parameters were kept, with one exception:
for mapping the Cbf1 binding motif, a p value of 0.001
was chosen instead of 0.0001. Coordinates of consensus
TATA elements as well as TATA-like elements detected
in close proximity to the pre-initiation complex 31 were
also included. Last, nucleosome positions were taken
from a recent reference map 58. All described features
were integrated into one figure (Figure 6), depicting a
window of 1,000 bp upstream the translation start site,
and sequences were aligned to the respective transcription start site.
Expression of Cbf1-activated and Cbf1-repressed genes
in chromatin factor mutants
A Mann-Whitney test was applied for each chromatin
factor expression profile 16, comparing transcription of
Cbf1-activated or Cbf1-repressed genes with transcription of all other genes. Resulting p values were corrected for multiple testing using the Benjamini-Hochberg
method.
ChIP-chip experiments
ChIP-chip experiments were performed essentially as
described previously 59, with minor modifications. Cells,
grown in 250 ml SC medium, were crosslinked in mid-log
phase with 1% formaldehyde for 20 min at room temperature. Glycine (300 mM) was added for 5 min at room
temperature. Cells were harvested by centrifugation for 5
min at 4000 rpm at 4°C. The cell pellet was washed twice
with cold TBS pH 7.5 (150 mM NaCl, 10 mM Tris), once
with cold FA lysis buffer (50 mM HEPES-KOH pH 7.5,
150 mM NaCl, 1 mM EDTA, 1% Triton X-100, 0.1%
sodium deoxycholate, 0.1% SDS), and resuspended in 1.5
ml FA lysis buffer complemented with Complete Protease Inhibitor Cocktail (Roche). Cells were disrupted
with the Disrupter Genie (Scientific Industries) using 0.5
ml zirconia beads (BioSpec Products Inc; Æ 0.5 mm) at
4°C. The cell lysate was centrifuged 2 min at 4000 rpm at
4°C. The supernatant was centrifuged 15 min at 14,000
rpm at 4°C to collect the chromatin. The chromatin
pellet was washed 30 min in 1.5 ml FA lysis buffer at
4°C, resuspended in 1.5 ml FA lysis buffer, and sonicated
(Bioruptor, Diagenode: 10 cycles, 30 sec on/off, medium
setting) to an average DNA fragment size of ~ 400 bp.
The lysate was centrifuged 20 min at 14,000 rpm at 4°C
after which the chromatin extract was collected for ChIP.
ChIPs were performed by incubating 200 μl chromatin
extract and 125 μg BSA to 20 μl Protein G-Agarose beads
(Roche), coupled to rabbit polyclonal aGFP antibodies,
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for 3 h at room temperature. The beads were washed
twice with 0.5 ml FA lysis buffer, twice in wash buffer
1 (FA lysis buffer, 500 mM NaCl), twice in wash buffer
2 (10 mM Tris pH, 0.25 mM LiCl, 0.5% Nonidet P-40,
0.5% sodium deoxycholate, 1 mM EDTA), and once in
TE 10/1 (10 mM Tris pH 8, 1 mM EDTA). The beads
were eluted twice in 50 μl TE 1% SDS (10 mM Tris pH
8, 1 mM EDTA, 1% SDS) for 10 min at 65°C. ChIP and
input (20 μl chromatin extract) samples were incubated
overnight in 100 μl TE 1% SDS and 10 μg ribonuclease A
(Sigma) to reverse the formaldehyde cross-links. Samples
were incubated with 400 μg proteinase K (Roche) for
2 hours at 37°C and treated with 1μl shrimp alkaline
phosphatase (SAP; Roche) for 2 hours at 37°C. DNA
was extracted with phenol-chloroform-isoamylalcohol
(Sigma), whereat the last extraction was done with a
Phase Lock Gel (5 prime). DNA was cleaned on PCR purification columns (Qiagen). Input and ChIP DNA was
amplified using a robotically automated double-round
T7 RNA polymerase-based amplification procedure 59.
Clean-up steps were performed with RNAClean (Beckman Coulter) instead of Qiagen Kits. Cy5-labeled ChIP
samples were hybridized with cy3-labelled input DNA
(as well as vice versa) to a 44K 4-pack yeast array (Agilent Technologies).
ChIP-chip normalisation
The raw quantified ChIP-chip data were normalized
with print-tip LOESS using a modified algorithm that
more accurately normalises signals from highly enriched
features. The modified algorithm uses the KernSmooth
R-package to estimate the density, taking the fifth percentile as a threshold and selecting the 95% densest spots
in the MA plot. This selection enriches for features that
do not show increased binding over background and excludes features that correspond to highly bound regions.
A LOESS function is then calculated on the reduced set
applying the marray R-package, and used to normalize
all array features, with linear extrapolation to features
outside the range of the LOESS fit. After normalisation,
binding ratios for each pair of strains were averaged and
p values were derived from the limma R-package.
Determination of Stp3 binding peaks based on ChIP-chip
data
First, a set of core peaks was determined, each consisting
of probes that were bound by Stp3 with a p value ≤ 0.05
and an FC ≥ 2. These core peaks were extended by neighbouring probes that were bound by Stp3 with an FC ≥
1.3 irrespective of the p value. Second, extended peaks
were retained if for probes, contained in the respective
core peaks, no (a-specific) binding could be observed (FC
< 1.2) in the average binding profile obtained from untagged WT. A distance criterion was applied to identify
genes that lie downstream of the detected Stp3 binding
peaks and are therefore considered Stp3 binding targets.
These included genes with translation start sites within
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800 bp downstream and 200 bp upstream of the probe
that has the maximum binding ratio within the respective core peak. If this distance criterion for one peak was
met by more than one gene, multiple genes were assigned
to the peak.
DNA binding motif discovery
For probes contained in core peaks that are associated
to genes with changed expression in stp3Δ (p ≤ 0.01, FC
≥ 1.7), centre coordinates were determined, and DNA
regions spanning 400 bp to both sides were selected.
The resulting sequences were scanned by MEME to find
significant DNA motifs (http://meme.sdsc.edu/meme/
cgi-bin/meme.cgi, version 4.8.1) 36. DNA motifs were allowed to range from 6-50 bp (default), and required to
be present on each input DNA sequence. A first-order
Markov model of all S. cerevisiae promoter sequences
was used as background for the motif discovery process.

AUTHOR’S CONTRIBUTIONS
Arranged funding: FCPH and PK, through grants from
NWO and NBIC. Organized infrastructure: DvL, FCPH,
MJGK, PK, PL, SRvH. Designed experiments: DvL,
FCPH, JJB, KS, MJGK, PK, TLL. Carried out and
analysed experiments: DvL, JJB, MJGK, TLL. Designed
bioinformatics analyses: FCPH, KS, PK. Carried out
bioinformatics analyses: KS. Interpreted data: FCPH,
KS, PK. Made figures: KS. Wrote chapter: FCPH, KS,
PK.

ACKNOWLEDGEMENTS
We would like to thank Cheuk Ko for technical assistance; Eva Apweiler, Sebastiaan van Heesch, Mariel
Brok, Loes van de Pasch, Thanasis Margaritis, Nathalie
Brabers, and Tony Miles for contributing data. Furthermore, we would like to thank Marc Timmers for his valuable advice, as well as Chris Lauber, Andreas Petzold,
Thanasis Margaritis and Eoghan O’Duibhir for critical
comments on the manuscript.

REFERENCES
1.
2.
3.
4.

Farnham, P. J. Insights from genomic profiling of
transcription factors. Nat. Rev. Genet. 10, 605–616
(2009).
Fuda, N. J., Ardehali, M. B. & Lis, J. T. Defining mechanisms that regulate RNA polymerase II
transcription in vivo. Nature 461, 186–192 (2009).
Cherry, J. M. et al. Saccharomyces Genome Database: the genomics resource of budding yeast.
Nucleic Acids Res. 40, D700–705 (2012).
Abdulrehman, D. et al. YEASTRACT: providing
a programmatic access to curated transcriptional
regulatory associations in Saccharomyces cerevisiae

Transcription regulation by gene-specific transcription factors

5.
6.
7.
8.

9.
10.

11.
12.

13.
14.
15.

16.
17.

18.

19.
20.

21.

through a web services interface. Nucleic Acids Research 39, D136–D140 (2010).
Lee, T. I. et al. Transcriptional regulatory networks
in Saccharomyces cerevisiae. Science 298, 799–804
(2002).
Harbison, C. T. et al. Transcriptional regulatory
code of a eukaryotic genome. Nature 431, 99–104
(2004).
MacIsaac, K. D. et al. An improved map of conserved regulatory sites for Saccharomyces cerevisiae.
BMC Bioinformatics 7, 113 (2006).
Badis, G. et al. A library of yeast transcription factor motifs reveals a widespread function for Rsc3 in
targeting nucleosome exclusion at promoters. Mol.
Cell 32, 878–887 (2008).
Zhu, C. et al. High-resolution DNA-binding specificity analysis of yeast transcription factors. Genome
Res. 19, 556–566 (2009).
Gao, F., Foat, B. C. & Bussemaker, H. J. Defining
transcriptional networks through integrative modeling of mRNA expression and transcription factor
binding data. BMC Bioinformatics 5, 31 (2004).
Hu, Z., Killion, P. J. & Iyer, V. R. Genetic reconstruction of a functional transcriptional regulatory
network. Nat. Genet. 39, 683–687 (2007).
Zhou, X. & O’Shea, E. K. Integrated approaches
reveal determinants of genome-wide binding and
function of the transcription factor Pho4. Mol. Cell
42, 826–836 (2011).
Milo, R. et al. Network motifs: simple building
blocks of complex networks. Science 298, 824–827
(2002).
Struhl, K. Fundamentally different logic of gene
regulation in eukaryotes and prokaryotes. Cell 98,
1–4 (1999).
Hahn, S. & Young, E. T. Transcriptional regulation
in Saccharomyces cerevisiae: transcription factor
regulation and function, mechanisms of initiation,
and roles of activators and coactivators. Genetics
189, 705–736 (2011).
Lenstra, T. L. et al. The specificity and topology of
chromatin interaction pathways in yeast. Mol. Cell
42, 536–549 (2011).
Schwank, S., Ebbert, R., Rautenstrauss, K., Schweizer, E. & Schüller, H. J. Yeast transcriptional
activator INO2 interacts as an Ino2p/Ino4p basic
helix-loop-helix heteromeric complex with the
inositol/choline-responsive element necessary for
expression of phospholipid biosynthetic genes in
Saccharomyces cerevisiae. Nucleic Acids Res. 23,
230–237 (1995).
Jia, Y., Rothermel, B., Thornton, J. & Butow, R. A.
A basic helix-loop-helix-leucine zipper transcription
complex in yeast functions in a signaling pathway
from mitochondria to the nucleus. Mol. Cell. Biol.
17, 1110–1117 (1997).
Dubois, E. & Messenguy, F. In vitro studies of the
binding of the ARGR proteins to the ARG5,6 promoter. Mol. Cell. Biol. 11, 2162–2168 (1991).
Mannhaupt, G., Schnall, R., Karpov, V., Vetter,
I. & Feldmann, H. Rpn4p acts as a transcription
factor by binding to PACE, a nonamer box found
upstream of 26S proteasomal and other genes in
yeast. FEBS Lett. 450, 27–34 (1999).
Pinkham, J. L., Olesen, J. T. & Guarente, L. P.

22.
23.

24.

25.

26.
27.
28.
29.

30.
31.
32.
33.

34.

35.

36.
37.

38.

Sequence and nuclear localization of the Saccharomyces cerevisiae HAP2 protein, a transcriptional
activator. Mol. Cell. Biol. 7, 578–585 (1987).
Fields, S. & Herskowitz, I. The yeast STE12 product is required for expression of two sets of cell-type
specific genes. Cell 42, 923–930 (1985).
Huang, M., Zhou, Z. & Elledge, S. J. The DNA
replication and damage checkpoint pathways induce
transcription by inhibition of the Crt1 repressor.
Cell 94, 595–605 (1998).
Morgan, B. A. et al. The Skn7 response regulator
controls gene expression in the oxidative stress
response of the budding yeast Saccharomyces cerevisiae. EMBO J. 16, 1035–1044 (1997).
Larochelle, M., Drouin, S., Robert, F. & Turcotte,
B. Oxidative stress-activated zinc cluster protein
Stb5 has dual activator/repressor functions required
for pentose phosphate pathway regulation and NADPH production. Mol. Cell. Biol. 26, 6690–6701
(2006).
Nagalakshmi, U. et al. The transcriptional landscape of the yeast genome defined by RNA sequencing. Science 320, 1344–1349 (2008).
Neil, H. et al. Widespread bidirectional promoters
are the major source of cryptic transcripts in yeast.
Nature 457, 1038–1042 (2009).
Xu, Z. et al. Bidirectional promoters generate pervasive transcription in yeast. Nature 457, 1033–1037
(2009).
Kent, N. A., Eibert, S. M. & Mellor, J. Cbf1p is
required for chromatin remodeling at promoterproximal CACGTG motifs in yeast. J. Biol. Chem.
279, 27116–27123 (2004).
Lee, T. A. et al. Dissection of combinatorial control
by the Met4 transcriptional complex. Mol. Biol.
Cell 21, 456–469 (2010).
Rhee, H. S. & Pugh, B. F. Genome-wide structure
and organization of eukaryotic pre-initiation complexes. Nature (2012).doi:10.1038/nature10799
Basehoar, A. D., Zanton, S. J. & Pugh, B. F. Identification and distinct regulation of yeast TATA
box-containing genes. Cell 116, 699–709 (2004).
Moreira, J. M. & Holmberg, S. Transcriptional
repression of the yeast CHA1 gene requires the
chromatin-remodeling complex RSC. EMBO J. 18,
2836–2844 (1999).
Abdel-Sater, F., Iraqui, I., Urrestarazu, A. & André, B. The external amino acid signaling pathway
promotes activation of Stp1 and Uga35/Dal81 transcription factors for induction of the AGP1 gene in
Saccharomyces cerevisiae. Genetics 166, 1727–1739
(2004).
Jorgensen, M. U., Gjermansen, C., Andersen, H. A.
& Kielland-Brandt, M. C. STP1, a gene involved in
pre-tRNA processing in yeast, is important for amino-acid uptake and transcription of the permease
gene BAP2. Curr. Genet. 31, 241–247 (1997).
Bailey, T. L. et al. MEME SUITE: tools for motif
discovery and searching. Nucleic Acids Res. 37,
W202–208 (2009).
Mavrich, T. N. et al. A barrier nucleosome model
for statistical positioning of nucleosomes throughout the yeast genome. Genome Res 18, 1073–1083
(2008).
Segal, E. & Widom, J. Poly(dA:dT) tracts: major

95

Chapter 3

39.
40.

41.

42.
43.

44.
45.

46.

47.
48.
49.

96

determinants of nucleosome organization. Curr.
Opin. Struct. Biol 19, 65–71 (2009).
Hillenmeyer, M. E. et al. The chemical genomic portrait of yeast: uncovering a phenotype for all genes.
Science 320, 362–365 (2008).
Garciadeblas, B. et al. Differential expression of two
genes encoding isoforms of the ATPase involved in
sodium efflux in Saccharomyces cerevisiae. Mol.
Gen. Genet. 236, 363–368 (1993).
Herst, P. M., Perrone, G. G., Dawes, I. W., Bircham,
P. W. & Berridge, M. V. Plasma membrane electron
transport in Saccharomyces cerevisiae depends on
the presence of mitochondrial respiratory subunits.
FEMS Yeast Res. 8, 897–905 (2008).
Grunau, S. et al. Peroxisomal targeting of PTS2
pre-import complexes in the yeast Saccharomyces
cerevisiae. Traffic 10, 451–460 (2009).
Radonjic, M. et al. Genome-Wide Analyses Reveal
RNA Polymerase II Located Upstream of Genes
Poised for Rapid Response upon S. cerevisiae
Stationary Phase Exit. Molecular Cell 18, 171–183
(2005).
Zhang, Z. et al. A packing mechanism for nucleosome organization reconstituted across a eukaryotic
genome. Science 332, 977–980 (2011).
Huisinga, K. L. & Pugh, B. F. A genome-wide
housekeeping role for TFIID and a highly regulated
stress-related role for SAGA in Saccharomyces cerevisiae. Mol. Cell 13, 573–585 (2004).
Lickwar, C. R., Mueller, F., Hanlon, S. E., McNally,
J. G. & Lieb, J. D. Genome-wide protein-DNA
binding dynamics suggest a molecular clutch for
transcription factor function. Nature 484, 251–255
(2012).
Rhee, H. S. & Pugh, B. F. Comprehensive genomewide protein-DNA interactions detected at singlenucleotide resolution. Cell 147, 1408–1419 (2011).
Gancedo, C. & Flores, C.-L. Moonlighting proteins
in yeasts. Microbiol. Mol. Biol. Rev. 72, 197–210,
table of contents (2008).
Rodríguez, A., De La Cera, T., Herrero, P. &

50.

51.
52.

53.
54.
55.
56.
57.
58.

59.

Moreno, F. The hexokinase 2 protein regulates the
expression of the GLK1, HXK1 and HXK2 genes of
Saccharomyces cerevisiae. Biochem J 355, 625–631
(2001).
Vincent, O. & Carlson, M. Sip4, a Snf1 kinasedependent transcriptional activator, binds to the
carbon source-responsive element of gluconeogenic
genes. EMBO J. 17, 7002–7008 (1998).
Westholm, J. O. et al. Combinatorial control of gene
expression by the three yeast repressors Mig1, Mig2
and Mig3. BMC Genomics 9, 601 (2008).
Bai, L., Ondracka, A. & Cross, F. R. Multiple
sequence-specific factors generate the nucleosomedepleted region on CLN2 promoter. Mol. Cell 42,
465–476 (2011).
van Bakel, H. & Holstege, F. C. P. In control:
systematic assessment of microarray performance.
EMBO Rep 5, 964–969 (2004).
Margaritis, T. et al. Adaptable gene-specific dye
bias correction for two-channel DNA microarrays.
Mol. Syst. Biol 5, 266 (2009).
van Wageningen, S. et al. Functional overlap and
regulatory links shape genetic interactions between
signaling pathways. Cell 143, 991–1004 (2010).
Ashburner, M. et al. Gene Ontology: tool for the
unification of biology. Nat Genet 25, 25–29 (2000).
Thomas-Chollier, M. et al. RSAT 2011: regulatory
sequence analysis tools. Nucleic Acids Res. 39,
W86–91 (2011).
Jiang, C. & Pugh, B. F. A compiled and systematic
reference map of nucleosome positions across the
Saccharomyces cerevisiae genome. Genome Biol 10,
R109 (2009).
van Bakel, H. et al. Improved genome-wide localization by ChIP-chip using double-round T7 RNA
polymerase-based amplification. Nucleic Acids Res.
36, e21 (2008).

Transcription regulation by gene-specific transcription factors
Supplementary Table 1 Yeast GSTFs and strains used in this study

systematic
name

gene
symbol

deletion mutant source

Ykl112w
Ymr072w
Yer045c
Ylr131c
Ydr448w
Ydr216w
Ygl071w
Ypl202c
Ymr042w
Yml099c
Ydr421w
Ypr199c
Yil130w
Ykl185w
Yor113w
Ykr099w
Ynl039w
Ydr423c
Ymr280c
Yjr060w
Ymr213w
Ymr168c
Ylr098c
Yor028c
Ynl027w
Yil036w
Ygl166w
Ypl177c
Ykr034w
Yir023w
Ynl314w
Yml113w
Yer088c
Ylr228c
Ypl021w
Ybr033w
Ybr239c
Ypr104c
Yil131c
Ynl068c
Yer109c
Ygl254w
Ypl248c

Abf1
Abf2
Aca1
Ace2
Ada2
Adr1
Aft1
Aft2
Arg80
Arg81
Aro80
Arr1
Asg1
Ash1
Azf1
Bas1
Bdp1
Cad1
Cat8
Cbf1
Cef1
Cep3
Cha4
Cin5
Crz1
Cst6
Cup2
Cup9
Dal80
Dal81
Dal82
Dat1
Dot6
Ecm22
Ecm23
Eds1
Ert1
Fhl1
Fkh1
Fkh2
Flo8
Fzf1
Gal4

inviable
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
inviable
Open Biosystems
Open Biosystems
Open Biosystems
inviable
inviable
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
inviable
Open Biosystems
Open Biosystems
excluded
Open Biosystems
Open Biosystems

growth
protocol

number of
replicates

significant expression changes (0.01,
1.7)

profiler/nonprofiler

2
2
2
1
1
2
2
2
2
2
2
2
2
2
2

4
2
4
4
4
4
2
4
4
2
4
4
4
4
4

4
0
40
232
0
24
0
8
6
1
1
3
4
6
14

profiler
non-profiler
profiler
profiler
non-profiler
profiler
non-profiler
profiler
profiler
non-profiler
non-profiler
non-profiler
profiler
profiler
profiler

2
2
2

2
2
4

0
0
166

non-profiler
non-profiler
profiler

2
2
2
2
2
2
2
2
2
2
2
2
2
2
2

4
4
2
4
2
4
4
4
4
4
4
2
4
2
4

5
5
0
471
2
3
1
20
2
10
0
0
0
1
3

profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler

2
2

4
4

14
1

profiler
non-profiler

2
2

4
2

2
0

non-profiler
non-profiler
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Supplementary Table 1 continued

systematic
name

gene
symbol

deletion mutant source

growth
protocol

number of
replicates

significant expression changes (0.01,
1.7)

profiler/nonprofiler

Yfl021w
Ymr136w
Ylr013w
Yir013c
Yel009c
Ypl075w
Ydr096w
Yer040w
Yjl103c
Yjl110c
Ypr008w
Yfl031w
Yol089c
Ylr256w
Ygl237c
Ybl021c
Yor358w
Ycr065w
Ycl066w
Ycl067c
Ydr174w
Ycr097w
Ycr096c
Yor032c
Yjr147w
Ygl073w
Ygl253w
Ydr123c
Yol108c
Yor304w
Ykl032c
Ypl054w
Ylr451w
Ydr034c
Ymr021c
Ygr288w
Ybr297w
Ycr040w
Ycr039c
Yor298c-a
Ydl056w
Ymr043w
Yir017c

Gat1
Gat2
Gat3
Gat4
Gcn4
Gcr1
Gis1
Gln3
Gsm1
Gzf3
Haa1
Hac1
Hal9
Hap1
Hap2
Hap3
Hap5
Hcm1
Hmlalpha1
Hmlalpha2
Hmo1
Hmra1
Hmra2
Hms1
Hms2
Hsf1
Hxk2
Ino2
Ino4
Isw2
Ixr1
Lee1
Leu3
Lys14
Mac1
Mal13
Mal33
Matalpha1
Matalpha2
Mbf1
Mbp1
Mcm1
Met28

Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
inviable
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
excluded
excluded
Open Biosystems
excluded
excluded
Open Biosystems
excluded
inviable
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Euroscarf
excluded
excluded
Open Biosystems
Open Biosystems
inviable
Open Biosystems

2
2
2
2
1

4
4
4
2
4

0
3
0
0
8

non-profiler
non-profiler
non-profiler
non-profiler
profiler

1
2
2
2
2
2
2
2
2
2
2
2

4
4
2
4
4
2
4
4
4
4
4
4

6
89
1
7
2
1
5
4
27
29
18
0

profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
profiler
profiler
profiler
profiler
profiler
non-profiler

2

4

50

profiler

2

4

0

non-profiler

1
2
2
2
2
2
2
2
2
2
2

4
4
4
4
4
2
4
4
4
4
2

132
268
357
31
75
0
9
2
12
0
2

profiler
profiler
profiler
profiler
profiler
non-profiler
profiler
non-profiler
profiler
non-profiler
non-profiler

2
2

2
4

0
19

non-profiler
profiler

2

4

0

non-profiler
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systematic
name

gene
symbol

deletion mutant source

growth
protocol

number of
replicates

significant expression changes (0.01,
1.7)

profiler/nonprofiler

Ypl038w
Ydr253c
Ynl103w
Ygr249w
Ygl035c
Ygl209w
Yer028c
Yer068w
Ymr070w
Ymr037c
Ykl062w
Ymr164c
Yhr124w
Ydl002c
Ypr052c
Ybr089c-a
Ydr043c
Ybr066c
Yal051w
Ykr064w
Ybr060c
Yfl044c
Ydr081c
Ygl013c
Ybl005w
Ylr266c
Ydr323c
Ykl043w
Ydl106c
Yfr034c
Yor363c
Ylr014c
Ykl015w
Ypr186c
Ynl216w
Yor380w
Ycr106w
Ypl133c
Ybr049c
Ybr267w
Ylr176c
Ymr182c
Ykl038w

Met31
Met32
Met4
Mga1
Mig1
Mig2
Mig3
Mot2
Mot3
Msn2
Msn4
Mss11
Ndt80
Nhp10
Nhp6a
Nhp6b
Nrg1
Nrg2
Oaf1
Oaf3
Orc2
Otu1
Pdc2
Pdr1
Pdr3
Pdr8
Pep7
Phd1
Pho2
Pho4
Pip2
Ppr1
Put3
Pzf1
Rap1
Rdr1
Rds1
Rds2
Reb1
Rei1
Rfx1
Rgm1
Rgt1

Open Biosystems
Open Biosystems
inviable
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Holstege lab, UMC Utrecht
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
inviable
Open Biosystems
inviable
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
inviable
inviable
Open Biosystems
Open Biosystems
Open Biosystems
inviable
excluded
Open Biosystems
Open Biosystems
Euroscarf

2
2

4
2

2
0

non-profiler
non-profiler

1
2
2
1
1
2
2
1
1
2
2
2
2
1
1
2
2

4
4
4
4
4
4
4
4
4
2
4
2
4
4
4
2
2

1
16
2
1
757
60
21
0
2
1
27
1
2
5
1
1
0

non-profiler
profiler
non-profiler
non-profiler
profiler
profiler
profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler

1

4

1

non-profiler

2
2
2
2
2
2
2
2
2
2

4
4
2
4
2
4
4
4
4
2

0
5
2
165
2
3
2
0
5
0

non-profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler

2
2
2

4
4
2

1
2
3

non-profiler
non-profiler
non-profiler

2
2
1

4
2
4

24
1
6

profiler
non-profiler
profiler
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Supplementary Table 1 continued

systematic
name

gene
symbol

deletion mutant source

growth
protocol

number of
replicates

significant expression changes (0.01,
1.7)

profiler/nonprofiler

Yhl027w
Ypl089c
Ygr044c
Ypr065w
Yer169w
Yil119c
Ydl020c
Ydr303c
Yhr056c
Yfr037c
Yjr127c
Yol067c
Ybl103c
Yor077w
Ybl066c
Yor140w
Ylr403w
Yjl089w
Ydr409w
Yhr206w
Ynl167c
Ybr182c
Ycr033w
Ygl131c
Ymr016c
Yjl127c
Yer148w
Yer161c
Ycr018c
Ydr169c
Ymr019w
Yhr178w
Yhr084w
Ydr463w
Yhr006w
Ylr375w
Ydl048c
Ydr310c
Ygl162w
Ypr009w
Yer111c
Ydr146c
Ypl128c

Rim101
Rlm1
Rme1
Rox1
Rph1
Rpi1
Rpn4
Rsc3
Rsc30
Rsc8
Rsf2
Rtg1
Rtg3
Rts2
Sef1
Sfl1
Sfp1
Sip4
Siz1
Skn7
Sko1
Smp1
Snt1
Snt2
Sok2
Spt10
Spt15
Spt2
Srd1
Stb3
Stb4
Stb5
Ste12
Stp1
Stp2
Stp3
Stp4
Sum1
Sut1
Sut2
Swi4
Swi5
Tbf1

Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
inviable
Holstege lab, UMC Utrecht
inviable
Open Biosystems
Open Biosystems
Open Biosystems
inviable
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Euroscarf
excluded
inviable
Open Biosystems
excluded
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
inviable

2
2
2
2
1
1
2

4
4
4
4
4
4
4

44
3
4
47
5
3
43

profiler
non-profiler
profiler
profiler
profiler
non-profiler
profiler

2

4

57

profiler

2
1
1

4
4
4

0
33
72

non-profiler
profiler
profiler

2
2
1
2
1
1
2
2
2
1
1

4
4
4
4
4
4
4
2
4
4
4

3
30
498
1
1
37
19
1
20
3
58

non-profiler
profiler
profiler
non-profiler
non-profiler
profiler
profiler
non-profiler
profiler
non-profiler
profiler

2

4

16

profiler

2
2
2
2
2
2
2
2
2
2
2
2
2

2
4
4
4
4
4
4
2
4
2
4
4
4

0
6
160
41
194
9
30
0
125
2
3
62
24

non-profiler
profiler
profiler
profiler
profiler
profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
profiler
profiler
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systematic
name

gene
symbol

deletion mutant source

growth
protocol

number of
replicates

significant expression changes (0.01,
1.7)

profiler/nonprofiler

Ybr150c
Yml081w
Yor337w
Ybr083w
Ydr362c
Ybr240c
Ybl054w
Ygl096w
Yor344c
Ydl170w
Ydr207c
Ydr213w
Ydr520c
Ypl230w
Ydr049w
Yml076c
Yil101c
Yml007w
Yhl009c
Yir018w
Ydr259c
Yol028c
Ydr026c
Ydr266c
Yer130c
Yer184c
Yfl052w
Ygr067c
Ygr071c
Ydr451c
Yjl206c
Ykl222c
Yll054c
Ylr278c
Ynr063w
Yml027w
Ypr013c
Ypr015c
Ypr022c
Ypr196w
Yor172w
Yor162c
Yjl056c

Tbs1
Tda9
Tea1
Tec1
Tfc6
Thi2
Tod6
Tos8
Tye7
Uga3
Ume6
Upc2
Urc2
Usv1
Vms1
War1
Xbp1
Yap1
Yap3
Yap5
Yap6
Yap7
Ydr026c
Ydr266c
Yer130c
Yer184c
Yfl052w
Ygr067c
Ygr071c
Yhp1
Yjl206c
Ykl222c
Yll054c
Ylr278c
Ynr063w
Yox1
Ypr013c
Ypr015c
Ypr022c
Ypr196w
Yrm1
Yrr1
Zap1

Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
inviable
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
excluded
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht

2
2
2
2

4
4
2
4

0
3
0
20

non-profiler
non-profiler
non-profiler
profiler

2
2
2
1
2

2
4
2
4
2

0
1
0
1
0

non-profiler
non-profiler
non-profiler
non-profiler
non-profiler

2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2

4
4
2
4
4
2
4
2
4
4
4
2
4
2
2
4
2
4
2
4
2
2
4
2
4
2
2
2
4
4
4
4

3
12
0
3
0
0
17
1
0
0
2
1
5
2
1
0
1
18
0
13
0
0
7
0
2
1
0
0
0
0
0
66

non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
profiler
non-profiler
profiler
non-profiler
non-profiler
profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler
non-profiler
profiler
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Supplementary Table 2 WT variable genes
AI1, AI2, AI4, AI5_ALPHA, AI5_BETA, ATP8, BIO3, BIO4, BIO5, BSC1, DDR2, FIT2, GLK1, GSY1, HSP12, HSP30, HSP42, HXK1, NCE103,
OLI1, PHO84, PRM7, SOL4, SPL2, SRO9, STP4, TPS2, TSL1, VAR1, VTC3, YDL038C, YDR170W-A, YDR210C-C, YIG1, YJR154W,
YKR075C, YNL284C-A, YOR343W-B, YRO2, ZEO1, AIM33, CTR1, GPD2, GPH1, PHO12, PKH2, RIF2, RTC3, RTC4, VTC1, YDL177C,
YDR210W-B, YER053C-A, YFL002W-B, YMR046C, YPR158W-A, ZRT1
Note that YDL196W was additionally excluded, because it is frequently upregulated indicating that expression of this gene
was downregulated in the common reference WT culture, likely due to a spurious mutation.

102

A high-resolution gene expression atlas
of epistasis between gene-specific
transcription factors reveals new
mechanisms for genetic interactions
Katrin Sameith, Marian J. Groot Koerkamp, Dik van Leenen, Mariel
O. Brok, Nathalie Brabers, Philip Lijnzaad, Sander R. van Hooff, Joris
J. Benschop, Tineke L. Lenstra, Eva Apweiler, Sake van Wageningen,
Berend Snel, Patrick Kemmeren, Frank C.P. Holstege

To be submitted

4

A high-resolution gene expression atlas of epistasis between
gene-specific transcription factors reveals new mechanisms for
genetic interactions
Katrin Sameith1, Marian J. Groot Koerkamp1, Dik van Leenen1, Mariel O. Brok1, Nathalie Brabers1,
Philip Lijnzaad1, Sander R. van Hooff1, Joris J. Benschop1, Tineke L. Lenstra1, Eva Apweiler1, Sake van
Wageningen1, Berend Snel2, Patrick Kemmeren1, Frank C.P. Holstege1
Molecular Cancer Research, University Medical Centre Utrecht, Universiteitsweg 100, Utrecht, the Netherlands
Theoretical Biology and Bioinformatics, Department of Biology, Utrecht University, Padualaan 8, Utrecht, the Netherlands

1
2

R

ecent studies have systematically exposed large numbers of non-additive genetic interactions,
the majority of which are functionally uncharacterized. To investigate such genetic interactions
between gene-specific transcription factors (GSTFs) in Saccharomyces cerevisiae, we systematically analysed 72 GSTF pairs by DNA microarray analysis of double and single deletion mutants. These
pairs were selected through previously published growth-based genetic interaction as well as through
similarity in DNA binding properties. The result is a high-resolution atlas of gene expression-based genetic interactions that provides systems-level insight into GSTF epistasis. The atlas confirms known genetic interactions and exposes new ones including buffering between Rgm1 and Usv1, as well as Rsf2 and
Tda9. Importantly, the data can be used to elucidate the mechanisms that underlie individual genetic
interactions. Evidence is provided for two previously uncharacterized mechanisms, one for a negative
and one for a positive genetic interaction. “Buffering by induced dependency” characterizes the negative
genetic interaction observed between Hac1 and Rpn4, whereby deletion of one gene (RPN4) results in
a new condition that requires the activity of a second, previously unimportant gene (HAC1). Although
distinct due to the induction of dependency on a different pathway, buffering by induced dependency is
related to the previously known mechanism of negative genetic interactions between parallel pathways.
Interestingly, such a mechanism has previously been predicted to exist, but until now not demonstrated.
“Alleviation by derepression” is a second new mechanism that characterizes the positive genetic interaction between Gln3 and Gzf3. Here, alleviation of the growth defect caused by gln3Δ occurs through
deletion of the repressor Gzf3. This results in derepression of a third GSTF (Gat1) along with a downstream target that buffers the effect of gln3Δ. Unintuitively, many previously detected positive genetic
interactions are not within single protein complexes or pathways. Alleviation by derepression is therefore
important as it demonstrates how a positive genetic interaction can indirectly expose a parallel- rather
than same-pathway relationship. The focus on GSTFs is important for understanding the transcription
regulatory network of yeast as it uncovers details behind many redundancy relationships, some of which
are completely new. In addition, the study provides general insight into the complex nature of epistasis
and results in new models for genetic interactions, the majority of which do not fall into easily recognizable within- or between-pathway relationships.
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Epistasis between gene-specific transcription factors
INTRODUCTION
Predicting the phenotype of an individual organism based on its genotype is a major challenge in
genetics. Such relationships can be complex, also
because individual alleles can produce unexpected
phenotypes in combination. The term epistasis has
been used in distinct ways by classical and population geneticists 1,2. Epistasis was first introduced
by Bateson to refer to the masking of one mutation by another 1. Later, the term epistasis was
generalized by Fisher to any non-additive genetic
interaction whereby the combination of two mutations yields a phenotype that is unexpected based
on the effect of the respective individual mutations
2
. Throughout the manuscript, epistasis refers to
the general definition by Fisher and is used synonymously with genetic interaction to refer to any
unanticipated combinatorial effect.
Cell growth has frequently been used to
study genetic interactions on a large scale. 3–12.
Genetic interactions are measured by the extent
to which growth defects of double deletion mutants deviate from their expected value. A widely
applied model assumes that the expected double
mutant fitness should be equivalent to the product
of the two single mutants 13. Genetic interactions
scored by the difference between observed and
expected fitness can broadly be classified into
two groups: negative and positive interactions. A
genetic interaction is negative (also named synergistic, reinforcing, enhancing, synthetic, synthetic
sick, aggravating or synthetic lethal in the most
extreme case), if the fitness observed for a double
mutant is worse than expected based on the fitness of the respective single mutants. Conversely,
an interaction is positive (buffering, antagonistic,
diminishing returns, suppressive or alleviating), if
the observed fitness is better than expected. The
largest study available to date investigated the existence of genetic interactions for 5.4 million gene
pairs in the model eukaryote Saccharomyces cerevisiae, identifying approximately 170,000 interac-

tions 12. Keeping in mind that yeast contains about
6,000 protein-coding genes 14 and that therefore,
the high number of genetic interactions is derived
from “only” thirty per cent of all 18 million possible interactions, understanding genetic interactions and the mechanisms underlying them are of
obvious importance for understanding genotypephenotype relationships.
Correct interpretation of genetic interactions is important for learning about the organization of cellular pathways. Several mechanisms have
been proposed for genetic interactions (reviewed
in 15,16). The most intuitive explanation for a negative interaction is redundancy, where two genes
can substitute for one another by their ability to
take over the exact same function 17. Only simultaneous deletion of both genes has an effect on
that function. A second explanation for a negative
interaction extends the concept of redundancy
from genes to molecular pathways that function in
parallel. Positive interactions have been suggested
to occur more often between genes functioning in
the same pathway or complex 4,18,19. Deletion of
one gene causes dysfunction of the entire pathway
or complex such that deletion of a second gene
in the same pathway or complex has no further
consequence. Although the interpretation of negative and positive genetic interactions as relationships between and within pathways is appealing, it
leaves large parts of the epistatic landscape completely unexplained. First, duplicated, redundant
genes only explain a small subset of negative interactions 20,21. Second, many negative interactions
are detected between seemingly unrelated rather
than parallel pathways 5,6,12. And third, the vast
majority of positive interactions occurs between
genes encoding proteins in different pathways or
complexes rather than the same 5,12. The molecular
mechanisms underlying most genetic interactions
are not well understood.
Transcription plays a major role in the relation between genotype and phenotype. Depending on the state or fate of a cell, different genes
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are expressed at different levels. This is in part
mediated by gene-specific transcription factors
(GSTFs). The intricate wiring of the transcription
regulatory network is reflected by genetic interactions between GSTFs, including redundancy relationships. To study genetic interactions between
GSTFs, genome-wide gene expression was monitored for 72 GSTF double deletion mutants and
their corresponding single mutants. Gene expression has previously proven useful to study genetic
interactions in more detail than is possible through
growth defects 22–25. The high-resolution expression atlas generated here, provides a systemslevel overview of the epistatic landscape between
GSTFs and reveals underlying mechanistic details.
Besides revealing new redundancy relationships,
this study also provides practical examples of two
molecular mechanisms for genetic interactions
that were previously unknown. These mechanisms,
which we term “buffering by induced dependency”
and “alleviation by derepression”, provide explanations for negative and positive interactions that
were previously not understood.

years. In this study, growth is investigated in combination with genome-wide gene expression. GSTF
double deletion mutants were regenerated and
grown in rich medium alongside the corresponding single deletion mutants. With the exception of
mutants that behave like wildtype (WT), mutants
were grown in duplicates from two independent
cultures (Methods). Fitness of each deletion mutant is defined by its growth rate during exponential growth, relative to WT. Replicate relative
growth rates (RGRs) are highly reproducible and
were averaged for subsequent analyses (Figure 1A;
single mutants: R = 0.96, p < 2.23E-308; double
mutants: R = 0.98, p < 2.23E-308). To score the
genetic interaction εgrowth,XY between two GSTFs X
and Y, fitness observed for the respective double
mutant WxΔyΔ is compared to the fitness that is
expected based on both single mutants WxΔ∗WyΔ
(εgrowth,XY = WxΔyΔ−WxΔ∗WyΔ) 26. The resulting
genetic interaction scores largely agree with the
initial scores 11 (Figure 1B; R = 0.63, p = 2.64E-5),
whereby variations are likely due to differences in
the growth procedures (liquid culture versus agar
plates) and media used (SC versus YPD).

RESULTS
Selection and construction of GSTF double
deletion mutants
S. cerevisiae has an estimated 215 GSTFs (Methods, Table S1). We began by creating a list of
GSTF pairs that likely have a genetic interaction.
On the basis of a previous large-scale study on
genetic interactions between GSTFs as measured
by single and double deletion mutant growth 11, 47
pairs were selected (Figure S1, Table S1). These
pairs have negative (45) and positive (2) genetic
interactions that are significantly strong compared
to other interactions (Methods).
Epistatic landscape defined by growth
A genetic interaction between two proteins can
be studied by different phenotypes, of which cell
growth has most frequently been used in recent

108

Epistatic landscape defined by gene expression
After growing GSTF single and double mutants,
expression profiles were generated by DNA microarrays. WT cultures were grown and profiled
alongside deletion mutants on each day to control
for biological and technical variation. With the
exception of single mutants that behave like WT
and were hence not grown in duplicate, each mutant was profiled four times from two independent
cultures. Statistical modelling of the data results
in an average expression profile for each mutant
consisting of p values and fold change (FC) for
each gene relative to the average expression in a
collection of WT cultures (Methods). Quality controls excluded nine GSTF double mutants from
further analysis. In some cases, the correct deletion strain could not be obtained. In other cases,
mutants repeatedly showed chromosomal ane-
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Figure 1
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Figure 1 Genetic interactions measured by mutant growth
(A) Replicate fitness values derived from growth in liquid
culture. Values are expressed as growth rates, relative to
WT (RGR). GSTF single mutants are depicted as open circles,
double mutants as solid circles. (B) Genetic interaction
scores derived from growth on agar plates 11 (horizontal)
versus genetic interaction scores derived from growth in
liquid culture (vertical, this study).

uploidy or variations in expression changes, likely
related to the strength of their genetic interaction.
Expression profiles for 38 GSTF pairs successfully
passed all quality checks and were used for further
analysis (Table S1). These profiles provide the
basis for a high-resolution atlas of genetic interactions between GSTFs.
When two GSTFs are genetically interacting, simultaneous deletion of both GSTFs
can result in growth defects as well as expression
changes that are unexpected given the individual
deletions. A well appreciated mechanism of genetic
interactions is complete redundancy 17, where two
proteins can substitute for one another. For example, the two GSTFs Ecm22 and Upc2 redundantly
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activate sterol biosynthesis genes 27. Deletion of
either ECM22 or UPC2 does not affect growth
and neither induces many expression changes
(RGRecm22Δ = 1 and RGRupc2Δ = 1.03; Figure 2A,
left and middle panel). Loss of one GSTF can
almost completely be compensated by the presence of the second GSTF. Simultaneous deletion
of both GSTFs however results in slow growth
and expression changes of many genes (RGRecm22Δ
= 0.5; Figure 2A, right panel). In addition to
upc2Δ
redundancy, other types of functional relationships
are exposed, for example between the two GSTFs
Gzf3 and Gln3 involved in nitrogen regulation 28,29.
Whereas deletion of GZF3 has no effect on growth
and expression (RGRgzf3Δ = 1.02; Figure 2B, left
panel), deletion of GLN3 results in a growth defect
and in many expression changes (RGRgln3Δ = 0.8;
Figure 2B, middle panel). Intriguingly, these effects
are suppressed in the double mutant (RGRgln3Δ gzf3Δ
= 0.99; Figure 2B, right panel). This observation
suggests a more complex functional relationship
between Gln3 and Gzf3 that is fundamentally different from complete redundancy.
In contrast to growth as a fitness measure, expression changes can be compared at the
level of individual genes. The effect of a genetic
interaction between two GSTFs X and Y on a gene
i can be measured as the deviation between the
expression change observed in the double mutant
MxΔyΔi and the expression change expected, given
each single mutant MxΔi+MyΔi (εtxpn,XYi = |MxΔyΔi(MxΔi+MyΔi)|). A multiplicative model is applied to
determine the expected expression change, adding
logarithmic expression changes in the single mutants. If gene i is unaffected by the genetic interaction between the GSTFs X and Y, observed and
expected expression changes will be highly similar
such that εtxpn,XYi is close to zero. In other words,
the stronger gene i is affected, the more εtxpn,XYi deviates from zero. The genetic interaction between
the GSTFs X and Y is then scored by counting
the total number of genes for which an unexpected
expression change can be observed in the respec-
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Figure 2 Genetic interactions measured by expression

(A) Genome-wide expression levels in the GSTF deletion mutants
ecm22Δ, upc2Δ and ecm22Δ upc2Δ (vertical, from left to right) versus
reference WT (horizontal). Individual genes are depicted by solid cir−0.6
cles, deleted genes are highlighted in red. Colour range from yellow
for increased expression levels relative to WT, black for unchanged
0
200
400
600
800
expression, blue for decreased expression. An FC of 1.5 is depicted
expression-based genetic
interaction score
by a dashed grey line. (B) Genome-wide expression levels in the GSTF
deletion mutants gzf3Δ, gln3Δ and gln3Δ gzf3Δ versus reference WT.
Representation as in (A). (C) Expected expression changes (M) in the
double mutants ecm22Δ upc2Δ (horizontal, left panel) and gln3Δ gzf3Δ (right panel) versus observed expression changes
(vertical). Individual genes are depicted by solid circles. Expected expression changes are calculated as the sum of expression
changes in the respective single mutants. An FC of 1.5 is depicted by a dashed grey line. The number of genes outside the FC
threshold is stated above each scatterplot. (D) Growth-based genetic interaction scores (vertical; liquid culture growth) are
plotted versus expression-based genetic interaction scores (horizontal). Individual GSTF pairs are depicted by solid circles.
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tive double mutant. An FC of 1.5 is chosen as a
threshold (εtxpn,XY = Σall genes i f(i), with f(i) = 1, if
εtxpn,XYi > log2(1.5); 0, else). The genetic interaction
between Ecm22 and Upc2 affects expression of 801
genes (Figure 2C, left panel), the genetic interaction between Gln3 and Gzf3 affects expression of
110 genes respectively (Figure 2C, right panel).
Genetic interaction scores derived by
growth and by expression are generally highly
related (Figure 2D; R = 0.75, p = 5.9E-8, using
absolute values for growth-based scores). GSTF
double mutants that grow unexpectedly slow
or fast, often also show unexpected expression
changes. A number of exceptions (Figure 2D) illustrate that the relation between growth defects
and expression changes is not always one to one.
As described below, expression changes provide a
higher level of detail compared to growth defects
that can be further used to investigate the nature
of genetic interactions.
Different expression patterns define the epistatic
landscape
The expression of individual genes can be affected
by a genetic interaction between two GSTFs in
several ways. In response to deletion of a single
GSTF, expression of a gene can be decreased (p ≤
0.01, FC < 0), unchanged (p > 0.01) or increased
(p ≤ 0.01, FC > 0), relative to WT. When comparing expression changes in two GSTF single
mutants and their corresponding double mutants,
for example ecm22Δ, upc2Δ and ecm22Δ upc2Δ,
and accounting for quantitative effects as well,
twenty different expression patterns are observed
that can be divided into six different types (Figure
3A). The most intuitive expression pattern is buffering, where individual deletion of either GSTF
does not affect expression, but simultaneous deletion results in many changes, including increased
and/or decreased expression levels. Suppression
is observed when expression changes elicited by
one single mutant are suppressed by deletion of a
second GSTF. Quantitative buffering is defined by

expression changes induced by one single mutant
that are amplified by deletion of a second GSTF.
In contrast, quantitative suppression is observed
if expression changes elicited by one GSTF single
mutant are dampened by additional deletion of a
second GSTF. Masking takes place if expression
of a gene is increased (or decreased) in one single
mutant, but this expression change is masked by
decreased (or increased) expression in response
to a second GSTF deletion. Last, inversion is
observed if expression of a gene is increased (or
decreased) by individual deletion of either GSTF
single mutant, but decreased (or increased) upon
deletion of both GSTFs. Based on the different
epistatic effects observed, an epistasis profile can
be derived for all GSTF pairs.
With this approach, an atlas can be built
consisting of the epistatic effects on expression
levels by any two GSTFs under investigation (Figure 3B, colour coded epistasis profiles are aligned
to the expression profiles). The degree of genetic
interactions observed by expression changes varies
throughout the GSTF pairs (Figure 3B). It is immediately noticeable that buffering is predominant
in epistasis profiles of many GSTF pairs (dark-red
colour code in Figure 3B), as expected based on
the fact that genetic interactions are investigated
between one functional class of proteins (GSTFGSTF). The abundance of buffering effects holds
particularly for GSTF pairs with strong genetic
interactions, affecting expression of many genes
(Figure 3B top). Classification of expression patterns in GSTF single and double mutants facilitates an abstract view on the epistatic landscape
that can be further harnessed to reveal different
types of genetic interactions.
Expression patterns indicate different types of
genetic interactions
Hierarchical clustering was applied to group GSTF
pairs with similar genetic interactions (Figure 4A).
Here, the identity of individual genes was disregarded. Instead, GSTF pairs with similar patterns
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Figure 3 Gene expression atlas of GSTF pairs
(A) Cartoon of expression changes (horizontal) in GSTF single and double mutants (vertical). Colour range from yellow for
increased expression (p ≤ 0.01; FC > 0), black for unchanged expression (p > 0.01), and blue for decreased expression (p
≤ 0.01; FC < 0), as depicted in the top-right corner. Types of epistatic effects are colour coded, shown below the cartoon
expression data. At the bottom, it is stated for each expression pattern, whether the observed expression change (MxΔ xΔ)
is more positive (+) or more negative (-) than expected (MxΔ + MyΔ). (B) Expression changes (horizontal) in GSTF single and
double mutants (vertical). Colour range as in (A) (total range from -1.6 to 1.6). Types of epistatic effects on individual genes
are depicted below the expression changes (colours as in (A); grey depicts non-epistatic expression changes). GSTF pairs are
sorted according to the amount of epistatic effects (increasing from bottom to top).
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of epistatic effects are clustered together. GSTF
pairs separate into several distinct groups, indicating that they have different types of genetic interactions. GSTF pairs clustered on the left are generally characterized by suppressive effects (Figure
4A, highlighted by green branch), whereas GSTF
pairs clustered on the right are generally characterized by buffering effects (Figure 4A, highlighted
by red branch). From this analysis it is clear that
buffering effects appear to be a good predictor for
slow growth and vice versa (Figure 4C). If expression is changed only upon deletion of two GSTFs,
the respective double mutant often grows slower
than expected (negative interaction, e.g. Ecm22Upc2). In turn, if expression changes induced by
deletion of one GSTF are suppressed by additional
deletion of the second GSTF, the respective double mutant sometimes grows faster than expected
(positive interaction, e.g. Gln3-Gzf3). One group
of six GSTF pairs is particularly distinctive (Figure 4A, highlighted by purple branches). First,
GSTF pairs in this group are strongly epistatic,
with buffering effects on many genes (Figure 4A,
red bars). Second, five out of the six GSTF pairs
show very few expression changes that are not
epistatic (Figure 4B). Third, these pairs contain
a DNA binding domain of the same type (Figure
4A, diamonds). Together, the three characteristics
are indicative of redundancy relationships. Indeed,
redundancy relationships have previously been
described for Ecm22-Upc2 27, Met31-Met32 30,
Nhp6a-Nhp6b 31 and Mig1-Mig2 32.
Alleviation by derepression
Many GSTF pairs are characterized by suppressive
effects in the double mutant (Figure 3B and 4A).
For three pairs, these expression changes are also
reflected in a positive growth-based genetic interaction, that is the double mutant grows faster than
expected (Figure 4C). Positive genetic interactions
have been suggested to occur more often between
genes functioning in the same pathway or complex
4,18,19
. This leaves the majority of positive interaction

unexplained 16. Similarly, same-pathway or samecomplex relationships are not obvious or reported
for the GSTF pairs with suppressive effects in this
study. Instead, we noted that the majority of pairs
consist of a combination of an activator and a repressor. We therefore focused on one of these pairs
to elucidate a molecular mechanism. Gln3 and
Gzf3 are two of four closely related GATA GSTFs
involved in different aspects of nitrogen catabolite
repression, a process that prevents the production
of enzymes and permeases for the utilization of
non-preferred nitrogen sources when a preferred
nitrogen source is available 33. Transcription activation through Gln3 and Gat1 is counteracted
by repression through Gzf3 and Dal80 33. Deletion
of GLN3 alone results in a growth defect and
changed expression of many genes (RGRgln3Δ = 0.8;
Figure 5A), including decreased expression of the
well-known target gene GLN1 34 (Figure 5B). Gln1
is an enzyme that synthesizes glutamine from glutamate and ammonium 35. Arginine can serve as a
source for glutamine synthesis 33, and glutamine is
an input into the biosynthesis of amino acids and
nucleotides 33. Increased activity of enzymes involved in these processes may help to compensate
for lower amounts of available glutamine. Indeed,
as a secondary response to the limited activity
of Gln1, expression of genes involved in arginine
biosynthesis as well as de-novo biosynthesis of nucleotides is increased (Figure 5A, gene sets 10,11;
Figure 5D, gln3Δ panel). In contrast to deletion of
GLN3, deletion of GZF3 has no effect on growth
and results in few expression changes (RGRgzf3Δ =
1.02; Figure 5A). Increased expression is however
observed for a second activator Gat1 36, as well as
for another nitrogen regulated gene MEP2 37, that
encodes a high-affinity ammonium permease (Figure 5C; Figure 5D, gzf3Δ panel). Ammonium can
also serve as a precursor for glutamine synthesis
33
. Deletion of GZF3 in the genetic background of
gln3Δ alleviates the growth defect and suppresses
many of the expression changes observed upon
deletion of GLN3 alone (RGRgln3Δ gzf3Δ = 0.99; Fig-
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Figure 4 GSTFs have different genetic interactions
(A) Hierarchical clustering of GSTF pairs based on their epistatic effects. Average linkage clustering was applied to group
GSTF pairs with similar epistatic effects. The identity of genes was disregarded. Instead, the number of total occurrences for
each of the six different epistatic effects (Figure 3A) were used. Similarities between GSTF pairs were calculated based on
cosine correlation. Coloured branches depict example groups described in the text. GSTFs marked with a diamond have
DNA binding domains of the same type. The number of epistatic effects underlying the clustering are shown as bar-plots
below the dendrogram (colours as in Figure 3A). GSTF pairs with epistatic effects on less than ten genes are not included in
the clustering, but are shown on the right. (B) Number of non-epistatic expression changes. Dark grey for the first named
GSTF, light grey for the second. Counted are all genes with significantly changed expression (p ≤ 0.01) above an FC of 1.5.
Left-to-right ordering as in (A). (C) Growth-based genetic interaction scores depicted by solid circles. Significant scores are
visualized in black, grey otherwise. Vertical lines for visual purpose only. Left-to-right ordering as in (A).
Figure 5 Alleviation by derepression (see next page)
(A) Genetic interaction between Gln3 and Gzf3. Co-expressed genes are separated into different sets based on increased,
unchanged or decreased expression levels in the GSTF single and double mutants. Types of epistatic effects on individual
genes are depicted below the expression changes (colours as in Figure 3A; grey depicts non-epistatic expression changes).
Gene sets are sorted by size, non-epistatic expression changes are shown on the left. Annotations of the top GO-BP terms
enriched in individual gene sets are presented below the expression data; gene set 1: generation of precursur metabo-
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lites and energy (p = 5.86E-3); 3: ‘de novo’ pyrimidine nucleobase biosynthetic process (p =
9.58E-5); 4: methionine biosynthetic process (p = 4.78E-3); 5: oxidation reduction process
(p = 4.32E-4); 6: generation of precursur metabolites and energy (p = 1.09E-6); 7: oxidation
reduction process (p = 0.01); 8: response to pheromone involved in conjugation with cellular fusion (p = 3.12E-4); 9: arginine
biosynthetic process (p = 4.44E-3); 10: arginine biosynthetic process (p = 5.45E-3); 11: nucleotide biosynthetic process (p =
1.11E-6); 12: oxidation reduction process (p = 5.28E-6). (B) Gln3-activated genes (zoom-up of gene set 4 in (A)). Red label
to highlight the known target gene GLN1. (C) Gzf3-repressed genes (zoom-up of gene set 2 in (A)). Red label to highlight
the known target gene GAT1. (D) Cartoon depicting the proposed relationship between Gln3 and Gzf3. Consequences of
individual deletions are indicated in red. (E) Summarized model to describe the proposed genetic interaction between Gln3
and Gzf3. Note that in agreement with this model, individual deletion of GAT1 does not result in expression changes, and
simultaneous deletion of GAT1 and GLN3 largely resembles the deletion of GLN3 alone (Figure 3B). (F) Generalized model for
“alleviation by derepression”.
nitrogen regulation
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ure 5A, gene sets 9-11 and gene sets 6, 12 respectively). A likely explanation is that derepression of
the activator Gat1 in gzf3Δ results in activation
of the permease Mep2, and that these changes can
compensate for the deletion of GLN3 (Figure 5D,
gln3Δ gzf3Δ panel). In agreement with this, Gat1
has been proposed to be an activator for Mep2 37.
The example of Gln3 and Gzf3 therefore provides
evidence for a new, not yet reported molecular
mechanism underlying positive genetic interactions, in which the effects of deleting one gene are
alleviated by deleting a second gene, through derepression of a third gene (Figure 5E-F, “alleviation
by derepression”). Since many of the other pairs
with suppression effects consist of an activator and
a repressor, alleviation by derepression may also
hold for other pathways, providing a mechanistic
explanation for how positive genetic interactions
can nevertheless occur between different pathways.
Buffering by induced dependency
Negative genetic interactions have often been associated with redundant genes and this is reflected
by GSTF pairs such as Ecm22-Upc2 involved in
sterol biosynthesis 27, Met31-Met32 involved in methionine biosynthesis 30, and Mig1-Mig2 involved in
glucose repression 32. Buffering can also occur between genes in parallel pathways that can compensate for each other’s loss 16. A related mechanism
has been proposed: “induced essentiality” 38. Here,
inactivation of one process results in an alternative condition that requires activation of a second
process. So far this has remained a theoretical
mechanism with no examples reported. Here, at
least one GSTF pair exhibits such a mechanism,
which we term “buffering by induced dependency”.
Hac1 and Rpn4 activate transcription of genes involved in two different pathways that are linked to
the processing of inappropriately folded proteins,

the unfolded protein response 39 (UPR, Hac1) and
the endoplasmic reticulum associated degradation
(ERAD) by the proteasome (Rpn4) 40. Expression
changes elicited by hac1Δ, rpn4Δ, and hac1Δ
rpn4Δ are shown in Figure 6A. Deletion of HAC1
neither affects growth or expression (RGRhac1Δ =
1.05; Figure 6A), indicating that the UPR is inactive in WT (Figure 6D, WT panel). Deletion of
RPN4, on the other hand, induces a mild growth
defect and results in decreased expression of its
proteasomal target genes (RGRrpn4Δ = 0.9; Figure
6A, gene set 3; Figure 6B). It further results in
increased expression of Hac1 target genes including KAR2 41,42 (Figure 6C). This agrees with the
previous observation that disruption of the ERAD
pathway leads to activation of the UPR due to
accumulation of misfolded and unfolded proteins
in the endoplasmic reticulum 43 (Figure 6D, rpn4Δ
panel). Expression changes elicited by the double
mutant hac1Δ rpn4Δ indicate that disruption of
both the ERAD and UPR induces severe stress
(Figure 6D, hac1Δ rpn4Δ panel). Simultaneous
repression of transcripts involved in translation
(Figure 6A, gene set 8) and induction of transcripts involved in respiration (Figure 6A, gene set
9) are hallmarks of stress response 44. Moreover,
selective and non-selective autophagy may be
activated 45 (suggested by increased expression
of the autophagy-related gene ATG8) coupled to
vacuolar degradation 46 (suggested by increased
expression of the peptidase PRC1 and proteinase
PRB1). The activation of these processes may
help the cells to survive, but are not sufficient to
compensate the disruption of both ERAD and
UPR as is reflected by a strong growth defect
and the large numbers of expression changes in
the double mutant hac1Δ rpn4Δ (RGRhac1Δ rpn4Δ
= 0.45). Together, the genetic interaction between
Hac1 and Rpn4 exemplifies how two pathways

Figure 6 Buffering by induced dependency (see next page)
(A) Genetic interaction between Hac1 and Rpn4. Representation as described for Figure 5A. Available DNA binding data
showing significant overlap with at least one gene set are presented below the expression data. These are in vivo binding
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targets (“1-in vivo” as in 42) as well as in vitro derived promoter affinity scores (“2-in vitro”,“3-in vitro” as calculated from 48 and
49
respectively; Methods). Significant correspondence with expression data is depicted by red boxes. Top GO-BP terms are:
gene set 2: protein refolding (p = 2.85E-6); 3: modification-dependent catabolic process (p = 1.29E-32); 4: transmembrane
transport (p = 0.04); 5: ‘de novo’ pyrimidine nucleobase biosynthetic process (p = 9.79E-3); 6: response to water deprivation (p
= 0.03); 7: glutamine family amino acid biosynthetic process (p = 2.7E-4); 8: ribosome biogenesis (p = 1.55E-21); 9: oxidationreduction process (p = 1.1E-6). (B) Rpn4-activated genes (zoom-up of gene set 3 in (A)). Red labels for annotated target genes
of Rpn4 in vivo 42. (C) Hac1-activated genes (zoom-up of gene sets 1 and 5 in (A)). Red labels for annotated target genes of
Hac1 in vivo 42. (D) Cartoon depicting the proposed genetic interaction between Hac1 and Rpn4. Consequences of individual
deletions are indicated in red. (E) Summarized model to describe the proposed genetic interaction between Hac1 and Rpn4.
(F) Generalized model for “buffering by induced dependency”.
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can buffer each other in a non-redundant manner,
whereby one pathway is only required because the
other pathway has been inactivated: buffering by
induced dependency (Figure 6E-F).
GSTFs linked by common DNA binding
Encouraged by the observation that GSTF pairs
with large buffering effects often share the same
DNA binding domain (Figure 4A, highlighted by
purple branches), and because not all pairs with
interesting expression-based genetic interactions
have growth defects, a second set of GSTF pairs
was selected for expression profiling. These are
fifty GSTF pairs with closely related DNA binding
domains, and/or common target genes in vivo 42,
and/or similar promoter affinity scores in vitro 48,49
(Methods). Of these, 43 pairs were not yet included in the first selection round, possibly because the
respective genetic interactions have no measureable effect on growth (37 pairs), or because they
have not been included in the dataset based on
which the first set of GSTF pairs was selected 11
(six pairs). DNA microarray expression profiles for
forty GSTF pairs successfully passed all quality
checks and were used for further analysis (Figure
S1, Table S1).
Expression and epistasis profiles are
shown in Figure 7. Selecting GSTF pairs based on
similarity of DNA binding properties proved to be
not as successful in detecting genetic interactions
as selecting GSTF pairs based on growth. Only
17 of the forty new GSTF pairs have a genetic
interaction that affects expression of at least ten
genes, whereby six of these GSTF pairs were also
included in the growth-based selection (Figure
7, marked by a solid black circle). The fact that
individual as well as simultaneous deletion of the
remaining 24 GSTF pairs hardly affects expression

may be due to condition specificity. Two of the
three selection criteria used are based on in vitro
(promoter affinity scores) and in silico (similarity
of DNA binding domain) criteria, with no evidence
for functional relevance under the condition used.
For example, Msn2 and Msn4 are two redundant
GSTFs involved in stress response 50 and are
therefore likely inactive in non-stress conditions.
In agreement with the selection criteria, buffering
effects are most common among the remaining
17 GSTF pairs (Figure 7B, highlighted by red
branch). Only few GSTF pairs are characterized
by suppressive relationships (Figure 7B, highlighted by green branch). An interesting buffering
GSTF pair is Rgm1-Usv1. Rgm1-Usv1 clusters
particularly close to a group of three other highly
homologous, redundant GSTF pairs Met31-Met32,
Nhp6a-Nhp6b and Ecm22-Upc2 (Figure 7C,
highlighted by purple branches). Besides having a
binding site of the same type 51, Rgm1 and Usv1
have thus far not been reported to be genetically
interacting. Similarly to Rgm1-Usv1, the GSTF
pair Rsf2-Tda9 clusters tightly with the known
redundant GSTFs and is itself poorly characterized (Figure 4). This indicates that the data may
also provide insights into less well characterized redundancy relationships. We therefore studied the
GSTF pairs Rgm1-Usv1 and Rsf2-Tda9 in more
detail.
Insights into less well characterized genetic
interactions
Individual deletion of either RGM1 or USV1 has
no consequences for growth and almost no consequences for expression (RGRrgm1Δ = 0.99; RGRusv1Δ
= 1; Figure 8A). Simultaneous deletion, on the
other hand, results in slower growth and many
expression changes (RGRrgm1Δ usv1Δ = 0.89; Figure

Figure 7 Gene expression atlas of GSTF pairs selected by common DNA binding (see next page)
(A) Expression changes in GSTF single and double mutants, represented as in Figure 3B. GSTF pairs marked with a solid circle
also exhibit a genetic interaction as derived by growth on agar plates 11, and are included in Figure 3B. (B) Hierarchical clustering of GSTF pairs based on their epistatic effects, represented as in Figure 4. GSTF pairs marked with a solid circle as in (A).
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Figure 7 Gene expression atlas of GSTF pairs selected by common DNA binding (see legend on previous page)
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Figure 8 Novel insights into two genetically interacting GSTF pairs
(A) Genetic interaction between Rgm1 and Usv1. Representation as described for Figure 5A and 6A. Top GO-BP terms are:
gene set 1: monocarboxylic acid metabolic process (p = 3.64E-4); 2: agglutination involved in conjugation with cellular
fusion (p = 3.3E-4); 3: iron ion transport (p = 2.03E-8); 4: ATP synthesis coupled electron transport (p = 1.69E-23). (B) Cartoon
depicting the proposed genetic interaction between Rgm1 and Usv1. (C) Log-transformed expression levels of Rgm1 (green
solid), Usv1 (orange solid), and average expression levels of their activated genes (black solid; gene set 4 in (A)) as well as all
genes (black dashed) throughout different growth phases 62. (D) Spot-assays showing growth on different carbon sources.
(E) Genetic interaction between Rsf2 and Tda9. Representation as described for Figure 5A and 6A. Top GO-BP terms are:
gene set 4: IMP biosynthetic process (p = 1.19E-4); 5: trehalose biosynthetic process (p = 1.25E-5); 6: ribosome biogenesis (p
= 3.44E-27); 7: ergosterol metabolic process (p = 4.32E-17).

8A). Rgm1 and Usv1 contain a DNA binding domain of the same type (Zinc finger pair 51), and in
vitro derived promoter affinity scores of Rgm1 and
Usv1 are highly correlated (R = 0.94; Methods).
Binding affinities of both GSTFs are significantly
increased for genes that are unaffected in the single
mutants rgm1Δ and usv1Δ, but show decreased
expression in the double mutant rgm1Δ usv1Δ
(Figure 8A, gene set 4). Rgm1 and Usv1 therefore
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likely redundantly activate transcription of these
genes (Figure 8B). The top functional category
enriched among Rgm1- and Usv1-activated genes
is “ATP synthesis coupled electron transport” (p =
1.69E-23), a respiration related process. Yeast cells
preferentially produce energy through fermentation, but switch to respiration when fermentable
carbon sources such as glucose are depleted 52,53.
Rgm1 and Usv1 are probably also active at basal
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levels when glucose is available, because expression changes are measured during exponential
fermentative growth. Usv1 and partially Rgm1
expression, as well as the expression of their target
genes increases during growth phases that require
respiration (Figure 8C, lag phase, diauxic shift to
stationary phase). Interestingly, the expression of
Rgm1 and Usv1 differs during shift from fermentation to respiration, indicating that Rgm1 and Usv1
may not be completely redundant under these
conditions (Figure 8C, diauxic shift to stationary
phase). This hypothesis is further supported by
growth assays of rgm1Δ, usv1Δ and rgm1Δ usv1Δ
on different carbon sources (Figure 8D). If Rgm1
and Usv1 are completely redundant under any
given growth condition, deletion of one of the two
factors is not expected to affect growth. Indeed,
no growth defect is visible for any mutant during
growth on the fermentable carbon sources glucose
and raffinose, a trisaccharide consisting of fructose,
glucose and galactose. On the other hand, during
growth on galactose, a less preferred fermentable
carbon source, as well as the non-fermentable
source glycerol, the single mutants rgm1Δ and
usv1Δ grow markedly slower than WT and this
growth defect is amplified in the double mutant
rgm1Δ usv1Δ. Taken together, the presented data
provide first evidence that Rgm1 and Usv1 act
redundantly, at least under exponential growth on
glucose, to activate genes involved in respiratory
ATP synthesis.
A second genetic interaction that has
not been previously reported is between the two
GSTFs Rsf2 and Tda9. Like Rgm1 and Usv1,
Rsf2 and Tda9 contain a DNA binding domain
of the same type (Zinc finger pair 51), suggesting that these two GSTFs redundantly regulate
the same target genes. However, in vitro derived
promoter affinity scores of Rsf2 and Tda9 do not
correlate with each other. Instead, promoter affinity scores of Rsf2 and Tda9 significantly overlap
with expression changes of different gene sets and
do not easily support the idea of a redundancy

relationship (Figure 8E, gene sets 1-3, 5, 7). To
further investigate Rsf2 and Tda9 binding in vivo,
chromatin immunoprecipitation (ChIP)-chip was
applied (data not shown). Since DNA binding of
Rsf2 may change upon deletion of TDA9 and vice
versa, DNA binding was measured in WT as well
as in the respective deletion background, from two
independent strains. Only few binding targets can
be discerned in any of the strains, and these do not
significantly overlap with the expression changes
observed in the mutants rsf2Δ, tda9Δ and rsf2Δ
tda9Δ (Figure 8E). Possibly, the two GSTFs bind
DNA in such a transient fashion that is difficult to
measure by ChIP-chip. The presented comparison
between epistatic effects and DNA binding data
provides various starting-points for future research
to decipher the molecular events underlying the
genetic interaction between Rsf2 and Tda9.
DISCUSSION
Positive interactions between parallel, nonredundant pathways
Here, we systematically investigated the epistatic
landscape between yeast GSTFs by monitoring
genome-wide gene expression changes of single
and double deletion mutants. As a resource, the
generated expression atlas can be harnessed in
several ways. In addition to providing insights into
the epistatic network between yeast GSTFs, the
atlas indicates mechanistic details for negative and
positive genetic interactions.
A number of molecular mechanisms
have been proposed to underlie positive genetic
interactions. For example, it has been suggested
that positive interactions could occur more often
between genes encoding proteins of the same pathway or complex 4,18,19. The reasoning behind this
expectation is that deletion of any individual gene
will cause dysfunction of the entire pathway or
complex, and thus, deletion of a second gene will
have no further consequence. Moreover, positive
interactions are suggested to occur in signalling
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pathways where two proteins have opposing influences on pathway activity. Deletion of an upstream
gene, for example, may have no consequence if it
would result in derepression of a downstream gene,
but that gene is deleted too. Indeed, this (Batesonian) epistasis has been successfully applied to
order genes in signalling pathways 22,23. However,
it has been shown that positive interactions occur
more frequently between different complexes or
pathways rather than the same 5,12. A molecular
mechanism for such a positive genetic interaction
is proposed in this study (“alleviation by derepression”), based on the epistatic effects observed for
the two GSTFs Gln3 and Gzf3. The effects of inactivation of one gene/pathway may be buffered by
the activation of another gene/pathway. However,
that gene/pathway is repressed. Only upon deletion of the repressor, buffering can take place and
the effects of the single mutant are suppressed. In
addition to Gln3-Gzf3, several other GSTF pairs
with suppressive effects consist of an activator and
a repressor. The molecular mechanism derived for
Gln3-Gzf3 is therefore likely not an exception and
may be applicable to these pairs as well.
Negative interactions between parallel, nonredundant pathways
The perhaps simplest cause of negative genetic
interactions is genetic redundancy, where two
genes can completely substitute for one another.
The first systematic genetic interaction surveys,
however, quickly revealed that genetic redundancy
accounts for only a small subset of all negative
genetic interactions 20,21. Extending the concept
of redundancy to molecular pathways does not
explain either why many negative interactions are
observed between seemingly unrelated pathways
5,12
. In this study, a new molecular mechanism is
indicated that may provide this missing link. The
GSTF pair Hac1-Rpn4 exemplifies how a negative interaction can be caused by the regulatory
responses of a cell to deletion of a gene rather than
by simple redundancy (“buffering by induced de-
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pendency”). The observed relationship exemplifies
a similar model (“induced essentiality” 38) that has
previously been suggested, at least in theory, to
explain many synthetic lethal interactions.
Another interesting finding of the expression data is that buffering relationships between
GSTFs are not reflected in transcriptional regulation of the GSTFs themselves. In other words, deletion of one GSTF does generally not result in increased expression of the second, buffering GSTF.
This means that either both genes are expressed
at the same time, or are regulated post-transcriptionally. For example, the presented GSTF Hac1
has previously been shown to be activated posttranscriptionally 54,55, and it is therefore expected
that its expression levels remain unchanged upon
deletion of the GSTF RPN4.
Growth versus gene expression
The development of synthetic genetic arrays 56
alongside computational methods for data analysis
57
facilitated the study of genetic interactions in a
high throughput manner. On the basis of growth
as a fitness measure, the epistatic landscape, both
static and dynamic, has been quantified in several large-scale studies 3–12. In addition to growth,
genome-wide expression has been used in smaller
setups to study the nature of genetic interactions
25
. Intriguingly, the increased level of resolution has
helped to reveal “mixed epistasis”, whereby two
yeast kinases and/or phosphatases exert different
epistatic effects on different genes. Although to
an apparent lesser degree, mixed epistasis is also
observed between yeast GSTFs. In comparison to
kinases and/or phosphatases, the epistasis landscape of GSTFs appears to include more buffering
relationships. This may be due to the fact that
expression changes occur as direct consequences of
the inactivity of a GSTF. Inactivity of a kinase or
phosphatase first has to be communicated through
a signalling pathway, offering additional possibilities for interconnectivity. Although genome-wide
expression as a high-resolution phenotype has
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proven useful to investigate genetic interactions, it
is not applicable at a scale that is comparable to
fitness. Both for studying genetic interactions between yeast kinases and/or phosphatases 25, and for
studying yeast GSTFs (here), large-scale genetic
interaction studies 9,11 were employed to pre-select
genetically interacting gene pairs. As large-scale
fitness studies continue to reveal the full spectrum
of the epistatic network, the additional (smallscale) use of high-resolution phenotypes such as
expression is beneficial to increase our understanding of the underlying molecular mechanisms. In
turn, increased mechanistic understanding facilitates a better interpretation of present and future
large-scale genetic interaction studies.
METHODS
Experimental procedures
All procedures are described in detail in the Supporting
Information and Addendum 1.
Selection of GSTF pairs
First of all, a list of putative GSTFs was compiled on
the basis of two criteria: the presence of a DNA binding
domain, and evidence for specific DNA binding (Table
S1). For twelve putative GSTFs, one of the two criteria
was not fulfilled. These were included nevertheless, because they contain a domain that has been previously
associated to specific DNA binding for another GSTF.
Pairs of GSTFs were selected in two rounds.
(First round) We began by determining GSTF pairs that
exhibit significant genetic interactions based on growth
11
. Significance of a genetic interaction was estimated
by z-transformation of the genetic interaction scores. A
single genetic interaction score was compared to all other
scores in the dataset (28 pairs), as well as to all other
scores of one of the two GSTFs of interest (37 pairs, 47
in total for the first selection round). (Second round)
Additional GSTF pairs were then selected based on evidence for common DNA binding. These are GSTF pairs
with similar DNA binding domains (19 pairs), GSTF
pairs with common in vivo target genes 42 (ten pairs),
and GSTF pairs with similar promoter affinity profiles
calculated from in vitro data 48,49 (thirty pairs, fifty in
total for the second selection round). Altogether, ninety
GSTF pairs were selected (Table S1, Figure S1).
Yeast strains
All strains are isogenic to S288c. Single mutants were
taken from the Saccharomyces Genome Deletion li-

brary (Open Biosystems; Euroscarf; Table S1). Double
mutants were generated in duplicate by either haploid
transformation, random spore analysis, or tetrad dissection, in an identical genetic background as the single
mutants (Table S1). All single mutants and most double
mutants carry the mating type matα and are in the genetic background of BY4742. Few double mutants carry
the mating type matA and are in the genetic background
of the BY4241.
Gene expression profiling
Deletion mutants were grown in rich medium (SC,
supplemented with 2% glucose) and harvested in early
mid-log phase. WT cultures were grown alongside and
processed in parallel. Initially, mutants were profiled
twice. Dual-channel 70-mer oligonucleotide arrays were
employed with WT RNA as common reference. All steps
after RNA isolation were automated using robotic liquid
handlers. These procedures were first optimised for accuracy (correct FC) and precision (reproducible result),
using spiked-in RNA calibration 58. After quality control,
normalisation and dye-bias correction 59, statistical analysis was performed for each mutant versus a collection
of 200 WT cultures 25,60. Single mutants differing from
WT as well as all double mutants were profiled another
two times from an independently inoculated culture.
The reported FC is then the average of four replicate
mutant expression profiles versus the average of all WTs.
Genes that show variable expression changes in the WT
collection were excluded from further analyses (57 WT
variable genes in total), as well as YDL196W.
Growth-based genetic interaction scores
Strains were grown in a Tecan Infinite F200 microplate
reader, an automated system to incubate and measure
optical densities in microplates. Growth measurements
were taken every ten minutes, until cells were harvested
at an OD600 of 0.6. Measurements that fall into exponential growth phase were selected to calculate growth rates.
These are generally between an OD600 of 0.3 and the
last measurement at an OD600 of 0.6. Growth rates were
calculated as the slope of the selected log-transformed
measurements.
The fitness W of a deletion mutant was determined as the fraction between the average growth
rate of WT and the growth rate of the mutant. Mutants
growing slower than WT hence result in a fitness smaller
than one. The genetic interaction εgrowth,XY between two
GSTFs X and Y was scored by comparing the fitness of
the respective double mutant WxΔyΔ with the fitness expected based on both single mutants WxΔ∗WyΔ (εgrowth,XY
= WxΔyΔ−WxΔ∗WyΔ) 26. Significance of genetic interaction
scores is derived by z-transformation. Background genetic interaction scores (100,000 in total) were calculated
by randomly selecting triplets of WTs and applying the
same calculation as applied to evaluate genetic interactions between GSTFs. Resulting p values were corrected
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for multiple testing, adjusted p values lower than 0.05
were considered significant. Fitness values of all single
and double mutants, as well as calculated genetic interaction scores can be found in Table S2.
Expression-based genetic interaction scores
In contrast to growth as a fitness measure, expression
changes can be compared at the level of individual genes.
For a given GSTF pair, only genes with a statistically
significant expression change in at least one of the two
respective single mutants or in the double mutant, were
considered (p ≤ 0.01). The epistatic effect of two GSTFs
X and Y on the expression of a gene i was measured as
the deviation between the expression change observed
in the double mutant MxΔyΔi and the expression change
expected given the single mutants MxΔi+MyΔi (εtxpn,XYi =
|MxΔyΔi- (MxΔi+MyΔi)|). The overall genetic interaction
between the GSTFs X and Y was then scored by counting the total number of genes for which an unexpected
expression change can be observed in the respective
double mutant, whereby an FC of 1.5 was chosen as a
threshold (εtxpn,XY = Σall genes i f(i), with f(i) = 1, if εtxpn,XYi
> log2(1.5); 0, else).
For each GSTF pair, genes with epistatic expression changes (all genes i where εtxpn,XYi > log2(1.5))
were further divided into different sets based on the
observed expression patterns. Depending on whether
expression levels are increased relative to WT (p ≤ 0.01,
FC > 0), unchanged (p > 0.01), or decreased (p ≤ 0.01,
FC < 0) in either single and/or in the double mutant,
twenty different expression patterns were observed and
divided into the six different types: buffering, suppression, quantitative buffering, quantitative suppression,
masking and inversion.
Functional enrichment analyses
For functional enrichment analyses, a hypergeometric
testing procedure was performed using Gene Ontology
(GO) Biological Process (BP) annotations 61 as obtained
from the Saccharomyces Cerevisiae Database 14. The
background population was set to 6,359 (the number of
genes annotated in GO) and p values were corrected for
multiple testing.
GSTF promoter affinity scores calculated from in vitro
data
GSTF promoter affinity scores were calculated from 48,49.
First, signal intensities and enrichment scores for GSTFs
that have been measured in vitro on multiple protein
binding microarrays were averaged within each of the
two datasets. The affinity by which a GSTF binds to the
promoter of a potential target gene was then estimated
by adding up signal intensities for each DNA 8mer sequence, with an enrichment score greater than or equal
to 0.45, within 600 base pairs upstream of the translation
start site. Last, the resulting promoter affinity profile of
one GSTF to all possible promoters was z-transformed to
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correct for experimental variation.
Overlap between expression changes and DNA binding
For each of the exemplified GSTF pairs, genes with
expression levels that changed dependently (all genes i
where εtxpn,XYi > log2(1.5)) or independently (all genes i
where εtxpn,XYi ≤ log2(1.5)) of the respective genetic interaction were first sorted into different sets depending on
the observed expression patterns. Overlap between genes
in a given set and genes whose promoter is known to
be bound by the respective GSTFs in vivo 42 (selected
parameters are p = 0.005, no conservation restriction)
was evaluated by Fisher’s exact test. Furthermore, a
Mann-Whitney test was applied to test whether genes
in a given set exhibit higher GSTF promoter affinity
scores in vitro (calculated from 48,49 as described above)
than all other genes. Resulting p values were corrected
for multiple testing, adjusted p values below 0.05 were
considered significant.
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Epistasis between gene-specific transcription factors
Supporting Information
Details of DNA microarray gene expression profiling as
well as subsequent statistical analysis are provided in
Addendum 1 of this thesis.
Yeast Strains
Ninety GSTF pairs were selected based on previously
published growth-based genetic interactions and similarity in DNA binding properties. Haploid matα gene
deletion strains were initially obtained from the two
different deletion collections Euroscarf (Frankfurt, Germany) and Open Biosystems (Huntsville, USA). Double
deletion strains were generated in duplicate by either
haploid transformation, random spore analysis, or tetrad
dissection, in an identical genetic background as the
single mutants. Different problems, detailed below, were
encountered for a number of single and double mutants.
Of the selected ninety double mutants, 18 failed quality
control criteria even after remake. They were therefore
excluded from further analyses. Of the 84 single mutants
taken from the deletion collections, six failed the quality
control criteria. These were remade. All strains used are
described in Table S1.
Quality control on strains from the deletion collection
In six strains from the collection, gene expression profiles
revealed different defects. Note that such defects may
be common to all copies of the collection but could also
have arisen due to our handling of these strains. All these
strains were remade. 18 double mutant strains failed
quality curation checks even after remake. These were
therefore excluded from further analyses. Different types
of defects were encountered and are described below. In
total, 154 deletion mutants passed our quality control
criteria.

profiled.
Statistical analysis of gene expression profiles
A list of genes that changes frequently irrespective of the
targeted deletion (WT variable genes) was constructed
by using the 200 WT versus WT comparisons of the WT
collection. Each WT expression profile was compared
against all other WT expression profiles through the
common reference. After excluding the top 5% of expression profile outliers, genes that change significantly (R
package limma, FC > 1.7; p < 0.05) at least two times
in any of the WTs is included in the WT variable gene
list. This procedure was performed independently for
both WT collections and the resulting lists were merged
(AI1, AI2, AI4, AI5_ALPHA, AI5_BETA, ATP8,
BIO3, BIO4, BIO5, BSC1, DDR2, FIT2, GLK1, GSY1,
HSP12, HSP30, HSP42, HXK1, NCE103, OLI1, PHO84,
PRM7, SOL4, SPL2, SRO9, STP4, TPS2, TSL1, VAR1,
VTC3, YDL038C, YDR170W-A, YDR210C-C, YIG1,
YJR154W, YKR075C, YNL284C-A, YOR343W-B,
YRO2, ZEO1, AIM33, CTR1, GPD2, GPH1, PHO12,
PKH2, RIF2, RTC3, RTC4, VTC1, YDL177C,
YDR210W-B, YER053C-A, YFL002W-B, YMR046C,
YPR158W-A, ZRT1). In addition, YDL196W was added
to this list as this gene is frequently upregulated indicating that expression of this gene was downregulated in the
common reference WT culture, likely due to a spurious
mutation. All these genes are excluded from downstream
analyses.

Aneuploidy
Aneuploidy was the most frequent problem in double deletion mutants. Aneuploidy is revealed in gene expression
profiles by analysis of expression changes in the context
of chromosome location, one of the standard quality
controls (QCs) performed on all gene expression profiles.
Incorrect deletion
In some deletion strains the supposed deleted gene
was not obviously downregulated. This is usually due
to already low expression in WT. In all such cases the
deletion strain was checked by two PCRs, one using two
primers outside the presumed deleted gene and another
using one primer outside the gene and the other primer
in the middle of the marker.
Spurious mutations
Some deletion strains passed the QC criteria of correct
deletion and no aneuploidy but had surprising gene expression profiles in light of what was previously known
about the knockout gene. These were remade and re-

127

Supplementary
Chapter 4Figure 1
A

negative SGI

10/10

Sameith et al.
in vivo
DNA binding
(set 1)

negative SGI per GSTF

SGI

12/17

14/18

DNA binding

32/40
3/6

0/0
0/0

in vitro
DNA binding
(set 2 and 3)

0/1

6/7

34/43

21/24

0/0

0/1

2/2

3/3

2/2

11/13
positive SGI per GSTF

in silico
DNA binding domain

B

passed quality curation

failed quality curation

TEC1

DAL80

CST6

RIM101

ASH1

RGM1

IXR1

SOK2

REI1

MOT3

PHD1

USV1

ZAP1

ECM23

GZF3

AFT2

GAT1
ASG1
YDR026C
YDR266C

MAL13

MAL33

STB5

GAT4

SUM1

MIG1

HAC1
SUT2

MIG3

STB5

MBP1

OAF1

PHO4

INO2

YAP6

STP1

AZF1

CHA4

SWI4

PIP2

CBF1

INO4

ROX1

STP2

CUP2
RIM101

MIG2

GLN3

HAA1

YGR067C

CUP9

SNT1

MSN4

ROX1

GLN3

RPN4
CBF1
TYE7

TOS8

GAT3
HMO1

ISW2

LYS14

YML081W

TOS8

SPT2

RSF2

excluded
NHP6A

STB4

NHP6B

CAD1

YAP1

YER184C

PHO2
MSN2

YOX1
YHP1

MSN4

YRM1

HCM1

YRR1

FKH1

MET28

FKH2

ASH1

HAP3

SIP4

MSS11

YHP1

ECM22

PPR1

AFT1

UPC2

MGA1

AFT2
IXR1

CAT8

ZAP1

MET31

SMP1 YFL052W

YAP6

NRG2

STP4

TOD6

UGA3

GIS1

RGM1

YPR015C

RPI1

MET32

RLM1 YPR196W

CIN5

NRG1

STP3

DOT6

DAL81

RPH1

USV1

CBF1

Supplementary Figure 1 Selection of GSTF pairs
(A) Number of GSTF pairs selected by different criteria. (B) Network representation of all selected GSTF pairs: 72 GSTF double
mutants passed quality curation checks (left), 18 failed. Nine GSTF pairs were excluded a priori.
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Table S1A List of GSTFs
Ykl112w/Abf1, Ymr072w/Abf2, Yer045c/Aca1, Ylr131c/Ace2, Ydr448w/Ada2, Ydr216w/Adr1, Ygl071w/Aft1, Ypl202c/Aft2,
Ymr042w/Arg80, Yml099c/Arg81, Ydr421w/Aro80, Ypr199c/Arr1, Yil130w/Asg1, Ykl185w/Ash1, Yor113w/Azf1, Ykr099w/
Bas1, Ynl039w/Bdp1, Ydr423c/Cad1, Ymr280c/Cat8, Yjr060w/Cbf1, Ymr213w/Cef1, Ymr168c/Cep3, Ylr098c/Cha4, Yor028c/
Cin5, Ynl027w/Crz1, Yil036w/Cst6, Ygl166w/Cup2, Ypl177c/Cup9, Ykr034w/Dal80, Yir023w/Dal81, Ynl314w/Dal82, Yml113w/
Dat1, Yer088c/Dot6, Ylr228c/Ecm22, Ypl021w/Ecm23, Ybr033w/Eds1, Ybr239c/Ert1, Ypr104c/Fhl1, Yil131c/Fkh1, Ynl068c/
Fkh2, Yer109c/Flo8, Ygl254w/Fzf1, Ypl248c/Gal4, Yfl021w/Gat1, Ymr136w/Gat2, Ylr013w/Gat3, Yir013c/Gat4, Yel009c/Gcn4,
Ypl075w/Gcr1, Ydr096w/Gis1, Yer040w/Gln3, Yjl103c/Gsm1, Yjl110c/Gzf3, Ypr008w/Haa1, Yfl031w/Hac1, Yol089c/Hal9,
Ylr256w/Hap1, Ygl237c/Hap2, Ybl021c/Hap3, Yor358w/Hap5, Ycr065w/Hcm1, Ycl066w/Hmlalpha1, Ycl067c/Hmlalpha2,
Ydr174w/Hmo1, Ycr097w/Hmra1, Ycr096c/Hmra2, Yor032c/Hms1, Yjr147w/Hms2, Ygl073w/Hsf1, Ygl253w/Hxk2, Ydr123c/
Ino2, Yol108c/Ino4, Yor304w/Isw2, Ykl032c/Ixr1, Ypl054w/Lee1, Ylr451w/Leu3, Ydr034c/Lys14, Ymr021c/Mac1, Ygr288w/
Mal13, Ybr297w/Mal33, Ycr040w/Matalpha1, Ycr039c/Matalpha2, Yor298c-a/Mbf1, Ydl056w/Mbp1, Ymr043w/Mcm1,
Yir017c/Met28, Ypl038w/Met31, Ydr253c/Met32, Ynl103w/Met4, Ygr249w/Mga1, Ygl035c/Mig1, Ygl209w/Mig2, Yer028c/
Mig3, Yer068w/Mot2, Ymr070w/Mot3, Ymr037c/Msn2, Ykl062w/Msn4, Ymr164c/Mss11, Yhr124w/Ndt80, Ydl002c/Nhp10,
Ypr052c/Nhp6A, Ybr089c-a/Nhp6B, Ydr043c/Nrg1, Ybr066c/Nrg2, Yal051w/Oaf1, Ykr064w/Oaf3, Ybr060c/Orc2, Yfl044c/
Otu1, Ydr081c/Pdc2, Ygl013c/Pdr1, Ybl005w/Pdr3, Ylr266c/Pdr8, Ydr323c/Pep7, Ykl043w/Phd1, Ydl106c/Pho2, Yfr034c/
Pho4, Yor363c/Pip2, Ylr014c/Ppr1, Ykl015w/Put3, Ypr186c/Pzf1, Ynl216w/Rap1, Yor380w/Rdr1, Ycr106w/Rds1, Ypl133c/
Rds2, Ybr049c/Reb1, Ybr267w/Rei1, Ylr176c/Rfx1, Ymr182c/Rgm1, Ykl038w/Rgt1, Yhl027w/Rim101, Ypl089c/Rlm1, Ygr044c/
Rme1, Ypr065w/Rox1, Yer169w/Rph1, Yil119c/Rpi1, Ydl020c/Rpn4, Ydr303c/Rsc3, Yhr056c/Rsc30, Yfr037c/Rsc8, Yjr127c/
Rsf2, Yol067c/Rtg1, Ybl103c/Rtg3, Yor077w/Rts2, Ybl066c/Sef1, Yor140w/Sfl1, Ylr403w/Sfp1, Yjl089w/Sip4, Ydr409w/Siz1,
Yhr206w/Skn7, Ynl167c/Sko1, Ybr182c/Smp1, Ycr033w/Snt1, Ygl131c/Snt2, Ymr016c/Sok2, Yjl127c/Spt10, Yer148w/Spt15,
Yer161c/Spt2, Ycr018c/Srd1, Ydr169c/Stb3, Ymr019w/Stb4, Yhr178w/Stb5, Yhr084w/Ste12, Ydr463w/Stp1, Yhr006w/Stp2,
Ylr375w/Stp3, Ydl048c/Stp4, Ydr310c/Sum1, Ygl162w/Sut1, Ypr009w/Sut2, Yer111c/Swi4, Ydr146c/Swi5, Ypl128c/Tbf1,
Ybr150c/Tbs1, Yml081w/Tda9, Yor337w/Tea1, Ybr083w/Tec1, Ydr362c/Tfc6, Ybr240c/Thi2, Ybl054w/Tod6, Ygl096w/Tos8,
Yor344c/Tye7, Ydl170w/Uga3, Ydr207c/Ume6, Ydr213w/Upc2, Ydr520c/Urc2, Ypl230w/Usv1, Ydr049w/Vms1, Yml076c/
War1, Yil101c/Xbp1, Yml007w/Yap1, Yhl009c/Yap3, Yir018w/Yap5, Ydr259c/Yap6, Yol028c/Yap7, Ydr026c/Ydr026C, Ydr266c/
Ydr266C, Yer130c/Yer130C, Yer184c/Yer184C, Yfl052w/Yfl052W, Ygr067c/Ygr067C, Ygr071c/Ygr071C, Ydr451c/Yhp1, Yjl206c/
Yjl206C, Ykl222c/Ykl222C, Yll054c/Yll054C, Ylr278c/Ylr278C, Ynr063w/Ynr063W, Yml027w/Yox1, Ypr013c/Ypr013C, Ypr015c/
Ypr015C, Ypr022c/Ypr022C, Ypr196w/Ypr196W, Yor172w/Yrm1, Yor162c/Yrr1, Yjl056c/Zap1

Table S1B GSTF single mutants
systematic name

gene symbol

mutant source

growth protocol

Yil130w
Ydr423c
Ymr280c
Yjr060w
Yor028c
Yil036w
Ygl166w
Ypl177c
Ykr034w
Yir023w
Yer088c
Ylr228c
Ypl021w
Yil131c
Ynl068c
Yfl021w
Ylr013w
Yir013c
Ydr096w
Yer040w

Asg1
Cad1
Cat8
Cbf1
Cin5
Cst6
Cup2
Cup9
Dal80
Dal81
Dot6
Ecm22
Ecm23
Fkh1
Fkh2
Gat1
Gat3
Gat4
Gis1
Gln3

Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems

2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
1
2

comments
2 replicates
2 replicates

2 replicates
PCR verified

2 replicates
PCR verified
PCR verified

PCR verified
PCR verified; 2 replicates
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Table S1B continued

systematic name

gene symbol

mutant source

growth protocol

Yjl110c
Ypr008w
Yfl031w
Ycr065w
Ydr174w
Yor304w
Ydr034c
Ygr288w
Ybr297w
Yir017c
Ypl038w
Ydr253c
Ygl035c
Ygl209w
Yer028c
Ymr037c
Ykl062w
Ypr052c
Ybr089c-a
Ydr043c
Ybr066c
Ydl106c
Ylr014c
Ymr182c
Yhl027w
Ypl089c
Ypr065w
Yer169w
Yil119c
Ydl020c
Yjr127c
Yjl089w
Ybr182c
Ycr033w
Yer161c
Ymr019w
Yhr178w
Ydr463w
Yhr006w
Ylr375w
Ydl048c
Ydr310c
Ypr009w
Yml081w
Ybl054w

Gzf3
Haa1
Hac1
Hcm1
Hmo1
Isw2
Lys14
Mal13
Mal33
Met28
Met31
Met32
Mig1
Mig2
Mig3
Msn2
Msn4
Nhp6a
Nhp6b
Nrg1
Nrg2
Pho2
Ppr1
Rgm1
Rim101
Rlm1
Rox1
Rph1
Rpi1
Rpn4
Rsf2
Sip4
Smp1
Snt1
Spt2
Stb4
Stb5
Stp1
Stp2
Stp3
Stp4
Sum1
Sut2
Tda9
Tod6

Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Euroscarf
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems

2
2
2
2
2
2
2
2
2
2
2
2
2
2
1
2
1
2
2
1
1
2
2
2
2
2
2
1
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
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2 replicates

2 replicates

2 replicates

2 replicates

2 replicates

2 replicates

PCR verified

2 replicates
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Table S1B continued

systematic name

gene symbol

mutant source

growth protocol

comments

Ygl096w
Yor344c
Ydl170w
Ydr213w
Ypl230w
Yml007w
Ydr259c
Ydr026c
Ydr266c
Yer184c
Yfl052w
Ygr067c
Ydr451c
Yml027w
Ypr015c
Ypr196w
Yor172w
Yor162c
Yjl056c

Tos8
Tye7
Uga3
Upc2
Usv1
Yap1
Yap6
Ydr026c
Ydr266c
Yer184c
Yfl052w
Ygr067c
Yhp1
Yox1
Ypr015c
Ypr196w
Yrm1
Yrr1
Zap1

Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Open Biosystems
Holstege lab, UMC Utrecht

2
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2

2 replicates
2 replicates
2 replicates

2 replicates
2 replicates
PCR verified
PCR verified; 2 replicates
2 replicates
PCR verified; 2 replicates

PCR verified

growth protocol: 1 for growth in Erlenmeyers, 2 for growth in Tecan microplate reader

Table S1C GSTF double mutants

GSTF1, systematic name

GSTF1,
gene symbol

GSTF2, systematic name

GSTF2,
gene symbol

selection

Yil130w
Ymr280c
Yjr060w
Yjr060w
Yjr060w
Yil036w
Ypl177c
Ylr228c
Yfl021w
Yir013c
Yer040w
Yer040w
Yer040w
Yer040w
Yer040w
Yer040w
Yer040w

Asg1
Cat8
Cbf1
Cbf1
Cbf1
Cst6
Cup9
Ecm22
Gat1
Gat4
Gln3
Gln3
Gln3
Gln3
Gln3
Gln3
Gln3

Ydl020c
Ypr015c
Ypr009w
Yfl031w
Ybr297w
Ygr288w
Ydl020c
Ydr213w
Yer040w
Ydr174w
Yjl110c
Ypr008w
Yor304w
Ygl035c
Yhl027w
Ypr065w
Ydr310c

Rpn4
Ypr015c
Sut2
Hac1
Mal33
Mal13
Rpn4
Upc2
Gln3
Hmo1
Gzf3
Haa1
Isw2
Mig1
Rim101
Rox1
Sum1

1
1
1
1
1
1
1
1,2
1,2
1
1,2
1
1
1
1
1
1

comments

curation
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
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Table S1C continued
GSTF1, systematic name

GSTF1,
gene symbol

GSTF2, systematic name

GSTF2,
gene symbol

selection

comments

curation

Yjl110c

Gzf3

Yhr178w

Stb5

1

PCR verified STB5
deletion

passed

Yfl031w
Yfl031w
Ydr174w
Yor304w
Yor304w

Hac1
Hac1
Hmo1
Isw2
Isw2

Ydl020c
Ycr033w
Ypr065w
Ydl020c
Yhr178w

Rpn4
Snt1
Rox1
Rpn4
Stb5

1
1
1
1
1

Ydr034c
Ypl038w
Ygl035c
Ygl035c

Lys14
Met31
Mig1
Mig1

Ydl020c
Ydr253c
Ygl209w
Yhr178w

Rpn4
Met32
Mig2
Stb5

1
1,2
1,2
1

Ygl035c
Ymr037c
Ymr037c
Ypr052c
Yil119c
Ydl020c
Ydl020c
Ydl020c
Yjr127c
Ycr033w
Ymr019w
Ypl202c
Yor113w
Ylr098c
Ykl032c
Ykl032c
Ykl032c
Ydl056w
Ybr083w
Ygl096w
Ygl071w
Ygl071w
Ygl071w
Ygl071w
Ygl071w
Ygl071w

Mig1
Msn2
Msn2
Nhp6a
Rpi1
Rpn4
Rpn4
Rpn4
Rsf2
Snt1
Stb4
Aft2
Azf1
Cha4
Ixr1
Ixr1
Ixr1
Mbp1
Tec1
Tos8
Aft1
Aft1
Aft1
Aft1
Aft1
Aft1

Ydl020c
Ylr014c
Yml007w
Ybr089c-a
Yjl056c
Ydr026c
Ydr266c
Ycr033w
Yml081w
Yer161c
Yml007w
Yjl056c
Yer040w
Yhr178w
Ymr070w
Ykl062w
Yhl027w
Yer111c
Yjl056c
Yjl056c
Ykl185w
Yjr060w
Ykl032c
Ygr249w
Ymr164c
Ybl021c

Rpn4
Ppr1
Yap1
Nhp6b
Zap1
Ydr026c
Ydr266c
Snt1
Yml081w
Spt2
Yap1
Zap1
Gln3
Stb5
Mot3
Msn4
Rim101
Swi4
Zap1
Zap1
Ash1
Cbf1
Ixr1
Mga1
Mss11
Hap3

1
1
1
1,2
1
1
1
1
1
1
1
1
1
1
1
1
1
1,2
1
1
1
1
1
1
1
1

Ygl071w
Ydr423c
Yjr060w
Yor028c
Ygl166w
Ypl177c

Aft1
Cad1
Cbf1
Cin5
Cup2
Cup9

Ydr451c
Yml007w
Yor344c
Ydr259c
Ypr008w
Ygl096w

Yhp1
Yap1
Tye7
Yap6
Haa1
Tos8

1
2
2
2
2
2
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MATa

PCR verified STB5
deletion

PCR verified STB5
deletion

MATa

2 replicates
MATa

passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
failed
failed
failed
failed
failed
failed
failed
failed
failed
excluded
excluded
excluded
excluded
excluded
excluded
excluded
passed
passed
passed
passed
passed
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Table S1C continued
GSTF1, systematic name

GSTF1,
gene symbol

GSTF2, systematic name

GSTF2,
gene symbol

selection

Ykr034w
Yir023w
Yer088c
Ylr228c
Ypl021w
Ypl021w
Yil131c
Yil131c
Yfl021w
Ylr013w
Ydr096w
Ygr288w
Yir017c
Ygl035c
Ygl035c
Ygl209w
Ygl209w
Ymr037c
Ybr089c-a
Ydr043c
Ydl106c
Ymr182c
Ypl089c
Yjl089w
Ylr375w
Yfl052w
Ygr067c
Ydr451c
Yor172w
Ykl185w
Yjr060w
Ydr123c
Yal051w
Ykl043w
Ybr267w
Ybr267w
Ypr065w
Ydr463w
Ygl071w

Dal80
Dal81
Dot6
Ecm22
Ecm23
Ecm23
Fkh1
Fkh1
Gat1
Gat3
Gis1
Mal13
Met28
Mig1
Mig1
Mig2
Mig2
Msn2
Nhp6b
Nrg1
Pho2
Rgm1
Rlm1
Sip4
Stp3
Yfl052w
Ygr067c
Yhp1
Yrm1
Ash1
Cbf1
Ino2
Oaf1
Phd1
Rei1
Rei1
Rox1
Stp1
Aft1

Yjl110c
Ydl170w
Ybl054w
Yjl089w
Ylr013w
Yir013c
Ynl068c
Ycr065w
Yjl110c
Yir013c
Yer169w
Ybr297w
Yor162c
Yer028c
Ygr067c
Yer028c
Ygr067c
Ykl062w
Ydl106c
Ybr066c
Yml027w
Ypl230w
Ybr182c
Yer184c
Ydl048c
Ypr196w
Yml081w
Yml027w
Yor162c
Ymr016c
Yfr034c
Yol108c
Yor363c
Ymr016c
Ymr182c
Ypl230w
Ydr259c
Yhr006w
Ypl202c

Gzf3
Uga3
Tod6
Sip4
Gat3
Gat4
Fkh2
Hcm1
Gzf3
Gat4
Rph1
Mal33
Yrr1
Mig3
Ygr067c
Mig3
Ygr067c
Msn4
Pho2
Nrg2
Yox1
Usv1
Smp1
Yer184c
Stp4
Ypr196w
Yml081w
Yox1
Yrr1
Sok2
Pho4
Ino4
Pip2
Sok2
Rgm1
Usv1
Yap6
Stp2
Aft2

2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2

comments

MATa

curation
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
passed
failed
failed
failed
failed
failed
failed
failed
failed
failed
excluded

selection: 1 for previous SGI data, 2 for common DNA binding
all double mutant strains were grown in the Tecan microplate reader
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Table S2 Growth rates of GSTF single and double mutants
GSTF pair

RGR (observed)

RGR (expected)

RGR (single
mutants)

genetic interaction
score

adjusted p

Met31 / Met32
Ecm22 / Upc2
Hac1 / Rpn4
Nhp6a / Nhp6b
Mig1 / Mig2
Gln3 / Isw2
Gln3 / Haa1
Rpi1 / Zap1
Isw2 / Stb5
Fkh1 / Fkh2
Mig1 / Stb5
Hmo1 / Rox1
Gat4 / Hmo1
Cad1 / Yap1
Rgm1 / Usv1
Cbf1 / Hac1
Yfl052w / Ypr196w
Gln3 / Rim101
Cup2 / Haa1
Snt1 / Spt2
Cup9 / Rpn4
Stp3 / Stp4
Dal80 / Gzf3
Tda9 / Ygr067c
Msn2 / Yap1
Dot6 / Tod6
Mig2 / Ygr067c
Yrm1 / Yrr1
Hac1 / Snt1
Isw2 / Rpn4
Gat1 / Gln3
Yhp1 / Yox1
Cbf1 / Tye7
Ecm22 / Sip4
Mig1 / Mig3
Cbf1 / Mal33
Mig1 / Ygr067c
Msn2 / Msn4
Ecm23 / Gat3
Gln3 / Sum1
Cbf1 / Sut2
Nrg1 / Nrg2
Gat3 / Gat4
Cup9 / Tos8

0.293
0.501
0.449
0.45
0.631
0.608
0.634
0.614
0.596
0.889
0.484
0.519
0.552
1.009
0.887
0.597
0.961
0.669
1.026
0.782
0.915
0.971
0.998
0.99
0.984
0.976
1.038
0.96
0.893
0.927
0.772
0.958
0.601
1
0.882
0.672
0.988
0.991
0.947
0.787
0.696
0.993
1.021
1.038

1.038
1.018
0.938
0.873
0.892
0.848
0.844
0.807
0.778
1.07
0.658
0.655
0.675
1.124
0.996
0.705
1.062
0.766
1.121
0.869
1.001
1.054
1.079
1.066
1.045
1.031
1.089
1.011
0.931
0.958
0.802
0.989
0.629
1.022
0.902
0.682
0.993
0.99
0.942
0.778
0.685
0.978
1.004
1.02

1.02 / 1.017
0.995 / 1.024
1.045 / 0.898
0.913 / 0.955
0.902 / 0.989
0.795 / 1.067
0.795 / 1.062
0.955 / 0.845
1.067 / 0.729
0.986 / 1.085
0.902 / 0.729
0.676 / 0.969
0.998 / 0.676
1.099 / 1.023
0.989 / 1.007
0.675 / 1.045
1.018 / 1.043
0.795 / 0.964
1.056 / 1.062
0.891 / 0.975
1.115 / 0.898
0.904 / 1.166
1.061 / 1.017
0.967 / 1.101
1.022 / 1.023
1.023 / 1.008
0.989 / 1.101
0.976 / 1.036
1.045 / 0.891
1.067 / 0.898
1.009 / 0.795
1.046 / 0.946
0.675 / 0.932
0.995 / 1.027
0.902 / 1
0.675 / 1.011
0.902 / 1.101
1.022 / 0.969
0.937 / 1.005
0.795 / 0.979
0.675 / 1.014
0.992 / 0.986
1.005 / 0.998
1.115 / 0.914

-0.745
-0.518
-0.489
-0.422
-0.261
-0.24
-0.21
-0.193
-0.183
-0.181
-0.173
-0.136
-0.123
-0.115
-0.109
-0.108
-0.101
-0.097
-0.095
-0.087
-0.086
-0.083
-0.081
-0.076
-0.061
-0.055
-0.051
-0.051
-0.039
-0.031
-0.03
-0.03
-0.028
-0.022
-0.02
-0.01
-0.006
0.001
0.006
0.01
0.012
0.014
0.017
0.018

8.96E-22
1.12E-10
1.05E-9
2.18E-7
0.004
0.009
0.028
0.041
0.053
0.053
0.061
0.163
0.217
0.237
0.252
0.252
0.284
0.287
0.287
0.299
0.299
0.299
0.299
0.299
0.368
0.381
0.381
0.381
0.434
0.441
0.441
0.441
0.441
0.464
0.467
0.490
0.476
0.460
0.441
0.441
0.441
0.437
0.432
0.432
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Table S2 continued
GSTF pair

RGR (observed)

RGR (expected)

RGR (single
mutants)

genetic interaction
score

adjusted p

Met28 / Yrr1
Rsf2 / Tda9
Stb4 / Yap1
Nsi1 / Rpn4
Rpn4 / Snt1
Ecm23 / Gat4
Mal13 / Mal33
Msn2 / Ppr1
Cin5 / Yap6
Gat1 / Gzf3
Pho2 / Yox1
Rlm1 / Smp1
Mig2 / Mig3
Asg1 / Rpn4
Dal81 / Uga3
Fkh1 / Hcm1
Hel2 / Rpn4
Gzf3 / Stb5
Nhp6b / Pho2
Cat8 / Ypr015c
Gis1 / Rph1
Sip4 / Yer184c
Gln3 / Rox1
Mig1 / Rpn4
Gln3 / Mig1
Gln3 / Gzf3
Lys14 / Rpn4
Cst6 / Mal13

1.033
0.946
1.025
0.91
0.838
0.987
0.996
0.946
1.11
1.08
0.971
1.057
1.054
1.022
0.987
1.02
0.856
0.828
1.014
1.013
0.984
1.065
0.919
0.967
0.895
0.989
1.026
0.791

1.005
0.917
0.991
0.874
0.8
0.935
0.944
0.894
1.055
1.026
0.91
0.995
0.989
0.957
0.92
0.947
0.779
0.741
0.919
0.914
0.862
0.942
0.77
0.81
0.717
0.808
0.782
0.537

0.97 / 1.036
0.947 / 0.967
0.969 / 1.023
0.974 / 0.898
0.898 / 0.891
0.937 / 0.998
0.934 / 1.011
1.022 / 0.875
1.035 / 1.019
1.009 / 1.017
0.962 / 0.946
0.934 / 1.066
0.989 / 1
1.066 / 0.898
0.965 / 0.953
0.986 / 0.96
0.868 / 0.898
1.017 / 0.729
0.955 / 0.962
0.98 / 0.932
0.913 / 0.944
1.027 / 0.917
0.795 / 0.969
0.902 / 0.898
0.795 / 0.902
0.795 / 1.017
0.872 / 0.898
0.575 / 0.934

0.028
0.029
0.034
0.036
0.038
0.052
0.052
0.052
0.055
0.055
0.061
0.062
0.065
0.066
0.067
0.073
0.077
0.086
0.094
0.099
0.122
0.123
0.149
0.157
0.178
0.181
0.243
0.254

0.381
0.381
0.379
0.374
0.368
0.299
0.299
0.299
0.299
0.299
0.299
0.299
0.299
0.299
0.299
0.287
0.284
0.252
0.237
0.217
0.133
0.133
0.061
0.053
0.033
0.032
0.003
0.002
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General discussion

G

enetic information is transferred from DNA into proteins by the two general processes transcription and translation 1. The importance of these processes is reflected by the large number of
components that ensure proper expression of genes and proteins. Many aspects of transcription
regulation have been elucidated in the past, and the emergence of genome-wide technologies has contributed to this discovery process in different ways. Perturbation analysis has proven a useful technique to
study transcription regulation (reviewed in 2). For the work described in this thesis, individual genes in
the model eukaryote Saccharomyces cerevisiae were deleted and effects on gene expression were measured genome-wide by DNA microarrays. Chapter 2 describes the systematic investigation of the glucose
regulatory system and the inference of an underlying transcription regulatory network. The focus of
chapter 3 and 4 is on gene-specific transcription factors (GSTFs), their activating and repressing role in
the transcription regulatory network as well as the genetic interactions between them. The implications
of individual findings are discussed in detail within each chapter. Here, general concepts derived from
the work described in this thesis are discussed.
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Systems-level analysis provides answers to
questions that have yet to be asked
John N. Bahcall, a Nobel Prize winner in physics and developer of the Hubble Space Telescope,
once said “The most important discoveries will
provide answers to questions that we do not yet
know how to ask and will concern objects we
have not yet imagined.”. With the emergence of
genome-wide technologies, entire biological systems can be explored in a data-driven way. Each
study described in this thesis is devoted to the
inference of a transcription regulatory network,
applying high-throughput genome-wide gene expression analysis and integrating the results with
other genome-wide information. Three systems are
investigated: glucose regulatory pathways (chapter
2), GSTF functioning (chapter 3), and genetic
interactions between GSTFs (chapter 4). In each
case, we began the study by defining a system
(phase 1, Figure 1): Where does a glucose pathway
begin and where does it end? Which proteins are
GSTFs? Which GSTFs are likely genetically interacting? Following these definitions, genome-wide
gene expression profiles were generated for nonessential deletion mutants, that is individual deletion mutants of all glucose pathway members, all
GSTFs and all genetically interacting GSTF pairs
(phase 2). The large-scale nature of these studies
required close collaboration of both experimentalists and bioinformaticians, resulting in efficient
data generation and analysis. After several cycles
of repeating experiments and finalizing quality
curation checks, large datasets were generated for
exploration (phase 3). Exploratory data analysis
was instrumental in the initial characterization of
each system. Which components can be deleted
without any effect on gene expression? Which
genes are affected by deletion of individual components? Are there similar responses to deletion
of different system components? Such exploratory
data analysis offers a wide range of starting points
for further research. This advantage can also be a
challenge. Which aspects are unknown? Which un-

known aspects are important? Analysing an entire
system also requires comprehensive background
knowledge to be able to place all findings into
context. Exploratory data analysis can reveal unexpected and interesting findings, sometimes even
as a by-product of studying a seemingly unrelated
question. In chapter 2, for example, systematic deletion of all individual components of the glucose
regulatory system led to the finding of one main
transcriptional response, which is likely mediated
by the regulation of trehalose biosynthesis. In
chapter 3, comparison of gene expression changes
of GSTF deletion mutants with DNA binding data
revealed direct target genes of GSTFs, and also
illustrated a prevalence of gene-specific repressors.
In chapter 4, the analysis of genetic interactions
between GSTFs revealed molecular mechanisms
that were previously unknown. In all three studies, systems-level analysis led to answering questions formulated in retrospect. Which is the most
downstream transcriptional target in the glucose
regulatory system? What is the percentage of
gene-specific repressors compared to gene-specific
activators? What molecular mechanisms can explain positive and negative genetic interactions
between genes involved in different pathways?
Note that asking these questions also facilitates
further focused analyses to validate and support
the findings (phase 4).
Use of gene expression profiling to derive pathway
structure
The first study of this thesis characterizes a transcription regulatory network underlying a signalling system. Individual members of six glucose
signalling pathways and rate-limiting metabolic
enzymes were deleted individually and gene expression changes were measured. The resulting
network is largely hierarchical, with metabolic
enzymes involved in storage carbohydrate biosynthesis being the most downstream transcriptional
targets.
Gene expression profiles of deletion mu-
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Chapter
Figure
1 5

systems-level analysis

phase 1: system defintion
generation of a parts list

phase 2: data generation
genome-wide gene expression
profiling of deletion mutants

phase 3: data exploration
exploratory bioinformatics
analysis to gain new insights

phase 4: focused analysis
focused bioinformatics analysis
and/or experimental verification
(possibly iteratively)
Figure 1 Workflow of a systems-level analysis

tants have previously been reported to be useful
to deduce pathway structures by applying nested
effect models (NEMs). NEMs investigate subset
relationships, where deletion of an upstream pathway member results in expression changes of many
genes, and deletion of a downstream pathway
member results in expression changes of a subset
of these genes 3,4. NEMs implicitly force a hierarchy into pathways which may not exist. Indeed,
deletion of individual members of the glucose regulatory system resulted in one main transcriptional
response and no subset relationships. NEMs could
therefore not be applied to deduce the structure
of the glucose regulatory system. Instead, a new
network approach was developed that is designed
to explain a gene expression profile measured upon
deletion of one pathway member through the transcriptional regulation of another pathway member.
Two genes are connected in the network, if (1)
deletion of one of the two genes results in changed
expression of the second gene, and (2) the two
gene expression profiles measured upon individual
deletion are correlated. Depending on the sign
of these measures, different types of connections
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S
are distinguished. Like NEMs, this approach is
designed to process perturbation data, utilizing its
unique characterisitics. It does not attempt to find
the best underlying network structure using computationally demanding optimisation strategies,
but returns all detected connections. Networks
can therefore be generated for large datasets. Note
that applied to the glucose regulatory system, a
transcription regulatory network is inferred. This
is not to be confused with the signalling system
itself. Pathway members downstream in the currently known signalling system can be upstream in
the transcription regulatory network, for example
due to transcriptional feedback.
Classification of GSTFs into activators and/or
repressors
For inferring a transcription regulatory network the
study of GSTFs is essential. In chapter 3, the effect
of deleting any non-essential GSTF on gene expression is investigated. Genes with changed expression
are compared with previously determined GSTF
binding targets 5–7. The first interesting finding of
this analysis is that for a specific GSTF, significant
overlap is mostly one-sided, that is either for genes
with decreased expression or genes with increased
expression. This one-sided significant overlap provided the first systematic classification of GSTFs
into activators and/or repressors, leading to the
second interesting finding. Activators account for
less than 54% of all GSTFs. The remaining 46% of
GSTFs are repressors (37%) or have a dual function (9%). This suggests that chromatin is not as
generally restrictive to transcription as has previously been thought and indicates that a considerable part of the gene-specific machinery is devoted
to repressing unwanted transcription.
Unclassified GSTFs
Although the combinatorial analysis of gene
expression effects and DNA binding has proven
useful for some GSTFs, it leaves other GSTFs unclassified. First, individual deletion of 106 GSTFs

General discussion
has no effect on genome-wide gene expression
under the condition investigated. Second, for 34 of
the 77 GSTFs with effects on gene expression, no
significant overlap between expression changes and
binding targets is found, either because no binding data is available (12) or because the overlap
is non-significant (22). Non-significant overlap between gene expression changes and binding targets
can have several reasons, as is discussed in detail
in chapter 3. The median percentage of genes
bound by a GSTF that also change in expression
upon deletion of that GSTF is only 6%. Similar
and even lower percentages have been reported before 8, also in human (reviewed in 9). One cause of
the low overlap that has to be taken into account
is data quality. A recent study has claimed that
binding targets determined in vivo by chromatin
immunoprecipitation followed by DNA microarray
analysis (ChIP-chip) have false positive rates of
as much as 50% 10. It has to be noted however,
that the largest DNA binding dataset available for
S. cerevisiae 11 is relatively old and is based on
only one (intergenic) probe per gene. Using higherresolution arrays or ChIP-seq in combination with
higher-affinity tags will likely improve data quality
and hence lower false positive and false negative
rates. Meanwhile, also improvements such as
ChIP-exo have been developed, including an additional exonuclease treatment. These developments
can greatly improve the resolution by which DNA
binding events can be monitored 10. The generation of a high-quality, new dataset containing in
vivo binding targets for all yeast GSTFs therefore
holds great promise for improving the quality of
any study on the inference of transcription regulatory networks.
Role of GSTFs in the transcription regulatory network
The systems-level analysis of GSTFs also revealed
that expression of approximately 1,800 genes is
changed in at least one deletion mutant. Considering that yeast has a total of about 6,000 proteincoding genes 12, this implies that expression of

4,200 genes is unaffected by deletion of any nonessential GSTF. Are these genes even regulated by
(non-essential) GSTFs? Unchanged expression of
these genes may have several explanations. First,
deletion of a GSTF may not affect gene expression if there is a second redundant GSTF that
can completely or partially take over its function.
Indeed, gene expression analysis of GSTF double
mutants described in chapter 4 reveals expression
changes of additional 400 genes. Second, condition
specificity may explain unchanged expression of
another set of genes, as all gene expression profiles
were measured for GSTF deletion mutants grown
in rich medium. However, given that 91.5% of all
genes are thought to be expressed under this condition 13, it is unlikely that condition specificity is
an explanation for why their expression levels are
unaffected by deletion of any GSTF. We observed
that a large percentage of genes with changed
expression show hallmarks of SAGA-regulated
genes: a flanking TATA consensus motif 14 as well
as nucleosomes that encroach on promoter regions
and/or are intrinsically unstable 15. This observation agrees with the fact that SAGA-dominated
genes are in general highly regulated 16. A third
possibility for unchanged expression may therefore
be that genes, which lack a TATA consensus motif
and are predominantly regulated by TFIID, are
constitutively expressed (housekeeping genes) 16
and simply do not require the action of GSTFs.
Alternatively, and this is a fourth possibility, expression changes of housekeeping genes may cause
severe downstream effects with an impact on cell
viability. The GSTFs involved may therefore be
essential (twenty 12) and cannot be studied by deletion mutant analysis. Taken together, both independence from GSTFs and regulation by essential
GSTFs may explain why expression of more than
two third of all genes is unaffected by deletion of
any non-essential GSTF. Until all essential GSTFs
and their target genes are further elucidated, no
definite answer can be given.
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Chapter 5
Genetic interactions between GSTFs
In the past years, it has started to become appreciated that there is an overwhelming number
of genetic interactions, complicating the relation
between genotype and phenotype. Such interactions result in non-additive effects between genes
that cannot be predicted from single mutant phenotypes. Chapter 4 of this thesis describes the investigation of genetic interactions between GSTFs
by gene expression profiling of GSTF single and
double deletion mutants. A high-resolution gene
expression atlas is generated, confirming known
genetic interactions and revealing new ones. It
provides evidence for two new molecular mechanisms that underlie negative and positive genetic
interactions.
The gene expression atlas indicates a
prevalence of buffering relationships, where two
GSTFs can fully or partially substitute for one
another. This relationship is observed between
redundant GSTFs as well as between GSTFs functioning in related processes. In parts, the prevalence of buffering relationships is expected due to
the fact that genetic interactions are investigated
within one functional protein class (GSTF-GSTF).
Investigating genetic interactions between GSTFs
and another class such as enzymes may result in
fewer buffering relationships. A recent study of
genetic interactions between yeast kinases and/or
phosphatases reported that a single pair can have
different epistatic effects on different genes (“mixed
epistasis”) 17. The respective kinases and/or phosphatases have only partial overlap in function and
are coupled by additional regulatory links such as
repression of one by another. No direct comparison can be made between the kinase/phosphatase
and the GSTF dataset, since the selection criteria
for double mutants to begin with were different.
Nevertheless, it appears that there is less mixed
epistasis between GSTFs than there is between
kinases and/or phosphatases. Possibly, this is due
to the fact that gene expression changes can occur
as direct consequences of the inactivity of a GSTF.
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Because inactivity of a kinase or phosphatase first
has to be communicated through a signalling
pathway before affecting gene expression, these
additional layers of complexity offer more possibilities for interconnectivity and result in more mixed
epistatic effects.
Our current knowledge of genetic interactions likely represents only the tip of the iceberg.
First, the largest study available to date has
investigated the existence of genetic interactions
for 5.4 million gene pairs in yeast 18, identifying
approximately 170,000 interactions. Keeping in
mind that yeast contains about 6,000 proteincoding genes 12, this means that the abundance
of genetic interactions is determined from “only”
30% of all 18 million possible interactions. Second,
it has been shown that the epistatic network is
in fact dynamic and dependent on the condition
investigated 19 (reviewed in 20). The dynamic
nature of the epistatic network also agrees with
the molecular mechanism proposed in chapter 4
(“buffering by condition dependency”), in which
deletion of one gene results in a different condition
that requires the activity of a second gene. Last,
past studies have investigated genetic interactions
between two genes only, disregarding interactions
between three or more genes. Taken together,
this suggests that much of the epistatic network
is yet to be discovered. Understanding the relation between genotype and phenotype therefore
requires not only 6,000 genotypes to be taken into
consideration, but perhaps as many as a million.
The in-depth analysis of a smaller subset of genetic interactions to better understand underlying
molecular mechanisms will ultimately help us to
understand additional genetic interactions that are
known today or will be revealed in the future. Such
studies are also pivotal for understanding the basis
of genetic disorders in humans, where it is likely
that even more genetic interactions play important
roles.

General discussion
Life is dynamic
Genome-wide gene expression levels often represent a snapshot of the transcriptional landscape at
a given time in a given condition. For the work described in this thesis, individual deletion mutants
were investigated in steady-state, that is mRNA
was harvested in exponential growth phase when
the mutants have adapted their transcriptional
program. Especially early, transient gene expression changes cannot be detected in this manner.
Moreover, by measuring steady-state gene expression levels, direct effects cannot easily be distinguished from indirect, secondary effects. These
drawbacks can be overcome by studying expression
changes immediately after perturbation of a gene,
for example by the use of conditional mutants such
as temperature-sensitive mutants or by the use of
the relatively new anchor-away technique 21. Early
expression changes can be measured by shifting
to a non-permissive temperature or by nuclear
depletion. The use of these techniques would also
facilitate the study of essential genes, which were
excluded from all deletion mutant analyses in this
work.
Furthermore, the importance of dynamics
in DNA binding has recently been stressed. Both
for general and gene-specific transcription factors
22,23
, DNA binding dynamics have more bearing
on gene expression than binding occupancy. This
observation may explain parts of the apparently
low correlation of binding events and gene expression effects, discussed above. A better correlation
can perhaps be achieved by considering the length
of time a GSTF resides at a given promoter and
the frequency of binding. Future studies will likely
shift focus from static to dynamic measurements
and will shed light into the pervasive importance
of dynamics in the wiring of the transcription
regulatory network.

yeast deletion mutants is a powerful technique for
understanding transcription regulation. The generated datasets are resources that are harnessed
in different ways, gaining new insights into the
transcription regulatory network. They provide
many starting points for future studies to gain
mechanistic insights into the underlying molecular events. Especially integration with other data
types as well as information on dynamics will shed
light into yet unexplored aspects of the transcription regulatory network.
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Experimental procedures
All protocols related to DNA microarray expression profiling are also available from ArrayExpress (http://www.ebi.
ac.uk/microarray) 1 with the accession numbers as indicated in the relevant sections.
Yeast growth for expression profiling
During the described studies, the protocol for yeast
growth was optimized to grow more mutants at the same
day in a less labour intensive way. Two slightly different
protocols for yeast growth were thus used. These protocols only differed in culture volume and equipment. Detailed comparative analysis of the same mutants grown
with both protocols revealed no difference in expression.
Both protocols are described below. For strains grown in
the Tecan platereader, an automated method for RNA
purification was used.
Yeast growth for expression profiling in Erlenmeyers (1)
(ArrayExpress accession PUMCU-36)
Strains were streaked from -80°C stocks onto plates
and grown for 3-5 days depending on growth rate.
Liquid cultures were inoculated with independent colonies and grown overnight in Synthetic Complete (SC)
medium: 2gr/l Drop out mix Complete and 6.71gr/l
Yeast Nitrogen Base without AA, Carbohydrate & w/
AS (YNB) from US Biologicals (Swampscott, USA)
with 2% D-glucose. Overnight cultures were diluted to
an OD600 of 0.15 in 60 ml fresh medium and grown
at 30°C, 230 rpm shaking incubator, 250 ml Erlenmeyer
flasks. Growth curves were made for the mutant cultures
(typically two cultures from two isolates) as well as for
two WT inoculates, grown in parallel. Mutant and WT
cells were harvested by centrifugation (4000 rpm, 3 min)
at mid-log phase at an OD600 of 0.6, and pellets were
immediately frozen in liquid nitrogen after removal of
supernatant. No more than four cultures were harvested
simultaneously to decrease processing time. Note that
OD600 measurements of cells are spectrophotometer
dependent. OD600 0.6 (±0.1) corresponds to early midlog phase for these cultures. It is essential to harvest at
an OD600 that corresponds to early mid-log phase for
WT cultures. High resolution time-course analysis of the
entire growth curve showed that early to mid-log phase
represents the window during which WT gene expression
profiles are identical along the growth curve. WT cultures start showing significant changes in gene expression
(after mid-log phase) long before growth slows down (see
also 2). Adherence to a strict early mid-log OD600 of
0.6 window for harvesting is particularly important for
(a minority of) mutants that have significantly slower
growth compared to WT, since for some of these mutants, OD600 of 0.6 is further along their relative growth
curve. Problems associated with this are overcome if all
mutants are harvested at an OD600 that represents early
mid-log for WT cultures.
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Yeast growth for expression profiling in Tecan platereader
(2)
(ArrayExpress accession P-UMCU-50)
Strains were streaked from -80°C stocks onto plates and
grown for 3-5 days depending on growth rate. Liquid
cultures were inoculated with independent colonies and
grown overnight in Synthetic Complete (SC) medium:
2gr/l Drop out mix Complete and 6.71gr/l Yeast Nitrogen Base without AA, Carbohydrate & w/AS (YNB)
from US Biologicals (Swampscott, USA) with 2% Dglucose. Overnight cultures were diluted to an OD600
of 0.15 in 1.5 ml fresh medium and grown at 30°C in
a 24 well plate in a Tecan Infinite F200 under continuous shaking. Growth curves were made for the mutant
cultures (typically two cultures from two isolates) as well
as for two WT inoculates, grown in parallel. Mutant and
WT cells were harvested by centrifugation (6100 rpm, 3
min) at mid-log phase at an OD600 of 0.6, and pellets
were immediately frozen in liquid nitrogen after removal
of supernatant.
Experimental design
Two channel microarrays were used. RNA isolated from
a large amount of WT yeast from a set of cultures was
used as a common reference. This common reference was
used in one of the channels for each hybridisation and
used in the statistical analysis to obtain an average gene
expression profile for each deletion mutant relative to
the WT. Two independent cultures were hybridised on
two separate microarrays. For the first hybridisation the
Cy5 (red) labelled cRNA from the deletion mutant is
hybridised together with the Cy3 (green) labelled cRNA
from the common reference. For the replicate hybridisation, the labels are swapped. Each gene is represented
twice on the microarray, resulting in four measurements
per mutant. Using the Erlenmeyer growth protocol up to
five deletion strains were grown on a single day. In the
Tecan platereader, up to eleven deletion strains could be
grown on a single day. WT cultures were grown parallel
to the deletion mutants to assess day-to-day variance.
DNA microarrays
(ArrayExpress accession A-UMCU-10)
DNA microarray slides containing 70-mer oligonucleotides from the Operon® Array-Ready Oligo Set v1.1
(Operon biotechnologies, Huntsville, USA) were printed
using the following protocol (ArrayExpress accession
P-UMCU-34). Oligos are resuspended and adjusted to
10 μM in 150 mM phosphate buffer, pH8.5 in Genetix
384-wells plates. Array production is done using a Biorobotics MicroGrid II spotter located in a dust-free,
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temperature- and humidity-controlled cleanroom (ISO7/
downflow ISO5), 18°C, 48% humidity. Slide (CodeLink
Activated Slides, SurModics, USA) postprocessing is
carried out according to the following CodeLink protocol. Printed slides are kept at 20°C, 75% humidity for
24 hours. Residual reactive groups are blocked using
pre-warmed blocking solution (50 mM ethanolamine,
0.1 M Tris (pH 9) at 50°C for 30 min; slides are rinsed
thoroughly with milliQ water; slides are washed with 4x
SSC, 0.1% SDS (pre-warmed to 50°C) for 30 min at 50°C
on a shaker. Slides are rinsed with milliQ water, drycentrifuged and stored desiccated at room temperature.
Each gene probe is spotted twice on the array, which
contain an additional 2838 control features for external
control normalisation and quality control 3.
RNA extraction
(ArrayExpress accession P-UMCU-37 and P-UMCU-51).
Total RNA was prepared by phenol extraction and
cleaned up using Qiagen’s RNeasy kit or on a customized
Sciclone ALH 3000 Workstation. Frozen cells (-80°C)
were resuspended in 500 μl Acid Phenol Chloroform
(Sigma, 5:1, pH 4.7). Immediately an equal volume of
TES-buffer (TES: 10 mM Tris pH 7.5, 10 mM EDTA,
0.5% SDS) was added. Samples were vortexed very hard
for 20 seconds and incubated in a water bath for 10 minutes at 65°C and vortexed again. Samples were placed
in a thermomixer (65°C, 1400 rpm) for 50 minutes.
Samples were spun down for 20 minutes at 14000 rpm
at 4°C. Phenol extraction was repeated once, followed
by a Chloroform:Isoamyl-alcohol (25:1) extraction. RNA
was precipitated with Sodium Acetate (NaAc 3M, pH
5.2) and ethanol (96%, -20°C). Pellet was washed with
Ethanol and dissolved in sterile water (MQ), snapfrozen
and stored at -80°C.
RNA purification for growth in Erlenmeyers
(ArrayExpress accession P-UMCU-37)
RNA purification was performed using Qiagen’s RNAeasy kit using the following protocol.
•
Take 50 μg total RNA
•
Adjust volume to 300 μl with MQ
•
Add 160 μl RLT buffer
•
Add 240 μl 96% ethanol, mix by pipetting and directly apply to the RNAeasy column
•
Centrifuge 8000 rpm 15 sec
•
Add 350 μl buffer RW1
•
Centrifuge 8000 rpm 15 sec
•
Add 10 μl DNase to 70 μl RDD buffer and apply to
the column, incubate 15 min at room temperature
•
Add 350 μl buffer RW1
•
Centrifuge 8000 rpm 15 sec
•
Add 500 μl RPE buffer
•
Wait 1 minute and centrifuge 8000 rpm 15 sec
•
Add 500 μl RPE buffer
•
Wait 1 minute and centrifuge 8000 rpm 15 sec
•
Discard flow-through and centrifuge 10,000 rpm 2

•
•
•
•
•
•
•
•
•
•
•
•

min
Transfer column to a 1.5 ml tube
Add 35 μl MQ
Wait for 4min and centrifuge 10,000 rpm 1 min
Add the same 35 μl MQ
Wait for 4min and centrifuge 10,000 rpm 1 min
Transfer eluate to a new tube as some column material may stick to the bottom of your tube
Measure concentration (dilute 50 times (4 μl in 196
μl)) + bioanalyser (50 ng)
Directly make 1 aliquot of 30 μl with a concentration of 0.6 μg/μl
Measure the concentration of this aliquot again (4
μl in 96 μl MQ); must be 0.6 μg/μl.
Adjust or remake if necessary
Split into 2 aliquots of > 10 μl each
Freeze in liquid N2 and store at -80°C

RNA purification for growth in Tecan platereader
(ArrayExpress accession P-UMCU-51)
Following protocols were automatically performed on
a customized Sciclone ALH 3000 Workstation (Caliper
LifeSciences) that included a PCR PTC-200 (Bio-Rad
Laboratories), SpectraMax 190 spectrophotometer
(Molecular Devices), and a magnetic bead-locator (Beckman).
RNA clean-up protocol description:
•
Concentration of all RNAs is measured by diluting
5 µl RNA on the SpectraMax
•
12.5 µl DNaseI dilution (RNase-free DNAse kit,
Qiagen, nr 79254, diluted 1:5 in RDD) is mixed
with remaining 87.5 µl RNA-solution and incubated
at 18°C for 15 minutes
•
RNA is purified and concentrated with RNAClean
(Agencourt, Beckman) according to manufacturer’s
protocol, to an end volume of 25 µl
•
4 µl cleaned RNA is diluted and measured on the
SpectraMAX, concentrations are normalised to 0.2
µg/µl in each well
•
5 µl of cleaned and normalised RNA is used to set
up a startplate for RNA amplification.
•
1 µl of cleaned and normalised RNA is used to check
integrity by running on a QiaXcel system.
•
All plates are snap-frozen and stored at -80°C until
further use.
External controls
External control poly-A+ RNAs were added in equimolar
amounts to the total RNA to enable monitoring of global
changes in mutants 3. Constructs containing Bacillus
subtilis genes (ycxA, yceG, ybdO, ybbR, ybaS, ybaF, ybaC,
yacK and yabQ) cloned between the XbaI and BamHI
sites in pT7T3 (Amersham Pharmacia Biotech) were
made, with an additional 30-nucleotide poly(A) sequence
between the gene and the XhoI site. For making RNA,
plasmids were digested with XhoI for use in in vitro
transcription reactions using MEGAscript-T7 (Ambion).
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RNA amplification and labelling
(ArrayExpress accession P-UMCU-38)
All RNA amplification and labelling procedures are performed in 96 wells plates (4titude, Bioke) on a customized
Sciclone ALH 3000 Workstation (Caliper LifeSciences)
that included a PCR PTC-200 (Bio-Rad Laboratories),
SpectraMax 190 spectrophotometer (Molecular Devices),
and a magnetic bead-locator (Beckman).
RNA amplification
For RNA amplification, total RNA samples were diluted
to 0.6 μg/μl (growth in Erlenmeyers) or 0.2 μg/μl (growth
in Tecan platereader) and 5 μl is put in a 96-wells plate
(Abgene).
All subsequent steps were performed by the following
robot script:
•
Mix1 containing 100 ng T7 Mlu VN primer (custom
mix) and external control RNA per 5 μl is added
and mixed in each well. Plate is incubated at 70°C
for 10 minutes and cooled to 48°C.
•
Mix2 containing 4 μl 5x 1st strand buffer, 2 μl 0.1 M
DTT (Invitrogen), 1 μl RNAse Inhibitor (Boehringer), 1 μl 20 mM dNTPs (GE Healthcare), 1 μl linear
acrylamide, and 1 μl SuperScriptIII (Invitrogen)
per sample is pre-warmed to 48°C; 10 μl per sample
is added and mixed in each well.
•
Plate is incubated at 48°C for 2 hours and cooled to
room temperature.
•
106 μl water and subsequently mix3 containing 15
μl second strand buffer, 3 μl 20mM dNTPs (GE
Healthcare), 1 μl T4 DNA ligase, 4 μl E.coli DNA
polymerase I and 1μl RNAseH (Promega) is added
and mixed in each well.
•
Plate is incubated at 16°C for 2 hours, at 65°C for
10 minutes. ds cDNA product is purified and concentrated with RNAClean (Agencourt, GC biotech)
according to manufacturers’ protocol, to an end
volume of 25 μl.
•
8 μl cDNA is put in a 96 wells plate and mixed
with 12 μl IVT mix containing 2 μl 10x rxn-buffer,
2 μl of each ATP, CTP, GTP, 0.6 μl UTP, 2 μl T7
enzyme mix (MegaScript kit, Ambion, Applied Biosystems), and 2.1 μl 50 mM 5-(3-aminoallyl)-UTP
(Ambion, Applied Biosystems).
•
Plate is incubated at 37°C for 4 hours. cRNA product is purified with RNAClean (Agencourt, Beckman) according to manufacturer’s protocol.
•
Concentration is measured (SpectraMax 190) and
adjusted to 600 ng/μl. Resulting cRNA plates are
sampled for Bioanalyzer QC, snapfrozen and stored
at -80°C.
Labelling
•
NHS-ester Cy3 or Cy5 dye (Amersham PA 23001
and 25001): entire tube is resuspended in 100 μl
DMSO (Merck 8.02912.10).
•
8 μl of each cRNA sample (0.6 μg/μl) is put in a
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•
•
•

•
•

96-wells plate (Abgene), the accompanying reference sample is put in the next column (final step
combines Cy3 and Cy5 labelled material).
3 μl 0.5 M Sodium Bicarbonate buffer, pH 9 is
added and mixed to all wells.
3 μl Cy-dye solution is added and mixed to the
appropriate wells, plate is incubated at 18°C for 1
hour.
4.5 μl 5 M hydroxylamine is added and mixed,
incubated at 18°C for 15 minutes. Labelled cRNA
product is purified with RNA Clean (Agencourt,
GC biotech) according to manufacturers’ protocol.
RNA concentration and labelling incorporation are
measured (SpectraMax 190).
2.5 μg of each labelled sample and reference cRNA
are pooled and subjected to fragmentation according to protocol (Ambion, Applied Biosystems), 15
minutes at 70°C. Samples are stored at -20°C until
hybridisation.

Hybridisation
(ArrayExpress accession P-UMCU-39)
2.5 μg of each labelled sample in a total volume of 60 μl
is combined with 60 μl 2xhybmix, containing 50% formamide, 10xSSC, 0.2% SDS, 200 μg/ml herring sperm
DNA. The hybridisations were performed for 16 hours
at 42°C in a HS4800Pro hybstation (Tecan, Männedorf,
Switzerland) as detailed below. Hybridisation and scanning were performed in a temperature- and humiditycontrolled laboratory in a low ozone atmosphere.
•
60 μl labelled sample is combined with 60 μl 2xhybmix, containing 50% formamide, 10xSSC, 0.2%
SDS, 200 μg/ml herring sperm DNA
•
Hybridisations of spotted oligo-arrays (Codelink
glass) are performed on an HS4800Pro Hybstation
(Tecan, Männedorf, Switzerland).
•
Priming: 5xSSC, 0.1%SDS.
•
Probe injection: pre-hyb, 5xSSC, 25% formamide,
0.1%SDS, 1%BSA, total volume 110 μl.
•
Hybridisation: 45 min at 42°C.
•
Wash 2x: milliQ.Wash: 5xSSC, 0.1%SDS.
•
Probe injection: sample. Volume 110 μl.
•
Hybridisation: 16 hours at 42°C.
•
Wash 2x: 1xSSC, 0.2%SDS at 23°C.
•
Wash 2x: 0.1xSSC, 0.2%SDS at 23°C.
•
Wash 2x: 0.1xSSC at 23°C.
•
Drying: blow with nitrogen for 3 minutes at 30°C.
Scanning and image analysis
Slides were scanned using a G2565AA scanner (Agilent,
California, USA) at 100% laser power and 30% PMT (ArrayExpress accession P-UMCU-40). After scanning, the
intensities for the Cy5 (Red) and Cy3 (Green) channels
were automatically extracted using the batch-processing
module in ImaGene 8.0.1 (Biodiscovery, California, USA)
(ArrayExpress accession P-UMCU-42). For spot finding
a local flexibility of 2.0 pixels was used. For segmenta-
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tion the following settings were used: background buffer:
3.0; background width: 3.0; signal percentages: 3% (low),
97% (high); background percentages: 3% (low), 97%
(high). Measurements exported: mean, median, total,
standard deviation and area of the foreground and
background signals. Batch editor configuration files are
available upon request.
Microarray quality control
Each hybridisation performed within the described studies was subjected to a number of quality controls. Some
of these are based on the data from one single hybridisation, while others are based on comparing data from one
single hybridisation against the WT grown in parallel.
Quality controls for a single hybridisation
For each hybridisation a quality report was generated
that contained a number of quality controls. For all of
these quality controls either raw non-background corrected mean intensity values were used, or data normalised
on all gene probes using the print-tip LOESS 4 algorithm
(R package marray version 1.20.0) with a window span
of 0.4 and excluding genes with nearly saturated signals
(i.e. mean intensity > 215) for the loess curve estimation
was used. The following plots are generated:
•
Spatial distribution plot of all Signal-to-Noise ratios
(SNR) according to the position on the microarray
for the red and green raw intensity values. SNRs
are binned according to the number of standard
deviations that the mean intensity signal is above
the background and plotted using different colours;
SNR < 2: black; 2 ≤ SNR ≤ 3: red; 3 ≤ SNR < 4:
orange; SNR ≥ 4: yellow.
•
Spatial distribution plot of all M (log2(R/G)) ratios
according to the position on the microarray for
both raw and normalised data.
•
MA plot (log2(R/G) vs. 0.5*log2(R*G)) for both
raw and normalised data. For each data type three
different MA plots were generated, one containing
all probes present on the microarray, one containing
all gene probes present on the microarray and one
containing all quality controls and external control
probes present on the microarray.
•
Spatial distribution plot of local background
intensity values according to the position on the
microarray for the red and green channels. Local
background intensity values are binned relative to
the average background intensity of the entire microarray; background > 2.1*average: black; 1.7*average < background ≤ 2.1*average: red; 1.3*average
< background ≤ 1.7*average: orange; background <
1.3*average: yellow.
•
Histograms of the distribution of raw red and green
intensities and raw M ratios.
•
Chromosomal location plot of all normalised M
ratios according the chromosomal position of the
gene represented by the probe on the microarray.

•

Histograms of the distribution of normalised M
ratios per chromosome. Individual histograms
are coloured red if the chromosome-specific M is
significantly larger than the average M over all
chromosomes by at least 0.15; green if they are
similarly smaller and yellow otherwise. Significant
in this case means an average Benjamini-Hochberg
FDR corrected p value of < 10-6. In addition to the
visual quality controls described above, a number of
numerical quality measures were calculated for each
hybridisation as proposed by 5. Each probe present
on the microarray was classified as good, marginal
or bad depending on the calculated quality measures for the raw intensity values. Good spots have
the following characteristics: SNR ≥ 4; background
flatness ≥ 6; signal consistency ≥ 1.1; foreground signal > background signal. Bad spots have the following characteristics: SNR ≤ 2; background flatness ≤
4; signal consistency ≤ 0.9; foreground signal ≤ background signal (black hole). Background flatness is
calculated by comparing the background intensity
of a probe to the mean background intensity of the
sub grid. Signal consistency is calculated from the
signal coefficient of variation. An overall percentage
of good marginal and bad spots for the gene and
control probe groups is reported and judged (also
relative to other hybridisations within the project,
see Quality controls for entire project).

Quality controls for the entire project
To assess the performance of individual hybridisations
within each of the described studies, hybridisations were
ranked according to the percentage of good gene probes.
Individual hybridisations for deletion mutants with fewer
than 93% good gene probes where considered outliers
and were removed. Each deletion mutant gene expression profile was compared against the gene expression
profile of the WT grown in parallel to ensure that the
effect that we observe in the deletion mutant is specific
for the deletion mutant and is not present in the WT
grown in parallel. If a significant overlap was found between the significantly regulated genes in the deletion
mutant and the WT grown in parallel as determined
by a hypergeometric test (p < 0.01), the hybridisations
for the deletion mutant were removed. Using the quality controls mentioned, individual hybridisations for the
deletion mutants were assessed for their data quality. If
a hybridisation showed an irregular pattern in any of
the visual quality control plots due to for instance air
bubbles, scratches on the surface, dust, minor printing
defects, uneven spread of the hybridisation solution or
low RNA amounts; had a relatively low percentage of
good spots or had a significant overlap with the WT
grown in parallel, the hybridisation was excluded from
further analysis and the RNA for the deletion mutant
was re-hybridised if it seemed like the deletion mutant
would result in a significant gene expression profile.
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Data normalisation
(ArrayExpress accession P-UMCU-43)
Microarray data normalisation was performed on mean
intensity values using print-tip LOESS as described in
(Yang et al., 2002) and implemented in the R package
marray version 1.20.0, using no background subtraction
and a window span of 0.4. Probes flagged as absent, or
with a (nearly) saturated signal (i.e. > 215) in either
channel were not considered for the estimation of the
LOESS curve. Gene-specific dye bias (GSDB) is not
addressed by LOESS, and was corrected only in the
deletion mutant dataset using Gene- And Slide-Specific
Correction (GASSCO) 6 implemented in the R package
dyebias version 1.4.3. The total GSDB is expressed as
the product of two factors: an intrinsic gene specific dye
bias (iGSDB), and the slide bias F. The iGSDB is estimated as the average M (i.e. log2(Cy5/Cy3)) in a set of
200 WT vs. WT hybridisations (ArrayExpress accession
E-TABM-773). The iGSDBs are estimated only once for
one set of probes and protocols, and were used for all
slides. The slide bias F was estimated for each hybridisation separately, using two groups of probes, having the
strongest red or green biases, defined as those with an
iGSDB in the top and bottom 5th percentiles of iGSDBs,
respectively. The slide bias is the mean of the red and
green probe group’s median (M / iGSDB)-ratio.

for yeast growth during this project, two different WT
collections were constructed (ArrayExpress accession ETABM-773 and E-TABM-984). P values were obtained
from the limma R package version 2.12.0 7 after multiple testing correction using the Benjamini-Hochberg
method. Note that for strains carrying the mating type
matA, a separate matA WT collection was generated
(ArrayExpress accession E-MTAB-1351).

Statistical analysis of gene expression profiles
For each deletion mutant the replicate hybridisations
were compared to the WT cultures grown on the same
day in parallel and a collection of 200 WT replicates
grown throughout the project and hybridized against a
common reference. Due to a change in the shaker used

6.
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Samenvatting voor
niet-ingewijden

Expressie:
Biosynthese van
RNA boodschappermoleculen
en eiwitten
gebaseerd op de
informatie van
een gen
Transcriptie:
DNA → RNA
Translatie:
RNA → eiwit
Transcriptie
factor:
Eiwit voor de
regulatie van
genexpressie,
algemeen of
genspecifiek
Genoombrede
genexpressie
analyse:
Gelijktijdige
meting van
genexpressie voor
alle genen
Deletiemutant:
giststam met een
uitgeschakeld
eiwit
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Ons lichaam bestaat uit ongeveer honderd
biljoen cellen (1014). Elk van deze cellen
bevat duizenden verschillende eiwitten,
die samenwerken als waren het kleine
machines. Maar hoe “weet” bijvoorbeeld
een cel van het oog dat ze het zicht
moet ondersteunen, en niet het gehoor?
Om eiwitten de juiste functies te laten
uitvoeren gebruiken cellen informatie die
gecodeerd is in ons genetisch materiaal,
ofwel DNA. DNA bestaat uit twee om
elkaar verweven strengen, die samen een
chromosoom vormen. Bij de mens is DNA
georganiseerd in 23 chromosomen, die
tezamen het genoom worden genoemd.
In iedere cel is een compleet genoom
aanwezig. DNA strengen bestaan uit een
lange opeenvolging van vier bouwstenen
die afgekort zijn met de letters A, C, G en
T. Een gen is één deel van het DNA, dat
alle noodzakelijke informatie bevatten
om een eiwit te maken. Wanneer een
cel een bepaald eiwit nodig heeft, dan
komt het specifieke gen voor dit eiwit
tot expressie. Dit betekent dat het gen
wordt afgelezen en getranscribeerd wordt
tot een boodschappermolecuul, genaamd
RNA (transcriptie). Het RNA wordt
vervolgens opnieuw vertaald om een eiwit
te produceren (translatie), dat exact
overeenkomt met de instructies van het
gen. De transcriptie van DNA tot RNA
is streng gereguleerd om een gen op het
juiste moment en in de juiste hoeveelheid
tot expressie te brengen. Deze regulatie
wordt uitgevoerd door andere eiwitten,
met name transcriptiefactoren.
Het is mogelijk om de expressie
van genen te meten door middel

van DNA microarrays. Deze meten
de hoeveelheid geproduceerde RNA
boodschappermoleculen van alle genen
in een cel. Deze techniek wordt ook
wel “genoombrede genexpressieanalyse”
genoemd. Welke eiwitten een rol spelen
in genregulatie en hoe deze eiwitten
samenwerken is onderwerp van veel
onderzoek. Precieze kennis van deze
processen is onder andere belangrijk
om ziektes beter te begrijpen, en kan
dus bijdragen aan een effectievere
behandeling.
Een
methode
om
genregulatie te bestuderen is door het
specifieke gen voor een eiwit uit te
schakelen en vervolgens het effect te
meten op de expressie van andere genen.
Deze aanpak wordt gebruikt om nieuwe
kennis omtrent de functies van het eiwit
zelf te verkrijgen. Een eiwit kan selectief
uitgeschakeld worden door het juiste
gen uit het genoom te verwijderen. In
humane cellen is dit technisch lastig. In
bakkersgistcellen is dit relatief eenvoudig
omdat
gist
makkelijk
genetisch
gemanipuleerd
kan
worden.
Veel
cellulaire processen in gistcellen komen
sterk overeen met die van humane cellen.
Daarom is gist een goed model voor het
bestuderen genregulatie.
Hoofdstuk
1 geeft een
algemene inleiding in transcriptie en de
huidige stand van de technieken voor de
studie van genregulatie, onder andere
DNA microarrays. Ook wordt beschreven
wat de onverwachte effecten kunnen
zijn van het gelijktijdig uitschakelen
van twee eiwitten. Tenslotte wordt de
rol van bioinformatica in data-analyse
besproken.
In de hoofdstukken 2, 3, en
4 wordt een grote groep deletiemutanten
onderzocht met behulp van genoombrede
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genexpressieanalyse. Een deletiemutant
is een giststam met een uitgeschakeld
eiwit. Voor elke deletiemutant is de
genexpressie van alle 6,000 genen
tegelijkertijd gemeten met behulp
van DNA microarrays. Een bijzonder
kenmerk van het onderzoek beschreven
in dit proefschrift is de omvang van de
studies. De grote hoeveelheden data uit
deze studies vormen een belangrijke bron
van informatie, die gebruikt kan worden
in toekomstig onderzoek.
In hoofdstuk 2 zijn 91
deletiemutanten van eiwitten beschreven
die betrokken zijn bij verschillende
routes
van
glucosemetabolisme.
Deze eiwitten stellen de gistcel in
staat om afhankelijk van de situatie
te reageren op veranderingen in de
glucosebeschikbaarheid. Verder wordt een
algoritme gepresenteerd om hiërarchieën
tussen the onderzochte eiwitten te
identificeren. Uit de analyse blijkt dat
de verschillende signaaltransductiepaden
sterk met elkaar verbonden zijn en
convergeren in de genregulatie van Tps2
en Tsl1. Deze twee eiwitten spelen een
rol in de biosynthese van trehalose, een
reservebron van koolhydraten bij een
laag glucosegehalte.
In hoofdstuk 3 worden 183
deletiemutanten
van
genspecifieke
transcriptiefactoren beschreven. Elke
transcriptiefactor
wordt
gekoppeld
aan een set bijbehorende genen
waarvan de expressie is gewijzigd
in de respectievelijke deletiemutant.
Niet elke expressieverandering is een
direct gevolg van het uitschakelen
van een transcriptiefactor. Expressie
veranderingen kunnen ook het resultaat
zijn van een aantal tussenliggende
transcriptie-effecten. Om onderscheid

te maken tussen zulke directe en
indirecte effecten vergelijken we de
genexpressieveranderingen in samenhang
met de bekende DNA bindingsplekken
van transcriptiefactoren voor zover
bekend. Met de kennis van zulke directe
expressieveranderingen in doelwitgenen
van elke transcriptiefactor kunnen de
transcriptiefactoren ingedeeld worden in
activatoren en repressoren. Een dergelijke
systematische indeling bestond nog niet.
Voorheen werd vaak aangenomen dat de
meeste transcriptiefactoren activatoren
zijn. Het is daarom verrassend dat veel
transcriptiefactoren
de
transcriptie
juist blijken te onderdrukken. Verder
wordt de transcriptiefactor CBF1
met een functie zowel als activator en
repressor bestudeerd. Ook wordt de
minder bekende transcriptiefactor STP3
gekarakteriseerd als repressor.
De
deletiemutanten
in
hoofdstuk 3 omvatten alle eiwitten
waarvan bekend is of vermoed wordt
dat ze functioneren als transcriptiefactor
en waarvan gendeletie niet leidt tot de
dood van gistcellen. Het is interessant
dat 106 van de 183 transcriptiefactoren
uitgeschakeld kunnen worden zonder
een effect te hebben op genexpressie.
Dit is verrassend, gezien de regulerende
functie van transcriptiefactoren. Een
mogelijke verklaring is redundantie:
twee transcriptiefactoren zijn redundant
als zij elkaar kunnen vervangen.
Het uitschakelen van slechts één
transcriptiefactor
heeft
dus
geen
gevolgen. Alleen het gelijktijdig schakelen
van de twee eiwitten zal in dit geval
leiden tot veranderingen in genexpressie.
Dit verschijnsel wordt ook wel epistase of
genetische interactie genoemd en wordt
in detail besproken in hoofdstuk 4.

Signaaltransductiepad:
Moleculair
mechanisme om
informatie over
te dragen binnen
een cel
Bindingsplek:
DNA plek waar
transcripties
factoren binden
om genexpressie
te reguleren
Activator:
Transcriptiefactor
die genexpressie
activeert
Repressor:
Transcriptiefactor
die genexpressie
onderdrukt
Genetische
interactie:
Gelijktijdige
verwijdering van
twee proteïnen
leidt tot effecten
die onverwacht
zijn op basis van
de individuele
verwijdering van
beide eiwitten
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Voor 72 paren van transcriptiefactoren
met mogelijke genetische interacties
werden dubbelmutanten gegenereerd.
De groeisnelheid en genexpressie in
de dubbelmutanten is systematisch
onderzocht
in
vergelijking
met
enkelmutanten.
Inderdaad
bleken
dubbelmutanten in de meeste gevallen
groei- en genexpressieveranderingen
te hebben die, uitgaande van de
gegevens in enkelmutanten, onverwacht
waren. Met de genexpressiedata zijn
reeds bekende genetische interacties
bevestigd en enkele nieuwe interacties
ontdekt. Van alle mogelijke genetische
interacties is redundantie slechts één
type. De moleculaire mechanismen
die ten grondslag liggen aan bepaalde
genetische interacties tussen eiwitten met
verschillende functies zijn grotendeels
onbekend. Een reden hiervoor is dat
genetische
interacties
voornamelijk
gebaseerd zijn op groeiveranderingen.
De
genexpressiegegevens
uit
dit
onderzoek
leveren
belangrijke
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nieuwe details en inzichten in deze
moleculaire
mechanismen.
Twee
transcriptiefactorparen,
Hac1-Rpn4
en Gln3-Gzf3 zijn nader onderzocht.
Bij Gln3-Gzf3 bijvoorbeeld heeft het
uitschakelen van alleen Gzf3 geen
effect. De uitschakeling van Gln3 leidt
tot veranderingen in expressie van vele
genen. Wanneer Gzf3 en Gln3 gelijktijdig
worden uitgeschakeld, is er weer geen
enkel effect. De gegevens suggereren
dat de reden voor deze waarneming is
dat de uitschakeling van Gzf3 voor een
verhoogde expressie en activiteit van
een derde transcriptiefactor Gat1 leidt,
die op zijn beurt kan compenseren voor
het verlies van Gln3. Dit mechanisme
illustreert de complexiteit van genetische
interacties en biedt ook een nieuwe
verklaring voor andere, nog niet begrepen
genetische interacties. Ten slotte worden
de bevindingen van de hoofdstukken
2-4 in hoofdstuk 5 in meer algemene zin
besproken, en vergeleken met de huidige
wetenschappelijke literatuur.
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Zusammenfassung für
Außenstehende
Unser Körper besteht aus schätzungs
weise hundert Billionen Zellen (1014).
Jede dieser Zellen enthält tausende
verschiedene Proteine, welche wie kleine
Maschinen zusammenarbeiten. Wie
aber “weiß” eine Zelle unseres Auges
beispielsweise, dass sie unsere Sicht
unterstützen soll und nicht unser Gehör?
Zellen benutzen dazu Informationen, die
in unserem genetischen Material (DNA)
kodiert sind. DNA besteht aus zwei
umeinander gewundenen Strängen, die
zusammen ein Chromosom bilden. Die
menschliche DNA ist in 23 Chromosomen
organisiert und wird in ihrer Gesamtheit
als Genom bezeichnet. Ein komplettes
Genom ist in jeder Zelle vorhanden.
DNA-Stränge sind zusammengesetzt
aus langen Aufeinanderfolgen von vier
verschiedenen Bausteinen, die mit den
Buchstaben A, C, G und T abgekürzt
werden. Ein Gen ist ein Abschnitt auf
der DNA und enthält alle nötigen
Informationen, um ein Protein zu bilden.
Benötigt eine Zelle ein bestimmtes
Protein, so wird das jeweilige Gen
exprimiert. Das bedeutet, es wird
zuerst abgelesen und in Botenmoleküle
namens RNA übersetzt (Transkription).
Die RNA wird anschließend wiederum
abgelesen,
um
ein
Protein
zu
produzieren (Translation), das genau
den Anweisungen des Genes entspricht.
Damit ein Gen zur richtigen Zeit und
in der richtigen Menge exprimiert wird,
wird die Transkription von DNA in
RNA reguliert. Diese Regulation erfolgt
durch weitere Proteine, vor allem durch
Transkriptionsfaktoren.

Mittels DNA Microarrays ist es
möglich in einem einzigen Experiment
zu bestimmen, wie sehr Gene exprimiert
werden. Als Maßeinheit dient hierbei
die Menge der produzierten RNA
Botenmoleküle aller Gene in einer Zelle.
Diese Technik wird auch “genomweite
Genexpressionsanalyse”
genannt.
Welche Proteine eine Rolle in der
Genregulierung spielen und wie diese
Proteine zusammenspielen wird derzeitig
erforscht. Eine genaue Kenntnis dieser
Abläufe ist unter anderem wichtig, um
Krankheiten besser zu verstehen und sie
damit effektiver behandeln zu können.
Eine Möglichkeit die Genregulierung
zu untersuchen besteht darin, einzelne
Proteine in Zellen auszuschalten, um
den Effekt auf die Expression aller Gene
zu messen. Diese Vorgehensweise dient
der Gewinnung neuer Erkenntnisse über
die Funktionen der ausgeschalteten
Proteine selbst. Ein Protein kann gezielt
ausgeschalten werden, indem man das
entsprechende Gen, also den Bauplan,
aus dem Genom entfernt. In menschlichen
Zellen ist dies aber technisch schwierig.
Zellen der Bäckerhefe haben viele
Gemeinsamkeiten mit menschlichen
Zellen. Weil Bäckerhefe zudem relativ
einfach genetisch manipuliert werden
kann, ist es ein gutes Modell um
Genregulierung zu studieren.
Kapitel 1 gibt eine allgemeine
Einführung zum Thema Transkription
und dem derzeitigen Stand der Technik
zur Untersuchung von Genregulierung,
unter anderem mittels DNA Microarrays.
Außerdem wird beschrieben, welche
unerwarteten Effekte das zeitgleiche
Ausschalten zweier Proteine haben
kann. Schlussendlich wird die Rolle
der Bioinformatik in der Analyse der

Exprimieren,
Expression:
Biosynthese
von RNA
Botenmolekuelen
und Proteinen
aus der
Information eines
Gens
Transkription:
DNA → RNA
Translation:
RNA → Protein
Transkriptions
faktor:
Proteine zur
Regulierung der
Genexpression,
allgemein oder
genspezifisch
Genomweite
Genexpressionsanalyse:
Gleichzeitige
Bestimmung der
Genexpression für
alle Gene
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Deletionsmutant:
Ein Hefestamm
mit einem
ausgeschalteten
Protein
Signalweg:
Molekularer
Mechanismus, um
Informationen
in einer Zelle zu
übertragen
Bindestellen:
DNA Regionen,
an denen
Transkriptions
faktoren
binden um
Genexpression zu
regulieren
Aktivator:
Transkriptions
faktor, der
Genexpression
aktiviert
Repressor:
Transkriptions
faktor, der
Genexpression
reprimiert
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gewonnenen Daten erläutert.
In den Kapiteln 2, 3, und
4 wird jeweils eine große Gruppe von
Deletionsmutanten mittels genomweiter
Genexpressionsanalyse
untersucht.
Das heißt, für jede Deletionsmutante
wurden die Expressionswerte aller etwa
6,000 Gene der Hefe gleichzeitig mittels
DNA Microarrays gemessen. Eine
Besonderheit der vorgestellten Studien
in dieser Dissertation ist deren Umfang.
Die Datensätze aller drei Kapitel
stellen auch bedeutende Ressourcen für
zukünftige Forschungsarbeiten dar.
In Kapitel 2 beschreiben wir
91 Deletionsmutanten von Proteinen, die
in den verschiedenen Signalwegen des
Glukosestoffwechsels eine Rolle spielen.
Diese Proteine erlauben der Hefezelle,
situationsabhängig auf Veränderungen
im Glukosehaushalt zu reagieren.
Außerdem wird ein Algorithmus zur
Identifizierung von Hierarchien zwischen
den untersuchten Proteinen vorgestellt.
Die Analyse zeigt, dass die verschiedenen
Signalwege des Glukosestoffwechsels
stark miteinander verflochten sind
und in der Genregulierung von Tps2
und Tsl1 zusammenlaufen. Diese zwei
Proteine dienen der Biosynthese des
Reservekohlenhydrates Trehalose bei
geringen Glukosewerten.
In Kapitel 3 werden 183
Deletionsmutanten von genspezifischen
Transkriptionsfaktoren
beschrieben.
Jeder Transkriptionsfaktor wird mit
denjenigen Genen in Verbindung
gebracht, deren Expression sich in der
jeweiligen Deletionsmutante ändert.
Nicht
jede
Änderung
entspricht
allerdings einem direkten Effekt des
ausgeschaltenen Transkriptionsfaktors.
Die Änderungen können auch das

Resultat von mehreren intermediären
Transkriptionseffekten sein. Um direkte
und indirekte Effekte voneinander
zu unterscheiden, vergleichen wir
die
Genexpressionsänderungen
mit
bereits
bekannten
Bindestellen
der
Transkriptionsfaktoren.
Die
Kenntnis der Zielgene für jeden
Transkriptionsfaktor ermöglicht eine
Einteilung von Transkriptionsfaktoren
in Aktivatoren und Repressoren.
Eine solche systematische Einteilung
hat es zuvor noch nicht gegeben. Es
wurde oft angenommen, dass die
Mehrheit aller Transkriptionsfaktoren
Aktivatoren sind. Umso überraschender
ist es, dass es anscheinend auch viele
Transkriptionsfaktoren
gibt,
die
Transkription reprimieren. Die Funktion
eines einzigen Transkriptionsfaktors als
Aktivator und Repressor wird anhand des
Transkriptionsfaktors Cbf1 untersucht.
Außerdem wird der bisher relativ
unbekannte Transkriptionsfaktor Stp3
als Repressor genauer charakterisiert.
Die
Deletionsmutanten
in
Kapitel 3 umfassen alle Proteine, für
die es Hinweise auf eine Funktion
als Transkriptionsfaktor gibt und
deren jeweilige Ausschaltung nicht
zum Tod der Hefezellen führt.
Interessanterweise können 106 der 183
Transkriptionsfaktoren
ausgeschaltet
werden,
ohne
die
Genexpression
zu beeinflussen. Das ist auf den
ersten Blick sehr erstaunlich, wenn
man
die
eigentliche
Rolle
von
Transkriptionsfaktoren bedenkt. Eine
mögliche Erklärung hierfür bietet
Redundanz: zwei Transkriptionsfaktoren
sind redundant, wenn sie sich gegenseitig
ersetzen können. Das Ausschalten
eines einzigen Transkriptionsfaktors
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hat somit keine Konsequenzen. Erst
das zeitgleiche Ausschalten beider
Proteine führt in diesem Fall zu
Genexpressionsänderungen.
Dieses
Phänomen wird auch als Epistasis
oder genetische Interaktion bezeichnet
und wird in Kapitel 4 näher
beleuchtet. Insgesamt wurden für 72
Transkriptionsfaktorpaare, für die es
Hinweise auf genetische Interaktionen
gibt,
Doppelmutanten
erzeugt
und diese wurden bezüglich ihrer
Wachstumsgeschwindigkeit und der
Genexpression untersucht. Wachstumsund Genexpressionsänderungen von
Einzel- und Doppelmutanten werden
systematisch miteinander verglichen.
Tatsächlich zeigen Doppelmutanten in
den meisten Fällen Wachstums- und
Genexpressionsänderungen, die anhand
der Datenlage in den Einzelmutanten
völlig unerwartet sind. Bereits bekannte
Redundanzen
werden
durch
die
Genexpressionsdaten
bestätigt
und
andere neu entdeckt. Redundanzen
bilden bekanntermaßen nur einen
Typ aller genetischen Interaktionen.
Die molekularen Mechanismen, die
insbesondere genetischen Interaktionen
zwischen Proteinen mit unterschiedlichen
Funktionen zugrunde liegen, sind
weitgehend unbekannt. Das liegt auch
daran, dass genetische Interaktionen

bisher
vor
allem
anhand
von
Wachstumsgeschwindigkeiten untersucht
wurden.
Die
Genexpressionsdaten
in dieser Studie bieten wichtige
neue Details und Einsichten in diese
molekularen
Mechanismen.
Zwei
Transkriptionsfaktorpaare,
Hac1Rpn4 und Gln3-Gzf3, werden genauer
beschrieben. Im Falle von Gln3-Gzf3 zum
Beispiel hat das Ausschalten von Gzf3
alleine keinen Effekt. Das Ausschalten
von Gln3 führt zu Expressionsänderungen
vieler Gene. Werden Gzf3 und Gln3
gleichzeitig ausgeschaltet, so hat dies
wiederum keinen Effekt. Die Daten
suggerieren, dass der Grund für diese
Beobachtung darin liegt, dass die
Ausschaltung von Gzf3 zur erhöhten
Expression und Aktivität eines dritten
Transkriptionsfaktors Gat1 führt, der
wiederum die Ausschaltung von Gln3
kompensieren kann. Dieser Mechanismus
verdeutlicht die Komplexität von
genetischen Interaktionen und bietet
zusätzlich eine neue mögliche Erklärung
für andere, bisher nicht verstandene
genetische Interaktionen. Schlussendlich
werden die neu gewonnenen Kenntnisse
von Kapitel 2-4 in Kapitel 5
allgemein
unter
Berücksichtigung
der gegenwärtigen wissenschaftlichen
Literatur diskutiert.

Genetische
Interaktion:
Das gleichzeitige
Ausschalten
zweier Proteine
fuehrt zu
unerwarteten
Effekten, die mit
dem einzelnen
Ausschalten
beider
Proteine nicht
vorhersagbar sind
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to listen when needed and your moral support in difficult moments were very much appreciated. I wish
you all the very best with the post-deleteome genomics lab.
Dear Patrick, my supervisor, I would like to thank you for your support during my PhD studies. I appreciate that your door was always open and that we began to have coffees once in a while just to talk
things over. Thank you for all the moments in which you helped out, whether project discussions, computer questions or anything else. I am grateful for your positive outlook on life, and will hopefully always
remember and apply what you once told me: if there are too many influencing parameters, there is no use
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Finally, I would like to thank you for your efforts to join forces in the coming months. I am very happy
we can keep working together for a little while longer.
My PhD studies involved close collaboration with most of my lab mates. I would like to thank you for
your dedication to our projects, your hard work to generate data and to keep the infrastructure running,
as well as for the nice and stimulating atmosphere. It was a pleasure to interact with you and learn from
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Dear Philip, aka Wiki-Philip, thank you for being a great and easy-going roommate and
for always having an open ear. I appreciate your continuous interest and helpfulness. I
enjoyed learning about R peculiarities with you.
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Dear Nathalie and Cheuk, first
you said goodbye, now I am saying goodbye. Great you have rejoined the lab! Cheuk, thank you
for reaching out and helping me
up the 13 meter pole, an experience I will never forget. You really
are a helping hand! Thank you two
for your work on our projects and
for your support during the past
years.

My special thanks also go to my lab mates that have already left.
Eva, thank you for many, many memorable moments together. We laughed together, cried together, irritated each other and laughed again … you name it. I am very happy that we succeeded to publish our
project as co-authors. Thank you for your warm friendship! I hope to be able to see you soon in Chile.
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Thank you for being a good
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Dear Sake, long time no see!
I have met large parts of your
family in the meantime. Thanks
for your input into our projects
and good luck with your plans to
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and success with your new care
er and life
in Scotland!
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Eleni, I very much
enjoyed working and
hanging out with you.
Thank you for frolic
nights out. Thinking
back to our little sleeping oddities in Leuven always gives me a
smile.

Dear Trang, you are the best
massage mate I can imagine!
As a dear friend, you came
into my life at just the right
moment. Thank you for being a bundle of joy and for
sharing your love. Thank you
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going. Keep up the unique
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Dear Selma, you are almost
done with your own PhD.
Thank you for having lunch
together once in a while and
chatting about our PhD life.

I would like to thank all students that have joined our lab for shorter or longer periods. Your presence
always brought new life into the lab! I am happy to still be in touch with some of you.

I wish you a successful and fun
time with finishing your bachelor, master and PhD degrees!
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Dear Marian Bömer and all other members of
the bedrijfsbureau, thank you for your helpfulness.

Dear Pim, it was a
pleasure to collaborate
with you and discuss
about statistical tests.
Success with your publication and with your
work in Rotterdam.

Dear Andree, Astrid, Emma, Irem, Maria, Marrit, Nelleke, Rick,
Tale, Wilco, Yuva and all other PhD students of the department
and the CGDB programme, keep up the spirit and good luck with
your PhD work.

I wish to thank all members of the department of Molecular Cancer Research as well as the department
of Medical Oncology for making the Stratenum a nice place to work. Borrels are a great Dutch tradition.
Maybe I can export them to Germany. Thank you for the “gezelligheid” at borrels, Christmas dinners,
PhD retreats and master classes. Thank you for all the nice conversations, your interest and your support.

I would like to express my gratitude to Berend Snel and Boudewijn Burgering, my
evaluation committee, for your suggestions and constructive criticism. Furthermore, I
would like to thank Bas Teusink, Marc Timmers, Martijn Huynen and Paul de Bakker, my reading committee, for reading and assessing my thesis in such a short time.
I enjoyed working in the Holstegelab, in the department of Molecular
Cancer Research, in the UMC Utrecht - thank you all for a good time!
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Mijn lieve vrienden, my dear friends, meine lieben Freunde und Familie, I would like to thank you for
being there and cheering up life. Mijn lieve vrienden in Utrecht, bedankt voor jullie gezelligheid.
Yumi, ich freue mich so
sehr, dass wir Freundinnen
geworden sind. Ich habe viel
von dir gelernt. Ich danke
dir, Annie und Daniel fuer
viele schöne und entspannte
Nachmittage und Abende
Mittlerweile
zusammen.
seid ihr zu viert und ich
freue mich, auch Liene bald

Meine lieben „Business“ Freundinnen
Kristina, Conny und Sophie. Ich höre
euch immer gerne zu, wenn ihr über
eure Arbeit erzählt. Ich danke euch fuer
viele schöne gemeinsame Momente in
der Niederlande. Was hatten wir ein
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nachmachen.

Beste Cornee, I am real ly
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could get to know each
other. Thank you for lots
of nice skating rounds and
joyful evenings together.
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Beste
Aruna,
je bent een enthousiaste en fantastische Yoga
leraar. Ik heb genoten van elke donderdagavond tijdens de afgelopen
jaren. Ik ben erg dankbaar voor wat ik heb geleerd van jou. Je zei dat het maar een
weekje of twee duurt om een proefschrift te schrijven. Nou, het kostte me een beetje langer,
maar het was een geweldige reis. Ik ben blij voor je steun. Er zullen altijd ups en downs zijn, maar
uiteindelijk gaat erom hoe we hier me omgaan. Ik wens je veel succes met jouw Yoga school, en jouw
droom om te leven en werken in een Yoga-Boerderij. Beste Medeyoginis en yogis Alessandra, Anne
Martine, Dennis, Ella, Eva, Jimmy, Lilian en Tine, bedankt voor het delen van jullie
ervaringen in de afgelopen jaren. Ik voelde me thuis in onze groep, bedankt voor
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Dear Nil, we made it huh!
Thank you for your nice words,
and for being a great host in
Leamington.
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unforgettable experience together.
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Liebe Karina und Jörg, ich danke euch für eure herzliche Freundschaft und euren Halt. Danke für euer
Vertrauen und dafür, dass Chris und ich Pateneltern eurer Pauline sein dürfen. Meine kleine Pauline,
dein Strahlen vertreibt binnen Sekunden alle Sorgen. Jeder Besuch in Berlin war uns eine Freude! An
deine kussreiche Begrüßung in Utrecht werde ich mich immer mit einem Lächeln im Gesicht erinnern.
Meine lieben Eltern und Geschwister, meine liebe Familie. Ich
danke euch für viele liebe und motivierende Worte, eure Geduld und
eure Unterstützung. Es bleibt spannend. Ich freue mich auf eine
schöne Hochzeit, Regina und Steffen, und darauf, meine Nichte bald
kennenzulernen, Sara und Jörg. Liebe Mama und Papa, ich danke
euch dafür, dass ihr mich auf all meinen Wegen selbstlos unterstützt
und mir Rückhalt gebt. Es ist ein schönes und beruhigendes Gefühl
zu wissen, dass ich mich immer auf euch verlassen kann.
Danke Andreas, Antje,
Chris, J, Karina, Marc,
Philip, Sander und Sara
für eure last-minute
Gestaltungshilfen
und
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Mein liebster Chris, nun geht unser gemeinsames Projekt „Doktorarbeit im Ausland“ zu Ende. Ich bin
sehr stolz auf uns. Ich bin dir dankbar in so vieler Hinsicht. Was wäre ich ohne dich (und die kleinen
Kartoffeln)? Ich danke dir für deine Unterstützung in allen Lebenslagen, für deine Geduld und dein
Verständnis, für all die tollen Gerichte, die du für mich kochst. Ich danke dir dafür, dass alle Sorgen
verblassen wenn ich bei dir bin. Mit deiner Liebe schenkst du mir Kraft und Zuversicht. Gemeinsam
bieten wir schwierigen Momenten die Stirn, gemeinsam hoffen und bangen wir, gemeinsam tanzen
und lachen wir. Was auch immer die Zukunft für uns bereithält, jeder Tag zusammen mit dir ist mein
schönster Tag.
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